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Abstract

Abstract

To endow machines with the ability to perceive the real-world in 3D representation
as we do as humans is a fundamental and longstanding topic in artificial intelligence.
Motivated by human cognition, the dissertation conducts the research on reconstructing
3D scenes and objects from multiple sources and viewpoints. By leveraging prior shape
knowledge, the proposed method reconstructs the 3D shape of an object from a single
RGB or depth image. As the number of input images increases, the reconstruction results
are incrementally refined. There are many applications for 3D reconstruction, including
computer-aided design, mixed reality, robotics, and autonomous driving.

Based on the analysis of the present situation of research, the existing 3D reconstruc-
tion methods mainly suffers from three challenges. First, they typically require scanning
all surfaces of an object before reconstruction, which is not always feasible in practice.
Second, they only reconstruct the 3D structure from color or depth images, which can
not make full use of data from different modalities and viewpoints. However, the fea-
ture matching of RGB images fails on weak or repeated texture objects. Moreover, the
depth information can not be obtained from the objects without reflection. Third, they
are semantic-free and thus the reconstructed objects and the background are mixed to-
gether, which causes difficulties to separate the objects from the reconstructed scene. To
solve the three problems, the dissertation studies the corresponding problems from three
levels: single-view 3D object reconstruction, multi-view 3D object reconstruction, and
multi-view 3D scene reconstruction. Specifically, the main content and contributions are
summarized as the following three aspects.

First, three geometry-structure-aware single-view 3D object reconstruction methods
for monocular RGB cameras, stereo RGB cameras, and depth cameras are proposed to
solve the problem that existing 3D reconstruction methods cannot restore the invisible
part of the 3D structure of the object. The proposed methods recover the 3D shape of the
invisible parts of objects by leveraging known colors, structure, and priors. For monocular
RGB cameras, the geometry prior network is proposed to learn geometric priors from

large-scale 3D datasets and implicitly establish the mapping relationship between image
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space and 3D model space. For stereo RGB cameras, the depth-aware network is
proposed for 3D object reconstruction. The proposed method estimates the depth map by
leveraging the constraints of the two views, which better preserves the detailed 3D structure
of objects when reconstructing the complete 3D shape of an object. For depth cameras,
the gridding residual network is proposed for 3D object reconstruction. The proposed
method takes the 3D grid as an intermediate representation of geometry structure, so
that the context information is fully utilized in the calculation. Moreover, the geometry
structures captured by the depth camera are better preserved. Experimental results on the
ShapeNet, Pix3D, and KITTI datasets indicate that the three proposed methods recover
the complete 3D shape of an object from a single-view image, which outperforms the
existing 3D reconstruction methods with 3% to 18% performance improvement.

Second, the multi-source and multi-view 3D object reconstruction method based
on the multi-scale context-aware fusion is proposed to solve the problem that existing
methods cannot make full use of data from different modalities and viewpoints. On the
one hand, the robustness of different data modalities to the objects with different materials
are different. For example, it is difficult to recover the 3D structure of weak- or repeated-
texture objects from multi-view RGB images. So do the depth cameras for the objects
without reflection. On the other hand, different visible parts of an object from different
viewpoints. The reconstruction qualities of the visible parts are much higher than those of
invisible parts. Inspired by this observation, the multi-scale context-aware fusion module
1s proposed to adaptively select high-quality reconstruction for each part from different 3D
shapes generated from different viewpoints or cameras. The selected reconstructions are
fused to generate a 3D shape of the whole object. Experimental results on the ShapeNet,
Pix3D and Thing 3D datasets indicate that the proposed method outperforms the state-
of-the-art method with 4% to 20% performance improvement. Moreover, the proposed
method is at most 7 times faster than the existing methods.

Finally, the semantic-aware multi-view 3D scene reconstruction method is proposed,
which makes separating the 3D objects from the reconstructed scene easier. The proposed
method reconstructs the 3D scene and the complete shape of 3D object simultaneously by
modeling the semantics of the scene. To perceive the semantics of the scene, the regional

memory network is proposed for video object segmentation, which separates the objects
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from the image sequence and better distinguishes the objects with similar appearances.
Furthermore, the semantic-modeling-based multi-view 3D scene reconstruction is pro-
posed to reconstruct the scene and the inside objects by recovering the complete 3D shape
of each object and estimating the position and pose of the object. Experimental results on
the SUN3D dataset and on-site videos indicate that the proposed method achieves better
reconstruction results for 3D scenes and objects compared to existing methods.

Through the above studies, the dissertation deeply explores the 3D scene and object
reconstruction, providing feasible and effective solutions toward the key technical issues
for real-world scenes. Starting from single-view single-object reconstruction, the disserta-
tion further presents methods for multi-view single-object reconstruction and multi-view
multi-object reconstruction. In view of the three problems in the existing 3D recon-
struction methods, the proposed method reconstructs 3D scenes while perceiving the
semantics, which recovers more complete shapes of objects and makes the reconstructed
objects easier to be separated from the reconstructed scenes. The proposed method are
more robust to recover the 3D shape to the weak- or repeated-texture objects and the

objects without reflection.

Keywords: 3D reconstruction, 3D object reconstruction, scene semantic aware, multi-

scale context aware, geometry structure aware
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Fig.1-1 An illustration of the robot grabbing objects in the scene
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Fig.1-2 The mind map of the single-view 3D scene and object reconstruction methods
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FEA Bz AERE , MarrNetP), ShapeHD P! il GenRe™*1 M SR A 42 (4, [ 15
HASTHIREE R, TR ol T B S 5t — e R s @ . 2t B
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Octree Octree H‘

Level 1 Level 3

PP

Resolutions 323 643 1283 [J empty [ Filed [ Mixed

el 1-3 BT HSP \ SR 25 1) s 7 e )
Fig.1-3 The illustration of the structure of HSP-based octree [**!

B o EEXTRAN R, BT\ U TR 2R N 45 20 gt . OctNetP) AR 44k
P 8 AN [ o 28 3 ) 3 B e — 2N P i N SUR - e se 0 T T IR R 5 1Y
Mgt , AT SE SR A BCAE AT S 98 . S22t %, HSP (Hierarchical Surface
Prediction) " RHAZ -0 G A S RFIIA =28, AT AT DAER i b AU B 5]
IR A T R SN AT E R - R T AR, BB 2R BAR S, H
ZERNE 1-3F78 . OGN (Octree Generating Network ) ) SE ] T HSP {2kt , 7F
HL N [F] IR\ SRS A 5 A FN AR TEAR T OORPIREE A o FH A 5308 N SRS
R TP R . T \SUR, KF a5 (Point Cloud ). £ 31JEM#% (Polygon
Mesh). Ao (Signed Distance Field) {52k =4E¥) (A RRNTE AR HE T 5%
kgl . PSGN (Point Set Generating Network ) #1155 — i i3 35 A0 28 I 25 S 3
MBI A BB B R s E R EAZ DS, Hp B, RGP
Poo AT GBS 4 MR AT DATE b 2] i 25 [A] A S 2 1, AT 5
GF bR = AEM R G S5 . 0BT R 9 HourGlass 2548 2 w] DL L7 e &
2SRRGB . GALIW s i T L Hidi 2k, il PRI S s S S o
g o0 N 71925 3 D R R B N2 N w5 G o1 ) W i 5 e £ A
Moz S 0 SOHAT . PCN R — 251 f5 2 TAE S E B T2 2 1Bl
(Multi-Layer Perceptrons) SZHL T MR R ) =4t B8, Al 3D-RecGAN++[3]
—FE, BFHEE R AR AN . Pixel2Mesh ! g vk Bl B 5 B0 28 0 4%
FoRZHIE MR, TR i A EAZ B2 B R 18 20 X sk i EA T2 T AT 7 A= 1
B JLAIRAR . A T ERIEMASTEAR I IEH T8, Pixel2Mesh it 7 — &Y Ll
fb)Z (Graph Unpooling layer) , fif5 Sa9%E B W/ DE 2, VMR H
B, BRE TaRER, LEAAHTRFRE. Kato 5 AP 21T 3D Mesh
Renderer, &0 DARHE YL 2 B RS AR 0 — S T I BRAE , AT SE IR (B
B Z DTG M) =4 EHE . OceNet P SR T b 25377 o X s = 2 il 10 R0y
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PRI 1 [CVPR 1993)
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Shape from Focus Jh AR 15 5 P 2548 % 1k [PR Leteer 1990]
BRI 223k [PAMI 1994]
BBV TR MartinZ; A [PAMI 1983]

Shape from Silhouette
Laurentini [PAMI 1994]

SGBM [PAMLI 2008]

. v, =
SEABLBEILAL z;;
Shape from Stereo DispNet [CVPR 2016] P
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1]
FEF LA B A T 3 AutoDispNet [ICCV 2019]

(Shape from X)
Vogiatzis A [CVPR 2003] L

LR AL GoeseleZ: \ [CVPR 2006]
Shape from Multi-view Stereo
MVSNet [ECCV 2018]
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Wens: TGRS PR TT WL 43 i)

Cascade MVSNet [CVPR 2020]

Pt HIET M EGAIE AR LA R

SnavelyZs A [CVPR 2006]

7%
AgarwalZg A [ICCV 2009]
g }'ﬂ lgl gﬂmg%g Crandall% A [CVPR 2011]
e Shape from Motion .
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- Sweene y [ICCV 2015]
BRI Farenzena [ICCVW 2009]
3D-R2N2 [ECCV 2016] 7] % §
I G 7% £z
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gﬂ:‘%:';,] Eq%gﬁ?ﬁ ) Pixel2Mesh++ [ICCV 2019] ~ § ﬁ
SRR BB 7 B R
AttSets [IJCV 2020] % Eé
TR — S LA 7% Lin% A [CVPR 2019] &5

Kl 1-4 ZALE =4y s 7 iR A

Fig.1-4 The mind map of the multi-view 3D object reconstruction methods
MM 2o RAFM LR A . SIE ML, %R Tr w7 5o B
W =deyikRik, HHAEZMNES . [RIIZ R = o g i = 4E 45
14, I HREAE MAS R PRSI Fr AT AL . DISNP? IR H T4 1 E B3 3R =
AEMIIRISERE , R T S L PRk S 2 SR A A B — S, DISN Al TAHAL
PIRLES, FHEE AL R B A R0 2 BRI 2% . M T OccNet, DISN
AT ARG B A S5 = AW IR B 4544

122 ZHE=4MFEE

HRAE S IR R B R IEAN A HOR R, A 1 2 A0 B = 4 (R B ] A PR
HT UM EE T EME TN EE A, WE 1-400R.

LAY 2 0 ] = 4 i Bt A X TR S, e X 4 2R A DX
(Focus). %8 (Silhouette). X H#4 (Stereo). A% (Multi-view Stereo) #i
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25l (Motion). MERFEWE LI (Shape from Focus) ' SRAZYIALEAF] FEBE T 1Y
FIfG, Xt TRARE KRR B R E RN R, MR IR RE, 15
B =ZHEE5MME R . BT IZ T EFREXN LG P A SFEAFEE NSO, H i
PR RED . BRI B R IE DY TIPSR 8 2=k P e
PATR SRR . SR T R R A B F e, X 2848 Ry A0 LAIA B AR T ik
R WEREWRIZIEAR (Shape from Silhouette) ™! i i3 MR TEA R A T B4R 8 B4
(Contour) Eiflis 5 ERk (Silhouette) FEMWTH =4ifi7 . Martin 25 A S ¥4 44 fr
TER) = 4E 23 (8] B Eb SR 2, 8 T ) il B I e A 30 B K g R 2%, M
AT 2 PR ) = ZEREAY . Laurentini® 5] A 7R H5%E (Visual Hull), BRFHAHR
RS A58 2 =42 A T ) = 4E e i Ac 8 . A A 5e B g R 8 2 1)
A[HFE A PATA 2 = 4R i — AN & LE T . Szeliski>”! Al Tarini P8 23 B8 7\
B FIT Matching Intersection 45 F4E 5 TR Z MR . Matusik 28 A\ P i
ZNEE R MR M A0 Rk, K558 %) =4 Al s i ik oh —4E 2 K%L
£ MU R TEERRCR, Bk THRRIERE A . PR e B RN B B R A
2 Ff (i XIE S X Iek) , B AR T-40 BR () =2 S 0 vA T Y R SR T RS
BRI, I H A TCERIE Wy AR R T ) [MIRE A 25 . Shape from Stereo SUAFR A 14
MAEVLHL (Stereo Matching) !, BHE ML H B4 1 $8.3 PCFEC AR 5, AT 3
SO 2.5 g . G 1-5 ) B, R ESSE R R — A P, fEA R E
PR R HIRCAE X Fl X, X Fl Xg BKPOIRBBERRN X B Xe B9MZE. A
SEARALGE PEBCHY 7 VA EEGEEAE & 1-5b) Frsiiiiife, H Cost Volume R 240
ZW RN, WH TR BN T RS Z NG R S fERES ) I AT,
LA VS BC R A0 R SR AR RE S eR AU B/ MBI, AR DR AR /]S, X0y
POV BARIUS T A AR AR, (A2 TG EGIER ., 5808 5 SR
Yst. BRSSO  EAer JUAE Gl R e 000 F Tk R IE A T4 5
FRh 2 M 28 AL, AT B S5 R RE . Shape from Multi-view Stereo 4
PR Z MIESLAALSE (Multi-view Stereo) P, 2T M 2 5K IEME H ik i 37 55 11
WERG (FOUERE S Z). B ARVER LR IC RS, AT P2 5Kk
BB A i A SEARIGEVCED , B 1l A Z AL AR R B 1% . MVSNet!®) fH255 77
BT Cost Volume (AU H SRS 75, FEHAME) 2R ZKEGR . Bl sy
(PR 14 (Homography ) ZB4Ridi A BURFHEAS TR B SZ AP AR &R, XHAE=
A7 [B] 4 @ Feature Volume., A T AP AL A B , H T2 Cost £
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Fig.1-5 a) The illustration of the disparity in stereo matching b) The pipeline for stereo matching

/|~ Feature Volume %] —~ Cost Volume, H.H Cost Volume | [)— S 2 a
FEA XA SO EAER 7 22, BUN T 2 RBE R EAR . Z )5, Cost
Volume 1% % 3D R 22 48 A5 B BE (EL AN R AR . RMVSNet!* X 3D 45
2 M 28 Br 4R 14506 R BT (Gated Recurrent Unit, GRU) , M2 T#4Y
(R IR BE A R % . Point MVSNet ) 7E TN HH VR FE 1 2 JE#  1 = 4k
Mz, FIIAT RaER R TT452R . Cascade MVSNet!®! i MVSNet i
T SR IRACGER , AR 2 Cost Volume Ff 7] DA SR A R 18 28 8] B A 20 AR IR )2 [X
6], AT REAR T 50.6% 11 GPU (& ][Rl I 4 1 35.6% HITREEA TR B . Shape
from Motion 3 % # PR A2 ShK & 4544 (Structure from Motion) B, ‘& M —2H A R #1
AT To 7 8OR 7 B8 b R KOS 3 A i = 4E S5 A RS R oR . B30
VRIZ GEREE T ok 3 AW B $ROF ICELERARHE , AL AT REE =4k 5%
GEHE o 3X LT AR SR A [ W] AR 43 R X (incremental ), 4252 (Global)
M2 (Hierachical ) . 34E 7417 2 5e it WK MG 3 701 k. —XF
TR AL AR G 2 2 A2 (1) B& RSB RHEVCEL S (2) Bviny R
2. TERIIRALSE BUG G R I EE AT G I AL N A2, HF i =
fifk. (Triangulation) %V 53] =4 S AkKR, #X)5 (4] Bundle Adjustment!”! JEFT41
b 3R VA A B S 1 A 7 AR Y ik 22 AR BUA I 3 st B EE R LB
IR R T REJGXAN L, AR k> B & TSN B R &R, I
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BT, Mg 73807 iR 22 B . SR 4 R n
VA IR T AP AR D EC A ERA TR I B 8 A 3 AR e B AN A w0 vk A
Hest sk, BRI R R R R T HARER 3 N (1) FEE
3 2P (2) 255 IRz B RUAEG (3) AR, ZRAm
FEMEH T —F BRI ERZREEZE T (Agglomerative Clustering ), 7E4RIEA
HEH BAAR/NEEIAS T (Cluster) , B THEA AR —IKEG B A G
TR AT ETER 2 2 NE0R: (1) B BB ZIFRHMERL A (2) B
O . FE A TE T, BENER 1 KRR R 2 i X Bundle Adjustment, Fif
R R O(n); MifE)Z2g=N 75, T Bundle Adjustment {3 fE 164>
BERR kARG, IR R AR R O(nt) . REHER RBLTH4FF, BEFIL
e Z A = e E A ERUS TR IE B SR, AT 28y vk H BR B (R 5L
5 R] ILER A3 ) = 4454, HARHSE T [l R 2 TR RRAEPCAC , PRt ok &
B SN SO A

