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Fuzzy Probability Points Reasoning for 3D Reconstruction Via

Deep Deterministic Policy Gradient

LI Lei' XU Hao' WU Su-Ping'

Abstract 3D object reconstruction from a single-view image is a long-standing challenging problem. In order to ad-
dress the difficulty of accurately predicting the objects of complex topologies and some high-fidelity surface details,
we propose a new method based on DDPG (Deep deterministic policy gradient) to reason the fuzzy probability
points in 3D reconstruction and achieve high-quality detail-rich reconstruction result of single-view image. Our
method is end-to-end and includes four parts: the dynamic branch compensation network learning process to fit the
3D shape of objects, the neighborhood routing mechanism to aggregate the points around the fuzzy probability
points, the attention guidance mechanism to aggregate the information, and the deep reinforcement learning al-
gorithm to perform probabilistic reasoning. Extensive experiments on a large-scale public 3D shape dataset demon-
strate the validity and efficiency of our method. Our method combines reinforcement learning and deep learning, ag-
gregates local information around the fuzzy probability points and global information of the image, and effectively
improves the model’s ability to reconstruct complex topologies and high-fidelity details.
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B n(py) AR RIS pr, MLV R, ASCRE
A = 0.01 FF IR X0H e [ 4 4 7 ik oRAT Rt (A
“HrREER.

4 SCI§

ATTE A T LR DL SR A s
B ™S, R, Jeon 1A SO TR S H T E ot Y
JiiEAE ShapeNet™ #4ffk FE BSLIHIEE R, Z
J&, AR T AL TTIEAE S R SE ShapeNet
I AFELZE P iR 4L (Online products dataset)™
R EPESE R, B, AR SO s g6 A Y e
2 MR T EAT 1 90U feoR 1 A SCTEAE
H EHE ShapeNet 4 0 _E ) 5E 1 45

4.1 HIE&E

B4 ShapeNet™ J& — ML & KE = 4EY1A
RS 1) G BB B2 . AN SO ShapeNet 1030 s
&, EEHET 55 AN LR R 2503 55300 /> 3D
PR 13 AN B A —ANE T7 7 B 2k
AR, A ST AL & A8 2R 1) s 4R ok
ATINER, Frf AR SO RS 7E AL 7 4 30 2 ) il X 4R
s

H S A 3 : Online products dataset™ /&
— /ML S R B AR AR SO AR Y
HIEZ AL A B LT 4k, FrAA SO
1% 05 B R B S R IR I SRR R 32 AL BE 0.
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S SRR B () = 4 E A R ) A T B R R
A SCAE S5 R o AT T B VR A AT i PR
i, T Em VAL, AU AZHEE (Intersection over
union, IoU). {8 #E & (Chamfer distance, CD) Fl
15— (Normal consistency, NC) E RV
Fr. AT IE ToU SEFPH5FE PR, A SCEH Stutz 565
AR 2 A2 /K 2 R I o L B A 75 62 T X A%
(1P E M.
TN ARIE
ZHEE
AR BT AR R AL S 1A B (ToU),

FALIAS 32 FF FLIE AR 2 AL IS AZ SR IO AR AR AN
TR AR T

4.2

4.2.1

_|GNR
IoU(G, R) “1GUR (12)
W= (12) B, G A R AREFARRALIIFE.
422 fHRES

(B PR B E SOV S R BTN 2 i BT
R IR e VERHERVE I B ARy R A
RS AR R AP EE S, Se A NN ]
SEFRAE % 1 B 25 A 2 ER

1 .
CD(G, R) = @;gggnr = glla+

& Sominllg—rll  (13)
geG
sk (13) B, G R 4 BIE IS 4 5P
A48 5 2 TR,
423 REZ—HM
B SO AR R SR
CPHR R 1742 A6 10 F 4
— X el

reR, geG

é > gl

reéR, geG

NC(G, R)

(14)

s (14) Fros, G A1 R 3 5 AGER B P A
FLSEMAS VAR

4.3  SLIMLATS

ARSI AT 19 % 25 44 #R2 fH] Python3.6 A1
Pytorch1.0 SEIL. ASCAEHAE ImageNet £ 5
FIIZEH ResNet-18 KA daid &8 1) S35, I
i 2 F A3 — 4k (Conditional batch nor-
malization, CBN)“ [f] 5 /> ResNet!"" HAE A fEhd

AR AE—IR CUDA 9.0. cudnn 7 H] GeForce RTX
2080 Ti ERINZRzhaA 7 A 4, tiEl 3(a) By
N, FH A8 MFERAE R — AR, A IR 2 2
EH 1x107* B ETE Adam!™. FHAE SR SR A0
DDPG #ir ) A AT CBN [Fffig 88 Fl1%5
B C I E. A 2] i A2 v sh /R W 28 B IR AE
B [ R AR R — AN s B3 B nd (S, A,
Sii1, R, done) IIMBNLAZPE. 2012 RIEdE Sk
B C-1 B, 2% 3 3k BE B IE A7 I B — Ak
W N 20 R HEAT 23] A SO B REIREEAR A%
NN 100, &8 C¥%E N 400000, i H~ & E
N 0.99, KRB SN 3, WEHSH - &E
4 0.005.

