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Octant Convolutional Neural Network for 3D Point Cloud Analysis

XU Xiang' SHUAI Hui' LIU Qing-Shan"?

Abstract The 3D point cloud data analysis based on deep learning has attracted increasing attention recently.
However, it is still a great challenge to extract local structure information from point cloud efficiently due to its
irregularity. In this paper, we propose a new network named octant convolutional neural network (Octant-CNN)
which can handle local spatial neighborhoods. It consists of octant convolution module and sub-sampling module.
For the input point cloud, the octant convolution module locates nearest points in eight octants of each point, and
then transforms the geometric features into semantic features through a multi-layer convolution operation. The low-
level geometric features are effectively fused with the high-level semantic features so that the local structure inform-
ation can be efficiently extracted. The sub-sampling module groups the original point set and aggregates the fea-
tures to expand the receptive field of features, and also reduce the computation overhead of the network. By stack-
ing the octant convolution module and sub-sampling module, Octant-CNN obtains the feature representation of the
3D point cloud from low-level to abstract, and from local to global. Extensive experiments demonstrate that Octant-
CNN achieves great performance in four 3D scene understanding tasks including object classification, part segment-
ation, semantic segmentation, and object detection.
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Fig.1 Illustration of network architecture
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Table 1  Classification results on ModelNet40 (%)
J5 1 oAcc mAcc
PointNet™ 89.2 86.2
PointNet++"" 90.7 —
PointSIFT! 90.2 86.9
SFCNN!! 91.4 —
ConvPoint!"" 91.8 88.5
ECCM 87.4 83.2
RGCNN! 90.5 87.3
PAT™ 91.7 —
SCN® 90.0 87.6
SRN-PointNet++ 91.5 —
JUSTLOOKUP®! 89.5 86.4
Kd-Net™ 91.8 88.5
SO-Net? 90.9 87.2
Octant-CNN 91.9 88.7
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ShapeNet™ %z £ 32 22 F T4 43 FI4E
%, ZHEIREAT 16 DX RN 16 881 ANAA
IR, B bRic N 50 N EBME. A XS Point-
Net!"? (17772550 Bt 4R AT Rl 43, FHEBEMLRFE 2048
A EAE RSN, Octant-CNN XA B AL 7135 &
TERMZ N, T3 KA PointNet++1 H1 1)
HEER.

H2, X T BT S, B A SR
T SURFAE DLSEBLAEAS 5512025, PointSIFT!M 356
Z M PointNet++1% {17732, S fd F 2% T RR R PE 55
(A 0T s 34T oRAE, IR AR S b — 3
PR R e b 22 ) (R AR AT 2K, SR i =2
(2 2 BN LR B 32 & I8 SURHIE; ‘B3, Point-

SIFT fE Ut AEal A =B BOG AR R 3 — D fURR
TEAE . % =W BUR B RERAEAE ok 2 2 A ALY
BAih B GIN T #AM S AR T AR, B E
FITFEER A, Octant-CNN £E _FRAE I FE
DR 2 R R R 5 2 B SCRFE.
TELFRERAE T, AR B one-hot AR%F
RUXB I J5 — B R R Z b, AT R ) Tt
AT B RPN Octant-CNN 785545 53 # b
fit, ACIE AT PointNet!™, PointNet+41 25 75y i3
17 7RI, 2 hanth T SRIn bR As IR A
KHEAZ HHE (Mean intersection over union,
mloU) 1E & 7 FIE 55 1 Re e bR, Hoe SN

N
1 Pii
mloU = ~ Z ~ N ()
=2 pi 2 P~ i
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o, piy RoORESRRZE N0, TSR 5 R,
N FREHE. 7] LR B, A SCOOR AR BRAE B AE
N, AT LA 2 PO AT B VA 2R S B PointNet++
HAFHIPERE. [FINF, PointSIFTM 78 5444 BT 45
FHARIAFRG M RCR, FEHTH ERAEMFH
T BB RREEE, Xk T RENSH, N T
ShapeNet ™ IX FfAH X 50/ I EUHR 4, 1R 2% ) it A
R A.