Wl 5 R 3 2 2] TR 6 e Jie S RS = 4B AR AR L, BT
ZM A = Em T EAES R JUVES R T 2 6. 3D-R2N2PT fifi j 17 1] 45 76
PR AT R 22 10 265 A BRLBK B8 22 5K BRI S AN W IR 1 58 B = 4E 25 . T2
BRI TP AR VC L) = 4E B E ORI, B 1 O SR e S N e 3 =4 =
[ A O 2, R T DA B A b ) 2R R AR D C R e 3 . (A5 Sc s g
SUHYIA) . LSMUC fE 3D-R2N2 (LRl 51 A THPL AN S I T 4%
IR, AN BTGP N5 ok B T A A EHRRFE . 17T 3D-R2N2 A1 LSM 2R
M T TIEEARIG, RMEFHATEHPIAZEYE DU R 45 @ A6 7 5 R 7
B, BEHAREE— S . A T RRSX A AR, AuSetsUT R TR IR
A (Attentional Aggregation Module) ,  F XA [F 40 £ 1) MG AFAE HE T 1A o
Pixel2Mesh++!"8 it Pixel2Mesh 4" J§& 2% 2 WL A 119 B 5 i A T4 T 200 A ] AR T )
2% (Multi-view Deformation Network ), MIMSEIL T 2 M 1 =4E¥ A B d . 1 3D-
R2N2 XS Fea ) M HE 3 = 425 [R] LS 5 R IM 7R [A] , Pixel2Mesh-++ 5 =
Y o A R TN ) AR TR AS I A0, 33X (A5 i A B BB B B4 R 485 . Lin 45
NV X Z 0 1) = 2y (R BB AV E R RIS (Mesh Face Projection) 4Bt
BRI 0 55 0E, @ oA B BRI AS DLSE I 2 R G — Sk, [FE T AR SEE 4
WA AZTE . BT i 7 i RV E A AR B S U SR LT, ARIEG)E
%7 (Photometric Error) FEFTARSEL. R e TN XIRE TR TGvE
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a) Tl X =4 b) EF A H bR B St
a) Semantic-free 3D scene reconstruction b) 3D Scene understanding by reasoning
about the layout and objects

_+ 3D Model

Dqtabase
o) HTWHA RN =4e FH g d) HT YR E A R
¢) 3D scene reconstruction by object re- d) 3D scene reconstruction by object recon-
trieval struction

[l 1-6 L2 = A7 S T YR 70 2R

Fig.1-6 The categories of the representative 3D scene reconstruction methods

PR Wik s B = EGE B D, (HEAT TR LSe35 rp U A B AN B
123 =Z#ip=82

PR I 5 P = 4E Y R R AT SALIEE A AT A LA ST K A 51
A FEATH, YRS el AR SR K H S SRR A S . R
XBCY R TN ILE A SR T AARIF N, (B2t Em i ik B8 I XA
BAT, M BEEWE TYRRESEA ) =4E45H, WK 1-6 affin. B0
1828 R B K MG AR U St R = 2 FHHE (Bounding Box ), FFARATEA]
X SAF R, AN 1-6 b)FT/R . X6 Hal L 2 MRk : (1) Pk
SFIE SR R (2) YRR A A L. Lee 5 A S 1wl DA B
PRI SR R A PR OB . Bl I A 2R s P Al = A T A = 5 )
(Manhattan World Dominant Directions ), Ff-¥{E37 545 [a] Wh 38 2 85011 /% 5T a04)

-12 -



0 15 e

. Hedau %5 N\ B i [ 7—EFIMNILE) 0 2R 0 BAGERHE , IS Hb—A=
Y ) FAE B AT AT DARAE— A . XS vk o0 T I BB AR A
THAEE RS, F B EREER A B . Del Pero % A 84881 fifi jj th /R W] Je 4k
SR RI%5E (Markov Chain Monte Carlo) AE B 2 FEA . B AT R 713 501
= YESS RN 5P Y R ) = SRS R ARG B I S5 B AT . R, X 2ETTVA
X T AHAIL P A7 s m Y BB G AR AR BRI RS T Bz .
Schwing Z¢ \ 1851 | 72> % 5 5L FR3KME  (Branch-and-Bound Strategy ) #fi Wi [6] 7
JRI A BRI BRI, AT IR B T RSB 1 3 57 3% . PanoContext® JIERH 737
= BTN SUE R DGR s Eg IS . Aemiaesi, el RT
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32 189900 i Y "y AR ] 2 400 V] 4 R O YR RO 3 S N AR ) = 445 . Bao
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PEHER =551 22 DA B S 25 A AR I SR AR )1 A B s R A T
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iR ok 2 i R v B2 i )T (Data Augmentation) . £ &4
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A1 3D-FRONTW21 R fy G5t i 1 403w #s (Domain Shift) () F)8t, RIjE Y
1521 G RN B 523 AR i R B8 0 A — 2, AT Al 1B AL oYk
RUFHIz A B H A . A — a4t RGB-D FHHLECRO G B4
B R = e RO S AR AR, Flan NYUv2U® L KITTIH® SUN
RGB-D! | ScanNet!!'3| Matterport3D'! £ 3D Scene Graph!''?! £&, #Rifj, x4t
BRI RIEUE) S P W IR e By = 4ERB Y M TVA T TN R = 4E 1 7R B
P28 . ik LSS AR A A A S V8 — L@ HLas 7 ) s A T 1) . H
HI, C&A 4T (Domain Transfer) [ -LAE!>123 Fr U gk = 2k 8 78 4tak
Hh R T G R 3K A e, AT DAYE — @ AR 2R X A )

1.2.5 PHEFZEHEE QD

(1) BRI IR RE B AT L P20 ) = 2454

G R) =4I (Wz s 450 . Z SR ISESE ) AR5 e
WL L [R] ) T LART 6 SR AT 37 55 ) — 4450 . PRI, 7 B S R (R 1) = 4k 45
P BRI, (HXA e 2 0L N 2 A AT . HAE A (R
AN Gp A WBR G A = Ak BT YA A DL R i R 2E R AR
FHEEZ TR NJEn] AR S 1 A 70 WL o 1 D 1A A e B 1) — 4R 454 . 2 B
PARERIENX — ki, 2PN B Z i 2 B RS AN SR ST T et Al
W I, AR SE— AR B i il aed w] DLy 0 A 47 ST AS ] L0 =
HELEF SN T — BB

(2) BRI IR TCIR 85 MU oK B Z2 S0 IR R AE

P GE ) — 4 d 7 VA T2 B R (0 s TR B R R B R — 4R, Joikml
R BN FBIRESRAE . R8T L4 RGB-D [ =4Ed d ) iE e i, (HiX
B VE B R R A TR AE DL FC AR PP (Perspective-n-Point) 34124 i
FAPLOLEE, FHEETRE B G2 I A T LA 5 B SR, X155 SO i A S P
Pk, FRAEPCECRRIG S RBG X TARAE RSP, WAL IR gty

- 16 -



0 15 e

ERJUTER . 25 End, AN =4gimd Bk i ER U S Has. g0l
oA A ST AR = 4B . DAL, e BE S R A Ok B 2 A B IR e R
R B S ERE SO EUR KL RS AR I e — A AT R

(3) BUA R IEN 3 5 PRI R BEA T 23 st

FRGLi) =2 By VAR R R AN BRI R ATE SUE R, e FR
BN =G XML, RPN SR SRy —,
LAY e QSR ELRERAN W R NS 5 b o, R xS i 3 Sl AT R N T
JEALPE. PRIt QST RO T SR 5 A R R AT AR — S iR A
B AL

(4) PGk Tok RN EGE 3 Y 7k

H BB 1 = ZE 5 S (R B 5 SR e ik R R 0, AR
& (BIanES A ) MEhAEY RS — B TRt s . ik, AENIEAZsh Y ik
1 = 4 E i P AR R AR R DTS

1.3 AXHEERRABTSHASH

1.3.1 AXHARAR

W 125, = 4ES s R (R i) E 28 IR BT SR AR 1 22 TR AT BE K
ATCERRT 1257 Fh AR 20 B = AN A8, - J — 237 s A (R i i 2 G AR R R 1Y
5. BARHD, A SO FBFSE N ZERF A AT LA B 1R A 7t -

(1) oy S5 8RR LAY = 445447

LA, BT ) =2 s @y vE R AR R = 4R B 5 i 45 2 > ) T2
RIS, A R G R =GR, TSI = e . R A AL BT RE
FRAULAE B, B H AL AR 2215 B, BREEARAL AT AR LR
FES%, XUFEAGCE —ERE LS TIUIXRR. B, s 6 =
ML A R = e R, 7050 R AHBLIT REHR AL A0 251 € ok 2 25 1R {5 B
K HEHIA [ W) AR 1 = HE G5 (F B2 T B A

(2) fnfar gt A 8 1 AS [ B IR A A

AN [F) B S I B JEORT TS (R AA B i 0 A S R S . Bl - Bon
RS8O, EE SRR EE, WERGAERA KA R EE. R
EAN, RS AR (B AT DABCK AN . BRIBL, ] 7540 1) A SRR E B

-17 -



W5 IR Tl 2 T2 24 18 5T

FME AR A AN ) BCESRARR F FR AR I T BRI TS Y

(3) BT 37 5% B R O A AL

N T NI I T 0 AL, AR SCRFRTT R T 37 S SO =
YEy S EHTT R D RERRS , BRI e B = 4RSS AET T DL BB RS
SR AT R, W 8 H A AT B AR Sl i A R 23 (Video
Object Segmentation) J{EMEIRIFFIF & RIGET RN YA HITE
2, AT IR R L E AL, PRI S8 O =i Frp . R, Al A IEHR P
S B AR, HAE RS AL G B = 4R SN 1A SO AR LA e AL

1.32 RIHBRLEH

AT A bR 2 IR 2 M = 4e 2 iR ERE, ST E N TR ERGM
RIS b PR B e 37 S 2 SRR Y R ) = 4R E54 AT S i 5
AT AEM BT BRAEAT AT R |, B, AR EALAY B = 4R (A
HOE U A, ASCRI T ET IR R P G RE —gRE R, BT
JEEIRFIR XL H 2 B 1 =iy (A B T LB A AL Bk 22 I 245 O TR 8 P 1 = i
Hd, AN AT IR (Y RS HHET O Al IR A = 4RSS s SRS, T
ZW N A =LY A, AR T ET 2 RUE B SURRIB G 2
WM —EY IR E#T A, AROUEG T 2 BRI =Y R i B AR,
AR EAILA R E B EANTS; &G, XTFZEZRN2Z =40k
HA A, AR TET I RE UM S IR e SR, AESS g
Yy S e A A I BRI SR TR USRS E S S AT AR B AR IR I 5%
. B 1-TRR TASCH R EFE N AN BT Z R E R KR

T, BRI RS = AR (A T A 170 AU O SRR T RN A S A
SIEAE AR W R AR =GR 25 . S TR X I, AR SCERRT R H
FOMIL. SHE O, B H TR, 2ot TR T U ERm =
YR BT R RN R e B AL T AR S g iy = T XA
MR — 4R AIR 4 rh 2z )R ARSE I, SRR Z T DA T B A g
BRRAIATYRIZ MR ) e 3 — e S50 . 55— 5T, T de 5 IR AT A AR R
FEOMZYR EIMR S AR R LT &R, AT S VRS ) (R PR 1Y

HR, 282 WA = 2 A S A 17 AT ¢ BRAE T80T A RO R s i &5 2
AN TR IR SO ) =4 PR A R . — 5 H, ARSI B TR ]

- 18-



0 15 e

Wi | 2 LR ]
LA BFSCILRRTF IS (170
BRANE  RERMORASERATE  SREWNEASERETE  SWERNE AR
BFjCHE | TR = M S O A2 XS R
g | VLRSS DR BSOS S AL R L5
PRI i A A gk FRHLRTR LI 25 HET AL D37 B
T UKL R R B EG
SRR GRD ST RS P2 L
yi e
L LG £ LS 1 PIRIEL o)
SHPETR (R =R (B3 T
ST 1882 M2 0 LR AL GhoR
ERE=NETR (F35)
FUERIA | ALY R, RATISE. EEER. MEBA

Bl 17 ASSCHY 1 BT IS A DA B A T 2 TR a2 oK 3R

Fig.1-7 The main contents and relationships among different chapters
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Algo.2-1 The Pix2Vox-A algorithm
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Fig.2-1 Overview of Pix2Vox
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Fig.2-2 The network architecture of Pix2Vox-F and Pix2Vox-A
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Table 2-1 The IoU of 3D object reconstruction from a monocular RGB image of ShapeNet

B | 3D-R2N231 OGN DRC 1?7 PSGN™  Pix2Vox-F  Pix2Vox-A
KL 0.513 0.587 0.571 0.601 0.600 0.684
KA 0.421 0.481 0.453 0.550 0.538 0.616
ELE 0.716 0.729 0.635 0.771 0.765 0.792
K2R 0.798 0.828 0.755 0.831 0.837 0.854
i 0.466 0.483 0.469 0.544 0.535 0.567
R 0.468 0.502 0.419 0.552 0.511 0.537
JTH 0.381 0.398 0.415 0.462 0.435 0.443
Wi ae 0.662 0.637 0.609 0.737 0.707 0.714
ity 0.544 0.593 0.608 0.604 0.598 0.615
Y a 0.628 0.646 0.606 0.708 0.687 0.709
e 0.513 0.536 0.424 0.606 0.587 0.601
H 3G 0.661 0.702 0.413 0.749 0.770 0.776
R 0.513 0.632 0.556 0.611 0.582 0.594
S 0.560 0.596 0.545 0.640 0.634 0.661

TR T 2,894 ARG HABESS 1 B 537 55 e 510 MR T e s ) it vk o

(2) B hekiahs

Intersection over Union (IoU) #% f T3 ffili% i g5 il i . ToU Y (B ik &
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HorA, pajw Mgt 73BN ABERN @ 7, k) #5500 A4 AT Ground Truth.
1(-) FoRER k%L, « FoR (AR RE. ToU (HBOR R #E4 R M Ta T
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GrEEER 320 ZEYIZRRT, Batch Size i K 64, A T B1 = 0.9 Fl B> = 0.999
g Adam 12 (k3. FIHARIS S RBERTEA 107, FFE 150 4~ Epoch 2 5 F I H
JEoR—2, YIIZ—IL452E 250 4> Epoch,
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IoU =

(2-2)

© REBEIFIE: https:/github.com/hzxie/Pix2Vox
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Fig. 2-3 The results of 3D object reconstruction from a monocular RGB image of ShapeNet
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Table 2-2 The IoU of 3D object reconstruction from a monocular RGB image of the Pix3D dataset

HE TIoU

3D-R2N2173] 0.136
DRCI127] 0.265
Pix3D (w/o Pose)'!"] 0.267
Pix3D (w/ Pose) 7] 0.282
Pix2Vox-F 0.271
Pix2Vox-A 0.288

Pix3D Pix2Vox-F Pix2Vox-A

[l 2-4 7E Pix3D sk b0 BRRLAD B FUR (U IR Y = 4E ) (R BB R 4528

Fig. 2-4 The results of 3D object reconstruction from a monocular RGB image of Pix3D
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Fig. 2-5 The comparison of forward inference time, model size, and [oU of all methods on ShapeNet
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Algo.2-2 The Stereo2Voxel algorithm
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Fig.2-8 Examples of the images and the corresponding CAD models in StereoShapeNet
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Table 2-3 The 3D object reconstruction results from stereo RGB images of StereoShapeNet

el | SYEARER (U, 323 /p 1K) | M ZEH (CD x1073, 1024 4~45)
‘ Matryoshka Matryoshka* Pix2Vox LSM  Stereo2Voxel ‘ PSGN PSGN* AtlasNet AtlasNet® Stereo2Point

&L 0.557 0.535 0.686  0.621 0.709 0.826  0.699  0.807 0.796 0.534
KF 0.524 0.473 0.566  0.517 0.622 1789 1.695  1.996 1.796 1.182
Lzl 0.766 0.763 0.754  0.691 0.784 2360 1.853 1.756 1.692 1.229
K2R 0.827 0.810 0.811  0.796 0.830 1295 0.882  1.045 1.036 0.779
e 0.559 0.514 0.604  0.595 0.669 2004 1594  1.837 1.858 1.267
R 0.635 0.614 0.586  0.547 0.692 2815 2238  2.386 2.146 1.356
JTH 0.424 0.411 0.449  0.469 0.521 3973 3.038  4.142 4.118 3.001
s 0.697 0.727 0.658  0.670 0.701 3.868  2.691  2.839 2.869 2.124
it 0.540 0.557 0.652  0.682 0.690 0.790 0.763  0.818 0.874 0.524
Wk 0.702 0.679 0.714  0.651 0.770 2625 2086  1.664 1.656 1.199
H 0.559 0.503 0.570  0.566 0.635 1.889  1.500  1.892 1.916 1.337
L 0.759 0.847 0.831  0.694 0.866 1445 1158 1156 1.250 0.896
e 0.587 0.595 0.558  0.592 0.645 2029  1.495 1.712 1.524 1.027
| 0626 0.603 0.652  0.632 0702 | 1916 1493 1704 1.689 1.185