= B

E 2L

FEIX — T H R SOF 7E B0 P = g T A
ARSI 7 R A B S i#E  5 vk 3D-R2N 2P
Pix2Mesh” AtlasNet!"! 1 ONet"" #17€ &1L
B ARSCI 7 A Bk B i N R SE B = 4k
.k 1R, R TIELE ToU _ERVFI &5 3
P W2 e T IR T Hodth s de gk i %, BT
AtlasNet ANBE” A 7K E WK, BT LA ST E VAl 1%
TR ToU A, n#k 2 fros o R4 — 3 (NC),
AILWTTEAE NC _ERIPEO 85 Ra B E g I
P HAh s et kg B sl (13) Frw, At-
lasNet 18 A5 2 B2 B A =4 5 < A0 bR BT
SELAB) AR R B REAT N . A SCIE A 3% 8 oR H5U0E
— AN 3D 7S [H), I i fh 28 X 25 40 A 10 BR EOR i
XM AT, A2 BRI EEYA s
= AEARARAE, RIS SR FH A 22 X 28 4L G BB ek AR
FasNHEiR 3D TR, BrbA, A7 A RS PSGN
1 AtlasNet —FEZREI MRS, EVREREF, KR
SCIE I RS AR P R (1 BRAS TR ) SR AR 1 A
5 B SFR AR B S A R R AL A 100k A4S
ROUTEAEI MR, R 3 FiR, AR SCAEN it fE
BH 1% PSGN Fl AtlasNet —FE Il 23l M 25, {H
ARSCAE E TSI S T AT 14

ShapeNet ##E& LRI E ML R

AL HHAD TR e R, WK 8 Bk,
JHI & 8 BT LLE BT A 7 VR ERRT MR R AR L
TR E AT 7 AERR IR EL. A ORI 3D-R2N 2P
TEEHE BN E IR E I T B8 B
T, PSGN® v U= A s AR B g ) (H 2 i = ik i
PE. Rk, PSGN 75 228041 1A 4 fo Ab 2128 IRk A=
AR, Pix2Mesh [FJFEHAE S S5 M 8N
Bk BRI T /AR TE AR, AtlasNet!!
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Table 1  The quantitative comparison of our method with the state-of-the-art methods for IoU on ShapeNet dataset
R\ T7 i 3D-R2N2 Pix2Mesh AtlasNet ONet Our
Airplane 0.426 0.420 — 0.571 0.592

Bench 0.373 0.323 — 0.485 0.503
cabinet 0.667 0.664 0.733 0.757
Car 0.661 0.552 — 0.737 0.755
Chair 0.439 0.396 — 0.501 0.542
Display 0.440 0.490 0.471 0.548
Lamp 0.281 0.323 — 0.371 0.409
Loudspeaker 0.611 0.599 — 0.647 0.672
Rifle 0.375 0.402 0.474 0.500
Sofa 0.626 0.613 — 0.680 0.701
Table 0.420 0.395 — 0.506 0.547
Telephone 0.611 0.661 0.720 0.763
Vessel 0.482 0.397 — 0.530 0.569
Mean 0.493 0.480 0.571 0.605

® 2 AKNIITIETE ShapeNet #¥lidE b5 i oaik k4 — 8t (NC) 7€ & HLEL

Table 2 The quantitative comparison of our method with the state-of-the-art methods for NC on ShapeNet dataset
e INVIRFA 3D-R2N2 Pix2Mesh AtlasNet ONet Our
Airplane 0.629 0.759 0.836 0.840 0.847

Bench 0.678 0.732 0.779 0.813 0.818
Cabinet 0.782 0.834 0.850 0.879 0.887
Car 0.714 0.756 0.836 0.852 0.855
Chair 0.663 0.746 0.791 0.823 0.835
Display 0.720 0.830 0.858 0.854 0.871
Lamp 0.560 0.666 0.694 0.731 0.751
Loudspeaker 0.711 0.782 0.825 0.832 0.845
Rifle 0.670 0.718 0.725 0.766 0.781
Sofa 0.731 0.820 0.840 0.863 0.872
Table 0.732 0.784 0.832 0.858 0.864
Telephone 0.817 0.907 0.923 0.935 0.938
Vessel 0.629 0.699 0.756 0.794 0.801
Mean 0.695 0.772 0.811 0.834 0.844