ERARENTE

AT #—BAEH Octant-CNN HIH %0, A0
7E W HH AR K22 KA 3D = N 25 (e £ s 4E (3d se-
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mantic parsing of large-scale indoor spaces, S3DIS)
VR T HAERE. ZBUREAERE 6 MENIXE
[ 272 AN lE]. B R EFHRE 13 2R (RAER,
MR, SEEE, ZERIHAR) G RS EATRRE. S8
PointNet"™, AR5 AN T m x 1 m

# 2 ShapeNet #ifF#EIZR (%)
Table 2  Part segmentation results on ShapeNet (%)

Vikr mloU aero bag cap car chair earphone guitar knife lamp laptop motor mug pistol rocket skateboard table
PointNet!" 83.7 834 787 825 749 89.6 73.0 91.5 859 80.8 953 65.2 93.0 812 579 72.8 80.6
PointNet++" 85.1 824 79.0 87.7 77.3 90.8 71.8 91.0 859 83.7 953 71.6 941 81.3 58.7 76.4 82.6
PointSIFT! 79.0 75.1 784 81.8 T4.5 85.2 64.3 89.6 819 775 95.1 64.0 935 T77.1 54.2 70.6 74.3
RGCNN! 84.3 80.2 82.8 92.6 75.3 89.2 73.7 91.3 884 833 96.0 639 957 609 446 72.9 80.4
DGCNN®! 85.1 84.2 83.7 844 77.1 909 78.5 91.5 87.3 829 96.0 67.8 933 826 59.7 75.5 82.0
SCN® 84.6 83.8 80.8 83.5 79.3 90.5 69.8 91.7 865 829 96.0 (9.2 93.8 825 62.9 744 80.8
Kd-Net® 82.3 80.1 746 743 70.3 88.6 73.5 90.2 872 81.0 949 574 86.7 781 518 69.9 80.3
SO-Net®"! 84.6 819 83.5 84.8 781 90.8 72.2 90.1 83.6 823 952 69.3 942 80.0 51.6 72.1 82.6
RS-Net® 84.9 82.7 86.4 84.1 782 90.4 69.3 914 870 835 954 66.0 926 81.8 56.1 75.8 82.2
Octant-CNN  85.3 83.9 83.6 883 79.2 91.1 70.8 91.8 87.5 829 95.7 72.2 945 83.6 60.0 75.5 81.9
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T EEHLE I 4 096 AN 5, FEK A 1 SR T D0 R T KITTIM 44 [ 345 3D H AR H il
5 PointNet!” —t¢, AT 6 MCHEMAT 645 gypry 3D H ke e 7481 A2 90
BEXHHIEHI T 7518 MR R LB MR 4 = B ALK, & R
A K Octant-CNN 5 PointNet!'?| Point- SANE B K AT AR, 5T 3D H AR
Net+-+"", PointSIFTM #EAT [ HLHR. T 3{ATHGE Fodll, A 0384 Frustum PointNets™ B IIFiRL,
L F] Point SIFT™M rhf 35 (45 2R, PR AN B 2 W 4 IH PointNet FFAEFZ BB H 4t i Octant-CNN
TR SR R I . A RE AR 3, DEWHE. T Frustum PointNets®™ {LAJF T
AR Octant-CNN 48 FH AT . B 4 8on ZEVIZERIIESE b1 2D KR, B8 SEA SO 4G
7 Octant-CNN [)—S6mMALZE R, AT LUK, Octant- #1152 Octant-CNN S AH R T iR AE S ik 4 b i Al
CNN 7] DL B Fi 7 #1355, X2 H T Octant- g3
CNN 7 FhBR 4 AR o B8 4 i 25 > Jm 8 LRI AR ALE 3D HAnkrilfyseie g5 Rank 4 Pros, X757
# 3 S3DIS i Lo HIg R
Table 3  Semantic segmentation results on S3DIS
ik mloU OA ceiling floor wall beam column windows door chair table bookcase sofa board clutter
PointNet!? 477 786 88.0 88.7 69.3 424 23.1 47.5 51.6  42.0 54.1 38.2 9.6 29.4 35.2
PointNet++"  57.3  83.8 91.5 92.8 746 413 28.1 54.5 59.6 64.6  58.9 27.1 52.0 52.3 48.0
PointSIFT! 55.5  83.5 91.1 91.3 75,5 420 24.0 51.4 56.6  60.2 55.8 17.0 50.2 57.1 49.9
RS-Net? 56.5 — 92.5 92.8 78.6 328 34.4 51.6 68.1 59.7 60.1 16.4 50.2 449 52.0
Octant-CNN 58.3  84.6 92.1 94.5 76.3 48.9 30.8 56.9 629  65.8 55.5 28.0 48.1 50.3 484

PointSIFT

Input PointNet PointNet++ Octant-CNN Ground Truth
Kl 4 S3DIS AI#ifLEs R
Fig.4  Visualization of results on S3DIS
# 4 3D HERIXS AR (%)
Table 4 Performance compression in 3D object detection (%)
- Cars Pedestrians Cyclists
73‘?