Input-L Disparity-L Matryoshka Pix2Vox LSm Stereo2Voxel Ground Truth Input-L Disparity-L Matryoshka Pix2Vox LSM Stereo2Voxel Ground Truth
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Fig. 2-9 The results of 3D volumes reconstruction from a pair of stereo RGB images of ShapeNet
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Fig. 2-10 The results of point cloud reconstruction from a pair of stereo RGB images of ShapeNet
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Fig. 2-11 The results of 3D object reconstruction from a pair of stereo images of Driving
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3 2-4 B DispNet-B F1 CorrNet HiJ5 I PEREXS
Table 2-4 The comparison before and after removing DispNet-B and CorrNet

DispNet-B CorrNet Stereo2Voxel (IoU)  Stereo2Point (CD x1073)

v v 0.702 1.185

v X 0.690 1.284

X v 0.678 1.379

X X 0.651 1.570

F2-5 RFEIFESHEE . BB RIFA SR ZE TR T
Table 2-5 The comparison of the numbers of parameters, inference time, and the endpoint error (EPE)

HE DispNet-B DispNet!! GA-Net 1% AANet!40
ZHE (M) 2.54 39.45 6.58 4.03
HEFRESTR]) (F2) 0.018/5%} 0.063 6.999 0.068
FlyingThings 3D (EPE) 1.292 1.157 0.515 0.477
StereoShapeNet (EPE) 0.096 0.092 0.089 0.085

26 IR AT 2E BT B MR RE A S I

Table 2-6 The comparison of reconstruction results with the different disparity maps

ik Stereo2Voxel (IoU) Stereo2Point (CD x1073)
SGBM V] 0.680 1.282
DispNet-B 0.702 1.185
DispNet [®!] 0.702 1.184
GA-Net!3 0.705 1.178
AANet!14! 0.706 1.170

W], DispNet-B [ & 4} il 2 DispNet!®'! FI GA-Net"™ (1) 7 A1 778 £%, I H.
DispNet-B 1] DATE—UCHERE o [F] I 58 e T A2 P LR B 2253 36 2-6f7R
T2 R HERR BN T B A R, R, M2 R BB, R
REMATEE

CorrNet 7 Stereo2Voxel #1 Stereo2Point H1 F T2 $k X H &% TP 4E-AE 1 PTAE
K F. N TIUE CorrNet A %1, CorrNet 7& Stereo2Voxel fil Stereo2Point HH 4
Pl . 2K 2-4i4RRH], Ik CorrNet J5, Stereo2Point i AE i s 2 ) £ A I 27 Hy
1.185 EJF% 1.284, i Stereo2Voxel A4 iifk 21 ToU NIy 0.702 FH % 0.690,
[6] 5} #% % DispNet-B fil CorrNet (#7155 g@t ek —2 N Stereo2Point fiff4: i
M EI AR BT T 32.5%, 1fi Stereo2Voxel J Az JlifA R K IoU T T 7.3%.
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PSR EE R RN, T HAE T 22 i A = 4E W IR IR, e i ny
VEHA A R RE RN AL PERE .
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$£3E JLAERRANMRFERLREERR=EYREE

3.1 5|5

W& VTSN AR B A fE, R TR EEAIALIEA T (R R BRI 37 S A Y
FHR I MR . M TR BT E B AR G, IREEARPLAT DAIRFFEEAS A

VR REHIDLTAERO T B BB, SROE= A AR L B
B (. v) B SAEZ R A IR .y, ), DA
uz
R
7.
_ v G
y_fy

Horr fo M0y AILER . WIEl 310, IR R A5l DA 225X 3- 1Ry
R WS = LELit (R0 2.5 4E45H) o A 2D A £ W 254 B R TR TS
TERME, (HE RN B R I BE AR AR 2.5 HEGE I DEAT L,
AR LSRR =K. I, BT IR MR = 4E @ R MRl
MM, RIIE L 2.5 QEZSH N 4 04 S0 BE g = ZE S5

TER 2B UARHL R ARG AR 22 0 28 RS (0 MR W R A R 3R 4
o AR AR H ISR, P To ik s — R A G AR
Z M4, BRI Ik U i i AR AR B D5 TR R B R AR

S

Kl 3-1 REZEGR A R EE

Fig. 3-1 The illustration of unprojecting a depth image
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(a) GRNet

|

> Gridding Gridding 4“ * Cubic Feature A *
4 3D CNN Reverse & Sampling MLP
- & & =
Incomplete 3D Grid G 3D Grid G’ Coarse Final Completed
Point Cloud P Vertices: V, Values: W Vertices: V, Values: W’ Point Cloud P¢ Point Cloud P/
(b) Gridding (c) Gridding Reverse (d) Cubic Feature Sampling (e) Gridding Loss
»@ = & o [
Q === 1 Gridding T
o)==V - (T 1]
ol »@ Y #
) 3 5] -4 5 L1{Distance
O
Q@ 1 R o
»Q 3 Gridding
Point Features f© ‘ -

el 3-2 GRNet [ i fAHE 4 &
Fig. 3-2 Overview of GRNet

M 3D BRI A M2, SRR AR A AW Z R EAEE. Hsh—L
TSI g T 2 R AW E A IS 2 s . AR, XS R T R
WAL TG R, AT X U A BB 584075 T8 RS U TR e S |
TEE. S, W —LE TR0 Sed (il E 2 2% (Graph Convolutional
Network, GCN) 57 i 2 SRS e . @ BRI I e 485575 (K-nearest
neighbor, KNN) , SR} 530 &0 S8 YA R T a5 585 BE RO RUER Y . HE i 2 43 1 4
— 6 T AR B B RN s 1 s 1) 6 R AT i xUEE . SPLATNet!')
InterpConv "> 73 JIFEE 4E R Lattice 2 [) FIAH€F s E 153 (1 = 4E M 4% 3£ 75
HERAE . ARIMIX LT VAR — iR S o R ARG BT R AN Y
SR T R sAMEAT S E, XHAEH .

N T FaR ), 3D Grid 95 | A RIS AL TR P i i, AT
X USSR B SO B T R s . BT 3D Grid, ASCitE—2B4RIN T
A& AR 22 /M 2% (Gridding Residual Network, GRNet ), f[& 3-2f7~. 457 3D #HfH
MZ M2 (3D CNN) FZZEHHL (MLP), ASCGREEH T 3 M e K
¥4t (Gridding). ¥ 4%k (Gridding Reverse) 157 5 94 E#AE (Cubic Feature
Sampling) . A% A0 IRZE W 202l WS 2B TR 2.5 AEGH I A iU 1R S8 B = 4 45
M. B, AT R mit—R, BAXIEIE—1 3D Grid Cell H1, T4 3D
Grid Cell 475 8 MR, MIASALIE i — D =L AE 0 (E pR AR X U (R 20X 8 4>
T b, AT R xCH) i = LT S Rk AT T8, 33, sk 3D &
R 22 0 28 405 1 T2 2 T SCBGHITRN 23 (R ERI ARAE I 1 T orb A i A 2 ik
JIEBAY o SRIG, WRIKEAL R4S 3D Grid Cell AE ff—A> i, XA SR A AR 2 i 1ot
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XA 3D Grid Cell T i FUBEFIARAR AR 21, XN EAVESCLT 3D Grid 3 M
AR . G, SETREFIERFER: M 2 Irfeny 3D Grid Cell 8 /N0 I FFAE R
Xk, HMARZZEIIN P AERGEREE S

AFER TTHR ] AHZN DA = 5

o RIHWHIAT 3D Grid VEH B aIERR, ATRE TG/ = Sk
KR P54, IR T R s g R S A BT SO R

o ARSCHRH TEDN R S AMVEAT S5 GRNet, FFEIT T 3 AT R K
WAk W RAS AN STy GRAFAE SR AE

 Yf ShapeNet. Completion3D FI KITTI $#54E g scue 45 201, Frig iy
GRNet Y58 T LA T

3.2 HHXIE

HRHE 5 s kDT E R T YR R 28 250, AT B 7 36 o] AR B9 o =26 1
T2 ZEBAW . E TR EMET SR .

(1) JET 2 2RI Jy ik

A 50K TAF PointNet!">*! fy 5 ERIG R, B — R0 TAEEH £ 2B
HILSE A 2 A LR 11551561 b i e 981 S iy e i ) 22 A 22 J2 SRR L 57 A 1 25
o BN A5, T — A X RR A SR AR (AN KAk ) KX SERRAE SR AE . SR TTTIX 25 )y
VI 705075 S = W LA 2544 . PointNet++!7) F1 TopNet!™! fifi fj —ANZ 411
HME R A BB R N T2 2 EANLE U515 8 £ 5%, AtlasNet!!)
F MSNUSS @ i Al i — 2 R S EH TIRE AR S = .

(2) XETEW Ik

R E oA SR ERR TS, TR A 2R A SR S A i — 4kl
M FAE A5, 25 P SR 2 AR O 2R o X 280y Yl 5 AE AR AR i _EEAT B, 9 L
i A B P, ] B SR AR AR 408 5 B ARAE o RIS T 22 2 R 34
tb, B TR TESZR T S5 5 . DGCNNU YEdRE 23 (a7 —N K
HAE W 25 (14— 2SS T PHX & . LDGCNNUS! #2187 DGCNN Hi [ A5 46 i 2%
(Transformation Network ) I HAFAN A 2RI FHEERAR R, M TR R
N T ERE. 23] DGCNN fYJ5 %, Hassani % AU 5] A 172 RIER K E
TR 452 2] s AR RRAE , IR B BB SR s 2= > 4 s & . DCGIPY 7
DGCNN [ EL i b gmht Jo i nd s, I3 MRS RS AG A1) 35 = 454
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H¥E 3-1 GRNet Bk
Algo.3-1 The GRNet algorithm

Input: RN5EE A P e RS, o n b A s AR
Output: 52#% 5 A1 P/ ¢ R163893
1 BEFA NS P, WASEIRYE AL 3-34: 5 3D Grid G =< V, W >;
2 BE W, =HEER R W 25 WRITED 3 NERUZ I EHEE A
F = {F1,Fy, F3};
3 455 3DGrid G =< V, W’ >, iR TR A 3-94 itk A =
P € R204853
4 5 PR T, SETRFFIERAEAR YR A 50 3- 142084 P g AT 4R
S RV R e @ R2M8x1792,
5 45 PRI RO, ZE2BAWU I REN SR P/

(3) KT HBBUY L

A TAE £ 202 ] S4B UM 48 7E (R 28 LA T 3D A5 112161 SR 45
REAL ARG AR AR 2E, T ER S Ty, | piss B
TEARFRI 5 2l AT B S TR . FEIUA 5 2 BRAR Y T A ey 15316310601
— S T AR RN T 4 2 B A B = 4E MR (3D Grid) 1. Hua 45 A 1163
SE SLTAERRIN =2 S BB ARERE, IE AT A RS ) i o R ] AR AL
H . PointCNN00V @)y ARSI T L HEF R BB . B TR & M
20N T B EESE], Sl i) — e AR LRI e g R T i 2451
Thomas %5 A\ 51 ¥ KPConv H [i] S F R AT ] AR TR B AL 7, X B IREE B ]
PRET i A S 25 B R TR RIS B L A TR . AT IR EA L, BB
R Y50 a1 2 H S R A7 A T T ) A A5 R e 1131

33 ETMRUKEMNEZNEBRERR=-4MAER

33.1 BBEFE

R T HE S AN A A AR S A S s LT G A AD R SOfE i T
B, ASCEEN T H T WA IR ZE M 25 1 =4 IR B d vk, fAn4ah GRNet. firfe
tH i) GRNet ik Coarse-to-Fine )50 AN TE R M =R e B = o QHIEI3-2F
N, EA S MBS Mgk, 3D BREMLS, WAL, ST RERIE R EE
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MZZEBAML. 58— DATEN NS PAENRA, MR 24 58— 3D Grid
G=<V,W>, HipVHIWH3RFERG W REAESE. B35, WHZEA DS
M fh W' B, WA ARYE 3D Grid G' =< V, W’ > A il—4>
MBS R PCo ARG, SEITPRERAIEI P SEBCR  IFFIE FCo a2 )2
B P Je X R RHRRAE F© A A -5 e 419 55 2 P/ o GRNet [ AR A Q1A
W5 3-171

(1) Mgt

7E GRNet H1, 3D Grid 5| ARFTJF 1S s UL E — N F P4t ., I
PR TR . BRI, S P = {p}L, gt h— ) 3D Grid
G=<V,W>, Hifip, e R3,V={v N W= {w}¥ vie{(-%-% -, .., y_
LE-1,E-1}, w, eR, n FREx P PSS N %R 3D Grid G W43 HER.
XA, RS MR E . anE3-2 (b) fias, 3D Grid 14—
ASINSETTE R —A Cell, SAAME, R4~ Cell f375 8 AN gi. X7 3D Grid G H iy
A Cell T vi = (x}, ), 2)), HAPESEE N (vi) XA TRSAHSRIR) 8 4> Cell He
SRR BEGRE NO) PRI p = (x,y,2) € N(v) BT RS (D p e P,
Qx} —1<x<x/+1, Qy/-1<y<y/+1, Bzl -1<z<z'+1, TER Z A
Frb, T v BOE w, ALEA R AR 2] -

0 Vv N (v;
= pEN) 32)
1 dpeNH)
SR, (RSP 25| AREMIRE, WM EES R P sk, ok, &
RN, IATGEA T A aEmdE . WE3-2 (b) Fis, HE— TN
v MRS AE N (vi) WA A REE 2 a0 R A2 TS v B w -
W(vi’ p)
W, = (3-3)
peN(V) IN (i)l

Hor, INv)| ZRTIUR, v RS R RN R, wi =024 [N (v)] =0,
b w(vi, p) ATPARE SCH

wi, p) =1 =lx; —xD(1 = |y; =y =z —z]) (3-4)

MRG0 3-3RI3-4 0] 1, FESC il Re X R ARR SO w(vi, p) BOBBIEDN |
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2048)
16384)
=112)

&AL (64)
AERE (din=24)

43%32 3DHE
43%64 3DAF
43%x128 3DHM
43%256 3D
43%64 3D EER
43x32 3DIEE B
43x1 3DEEE B
17 HERFE R B

BEHLREE | 204845

EHEEE (din=448)

N
2
T
4
I
s
5
4

AERE)Z (dim
AERE)ZE (din

R % 256x43%
—H 43x128 3DEEHM

LR (dim

3D B

Il 3-3 GRNet 1 ¥ £ 4554 [&]
Fig. 3-3 The network architecture of GRNet

owi _ | =Tt Zpenoo (L= 107 =30 = lgf =2, x> s
0 , ) )
* o] Zpenen (L= 1) =yD( =1z} —z2l),  x <x]
Hodrx Fl x} 43BN 5 p AT, vy 7E x B ARAR . ZRRInT15
owi _ | ~ e Zpentn (L= 1) =xD(1 =1z} =zl), vy >y} a6
0 ) ; )
e Zeenon (U= I =D =1z =2,y <)
8Wi _ _IN—(lvi)l ZpEN(V,‘)(l - |le —X|)(1 - |y2’ —yl), 7> Z;) (3-7)
0 , . )
e Zeenon (L=l = 2D =1y =y, z<g

Hory A0y} 3B s p MR, v 78 y BHEGARRR s 2 F 2 73 IR AL p MU
vi TE 2 Bl AR AR o

(2) 3D &BiBhe Mg

AR ZETER: (Skip Connections) HJ 3D BRI M 4P TS b 2 Y
BRARES Ty, BB T EEE U-Net (A, Z5E W, 3D BRI &M 28 n AE X
RN

W’ = 3DCNN(W) (3-8)

Her W’ = {wilw! € R}l’.go

WE3-3577% , 3D B A M & gmidas & 4 N EHZ , B ETZ1) Kernel
Size 5 4°, Padding >}y 2, Ff HFR[#% Batch Normalization il Leaky ReLU 7 PR %K
F1—~ Kernel Size 4 23 ) Max Pooling 2. %263 FH 2 15 H BB 505 51k 32,
64, 128 #1256, HtthasZ Gt o 2 DT A M FHIE X R EEZ, fi
) B (R 4R EE 53 301k 2048 F1 16384, 3D B 2 M 48 1M iR a0 & 4 MR EERZ,
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R E B R Z2 1Y Kernel Size 4 4°, Padding 24 2, Ff H R i % Batch Normalization
il ReLU 34375 s 41 -

(3) MM AL

WE3-2 (c) Frn, HMEAEH TN 3D Grid G" =< V, W’ > AL ik s =
Pe = {pcyr,, H pf e R, m FoRMRE S = S g, X —4 3D Grid
Cell, A& ARFE L MAGX A Cell Hr 8 ASTH s E R AR PRI 7 XA B — > A pf
, AE AR A -

¢ = 2ocoi WoVo
' ool W

Horr, {vgl0 € 7} Fl {w)|0 € O} 43 FIRI% 8 MR EEF TR, 0 = {67}
FonEf i > 3D Grid Cell HTS RS Feal, ST #WESRM Zoco W)y =0 1)
Cell, WRIMEALREAE B Py o

2 xi N pf e x B AR, AlTE bR R -

’ .V
c oeoi WyXy

(3-9)

X6 = , (3-10)
ZGG@"WQ
TER ERE T B RS, x¢ % wi, B9 SE0T A R AR
ox;  x, ~ 2ocoi WyXy
Iy Zoco Wy (Dpeor W)’
Xy 1
T G-1D)
ZGE@iwg ZGE@ Wg
_ Xp X
ZGGG)[W(-)
Hfpl T
Ay; Yo=Y
— = — (3-12)
6W9 degi WQ
az¢ vz
G ZeT (3-13)

owy,  Yeeor Wi

(4) SLITBHFAER AL
NTHRP R B LN SUEE, L RFHERFENMRE R = P AR O R 4
fiE Fe = {Fyn,, DABTF RS2 R EEMLIE S 2 0T, E3-2 (d) B, 4
F={f0 - 3} 3R 3D BRI A M SRYFER, Hh £ e RS, £ FORFHE
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BN TSRz P P RYEE— A pf s BRIRFE £ nl Al A s 250
CXCEE

[ = U fops - fo] (3-14)

oot [ 7B (Concatenation) #fE. {£2}%., %% p¢ FHAERY 3D Grid Cell fy
8 T AIHFAE . 7 GRNet i, 5777 A SRRV T 3D A28 o0 46 107 3
ANEEEBTRIAAE R E . TWHETUAR . ST SRR U Pe ML
2048 i, FEAE R/ R 2048 x 1792 HI4FEA .