Oz n] DUH Y R ROSR I, (HA 5 ANl 22
[ fY A EE & . ONet!"™ AR A7 Mo 3K 1 #4045
o) 52 2 DA RS AL JF HLZE T SE NP3 i) 2 1
EERAK T By R AR AT . ASCHI T VA RE B4 3R 2 Ak
AR B PR L) = 4R . 40, N
TR ROHL g 45 SR AT LR Y, ASCI 5 Rt
PR T WA S 2% F 5 ) R T e R A = B 4 7

4.6 HESKERHEEEHNEMSR

N T RIS A ST 7 VE R ESE B E v Ak R
KA F7vEMN AT Online Products dataset?
T -, A SRR H-3A 7E Online Products

dataset ATk

Wi 9 pios, AR T AR 7 1EAE Online
Products dataset & MH45 8. A SCTE B SE K A B
Lk —mRERMENEG R BoR e g 1. @
TSR UIE H, BRI KR &
AT IR, (B SCIOR R G B s B £ A 1R
U Bz AL Re

4.7 REGSRFHGTIELEE

A3 0 M ECS L U2 A A AR 5 )
T S AN RO AN 15 R 30
(757
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Table 3  The quantitative comparison of our method with the state-of-the-art methods for CD on ShapeNet dataset

EHN\T7 3D-R2N2 Pix2Mesh AtlasNet ONet Our
Airplane 0.227 0.187 0.104 0.147 0.130
Bench 0.194 0.201 0.138 0.155 0.149
Cabinet 0.217 0.196 0.175 0.167 0.146
Car 0.213 0.180 0.141 0.159 0.144
Chair 0.270 0.265 0.209 0.228 0.200
Display 0.314 0.239 0.198 0.278 0.220
Lamp 0.778 0.308 0.305 0.479 0.364
Loudspeaker 0.318 0.285 0.245 0.300 0.263
Rifle 0.183 0.164 0.115 0.141 0.130
Sofa 0.229 0.212 0.177 0.194 0.179
Table 0.239 0.218 0.190 0.189 0.170
Telephone 0.195 0.149 0.128 0.140 0.121
Vessel 0.238 0.212 0.151 0.218 0.189
Mean 0.278 0.216 0.175 0.215 0.185
Input PSGN Pix2Mesh AtlasNet ONet Ours

4.71 ESERZEENFERSHNE

Fig.8
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AR Online Products dataset 34T 7 = 4%
. W 2 ME 9 s, AR A LE ShapeNet
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- e B =

ShapeNet ¥4 b1 E M4 R
Qualitative results on the ShapeNet dataset
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Table 4  Ablation study
R Fa b IoU NC CD

FM w/o DR, MB 0.593 0.840 0.194
FM w/o MB 0.599 0.839 0.194
FM 0.605 0.844 0.185

#AE) FMw/oDR,MB FM w/o MB FM

- \

K9

Qualitative results on Online Products dataset

Online Products dataset 7€ 445 5B
Fig.9

BN S
4.7.2 ERESZIRIMERFAMETIRIARE

TR AN R A Ik (. KL A TR
), AL E T N BRI 4 R R FBDR A %
AU BRI R R — 2Pk T R P S R R A
TRRILRE ST, WE 2 FIE 9 FoR, ARSI ELE R
SR E R AR AT b B SRR I .

4.8 HEASELE

FERXAN Y, RSO A ST REAT T L5,
FEAR T 5 AREMN LA DDPG 154 HA5
FIIAE 26 i 1T o FH AR S5 DS 0 A5E 1Y 8 A 12 8 1) 52
AW o AE M B EEL, DDP G -4 BE AR A %
R 5 AR AR H R 52 BB 43 5 F MBL DR Al
FM %K.

Wk 4 Fros, RCHLKIUE T DDPG f#EHE
BOMINERE SO 7 MR R BT B 2425 T ToU #845.
R, ARSCIGAE T 73 SO W 28 A B 2 48
IoU. NC H1 CD 54645, 55 4MH A5 AL 25 (1)
TN AT LA BRCEE 22 1AL R R IR 2 7 DA BE 47l v o A
RIRE R SR $E BB R V2 AR RE 0, BT DATE NN 93 32
RAEM L G BT SURAE T RE MR, &5,
W 10 Fros, AR T ks 56 A [R5 Y 1
JE TS 2 .

49 MNGD BAEEHMESHNEESER
FEXANERSY , ARSI I IEA S ToU 25 35- 4+

i1

10 VA RRSEIG 8 TR IR

Fig.10  Qualitative results of ablation study
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Fig.11  The result of MNGD adjusting the fuzzy
probability points in 100 random images
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Fig.12  Qualitative results on ShapeNet of all categories
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RS A 759 A SRR AN i A A P 52 /DN P T
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Fig.13  Challenging cases in single-view
3D reconstruction
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