AEI T SERRIERS, £ 105 T DAL A5k

A
‘9f5;
ot e (1,2, 8), [, Fm fF R j ATTH.
LA TR, B xe. ve. 26 0 B SHch 007 iyt
fefiiid

=1 (3-15)

afs;

J = 3-16
5 (3-16)
afs;

J = 3-17
By¢ (3-17)
afs;

J = 3-18
P (3-18)

1

(5) ZI2RKHHL

%2 RV T MRS 1 S W R 404 . o TS S 2 Pe i —A
B, ZEBAWISM I 8 AMRAS R, B0 RES R R B A I A AR T X
BE S R IRAS . 22BN HLRE S 2 PC RIS RIMRAE FC VERRA, T
MR AR e S 7 P o= {(pl Y o %IRRT DB AL R

P/ =MLP(F°) + Tile(P¢,r) (3-19)

Hr, pl e R, k FoR PY s, Tile T r I PC AR — KUK rm x 3
FRIKE. 76 GRNet 1, r Wity 8. 2 RBRAIBLEL S 4 AR 24 51h 1792,
448, 11201 24 (iR, fih e 16384 PR iz
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(6) PURSAEA S

A 5 YEAE I S 22 I 2% B = B0 I 4 f 25 (Chamfer Distance )™*! 12
BRI X AR BR BAE T T AHE TN 25 R H % Ground Truth f 5, SRTIHX I
N REPRIE ST 500 1 55 0] DAGR B AR G LT 2854 . R, AR 22 D 28 i 1) i o — 4>
PR TR DA ME A BE B, (FX & SR AR P AT R R A S
WTCFHE, s AR ME R A G b L2 506 AR AR 3 i) (52 L
Wi, MIAERASLHIRE BT, JOF A S ] gl i 2 MUY 3D Grid, 4nIE3-2 (e) Fir
Ne PG, ST MRS IR R R, A R ARAL TR, B AW 3D
Grid (HAEN L1 BEES . 2 Gprea =< VP, WPed > F| Gy =< VE WS > 43 RIFIR
i 1 AR AL T A Ground Truth 2 BfY 3D Grid, Hidt wered e RNS, Wt e RN |
N FRiX Wi 3D Grid fy48. W, RS A3 28 m] DAE R -

1
Loriading WP, W) = — ) IWPred —we| (3-20)
G

332 KEHERSHH

(1) Bt

ShapeNet £1 X} i 22 kM4 () BE 4R /& 1t PCN ) [ e ShapeNet PO 42 4: iy
Hrp w7k A 8 KA 30,974 =484, Ground Truth [ 5 52 452
REEZ LM B SAESR, BB 16,384 . WA AT S o2
T AR R G 2 2SRRI . T EAFHUX LU s, AR Sl
T #1 PCN — S0yl 2R/ gk S/ M A4 7

Completion3D Benchmark *! {13)I| 25 52 F1 56 £E 43 B 69 5 28,974 F11 800 4~Hf
A, F1 PCN 4 i f#) ShapeNet A [A], %54~ Ground Truth ff) 55 2 AL 2,048 45,

KITTI" 435 B s h SOt BRI 751 . %7515l 815 Velodyne
HDL-64E ) 64 LHOLHBARERD 10 WO R IAT0 . AR SR 1 H
PCN Figb #RAGECH . FARINT S, R—WUR AR T =450 FE R B %
FeER R R R, AIMTAE A 2,401 A EEER SN 25 o X SR SRR 5 2l
R, HHAEE 588 R = 1) Ground Truth,

(3) F:Bian i

A 3CAfE ] PyTorch 28 i CUDA S8 T i th i 734 , 6 T #i3k NVIDIA

©  ESEFFPHE: https://github.com/hzxie/GRNet
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L I A N 4 o e Y (VA 70

7 3-1 7E ShapeNet b i ffj B4R A I BE IR I =4 (R R I A BE Y (x107°)
Table 3-1 The CD (x10~%) of 3D object reconstruction from a depth image of ShapeNet

ik | kB MEE OWE BT R Wk ST | Ty
AtlasNet!136] 1.753 5.101 3.237 5226 6342 5990 4359 4.177 | 4.523
PCN [44] 1.400 4450 2.445 4838 6.238 5.129 3569 4.062 | 4.016
FoldingNet!'7 | 3,151 7.943 4.676 9.225 9234 8895 6.691 7.325 | 7.142
TopNet ! 2.152  5.623 3513 6346 7.502 6949 4784 4359 | 5.154
MSN 581 1.543 7249 4711 4539 6479 5894 3.797 3.853 | 4.758
GRNet 1.531 3.620 2.752 2945 2.649 3.613 2552 2122 | 2.723

¢ 3-2 1E ShapeNet _F{iff I BRLAL A R B TR B ) = 4EW) 1R B A F-Score @1%
Table 3-2 The F-Score@ 1% of 3D object reconstruction from a depth image of ShapeNet

ik | kB MEE RE T R Wk ST | Ty
AtlasNet!136] 0.845 0.552 0630 0.552 0.565 0.500 0.660 0.624 | 0.616
PCN [44] 0.881 0.651 0.725 0.625 0.638 0.581 0.765 0.697 | 0.695
FoldingNet!'7 | 0.642 0.237 0.382 0.236 0.219 0.197 0.361 0.299 | 0.322
TopNet ! 0.771 0404 0544 0413 0408 0350 0.572 0560 | 0.503
MSN 58] 0.885 0.644 0.665 0.657 0.699 0.604 0.782 0.708 | 0.705
GRNet 0.843 0.618 0.682 0.673 0.761 0.605 0.751 0.750 | 0.708

GTX TITAN Xp GPU JIIZxirfE th iy M 2% . FEUIZRET, Batch Size #i%EH 32,
AT B1 = 0.9 Fl B> = 0.999 1) Adam!"™ Ak 8k . WL 2] Fk e &l 1077,
FFAE 50 > Epoch 2 J5 T A R —2F, II%—ILEFSE 150 4> Epoch,

(2) JEmdhs

5 PSGN ™ F1 TopNet*! 47 [7], A<3¢{#i il T Chamfer Distance /E 4 B8R
—, B PAE XN

reR

1
= — E t— +— E t— 3-21
ny i min || r”z m1n|| r||2 ( )

Hp 7 = {(xi, yi 2) 327 AR = {(xi, yi, 20) 1o 43 BIZ7R 5000 %y i3 F1 Ground Truth,
1E 40 Tatarchenko 28 A 138 Brdg Hi {1y, Chamfer Distance A] fEXE—L8d = rp I
ANBEAR U Hb S A5 R i f . 0 Tatarchenko %¢ A8 [y, A Sl Al
F-Score @ 1% {E R #RAMYEEEFE R B HYE LT :
2P(d)R(d)
P(d)+ R(d)
Hrpr P(d) #1 R(d) 5 BIFR 4 E BE S IRE d A EERAE I3, BT E SR

F-Score(d) = (3-22)
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Input AtlasNet PCN FoldingNet TopNet MSN GRNet GT
e

el 3-4 & ShapeNet £fiidie b1l FRALA RS IR R ) —ZE) (R B2 2R

Fig.3-4 The results of 3D object reconstruction from a depth image of ShapeNet

P(d) = %Z [1;1;17I}||t—r|| < d] (3-23)
reR

R(d) = % > [m1£ e =r|| < d] (3-24)
teT

(4) LBUAT 7k Lk

%301 ShapeNet HCiAE 1A I YEHERT T h T 28 Tt BT 10 7,
B Jr 9 A T LA 16384 A0 25, AtlasNet!) S 2 i — 41 S50l 2%
TRIFETAR 2, FAECSEFIH 195 RHE 16,384 4. FoldingNet!™ {2y
PCNM {328 53, B 128 x 128 1) 2D Grid West %2 % 3D Grid, TopNet!*! {ii ] T
—APREEHIARTS 3% 16 T S NG |t TRk T4 R , T DA
TSR AVERGE [ K/ GO B 16,384 4. MSNUS S5 i )
KO A 1L T 8 8,192 A SAG 255 o T A0 7 16,384 g0 2%, DL
PRI HERRSS R 4. 3¢ 3-1RI3-20055 RA], i) GRNet 7 (8 B
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7 3-3 7£ Completion 3D | JiJ FELHL AR R BE IR 1) = 2 1R S A () A RS (x1074)
Table 3-3 The CD (x10~*) of 3D object reconstruction from a depth image of Completion 3D

i RHL BRE RE RT R Wk ET | Tl
AtlasNet!130] 10.36 2340 13.40 24.16 20.24 20.82 17.52 11.62 | 17.77
FoldingNet[”‘” 12.83 23.01 14.88 25.69 21.79 21.31 20.71  11.51 | 19.07
PCN 4 979 2270 12.43 25.14 22.72 20.26 20.27 11.73 | 18.22
TopNet[45] 732 18.777 12.88 19.82 14.60 16.29 14.89 8.82 | 14.25
SA-Net[4"1 527 1445 7.78 13.67 13.53 14.22 11.75 8.84 | 11.22
SoftPoolNet!!™ | 4.89 18.86 10.17 15.22 12.34 14.87 11.84 6.48 | 11.90
GRNet 6.13 16.90 8.27 12.23 10.22 14.93 10.08 5.86 | 10.64

1 F-Score @ 1% [ BE fE A8 bR FIHEHCT Fra Xy ik . 18] 3-4ff7R T 1 ShapeNet
AR AR G = e @A R . G A Y%, GRNet 0] DAB 4F-Hi ik
SRR (R RG] ) o

%7 ShapeNet, ZASCiAfE Completion 3D Benchmark | A1 H AW vE 34T T %
oo Bnukge b A R B AL ) T 0 I iU 4R TP i) 1,184 DR S8 8 = 4E 4%
¥J. T Completion 3D Benchmark 23K 5 A& 2,048 /-5, At GRNet % H
R ST TR« FELRHEA TR IS N3 3-3077R « WAL, FTH 1) GRNet
R T HARITE, HES 4

N T AR B U FT R B 5 O T B S S PO G ER A IR A Rk, AT
S T KITTI FE4E P OR SRR %E . ShapeNet $di 42 1 A 2 8 1 R
FG Sy 2 = 4E=s], i KITTL 4L B0 s iR Hi P s a v B3R
M. AT SN P 5 AR YERTEG B B ¥R 7E ShapeNetCars 44l
£ (B ShapeNet HPiiR 42 51) FaEA7 T 4)H (Fine-tune)., RIS, AR
il = 4B FAESEAT T IH—4k, MM fE754E ShapeNetCars _F | ZRAyBIAL ] DA
e R FreE B R Se B iR . A KITTL B 46 30A $24E Ground Truth, Frfi 77
TR b e E RIS — 2t (Consistency) A1) (Uniformity) #E£T &
—3(1 (Consistency) ZFE PCN Y, B SCHTEARIMWIZ 8] 7] — 41
I BT . 4 R R j AL 1 IR Rh A g 5, I —Eebk ] AT ARl A
o

1

ny
Consistency = —— 1 Z CD(R{; 71,72{; ) (3-25)
=2

ny
PU-GANUST s (i Y3 53 P B2 B i s A3 ST, BT DATR Uiy -

®  https://completion3d.stanford.edu/results
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Table 3-4 The of 3D object reconstruction from a single-view depth image of Completion 3D

Sk — &tk A p {6 T3 21

(x1073) 0.4% 0.6% 0.8% 1.0% 1.2%
AtlasNet 13! 0.700 1.146 1.005 0.874 0.761 0.686
PCN[#4 1.557 3.662 5.812 7.710 9.331 10.823
FoldingNet!"7# | 1.053 1.245 1.303 1.262 1.162 1.063
TopNet [*] 0.568 1.353 1.326 1.219 1.073 0.950
MSNI1581 1.951 0.822 0.675 0.523 0.462 0.383
GRNet 0.313 0.632 0.572 0.489 0.410 0.352

KITTI RGB Image KITTI LiDAR Scan Input AtlasNet PCN FoldingNet ~ TopNet MSN GRNet

= &ﬁﬁ%mﬁ%ﬁi%ﬁﬁ%%i’,
Ll
L Sl oK
: e ) y . T i Y
AN ' %%i@%h ;%@@ Y - *@%

Pl 3-5 7E KITTI $dfadle B0 BOLE K R o i = 4e R 45 R
Fig.3-5 The results of 3D object reconstruction from LiDAR scans of the KITTI dataset

_— 1 <
Umformlty(p) = M Z Uimbalance(Si)Uclutter(Si) (3'26)

i=1
HerS;(i=1,2,..., M) F/RM R i i s 5 R (Farthest Point Sampling ) Al
#éﬁﬁéﬂg \/ﬁ E@f*ﬁi@ (Bau Query) ﬁﬁ%ﬁ@#éﬂﬁ H@%éo Uimbalance %H Uclutter ﬁ%”%
BT AR RER A A 23, BATT A e SR -

S:| —7A)?
Uimbalance(Si) = M (3'27)
Hodr it = pIRI R Si A 1 B I0 iG  B5 i
ISi | N2
1 (dij —d)
Uclutter(Si) = ’—A (3'28)
M JZ:; d

o d ; FR MR S A SIESARIE RS, d AE S, IR SR T
\/liﬁmﬁh % 34 T X KITTI SURAE o e T b i 1 S B g . X
Sz £ I 2 B GRNet 76— BOME I AIME P T Hombi s . 1525 T AR LA
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Table 3-5 The Chamfer Distance, F-Score@1%, numbers of parameters, and backward time on
ShapeNet with different resolutions of 3D grids generated by Gridding

S CD (x107%) F-Score@1% SRR G REIE]
ikt | MLk el ™M) (Z)
323 23.339 5.943 0.329 0.549 69.54 64
643 11.259 2.723 0.340 0.708 76.70 100
1283 12.383 2.732 0.366 0.712 76.77 302

% 36 SLTGURFALRAEAE A A RF AL A B A ™ E S m i Bl AR R . F-Score@1%., £
JE IR 2400 A B [ A 4 1 T

Table 3-6 The Chamfer Distance, F-Score @ 1%, and numbers of parameters of MLPs on ShapeNet
with different features maps feeding into Cubic Feature Sampling

FEAE A R CD F-Score  Zfik [l f& HitA]
128x8  64x16°  32x32° | (x107 @1% M) (D)
| 11375 0.343 0 72
v 2.922 0.640 0.11 80
v v 2.805 0.686 0.96 88
v v v 2.723 0.708 407 100

% 37 MRS IR RAEAR R S B R EI A IE R . F-Score@1% ., SR I [ {547 st 1]
Table 3-7 The Chamfer Distance and F-Score @ 1% on ShapeNet with different resolutions of 3D grids
generated by Gridding Loss

Syl CD (x107) F-Score @ 1% I [ AR ) ]
ik R ikt R (ZF)
KA 11.259 4.460 0.340 0.624 86
643 10.275 3.427 0.364 0.672 92
128° 9.324 2.723 0.386 0.708 100

Wik AL, GRNet R DARFT25 () 2544 SRS, PR m] DASE Sp AR5 A ot 2 1) 114
—EtE. W 35N, MR R R A 7 B 2 RNER B K iss Mtz
~, EEN AT ARBEEZ I =R R A, SKIRER BRI AT R
H 7 YR BT DA A B S PR AR A A 2R

(5) iigrisess

GRNet [ VERESE T 2Ok B T MARAL . 3L PAFERAEFI MRS AL K. AT
PE— UL A AR A R, A ST A [ B S R00 ik Se A R T T i RS B o

PR ALTE GRNet g T/ Jo P s = WU 24 FP i) 3D Grid. 36 3-5/878 1
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55 3 LA S5 SRR R LAY 115 — Ak ) (A T

RS A A B AR TR 43 3% 1 3D Grid, R0, e &kb 4 =iy F-Score ffi% 3D
Grid 73 FERA G I MG . SR, ZEUCE N B a) A4k o [] -t it 25 20 B3 A 14 i
B T AERCRAG BE IR R, BT i iy GRNet f e il AR AL AR o P
3 64% 1y 3D Grid.

VTR FERT T 3D Grid BRHEE T HIBUS =) E R UER. AT
YSUESE 7 AR SRR A R, AR SO H T 58 F A [ (R 4RRAAE TR R AN 5 AR ik 1 7
SR MRIER 3-ORYSEIEER, LT RAHMERFE R E ST T A s b S R i
A, BEEARRERIERNE 2, $hEgERR iR ARGE, FEASEE
$E TSR B m) A8 (1 I ]

RS AR 108 e T AE NGRS Bl R s W4T . AR SR Bk T A AL 2%
AR, W5k 3-THR . MR MASIEE R 5, 1 PE 2 A F-Score H#R A7 H]
RATIEE . KRR J  3D Grid B4 HEe il 64° F2T1 2 128° i, fIfp i sl
F-Score 43 514G 25.9% F1 5.4% 32T}

3.4 AREINGE

ARFERE TR R =4 R E# 775, v GRNet. diTHLA B
T 2D A2 0 45 1) 7 YA 22 R IERIILI 7 YR TC IR e ST 2 i LA 4
PR SO B T, T3S B LTS5 0. O 1 B AN A, AR SC
SR BB E Y AN Sz s, R B SUER. AT
FHXAH AR, AR 3D Grid /EAN Rz B PRI, AR o i sl = AL 4e
BEAAFIIGH; TR, AR TR 0 R R AR AR AL SE B = A1 3D
Grid [A] AR . ARSCGAAR I T 0B BSE T PR AE R, O T S A AR U,
= BTG TR, ASCROT TSR, DA B A4 25 pR 2L
TCIRIKE Y RGN TTH) M. 7E ShapeNet. Completion3D Al KITTI Zffa 4R #) 5L 1 25
RIJFEN], GRNet 7EH AR _ BB T A 174,
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W5 IR Tl 2 T2 24 18 5T

F4E SRELTXRAMSSRESU=HYEER
41 3|5

M A BB R PR SERE ) = AESE AT Las N . Z4EERL. WikiR
BRI BEST 4 U A H LB . BRI 45 ) FO RIS & G A & g (Simulta-
neous Localization and Mapping, SLAM) U7 50 86455 75 vk S FARRAH AR i 2 [a] 7Y
A VEIC -1 Bh Z2 0 A LA IR A 0 A ) = iy . RS X S8 A It 5 LR
) IO T ANWERER, (HENTS HEMNE asE RE RS kR
=Ygy, MELATE RN Z 8RR, 2 ARG . SRR 6 BRI 20 A RHE
PERCXS T 55 SO el B A UM W 1A B R, IR R TGRSR & A8 RUY)
R L5 . AHECZ TR, (AT R o LR AR B2 TR 15 B AR AR PT DASEASEAS [F) %K
PR EAHEAN T, AP = B A R T it

LR, BT IR M2 00 =2 8 @y VR 75 B AE VU FC e B v 5=
Pk e BE ) = HEZEAE , FRAEROR EIUS T B R 5Em . AURPERY 7 4245 3D-
R2N2[731 LSMUS | DeepMVS!78 | RayNet!!'”! I AttSets'””!, 3D-R2N2 F1 LSM &
BB IR I 28 0 285 22 A0y = 24 i 7 (P R 48 Ay 912 >0 et AT T T T IR B ol
LM G 2 Mg I RHIE R, BEE R A BRI EZ, BiaE AR
BEIRWE . AR ST UG P 22 I 28 1 5 YA AFAE = A )

=S B N GBS B R e o 0 N N T @ NS 33 ) 05 o B2
PPZE 0 28 TeVR 2 — B i i

o TR EE N 25 1)K RHEAZ Z S I R A S A A D 28 (g L R AIE 2 i
WS, AT EAEI L M 48 TovE 7850 R i ARG e T B 7

o BT IBER AR 22 0 45 24 Fi s 20 P i 1 MO — B2 ALY R TR I
I, AT S EO TR AL,

R T R ER A 22 0 28 Ty SR 1 A1, DeepMVS 7 = 4E B 78 I fulf 1] dc
f& (Max Pooling) &M Iy UG P HEEUARFE: T RayNet (i [ T2 #ifl
(Average Pooling) A Z K H TR FEHARIFHE . BIRFRUMACFIE- AL —E
FREE g TR 2 28 1) Bk A, (E2 B AT AV T4 AE H P (A
KAE, MERTEZA A HRER. AtSets ifi ] THE IR AR (Attentional
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K 4-1 Pix2Vox++ [ 5 A HEZE K]
Fig.4-1 Overview of Pix2Vox++

Aggregation Module) XFgMHEMIN — R I#57, FHE X058
PFFAE. AR R RGP EES B ERE RN TR, NIMARHEER
AR o

N T FEPX B, AR T Pix2Vox++, A AN Z A A R IR A 3
ZRSER R AR N AR EER, AR A YRR AR, MR 4-187R .
ARSCR2FEMIR TN TAE, AT Al DAMR @ BRI L IR 73 BRI ) 1 1) 56
AL . TAE Pix2Vox++ TR H 9 2 RUZ BT SCRGATER & AT AN [R5l U5
ol LA B SR T e e R R W, R RS SR ER . XA
WIS AA T I AR5 B BB TP BRI T AR E 2 E &
I R e B T BORES BLS R AR AT B I, A R A R B AR

AEL TR AT ARSI AR =

* RICHZWARE I Z WA =Y R E R RO T IER, Ay
Pix2Vox++, &R DAMAEEZ Bl A A LA K P PR S8 B ) = 4E 251

o AR T2 RIE BT SCURAELS, ER AR SNV Z K B TAFE
PEEMIRL A Y TR 0 2R v o ey o R R SR, o Rl S A i A
TEREI = YELE

* ¥t ShapeNet, Pix3D Al Things3D %i#ude b s 4T REN], Frig Ik
TEXGEMIPERE_E IR T I 17535

4.2 HHXTITE

R = 4E B @I VE (MBI 450 . B E AR ) FE—AY
GERBAE AR, X7l SRR DL RCH e/ MU R IR W R 1) = 4 &5
USSR, M2 A AR ZE AR ORI, RAAE VTR A5 AR 3 I XE; 9F

i
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Fig.4-2 Visualization of the score maps in the multi-scale context-aware fusion module
HAE—LEF 0L, JoVETE Ea i e B T R A (R L LAk, TREEZE ST M 4%
TE R GUR AT T BRI, gl T2 0 = 4e fd sk B @i, 3D-
R2N2PHRT LSMUO #{ifi i TIRERMI 2 N 2%, T 307E B @ AN I 2 HES R AR o5 HL
ARETEFI I E A B BT 5 LS A RUF B . DeepMVSH®! FI RayNet!™! 735
i e R AL ML SR A4 AE . AuSets”) (i ] TR IR OB AR A T
ZAEBRIFFAL . SR X LT IRHER AT FE 0 P A A BRRAE T2 SR B Kb Ak
APt A 85 07 AR H AR AR OHFAE . AT JCIRZE s R R B AR .
TETEREWERE N, EWERA=4EmE TS EREERSaMEZ
JEIMA% . Pixel2Mesh++ 11 5 b [&] ft 22 190 268 1) 1 00 A 15 RS W (R iR 22 30 T2 0
W& . Lin 58 NSl (U AL W i 1) 22 ST s DA SIS B 22 L PRI i — 25, 1)
AR AR Z G MM AL . BTk (] TN SAE i A, SR
ML Z AR A ZE AR RIS, RGPS S5 2 e ik Ak

43 ZRELTXRARSZFEZU-HNRERRSHE

N TR AL SR IR Y B R A B R, AR SR
T2 RJZ EFSURBHR G 1 = AR 7k, av 4408 Pix2Vox++. T i i
Pix2Vox++ & MR 2 RUE EF SCURMIB S AGORS . Ho, ZRELET
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YL 4-1 Pix2Vox++ H ¥k
Algo.4-1 The Pix2Vox++ algorithm

Input: M [FRLA BB R B @ R BBRLAE S V = (o) A B R
XA C={c, ), Hfive R, f e R, CHIKEIINPER
Output: Z LA E KL v e R”
VE LRSCES C, RSO M A S A M = {m, m, e R} ;
2 BERSEG M, BIEAR 41T, AR bEsEEs
S = {s,]s, e R} ;
3 HEREBRIES V MRS ES S, BRIEA 424 SO &
JEHI =R B v e RY;
4 BERG G S MR BRI v e RY IS R A I R BRI VT

SRl B = 4R R BRI R TR AT, R AR s, (r =
L2, . n), FEARPEECEE I WA IR = 4ER R vi(r = 1,2,...,n) ik
FEETERE IR, G RER R v o MRS R E I 5
ZEM g, T RE— AR ESR vy, A v, o Pix2Vox++ RYEIATR AN
A1

(1) 2P 1 F SOty

XFF A=A ANE LA TR B A2 A R XA, B
Y R i WA T A IR, R BNX AR, AR T2 RUE BRSO
ey, e AN =GR R e m TR R B AL, XSS T 4L
ARG =R AnP4-2 s, R RE R R R ERE, 2 RIE BT
IR AR 27 R R AR, XA AR SRR A A h R X T i A A
R PP AR 0 TR vi AT AR, Hb ARt
B TS MEA3FR, fRE—lEZ =R R, ZREE
SR B R AT DU R R R A s S, XS S U T
B, PARRE 24 = 4ER K (E. AR IR, AR = 4R S 25 A 2 ARG AR
B, 753 Pix2Vox++ n PASE UM I 2 L R (5 R W) ) = 4B 544 . 75—
Jrn, EIRAEPEBUZIA RS, al DA B IR R AR 2 1 B3
R RMERERZE ZR TR, it RE B SURAGIA T
BIZ PSR RFAE IR, KPR R BRI B B R KRR R 7 R B, i
W YA
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Fig.4-3 Overview and the network architecture of the multi-scale context-aware fusion module
FLAORE, 2 RUZ B SO GAHCRE S r AP A i = 4R v X

W ERSC e AR, IR B TR SCPEA 4% (Context Scoring Network ) 55 r A
B bR SCE RS my o Ho TR SO R g O 2 RO T PEEE - (Concate-
nation) 1. NSO MZH 5 A 3D BRBAN, B ERPHE Batch
Normalization ff] Leaky ReLU, H. 5 421 Kernel Size 4 3°, Padding %
L #i 4 NERZR S EEECY 9, H HEeNm BEPHE e A E&)5— 1
HEEECY | WERZ. 25, 2 RE BT URMBEBRIXTEA oo B m,
i1 Softmax sREGHATIA—k. 55 r MAFR RSN (/. k) 1915 s WGE
AR A ESE

exp (mﬁi’j’k))
S oxp ()
Horhn FoRH A B R R . SR AL 4528 v AT AR AR AR5 IR R
(LB A RS2 -

(.4.k) —
s, =

(4-1)
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n

v = s (4-2)

=1

(2) BhIHZS

RS Al AR E— R 22 M 2%, B Tk — 2B IE 2 ROE B SCURGRL &
B A A IETR R B G452k . B BT EAR G — 3D 4ifidas-fEid a1y U-Net
ERUD) ) Z R TR as A ARRL 28 2 [B] i) U-Net &Rz, FERb G = 4ER7 oy JaB 45
F ] AR GF bR B

XFTAE B HER ok 32° (R RIMMOAAS, R MRE h w3 > 3D 5
e A o404 Batch Normalization, ReLU F1 Kernel Size 24 23 1) Max
Pooling |2 . H {4 3D A1 E 1Y Kernel Size A 4°, Padding 4 2, X =P &FHE
()4 RS A 32, 64 F1 128 fedmidan 5, A 2 DR, 405N
2048 18192, fiEhhairh 3 4 3D FEGHUZHM, H P& NEF)Z Kernel Size
k4%, Padding 2, Stride 2 1. X =NFEEETZ M EEE 5108 64, 32
Ml BT RE—MEEERZMA T Sigmoid, HRRYFEERZ P41 Batch
Normalization £ ReLU,

XA B HER R 64° IR ZWOARE, ZMOE RIS 4 4 3D 5
e FAE et 404 Batch Normalization, ReLU F1 Kernel Size 25 2° 11 Max
Pooling J7. H. P51 3D #1211 Kernel Size A 4°, Padding 5 2. 3% PUNEFH
JZ I A E F R 16,32, 64 F1 128, iSRS 4 4 3D B EGHEA N, H
W RN FH 2 Kernel Size A 4%, Padding A 2, Stride A 1. X UM E B FHZH
R AR 64, 32,16 Al 1. BR T &5 N EGFUZMEH T Sigmoid, H:
A5 B FH )2 A2 5 Batch Normalization 1 ReLU

XA A R 1287 (R Z IR, AR T RISER e 5 3D 5
e BB Y404 Batch Normalization, ReLU Fl Kernel Size 24 23 [1) Max
Pooling ). H P41 3D #HFHZE1Y Kernel Size 4 4°, Padding 5 2. &% H N
S B TE R BN 8, 16, 32, 64 A1 128, ftthgsth 5 > 3D #5EGERUZ 4L,
Hrp 58312 Kernel Size 2 4, Padding 4 2, Stride 24 1. X HANFEEEHZ
()% B TE RS> AR 64, 32,16, 8 F 1. B T S5 — Mg EERUZMA] T Sigmoid,
H A4 B )2 437 Batch Normalization 1 ReLU

(3) HiJeer%k

YIERMIZAH T B2 Aff12¢ (Binary Cross Entropy Loss), ‘B & X Hh:
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Pl 4-4 Things3D e s h EHG AR . CAD B 71 Bl
Fig.4-4 Examples of the images and the corresponding CAD models in Things3D

1 N
£=~ 2 lstilog(p) + (1~ gt) log(1 = po)] (4-3)

i=1
Hrp, N BRI A R SR . pe B g 4 R T ) = 4E 4549 A1 Ground
Truth, € P{EE)N, FEEATRMSE 585423 Ground Truth,

44 KWAERSGH

(1) HHisk

ShapeNet!"! 2 — At ffi WordNet® 2 I ZH 411 =4k CAD B R A . ARy
9 Z% T 3D-R2N2Y B sily i, [ T ShapeNet f— 148, X144
BTORHA 13428501 44,000 AL, REAMERIY 0 24 5K RN 137 x 137 1Yy
PR,

Pix3DU SR AL T B S QAN I i) = HERER, X 88 = 4R 5 B A
BAGUEHT R XN BT TR B 9 DRI 395 4> —HERI , A — > —ZfEA
BUARXT Y. T HE 2 SRAEA R H S s n i BB . AR 2% 1 Pix3D [585
BCE, T 2,894 SRETY HAR B E L3 5 b 1 IR 52 i 03k

®  https://wordnet.princeton.edu/
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Fig.4-5 The examples of the scene in the Things3D dataset

Things3D $ifadE 07 28 T3 1A 168 J7 5K MG, B il o FeA ] 4-
APT7R o IEERAIR A SCE T SUNCG! ™ Jdl a8 th iy, DARRY H AT ICA KA
E IR = YRR H) . SUNCG $ilede & 3.9 T aE N st, (Hixst

55 AL 2,000 A =R, S IR AR T = HERI R 2 REPE, SUNCG

s B JEA 1284 ShapeNet £ 48 Hh i) (R SR BT AL ¥, TR0 o il PRABEZL 1Y)

JumiQ/J\ﬂ:FFrTﬁ*j%§ B s s g 4-5PR . g sth i — ik,
FHAILLARA 30 BER IR A Bl e AR fiede , Al 24 TR IEMG . FRAILEN W A BE B e 1
B 10 AN EE, AHPLIAERESN 96 22K . ME Y15 I G T i R
12.5% PR RPN, KKK BREET. BRI E N 256 x 256, #
MERM R T 15 GIRGFAIEIT T 32 R, HEMRFAEE 4 1 Intel Xeon
E5-2682 v4@2.50GHz #') CPU A1 256GB N AF--

(2) Ve HEfibs

Intersection over Union (IoU) # FH T 7 &A% B &5 R 1 i . ToU 1Y S{E 9 B
R 0.3, Rk TR 2R AT AR AR T EE ToU. HogE AN A = 2-2f 7R . BRIy
ToU BB A 1 3R i fd 4

(3) J:BLans

A3 Ad ] PyTorch 28 Sz 7 Brdi B i 5 35, I 1] 7 —3 NVIDIA GTX 1080

©  RESEFFHE: https://gitlab.com/hzxie/Pix2Vox
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MR Tl 2 T i i S
%% 4-1 7E ShapeNet #cfii gk I (1 2 WA BB R Rl 327 (R T ToU

Table 4-1 The IoU of multi-view 3D volume reconstruction on ShapeNet at 32° resolution

AR 1 2 3 4 5 8 12 16 20

3D-R2N2[P1 0.560  0.603  0.617  0.625 0.634 0.635 0.636 0.636  0.636
AttSets!""! 0.642 0.662 0.670 0.675 0.677 0.685 0.688 0.692 0.693
Pix2Vox++ 0.670 0.695 0.704 0.708 0.711 0.715 0.717 0.718 0.719

% 4-2 7E Things3D #ffide 108 L0 G A i B 32° (AR Y ToU

Table 4-2 The IoU of multi-view 3D volume reconstruction on Things3D at 323 resolution

WA 1 2 3 4 5 6 7 8
3D-R2N2[1 0.307 0.316 0.322 0.325 0.329 0.331 0.332 0.334
AttSets!”7) 0.402 0.415 0.422 0.427 0.429 0.431 0.433 0.434

Pix2Vox++ 0.428 0.444 0.452 0.456 0.460 0.462 0.465 0.467

Ti GPU Y| 2 i h i 2 M 4% . 483 ARG - HER R 224 x 224, Hith iR E
Ay 323, AEYI| 45}, Batch Size #Fi% K 64, HHH T B = 0.9 Fl B, = 0.999
(1) Adam!"> flAb 4R . WIHRIA ) B o 107, FE4E 150 4~ Epoch 2 J5 T K
JFoR—2F, YIIZE—3LRELE 250 4~ Epoch,

(4) G4 JIEM LA

T BIE Pix2Vox++ {EZ WL IE =4 B 3 IR TERE, 4 SCRFHFN 3D-R2N21T L
K AttSets!”” {E ShapeNet Fibf7T 7xF . 2 4- 10945 R0, Pix2Vox++ 7EFTA Y
iy ANPR B R T X XS v . B 4-6J R T 3 AN A IR o TRl 45k
FTHEEEEGIR, %GR IRV, Frif i py Pix2Vox++ 1] DATE 4K 5 W1 141
. Bl 42 T 2O E A B AT S R, 0T e e s 1 =
ARSI R TR AR ZE R X B A R A AR AR . KRR Ar BIL ] T DA
A RE R SR B A TR AR A A R A2 . R 43T S8 B A
AT . Hidr, sz T A2 FE A5 B4 NVIDIA GTX 1080 Ti GPU L% ]
RARHII . SIS R R, Pix2Vox++ fE 2 W K HEH_ F i fEBRE )T 3D-R2N2
F1 AttSets .

F TR 2BV TR I A T B A st R BT RE, Pix2Vox++ TE
Things3D Al 3D-R2N2 DA K AttSets #E47 T X Eb. 3 420045 - £, T H
IRV SR, Pix2Vox++ TEITA 1 AL KA BT 3D-R2N2 A1 AttSets.
K 4-7t 78], Pix2Vox++ A T 3D-R2N2 Fil AttSets 7] DA B i Hb 55 7t [ SK 37 5
YA . F8k, SLEREGIREN], Things3D itk vl DASE S AU e HLSL 3 iz Ak
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Fig.4-6 Multi-view 3D volume reconstruction on ShapeNet at 323 resolution

% 4-3 7 ShapeNet Hilade ESHR . NAF i ANHERRINS (8] 400 LE
Table 4-3 The comparison of #parameters, memory footprint, and inference time on ShapeNet
Pix2Vox++

3D-R2N2%! AttSets!""!

Jrik
SRR M) 35.97 17.71 96.31
1407 3911 2411

RAFE A (MB)

HERA ) (2 D)
1 WL 78.86 26.32 10.64
112.27 47.62 17.51
29.88

2 A

4 LA 116.68 52.63
8 ML 122.04 58.83 56.52

REJJo 3¢ 4-4XTEL T Frdd th e Bl F A Rl B U 2R 46 7E Pix3D gl &, H
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Fig.4-7 Multi-view 3D volume reconstruction on Things3D at 32* resolution

% 4-4 1& Pix3D Hfnde bR I8 =4 R R FE ) ToU AYXSHL

Table 4-4 The IoU of 3D volume reconstruction results on Pix3D with different training data

ik IoU

3D-R2N2[73 0.136
DRCI127 0.265
Pix3D (w/o Pose)!!!"} 0.267
Pix3D (w/ Pose)!'!”! 0.282
Pix2Vox++ (I|45:4E . ShapeNet-Chairs) 0.204
Pix2Vox++ (JI|4:4E . Things3D-Chairs) 0.269
Pix2Vox++ ({)I|Z:4E 1 ShapeNet-Chairs-Rfc) 0.292
Pix2Vox++ (i)I|Z:4E 1 Things3D-Chairs-Rfc) 0.324

i ShapeNet-Chairs I Things3D-Chairs 43 j/|{{;3¢ ShapeNet F1 Things3D H 41
A%, ShapeNet-Chairs-Rfc £l Things3D-Chairs-Rfc 3R g Pix3D H%HE
4374 ShapeNet 1 Things3D Hr a1~ 28 519 %ds F ] Render for CNN!
AEGAS BN B . X SELE LRI, AHEL T ShapeNet, Things3D W] DABE 44 B)
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Table 4-5 The IoU of multi-view 3D object reconstruction on ShapeNet-Cars at 64° and 1283 resolu-
tions

AR 1 2 4 8
PR 647

OGN 0.771 N/A N/A N/A
Matryoshka!!3>! 0.784 N/A N/A N/A
Pix2Vox++ 0.803 0.813 0.815 0.819
SRR 128°

OGN 0.782 N/A N/A N/A
Matryoshka!!33! 0.794 N/A N/A N/A
Pix2Vox++ 0.826 0.837 0.841 0.843

FrE B ALZ AL B EL S S BR4E . 53 SME Render for CNN (35 E) R, 7E
Things3D-Chairs-Rfc [ IIZRIBLAL A] DATE Pix3 D Fifade UG b i1 BE «

Z TSI EBERTLE TA O R 320 R R S AR, AR MK
DIPER TR ZR TYRRAT . S TP RAIE Pix2Vox++ Xm0 HER A
B = E LR A0 H S Matryoshka Networks!3%! I OGN P! 147 7% b .
ASLEEAE T OGN HifSL8 i '8, A ShapeNet-Cars (HJl ShapeNet H1 it 4242 51)
B2 o AR € UG S50 43 Bl 64° 1 128° ffAR . FETHEE ToU i,
AR FORIE R 2567, H51% 40 HE 1Y) Ground Truth T4 ToU. T H#HRAT L
AP, SEB AR T OGN BB AR 73 (6 1% 5 A I b Ground Truth.,
F 45N T Pix2Vox++ HHABT AR E EEIR . ZER K], MILT Matryoshka
Networks 11 OGN, Pix2Vox++ 7£ M BRI A2 il HER0k 64° F1 1283 ffk &= m] DAL
LA R . AN, £ 4-5WaH T Pix2Vox++ 1 64° I 1287 S PR F 20 =
e IR B AR

(5) {rsmigzn:

TR g THE IE 2 ROZ R SCRGRL A& e A ) A IER R 45251 . 2400
Pix2Vox++ HESIRIMIAGT G, A =4 R F @R ToU H 0.670 K% 0.658.
[ 4-8 7 T e [m) i AL AR EIE B A Ao R s AN SO A PEREXT L« ALIA
R, AEHABLA BT , RG2S U R RE T .

Z R BT SO A el & 2 0/ 2 B I8 B A R R E AR .
N TR, A SCRE S HABRN G A TR, SIESER A, BT
MR, BEIIREGT AR 2 REEW EN SO é . 9E
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Fig.4-8 The comparison of the performance in different numbers of views on ShapeNet
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Table 4-6 The IoU of multi-view 3D volume reconstruction on ShapeNet at 32° resolution

W AR 1 2 3 4 5 8 12 16 20
Pix2Vox++ 0.670 0.680 0.690 0.695 0.699 0.703 0.704 0.705 0.706
Pix2Vox++ * 0.670 0.690 0.699 0.702 0.706 0.710 0.712 0.713 0.714

Pix2Vox++-R2N2  0.663 0.672 0.680 0.684 0.686 0.688 0.689 0.689 0.690
Pix2Vox++-AttSets  0.638  0.675 0.689 0.696 0.701 0.707 0.710 0.713 0.713

Pix2Vox++ 0.670 0.695 0.704 0.708 0.711 0.715 0.717 0.718 0.719

Bl AR IRTER A ERIAR v/, ARERH (0, 7, k) BYMERE AR AR 14
FRAEAARA (6, 7, k) RRAERIIETRAT . XA Re nl AT et iig o -

1 n
roo_ r
Vi T3 Z Vi, jk) (4-4)

r=1

N 4-68, U2 RIE EF SRR G B EmM AU 5, Pix2Vox++ [HHHE
PEREA BT T M. X ERR T IEM GRS Z 2 EE AR E R 0. o 7 M
TIRIM LM G A A AT, Pix2Vox++ H 2 R R SCREN R & wos i
A 3D-R2N2 F IR IAH 22 ) 25 il 5 oK B A TR TR A B A R . O T I R R 2
2 ALESE , AN T — ARV 1,024 iR, IR ikan 4
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Fig.4-9 The multi-view 3D volume reconstruction on ShapeNet-Cars at 128* resolution

A Pix2Vox++-R2N2, N3 4-6ffr7~, Pix2Vox++ FEFrG i AMLIE S FE T
Pix2Vox++-R2N2., i THIFE I B G EIHATA EHE, Pix2Vox++ HRZ RE R XX
IR AP ek AttSets P ITRE I FVE R IR ARG R H 2 MR E A SR,
HRFXA T VA 44 N Pix2Vox++-AttSets. U138 4-6ff7R, Pix2Vox++ TEHr A 1A
ML BT Pix2Vox++-AttSets. i T B ilEfE B OB RL A 2 RZRHE
PE B, Pix2Vox++ Hi) 2 REE B R SCUBN Rl A 82 40 A H 2 RBERHIET)
BN SUBSNRL A T, XA 44 A Pix2Vox++F . 13K 4-6T75 , Pix2Vox++
FH LT Pix2Vox++" £ ToU A5 1% (4T, & 4-9%F b T 2 ROBE R SCBGHTRL A Al
R SRS G E A PR IR R SR, Hrp “Cix Fusion” A1 “MCtx Fusion”
ArF R T BT SCRAE G A 2 REER) BT AR G E g 1. M T kR
TOCRAE G, 22 ROE TR OB R A7 B ] DA SE S AR W AR 40
R E R S TR R R EERHE , T2 4RRIE W] AR S O B 0 IR ) 40755

4.5 REING

AREARI T 2SN A IR AT IR, av 4 o Pix2Vox++, AN[FEBLA AT AL
SR AR B TR, AT AT LB AL EE s T A A UL AL . 2
Pl — R B R, AR T2 ROE B SCRME G, HT R G R A T2
. ZAUARERER . R R R @ R AR E BB 5 S nT DA
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HAbgE, AIRATE AT HL EE A S A A SRS KA RO R . AT EA Y
ET IR A ML Z A =4E @A, TR o B iR TR 2 R 258
R HEAN AR B2 R B AT A T T fb iy 2 A =4 s @y ik,
JIT R 3 1 07 3 AT DARE AN 72 40 A ok B T B IAE S . teAh, ARSCHE T H A
RIS B A R 2 A = 4E B d AR S — Things3D, ZEHRAE AT AR
P IA TR E L AR L iz kg J) . 7E ShapeNet, Pix3D Fil Things3D
BARHER SLIn g KR, Pix2Vox++ 75 5 @il BE ARG _E IR T 3IA k.
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ES5E ETHREXRBANS RSN =-4imEE
51 5|7

MERTK P 15 rp PR B = 4k S5 — ELE VRN 58 U R 58 A 1)
TE LWL, TCif X =2e 5@k (s sh iz 4544 FElm &
fiAn A R WG T NI RIEE R, IR I L85 VATE BB R Te ik B
MESRTE SCE S . UL B S Y AR TN SRy —1K, MERARF AR N HE 7 5t
B, Ak, XEETTIRAEE R YR A] UL B = MRS MY R R S =
HELE IS, TR AR SRR, IRTXTE— L0 AR AT T, R
ARGV, BT 4B 0k S Y = 4L 37 55 PR R R s VOO0 (HLEEA | il
A 0 =437 SRR AR OURE AR LA B R A A T A B MR P AR
PRI = A F Iy — AR E PR (T-posed Problem ) : — 3K BB BRIE_E AT PART
R FEHAS = HegE R 1,

N RPIXSE I, ARSCRR TR  SE SCERER R 2 IR 2 = 4R st
Jrik, A4 URNeto %07 ¥R ALY 1R 70 BISA RS VT PR OHE IR, R0 (A K
EIRFPS h e, PR 2 ROZ BT SCRGRIR & 1 22 U5 2 L= 4t Sty
BZYR TR =LK . H#JE, Marching Cubes!"™ SEyAME T M A ST
N DR MG R, FERESE S, URNet it TR, HR 2N
PIABEAT LA, AINTSE O = 4ESp i B, ANIA] S-18R . Firde th i 07 vA7E S
IS TR A EE TGRS B8 B R T DA 3 M A B A 37 57 20

BA WL R > FIGE T AL R (Mask Propagation) s VLR 4 5K
WA T A TE RS 51 P A S . LU R T R A% R Y R U1 il IO U R
PR B HE R b —ifteidh 22K —it, FFEEH— A~ B BR 4 (Fully Convolutional
Network) SEFEAGTIAPASENL . SR EE T AL 3R Y 7 VAR 2 2 i i 22 R AR,
Rl 2 H o) B R B IR i . T LAE, B TAFIEVC R s o1 1)
&R SR AR VT BC R0 25 O 244 Fip PR A (BLBE R DR S 56 A8 o FEX L8073k
3T STM (Space-Time Memory) HJ7 &1 Rid EMGCAZIEM 45, T
GF RO XY R RIS RERAS o AR1NT, IX BTV MACAZ T H AR R Z AN XA R
M2 T XA R BRI, B T S R T BRI . S T AR X A A
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Fig.5-1 Overview of URNet

AR T RMNet, AUHRECE i A B e I ARRAE , AR P A A TR L
B, AT 2 0 TR R RS TE , R TR

ARFR DT W] AR AN DA = A

o ACHLH TSI B YE, 4k RMNet, %7 EUEE LA H ARk
1) I FATICAZAIVE D, AR B TR AR RS EL T AR TSR AR

o ASCRH TE T SE CEBNZEZ N =g s EmE Yk, sl UR-
Net. &ALV BARYIAIIEEL, 02 H bRk s =4E454 , H Az
PREAIES, MR 5o = 4E 451

* 7£ DAVIS #il YouTube-VOS %i#fi4E I, A i RMNet Buf5 7 9 4 RS i
JEFTE A HEREAE ;. AE SUN3D £cdfn 4 A0 sc i 48 r Biam b, Birdt i 1% URNet
AT DAAE B R ) = 4 B AR, IR TR O YR A S .

52 tHXTIIE

5.2.1 #L85HiAsy &l

(1) JET 05k

S AR LA R 43 1 S R 3 AT 55 0 B B AR 25 A4 4K 1F) .- Object-
Flow!"* " SegFlow!"! I DVSNet!"°![q] if fili 11 W0 451 o 4 4% 1) #E RN Fe 3.
Tz A 2 BAR R Y AR IS, MaskTrack "™ X6 58 — WU 1 #8425
MaskRNNUSSV 94 5 il B 4 4 0 00 S AEE RN 3, AR B0 420 44 1 320 5 AE R ' 37 991
MZAP . CINNU i J 1 T /RBHR BELIA S T I AR R i i
75 K% o DyeNet!"”® il PReMVOS !0 7 2 e pif ] _ARZE A48 RN T E 3 51
(Re-identification) , FAVOS!" S AE AN AR EB A7 AL B — AN FHHE, 60 B ARl
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B SR AR LU P R K S AE I PAREHE— 25 g — i IR0 Pk O
LucidTracker 2% 3 i & BRI 28 5080 B 7] 4008k 1 B0 25 )1 i re A8 -]
WI2% %5 AT A H A v 171000 2 1/20 Al 2580 . SATROU Fil F i
T ARG 2R 77 A B Ay 3 e I B 8 R X RN A R R I H AR B R . R X
ST RS TR R A EE R, (E R Sy YE N RS RN B R o N, AT vt
LRI 2 B AR 1202

(2) J&THEAEPCEC )57k

R T RGN G SRS RS, A A e R R DT E ) AR 4R
FRLINIR P i . OSVOS PO 3 35 i 19 45 1 J 2068 38 1 (40 SUAR S AT 88 2 LA
PRS- FIESS . RGMPE fifi B _E— it A S RS A 24 BTty SE g AR, Fn2
BT B T 24 BT 4 B 45 5 . PMLUSS) Y540 A 15 25 G0 b 6 22 ) B
el = ek (Triplet Loss) i feir SR VLAL%: > T R BN ERIEFw
TR S SRSk e s 4 B 45 58 . VideoMatch 0 fiff i T 4K PLEL (Soft Matching)
BLHIE SR R [ A (A543 18 PML il VideoMatch —#:, FEELVOS!'*?) fifi
F2 3T AR R BT 4B VE L, AR R UL AL AR A 25 1) N 5, TN 2%
HAF AR - EIPeSR o X REAS (5 FH A 22 SO 2 DA S 31 i 0 32 ST 44k
BT FEELVOS,, CFBIM [m] i & A% 12 T Hil St 0 (R AT S IR VL . STMU!
T AT P 28R 25 1) 22 WA 24 i EA TR DE T, 2 M RE A T
WRIE R 75 STM At L, KMNUH ST —AS iz DA D B 1R 4
fIEVCRL. EGMNUSAE STM (W 5Lah B T RIM &M 4%, 58 —WiiET A, 5%
PR & RS SR, B0 3 TR VE R E e A G & H AR (R i X0
AT TRMEVCHL, P I To A X A IR AL A 4

522 =iz ERMEEE

P EE 5 I = 4R O T SRR S AT S LA S K AR5 E R
/. 3D-SISP i J T4 o BIEIE AT Sl UG B . EAREIERM &M 2%
e TR EROMEERRIER, ST 20 RGB-D KB SO A 215
Gy XL A I EGAHE R R0 2 — DRI =ZE R4 (3D Grid) Hr, MM
RETHRAANRWAGERE . FEE R = EEAREN Y, ok ks>
TRLAGER “Aer-R 8™ RO SRIE AR AE 37 S5t A ) PR ) S B = ZE4hp . SR T = 4R
A CITIE A RS B 1 e v DL U AR N TR 2 GRSy Biap/ver e (e . N Ty
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Fig.5-2 Overview of RMNet
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¥k 5-1 RMNet 55
Algo.5-1 The RMNet algorithm

Input: K475 I = {L}L, FEE—WiH b9 R R HEE M,
Output: E1Z 751 H P AR M = (M},
1 ORI A M BEEE S A A GRS AE AR A R R B K, v
I A S- Ukt B AR IR Jm i 2 o 1# Ay
Ay TR k), F1 V), RS EHGCIZEHE K), F1 v,
4 fort=2tondo
s | Em AWML, AL, TinyFlowNet {58 5 3¢5 Fy
6 s F, MIM,_,, i3 Backward Warp fiti 124 & iyifés i M, ;
7| EA A S- U Y i B AR R SRR EE T E AL
s | 4 I, BRI ESAE A SR R E SR BN 1~(tQ MV,
9 | KA RIEE l~(tQ ¥y, 2RA5 SRl A AL Ky, 1 vy s
0| Z45E K Y Vi YD kG Vi, RIERICIC R B AR A5 S-S AR
BRAEAFAE Y7 5
u | GE Y, R 2 ET E R AR M,

12 end

[S)

()

(Query Frame) , i ZMiA K AG AP AATE D TH012 i (Memory Frame) £7fif
Tz MZg . X STM Hrfp i Az A g i, Bk EHR A RR AR AR B A7 i T %5
1M RMNet AU ] B AR B 7e I RRAE , e A2 mieFn s stgmieb ) B bRy 1453
UL 2295 VA ) T VA (o 1 1 O R T VA S (o D o e E S T 3 i
i AIEAZgRi54% (Memory Encoder) FIErifi4ifith#s (Query Encoder) flEUARFIESR
7~ (Feature Embedding ) F11J57E = J7& (Regional Attention Map) IR 53|/ . J5
PRICACRRAE AN SR AR RS A 5 — A JR e (Regional Key ) FlR#E (Regional
Value) .

TE STM I 2521215 1324% (Space-Time Memory Reader) # T 7EiC 2w
AT AT 4 R PR VD o T 7E RMNet H1 | J5ERIC 125 524 (Regional Memory
Reader) AUTEAL & H AR A SR EBICAZRAE RN R AT A 25 T SR AR DT T, A
DR T XA A ) 5T, 17 HLAR S THRMEVCRCRERE . JRiic 12 17 5 i i
B A 2 RIS EE (Decoder) B % H AR AFE AT IR HERE . AT th 1Y) RMNet 5534
MAEAEYE 5-1R .
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Fig.5-3 The feature matchings in the global-to-global matching and local-to-local matching

(1) JRFEfrR R
IEHABET STM [y 53 10 Sy il Fei v A 5K BB A 2 T 2 R RFIE SR « SR
M, XFCAZmt, HARY R Z SRR AT g S BORRIE VC B AR st AL A 4
BRICEL, Al S5-3I Ll A SR R . A T RPEX AN )@, RMNet 5| AT Rl
YA, RS AR R B I N A TR DE T . BT, R @ %), ZEFFIE
RJZ E BRI F0R 0 M € NPW 155 7 AN IR s BB
Al € RE g Ty 2 v
: ’ min = = Amax d min = = Ymax
Ao y) = I, Xmin <X < Xmax and ypin <y <y 5-1)
0, otherwise
;H\:EP (xmjm ymin) ﬂ?l] (xmaxs ymax) ﬁj\%[‘l%‘%/—?\‘ E ﬁ%ﬁ:iﬂﬁ*ﬁ?ﬁ_ﬁﬁ% *ﬂE—F% E/‘Jélé&i:\‘o
XA A AR 8 1 AT A 2 E 1 -
Xoin = Max((argmin M (x, y) = j) = 9, 0)
Xmax = min((arg max Mi(x’ y) = .]) + ¢, W)
i (5-2)
Ymin = max((arg myin M;(x,y) =j) - ¢,0)
Ymax = min((argmax M; (x, y) = j) + ¢, H)
¥

Horp ¢ FRMFHEMIE IR 2, EoE T T I R R B AR i .
B, 2455 7 ANIRLE MG P, A =00 BAES j ANIIRTEICIZ W R
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Fig.5-4 The changes of matching regions for the target object before and after occlusion
VR Ay, = (A, AL, JRRCAZRRE A R K, ARG v), R
AL 3L U A Ry T AZAFHE FR 5 it B 0 AL, S TRASEI .

FURFRICAZFFESEAL, RMNet fi 1 Ja 384 M0 A 25 A 25 0 ot x4 (8142
PREUBEDRITIE, QA S-3F YL REE Fra . 1R AT REHE BRI Fi it H A
PYARBTAER Ik, RMNet Syigcy (R BREIT BN T — LI AOHEIE Mo LTI
b i MY S BT Y TinyFlowNet AT MU 14 pig, 5824
FTE LA PR RS I o R AZARAE —HE , MY B AR s i a5 7 A4
PR SRR I AL o T S AT AL B E AR IR, 24 B AR AR R R A
BUNF i, AQ = 1, SCRAeifmich i 258 H ARG &R % . Wk 5-4p7
N, Y EARPI IR, FREPCRC R, (AL @RS ) Hapy REaer;
2 H Ry RO B, AR DT DR R AR B8 H s iRy X ek X AL
WA A BT RO IRES (A5 R4 nl DA H AP IR B3 2%, (45 M 25 m]
DAKA) VR RS S P . R ST RRAE S ML, R e SR v 05 K, A
JRHOAE V7, 2 Hh A 0 G A G A R A MR B 5 R 2 ) P AL, AT 5]
iU

(2) JRicICBdisids

T2 STMU v I 230 A2 B s 1) 7 B2 B A i) WA AZ T A DL . 45
B J AWERICICRE R R k), = {k, (p)} € RTMWXCI R ifpfeAiE iy it
ki) = {k)(a)} € REWXCHS ] p 1 q HOHIBLE FTH HEh

s’ (p, q) = exp (kfg (p)k{g(q)T) (5-3)

Hop € FoRFHER T REELR, T Emiciimifidt. 2 p = [pnpepy] Flq=
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Fig. 5-5 The long tail distribution of the area ratio of the bounding boxes of target objects on the
training set of the DAVIS 2017 and YouTube-VOS datasets

(> ay] 5 BIFRAE Ky, 0K, PIOZGME, WHE o (CF A& E AT

J _ S(p’ q) J _
”m‘;EEEEW@) (5-4)

Hrr vl = (V] (p)} € RTHXWXCI2 fpin 7 it il o Jb %, B2 ie A2 i epire
q 7 1 R

¥ (@) = [vh(@). v/ (9)] (5-5)

Ho, v, = (v, (@)} € RFWCRALLALFHER(E; [-] 279 (Concatenation).

HT T 2R, RMNet f il 1 JRic 2 i ise i (ULt 5 E AR PG IX
A AT S - SRR R A DE T, AN S-2F 7% o M2 i) LA v 1801912020 ffi g 4
Jr- A JRRICAZ PR A A LG, SR AZ S 2 T AT DA I R 3 o e A
R R ARIE T . 4 Ry, = {p} Ml RS, = {q} 2 BIZORSE j A HAR R AEID
AZ RIS BT P A TR R DU XK. AR 42 J)- 2 SRR E VLI Y, 1R AR M]
(LB R — NI R TRE AT 1, B R, 1R, SRR R S P G T A (0
MiAE A et b, Ry, AR 4355 SN
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R4, = {plA],(p) # 0}

. : (5-6)
R}, = {alA) (@) # 0}
ST p ¢ Ry, B0 q & R PIOLE, CATIHUEE R
s'(p,q) =0,p ¢ R]J\'l orq ¢ R]é (5-7)

S iy Bl wi, S BIFRAIWR S j A I AR BRI SERE, ke, AT wy,
o3 B RICAZT AL B H AR AR D SR BRI R S B . PRI, B siedZ
LA B RIS 4R O(TCHPW?) . FHILZF , JRiBic 2 5 e it B [B) 52 2 B
W/NE O(TChywhhy,wi,) o WIE 5-5FUR, ki, by, < H Howlh,wi, < W. 5530
TR A T Fg— R R Z M 4% (Non-Local Neural Network ) %1 iij g £
R ok 4 JRy- 4 JRy RRAE DT E T 3 3500 1 1T 3 2 B AV P75 T IR R 1 SRS
TCA 5 S A Ao JRy - JRy PR (A AR A D e ol 45 P s TR 42 24 38 S S A

(3) Mgk

TinyFlowNet 7£ RMNet H1 Fl T AR S BB, A Bz 50 .
MZ wies Al e TAEPS2UORE, P B iasK, TinyFlowNet s A ]
{FAAFER R HE , Fein B8 )2 (Correlation Layer) %1, Cost Volume J2 2102111 i 25
T FZ 2%, TinyFlowNet i Ffl T4 /N i AR H B EBARD S 508 . i
2, TinyFlowNet [ 48} FlowNetS 22 (1) 1/3. & T #E—5 Pt BB,
A Z TinyFlowNet [ EEH4E/INA JFRI 172,

LA Gt DA € IHGRT H AR R B E SR A, L v E AR A 1 e 5 DA
0 % 1 ZRIMARRIES R EIgRSAHIAR G R BAE A - 012902 F 2 i)
DA T ResNet50! 2 (8 T M 4% . T iciZgmidas i A 4 il
i, P A ResNetS0 (155 — 2 1 AT E SN 4. X FA-Ja A% i
FRARFAE 227 S ANRRAE R (2 il b5 ResNetS0 Ji AR U S - RN A 1716 FYRFAE
Fl#AZ 2 AN IFATH TR R .

258 JRCAZ e RS Rt AR 2 T E AR R A . RS H
—NERIEHRI A R, R HER R BT R A R R RN

532 LWHERE S

(1) Behite
DAVIS 2016 $Hi4E 2% UL (4 BT 45 AR Y —, BIRAES
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FLET 20 LA, RS ARTEL S 1 AN . DAVIS 2017 %44 ' )& X DAVIS
2016 BIEEERI Z IR A, AN ZRAEMBRUELR 73 74 & 60 SH1 30 AL o

YouTube-VOS %4545 21! J2 H Hi s KAL) (R 7 B B g . B &
4,453 MU, BRI 2R R AR . Hsk E 65 ARG 3,471
AT UNZR, FgokEH 26 NFEA 2R 507 ASHATHH T 11

(2) Ve HEfibs

1 STM —HE0 A S (i X AR B (Region Similarity ) 148 RS o i
(Contour Accuracy) 1FRNEETEHR.

AU T U0 T RARER R RN E . BT M xS
I Ground Truth G 2 [&] ] Intersection over Union K%L, wJEALHGA A

MnG
MUG

R 7 T RER - B A R HER A . RHEIRE il— 25 M A 5 B 4R
&, PR TRIEMN F R, BEGRNA BRI R Ft, feERh 2
XTSRRI A R F R . 2 o(M) T o(G) AR M 1 G
WM GREES. RERIE 7 rDBeid

2P.R.
= 5-9
a P.+R. (5-9)

Hrf P Fl Re 433378 ¢(M) Rl o(G) BIRSEERG ER, BT 5 EIITHEL
(Bipartite Graph Matching) 2! {18 1551,

(3) J:Bianyi

A PyTorch ' i1 CUDA SE3)l T Fird th /A, H-8H T HiH NVIDIA
Tesla V100 GPU #4714k, Z40 ¢ F1 n 53 &l 4 F1 10 FEIIZRI}, Batch
Size B E A 4, HEH T 1 = 0.9 F1 B, = 0.999 iy Adam"™™ flifb2%; [R), BT A
Batch Normalization FJZ W E 2 . F1 STM —AREU [ 28 B S5 20 R Ay
Bro e, MAAFRSEBONESIE R AT 07 578 3 s 200 & i s L 2 T 1
W&k, $R)5, B DAVIS Fl YouTube-VOS HHE 58X W 45 AT 10 « R AR IV 24> %
Y E R 107, YIZR—ILRpLE 200 4> Epoch.

(4) ST ik LLEs

XFTERA Y55, B i i RMNet F1HAh 7 ¥57E DAVIS 2016 ifa4E [k

j:

(5-8)

© REBEIFIE: htitps:/github.com/hzxie/RMNet
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7 5-1 7£ DAVIS 2016 b4 E Ry ALER
Table 5-1 The quantitative evaluation on the DAVIS 2016 validation set

HiE 9 Mean F Mean Avg. BT E] (FB)
OnAvOS 217! 0.861 0.849 0.855 0.823
OSVOS 2% 0.798 0.806 0.802 0.642
MaskRNN 1831 0.807 0.809 0.808 -
RGMP 204! 0.815 0.820 0.818 0.104
FAVOS 1% 0.824 0.795 0.810 0.816
CINN[971 0.834 0.850 0.842 -
LSE[18] 0.829 0.803 0.816 -
VideoMatch 207! 0.810 0.808 0.819 -
PReMVOS 3¢ 0.849 0.886 0.868 3.286
A-GAME T 219 0.822 0.820 0.821 0.258
FEELVOS 1192 0.817 0.881 0.822 0.286
STM 11901 0.887 0.899 0.893 0.097
KMN 091 0.895 0.915 0.905 -
CFBI 71931 0.883 0.905 0.894 0.156
RMNet 0.806 0.823 0.815 0.084
RMNet * 0.889 0.887 0.888 0.084

% 5-2 1£ DAVIS 2017 kLR B4R
Table 5-2 The quantitative evaluation on the DAVIS 2017 validation set

ik J Mean F Mean Avg.
OnAVOS P! 0.645 0.713 0.679
OSMN [220] 0.525 0.571 0.548
OSVOS 2031 0.566 0.618 0.592
RGMP 204! 0.648 0.686 0.632
FAVOS 1% 0.546 0.618 0.582
CINN[197] 0.672 0.742 0.707
VideoMatch 2% 0.565 0.682 0.624
PReMVOS 3¢ 0.739 0.817 0.778
A-GAME 712191 0.672 0.727 0.700
FEELVOS 7192 0.691 0.740 0.716
STM T [190] 0.792 0.843 0.818
KMN 091 0.800 0.856 0.828
EGMN 18] 0.800 0.859 0.829
CFBI 71131 0.791 0.846 0.819
RMNet 0.728 0.772 0.750
RMNet * 0.810 0.860 0.835

17X H . DAVIS Bl (UL S DR T, THITE I R i ilad U, A
TSz ACYERE . R TAE— A0 DL 9T RMNet ZEYII SRR ME ] T 5
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% 5-3 7F DAVIS 2017 test-dev 4E | ¥ & {b 455
Table 5-3 The quantitative evaluation on the DAVIS 2017 test-dev set

Ik J Mean F Mean Avg.
OnAvVOS 217 0.534 0.596 0.565
OSMN [220] 0.377 0.449 0.413
RGMP[204] 0.513 0.544 0.529
PReMVOS 186 0.675 0.757 0.716
FEELVOS 192! 0.552 0.605 0.578
STM 1901 0.680 0.740 0.710
CFBI!*3! 0.711 0.785 0.748
RMNet 0.719 0.781 0.750

% 5-4 1t YouTube-VOS JriEfE (2018 JiiA) _ERyEILESR

Table 5-4 The quantitative evaluation on the YouTube-VOS validation set (2018 version)

i AR RN Avg.
9J Mean F Mean J Mean F Mean
OnAvVOS P17 0.601 0.627 0.466 0.514 0.552
OSMN 2201 0.600 0.601 0.406 0.440 0.512
OSVOS 2031 0.598 0.605 0.542 0.607 0.588
RGMP 204! 0.595 - 0.452 - 0.538
BoLTVOS 22! 0.716 - 0.643 - 0.711
PReMVOS 3¢ 0.714 0.759 0.565 0.637 0.669
A-GAMEP!! 0.678 - 0.608 - 0.661
STM 199 0.797 0.842 0.728 0.809 0.794
KMN ! 0.814 0.856 0.753 0.833 0.814
EGMN 18] 0.807 0.851 0.740 0.809 0.802
CFBI!193! 0.811 0.858 0.753 0.834 0.814
RMNet 0.821 0.857 0.757 0.824 0.815

H YouTube-VOS [%d, PAMRSRAE ISRt Sl& 0 R, X Ee )y yhAE R b i |
LSRR R S5-I SEIR S5 R R, RMNet FIEUA B LR ZETC L. Fia )
T EABTERC £ A NVIDIA Tesla V100 GPU [#/l#s FabAT T i Xt b, R
FEXF LURTHERR T 10 BRI T4, 38 5-1A9 455 3R, RMNet B Bz FH

H T AR T 2 YR FIRERE, Bt Y5 EEAE DAVIS 2017 B5E4E
L AHAD AT TR, R BRANER 5-20T R . 1 SEER A5 R # A, RMNet (114 GE
R T HADRTE . M TRISMY YouTube-VOS %dis i1 Till 25 f5, RMNet
A DABUS AP P BE , I BAR SRR T HAB TG (0 v, XS EE R i i
SR TR H RMNet [ ¥EREHL7E DAVIS 2017 [1) test-dev % Fiff7 TIRIUE, AHLL
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EGMN ST™M RMNet CFBI EGMN ST™M

CFBI

RMNet

 5-6 #£ YouTube-VOS B5iiE4E ) 2 WA o B 45 R A X kb

Fig. 5-6 The comparison of multi-object video segmentation on the YouTube-VOS validation set

T DAVIS 2017 iy ik4E , iX B &8 2 B A PURIFEA . 45R 5-377K, RMNet
(R R R T A I A 1 YA A A sl i T AP0 —4E . RMNet (g PERELE
YouTube-VOS Fiiil4E (2018 JiiA) ##47 T8k, A5k 5-47~, RMNet Ui T 39{H
4 0.815 FIVERE, FF HABM T HAR A I AR TERE. B 5-6/7R T1E YouTube-VOS
RS . AT YEIIAE 720p (4 FEEE IR, HAGE AT AT o
BRI XFE AN, STMU F1 EGMNUS Y 115 iz mif 2 Ik #1 H
IR . AR CEREE R A, RMNet 1] DATE A5 R DX A 40000 b S B0 A AR (Bl 14

(5) iR

A SCHE DAVIS 2017 35 k4 F I 7 71 il SE 35 PABS ik RMNet H 28 (4 A7 9501

SRy ERICAZ P BEAR AT AZ WURH A 3 ot b IR ATy ERAFAE VT AL, AT 98/ s 7 %F
R AR DT EC 54 TSR] o 1 IR UE SR e AZ R s A R A
BOPE, ASSOH e TSz e A v A 4 R C I R R AR . 3R S-SHYSE R R
WY, MHECT A RC s B seds, JmaticiZ sy vl DATERS BE A3 IS 38 iy vk
Ao Mo, RPEE S-5FR, BARYARETE D b 4 E ) T A E /DT 20%, HHE
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K 5-5 JRTRICZ P TR 4 SRR AL DE A R AL VE BC A4 BE R He

Table 5-5 The comparison between the global and local feature matching in Regional Memory Reader

MR. QR. | J Mean F Mean Avg. FEAIE PEPCHS ] (2 RD)
x X 0.792 0.843 0.818 10.68
v x 0.798 0.847 0.822 5.50
x v 0.803 0.853 0.828 5.50
v v 0.810 0.860 0.835 2.09

w/o M.R. w/o QR. w/M.R. w/oQR. w/o M.R. w/QR. w/ MR, w/QR.

-

A \ |
i ' )
\

UO[1BIUBWSSS dWelq "Ln)  SWelq ‘Adld

{ §
1 \
L J L

Optical Flow  Warp. Mask  Prev. Mask

Bl 5-7 E AR PR MUE] AR (LB RS T3 5125 R 4 5 0
Fig. 5-7 The impact of the similarity of the target object in the adjacent frames

AT PAKE FLOPS Jgi/b h JFR Y 1725, & 5-T25 1 THEAN FHEAZ 5248 P A USRS
AT LSS . Ho, SIS R B RN S A LEEAS 4, MR R “QR. )
RIS IC AR A1 F AR SRR H A A2 DR A ) DX el T AL i 7
MEFTRR A HARYIR , BT B R 2 R e 2 A RGRE S T 02 TR T g e
AR VCEE, AMEET T - EIn - hE

F£ RMNet H1, ARt (R4 UTFE X el ik b — Wi i i A B i1
TR PER, B8 “ET R . 7 FEELVOS!2 v 25 ifi i ip iR AE DT
Bt DR Sl o b — Wi R B L R Y B T A S B A A B AT
AEVCRC. 1 KMNUOY {57l 4 S e ek, DAL S iR R AE R
BRI G A T IERAA SCHT R AT BTG DI A Rk, R 5 oA
FREAIE DEC A i 2R 0 =Nk AT TR . FESR S-6t, < b iy I A A AL
Bie X 3ek” 43 53R FEELVOS Fl KMN Frffi Fi A DO AR i =0 sk 5-6f R, &k
TOGTRY X8 A BT AR A X nT DA S A AR . b — it I 2
THALE P 1A 132 BRI B, X512 0 YA TR AR G- b A 35U 4% 1) JEE 14
0 A+ JE HUNTHES RS E -l O JUNITHiULE S SN TTRP AL S S e O R o 6 S
ERTTHE, RS TOE AR - D43 S AL P 44K

TinyFlowNet # Fl T AH MG . T 3k ird i 1) TinyFlowNet F)4g
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2% 5-6 AN[FI 7B B AL DC P DX P RE X

Table 5-6 The comparison of feature matching regions used in different methods

ik J Mean ¥ Mean Avg.
by DX A 1193 0.762 0.822 0.792
T A DU X e o1 0.792 0.845 0.819
FABUY R 0.810 0.860 0.835

#¢ 5-7 TinyFlowNet FUHAB I AL CR AL T RE_EAYRT EL

Table 5-7 The comparison of TinyFlowNet compared to other methods for optical flow estimation

Method g Mean F Mean Avg. SRS E] (ZFD)
FlowNet2-CSS 212 0.814 0.860 0.837 59.93
RAFT 222 0.808 0.859 0.834 157.78
TinyFlowNet 0.810 0.860 0.835 10.05

ReME, ASSCRE T HE FlyingChairs 2% Fii)l| 251 FlowNet2-CSS2121 il RAFT222 [y
PERE. 41 5-7, 24 TinyFlowNet 3 FlowNet2-CSS il % RAFT ¥4fultf, 4% 1 fE
JUFRAZER) s iU TinyFlowNet HJ DAY A 75 A ) MU Il ASp Ak D8 e DA i) 7 22
B4k, TinyFlowNet fit 315358 5 43 5l }& FlowNet2-CSS £l RAFT () 6 1541 16 f%.

54 ETHRIENERNS RSN = HiaMEER

54.1 BBE5FE

N T SR = 4REE S BLEAR St B A T AR N B 3 S
IR, AR SR T T SR R Z RS M = ME Y S TR, fin44 o URNet.,
JIri th iy URNet (1) SARESE N IE] S-1F7R . 4508 — R PS, 53Tt
i RMNet 1] DAET AP0 A E A 5K R F IR, -G IR H AR AR
IR FPo o, B AT A& B H R AR BE R 6 R a2 TR 4]
B 5E, Z REZ BT SRR A 2 IR 2 =4 R FE A T A Z 5K - g
WR AR =4E45H . KRG, =Z4EH il 4% (Object Detection Network,
ODN) AJ DA+ B M R =4 RAE . 555, MRttt 4% (Layout Estimation
Network, LEN) W DAMGTHARHLOL LA St RS E, A e 4 0 = 4E 7 St
AR . PR URNet FBERARANRIE 52017

it 6D WA TS Z Wi 2T A ST R . FIZ TR TAEN2 —H, 37
SN R R EARY RSB &1 FERRGERCE N AT AL L, ek
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¥k 5-2 URNet Bk
Algo.5-2 The URNet algorithm

Input: FG P51 T = {L}, FIE—WiH AR B #EIE M,
Output: H TT%PMZIS,%%%?A%A V=AV.yo, Hisik =2 FESE G
B = (B}, MPLES R FFRATRSH C
1E My, R ERRYIR el RS 8 = (BF)
2 % I, 1 87, {#ifi] ODN fiii} Hbr# ik =2 FAESE A B = (B}
3 g8 s A LEN AT HAHPLERS R Fy5iAf iS4 C;
4 éﬁ% T MMy, 553k 5- Ul )55 o B AR i e M = (M}
5 fori=11on,,; do
6 | M HAR R M ARG 78 T RSAESE A BRI R 0 E
BFH I
7 | fERESE 4-1TEESS | DR S ER R Y,

s end

B (y-) Bhaf BT Hotk, HmE (x-) SEHmARgL, XA A R(B, v) FTRAH
i (Pitch) FIBEEM (Roll) (B,y) Y. FEMFASRR Y, — & T A DA
3A4hSHE: ZH4ESEHLD C e R, Z4ESA R K/ s € R?, DA =223 0] A
Jmf 60 € [-m,ale XTIk, H=4idu0 C i H ARG i 4k
5% ¢ € R? FoR, I HEEAHPMU.OMBEE R d e R. SHEMILNSHEK eR?, C
CIRVN:E R RN/ wa =R C X
' K'[c 117
[IK="[e, 1]7 ]2
TG AL ¢ BT AR CP + 6. CP R T 4E RHER L, BT PAM
HARY RS 6 € R FRAReF I ims . N 4Eh FHEfiT g 5
H AR A = 4 30 FEAE A i B v] DA I — >R 2L F (6. d, B, y.s.0) € R¥, Ak
ME, =48 PRI 28 H T8 IR =4 FHER) @1k (6, d,s,0). st
W26 TAETHAHPLEES R(B, y) FIdg st ms4k (C.s', 0).

ASCH T Total3D 4t H 1Y) B ATAS I o 28 1021 A H AR AR 1) 2 1 A HE
Tt =2 AAE . 2 B TARTERG T H ARP R 1 = 4E0 FAHEAL S g ) i A £ B2
S YR Z (R R P25 T AE Total3D A4 1k = 4kih FAHER 5 [ T Wik
WZNKE, Fgs P a5 BN, HERRESE A 5-8ffR. HAR

C=R"(B,7)-d (5-10)
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{

[

JUFTRFE

Pl 5-8 URNet A Jfr il ] i) = 4k F ok 190 265 1) HE 22
Fig. 5-8 Overview of the 3D object detection network in URNet

M5, ResNet-34 il Tl MR B9 SMULFRHE (Appearnce Features) , Ff HL¥F
THYEFAE R AL E RN S LA (Geometry Feature) o X T4~ H in4)
1, oy BURFIESKR AN P2 Y TR O ZAFAE (Relational Features ) . ZAHEK A
H AR5 55— AR AL S DA LR _ERARIPE AL, anfel 5-8 iy «3E
H A1 (Attention Sum) * BuR. SRJ5, XAFHERONE H AR AR SMIURAE L,
FAE T — P2 B AL = ZE D FAER S 4L (6, d, 8, 6).

A T Total3D H irfit R A 1 SRy fili v 0 26 1O A THARALALEE R(B, y) F137
S RSE (C,s',0") . 1R Ah T 9 45 ARGl 190 26 2 A AR IR Y 1 25 254, (H
MR T KRFHE. (B,7,C.s',0") H ResNet Z J5 I H 12 )2 BAWLIA H 155
FZ Hi TAE—#ER ) =iy C il fhitFh s o mts 215
Edl] i

542 KBWERSH

BT H A& A XA S5 0 =4 s s g Bde e, Ui th ) URNet Fi1EE
B Z g E R (B3 Mesh R-CNNU F1 Total3D!2) #E SUN3D %#i
LU EHEFT TR B S T 2,513,609 TKE NI L RGB-D KM%, PAK
S B AL R AL S .t T SUN3D SR 4 I e Sk 5 vp g M R 523 11
SRR, IO g AT, B TR SRR A R A 5-9F K. BT Mesh
R-CNN 71 Total3D #J1fi i Bl i1 MG AR A, RGBT S s — ik kB
VERBEERIEA . RO, AT Frd i URNet 78 =437 5t 85 80 o &b i
P ITYE, ZEE R IR IR T R O R B S s A R

Btz b, ASCEEH T ZED XH FHAL AR T RIE Tl KB B AR Sciiag

HAr A Hisik

(T ] Y2

d YR S
HMIRFAE IR EIARB LAY 2E
0 WikJim

i

s R
& Wk Es

®  https://www.stereolabs.com/zed/
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P =4 AHE  Mesh R-CNN Total3D URNet

K 5-9 7r SUN3D Hffa bk |- =437 5 s s U (K 73 HI45 5%

Fig. 5-9 The 3D scene reconstruction and video object segmentation results on SUN3D
618 UL ERYIGFE, HRHIAT THE. K S-10fR T =4 FHERL 4R . Wik
MERASTHEER . MZEAETH R A R A R . SCR G SRR e 1) URNet 7]
PARC S KA 1% 25 BLZE 37 5 P I W R 1) 5 3 — eSS A T oo 58 1 o B
Pk, Mgt —2 kS 7 URNet Rl .

5.5 RE/NG

AR T BT SRR ICIC N S AT A4y B v, fivga o RMNet. %
T A F 5 AT H AR AR HERRE, AT RE H AR 7R A BT 51 Hh 2 5
T Z RIS A 57, BTt RMNet 7£ DAVIS Fl YouTube-VOS %(#i
S8 FIUAS T R ARG B RN B R HE RO . T IR H 1) RMNet Fl1Z2 RUBE R SC
AR A Z IR = IR, ASSCHE I T T3 5l O =4 5
B, 44k URNet, 1% 05 ¥4 1T DATE 8 P 21 vh 22 R 1Y) SE 3 1) = 2 IR
HASTHREAN IR A7 2, IR 50 = 40 . RIJCIE S =4 sty
WA, URNet R DATEEE R 58 O 3 5L TE SRR, T IR AN RT I o 1)
SRR . FUTCIE S =4 e VAR, AR SCAT A B2 URNet B3
SR BIRANR I = ZELE o« E SUN3D $idfs 88 A S i b i) s 45
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HE R A T = e FAE SR

Bl 5-10 FERIRIEE LA KA R SLHAE 618 S UUE M) —HE i H A4S
Fig. 5-10 The 3D scene reconstruction of Room 618, New Technology Labortory, HIT

HH], T HABIARITE, B by URNet o] DS 47 KA 37 557 rp W (R Y 58
R = YEZEHY
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& it

SO = s A B AT TIRAMESE, SERPR R ZRAR AL T 58
TR AR = 4E A B @ v, Rt RGN UG T RS AW A 1) 5 B = 4
ZEkt . AT REA BRI AU R A BRI, AR T2 RE BT 0K
MG 2R W= REE YA, DAHCHERL, A SCHE— 225G iAo
FIE— PR T B T 5 BRI Z IR 2 0 =i st R @ vk, AL
HEWR asIR UG T IR S e i =454 . BRI, A S0y E 204
B R AREA LA T -

(1) ASCH R EE AL S H B ARPUFR AL B T 5T LA e
PR H B o BUE =g R @ vk BT EAI A E g =4 (K
D7 RN LT W AL 3R 25 ) 2% A R B R — e R B T v, X e kil A L)
B M I = ZE S5 A T HEWT AN ] IR = ZE 554 . et i 0 A AT AR e Shape
from X JEYERIE PR A B] LR = 4E 45K 1A 5. 7% ShapeNet, StereoShapeNet,
Pix3D. Driving I KITTI £l 4 Eryscin g R R0, Bt th i) A yEAH e T30 1Y
J7VEA 3% % 18% RN HEREIR T

(2) AHEH T 2 RE BN SUBMm G 2R 2 M =4e ik @k, Bas
HAH Tk AR RIBIRIERCA R AAE R . BTt m oy B S8 a B AR E
G E BT E AN, AT RASE af S g 5 80 . A SRR A A BT A
1t ShapeNet FI Pix3D FR A1 LI AR RN, Froe i i B e T I 7R Te
TG LA 4% 2 20% 3T, IF BERRE R 23T T 7 /5. Mo, Ao
BT HB R KIS B A s 2000 = e AR — Things3D, %44
SRR ERTE T IR R TE E S s R AR iz AL RE

(3) ASCHEH TR T 50E B Z IR 2 M =4e ) s s i i, iy srh
PRI AE N E G5t B A T e seil SUBRA, AR THET
JRERRFAETCAZ P 28 AR 1A 0 B0 3, O A RO T T AR AR 1 A iR
VERC, ATASDATE dF s B iR e i U B, R H AR AR M BT 51 43 5
N T EEG SR, AR TR T ROE RS = 4E Y R E IR, %
TTEA B B AR RV L2 B ) = 4 5548, AN THE NI A e, o
M SR 50 = 4R 4540 . A JCiE SO =i se B VAR ], AR PUE X
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Ty VEE N5 B IR = RS54 . FE SUN3D £5ds A2 R0 S Hba-H5 i IR AT
SR A R IR T TR H O YA S8 A R

ARSOR = YE 3 S AR BT TIRARYIRER, A i iy U BRI Bk
I SEIR gk . MR R UL, A TSGR T BRI B = R E VA 15 AR
AR R (0 RGN TR B BRI B AR 5 B = A 45 09 T TG 75 56 BE X se iy 14
Pe T2 RJE BN UM AE 0 208 20 =4 IR B vk, 15 DATE &g b it
B FEEARIEAA R A LR 1R TR T 505 BB 2 R 20 =4
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