Easy Moderate Hard Easy Moderate Hard Easy Moderate Hard
Frustum PointNet v1# 83.75 69.37 62.83 65.39 55.32 48.62 70.17 52.87 48.27
Frustum PointNet v2¢ 83.93 71.23 63.72 64.23 56.95 50.15 74.04 54.92 50.53
Frustum PointSIFT! 71.56 66.17 58.97 63.13 55.08 49.05 70.36 52.56 48.53
Frustum Geo-CNNE! 85.09 71.02 63.38 69.64 60.50 52.88 75.64 56.25 52.54
Frustum Octant-CNN 85.10 72.31 64.46 67.90 59.73 52.44 76.56 57.50 54.26
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NT R EME PointNet++1% 257775 %f Lk, K
R T BN, 5N S 85 e 12 AR A
FEFEI3 AR P B 5 B SME A B 41
GERL, AT 91.9% MHERRZE.

2) RpfEfb & 7 sURIIE SR, Y T UL 2D B
MLP P iR Rl G 7 V20 B 26 45 S 14 e 1 52
A ZH SR X W AR AIE R ) 7 SUHEAT TR L, SE
e RNk 6 fros. v LSRR 2D HRUSUERTE A,
X2 TR A MLP B, o X A 418 s B 4k
AR5l R KB AR RS R AR AL, 18R AE R
TREA TR B TE i S S, TR BEAE
B AR, MM 2D B, Ko 83 A 48
MRAANEERE R, 2 MH TaTEE.

3) EAL k. K IE4P (K-nearest neigh-
bor, KNN) J& f # W I —Fhi 4816 77 2, ASCHR
T 8 EMBR AR R 7 R £ AR AL X,
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Fig.5 Visualization of detection results on KITTI



2798 H Zf) (4 =4 i 47 %
x5 AR ® 8 AFRERFARMHE
Table 5 Analysis of the structure design Table 8 Comparison of different search radius
T5R ZEME W% "= oAcc (%) B B oAcc (%)
A 90.7 A (0.25, 0.5, 1.0) 88.0
B v 91.2 B (0.4, 0.8, 1.0) 89.2
C v v 91.5 C (0.5, 1.0, 1.0) 89.9
D v v v 91.9 D None 91.9
* 6 2D B MLP XL AN TR 0 N AR AE 0 5S84 MR RE R 2, S 25
Table 6 Comparisons of 2D CNN and MLP Wik 9 Prox. NSRER &5 ] LUE H 5'%, A A AR
- o s PRI % BN, (T8 2 2 e
A MLP 90.8 RLEARE, B R A, BAE BOREZ (1) A8 R
B 2D CNN 91.9 {5 B, s S ARRR. H 0 5 AR B R ZE AL bR

R BE AT KNN3 A0 40 5 1 X 50 o
K6 pron, HrER @ BRI M. S
KNN I, GBI 48 sl 2 32 2 ml = 3 B R PR 52
W T v 0 26— e 5 1f0 T4 A 8 MR, Py
MBI AR Kk B T AR 77 18], AT B8 47 ML 7S
ez L.

x1 AREBERIHLE
Table 7 The results of different neighbor points
TR A HERI% (%)
A K4 90.2
B 8 FMRIM R 91.9

( \

(b) K 1T 4R %R (c) 8 IR
(b) KNN search  (c) 8 octant search

B 6 KiTARF 8 HhPRI & 1 ik

Comparison of KNN and 8 octant search

4) MRAHIBE: N T oW EMEH 8 EMRE
FRA AR KU, R AR 0 BR ) e AR P R R
W E LA R R AR AT S8, T
TORAES T, B H e Whr B B AR
Rl KA R AR W E O 1. S5 Rk 8 s, A1)
AR, [ R PRBOR, 0 RUE R th 2 h 2 52
Tt X2 TR E RPN, 5 D
POz AR R e EFE, NI B LA S5 M A 52
BRI, FATHUE 7R R

5) AN ANRFAE A LU AR g6 b T A

(a) B
(a) Point cloud

Fig.6

FIRE NG HHATIZ S, R th 213 2R 3R TT.
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Table 9  The results of different input channels
R iy N JEE oAcc (%)
A (fi5) 90.1
B (i — @ij, fij) 90.3
c (i, fiz) 90.8
D (@i, wi — @iz, fiz) 91.9

6) rz e IS E T FEARA SIS,
N 5o B ERE 00, 30°, 60°, 90°, 180° fEIEAN
Octant-CNN Fl PointSIFTM Ak 47 il Jd i i
S5 AN [R] # FEE A5 380 ) R 1 2 ) S4B RN O 225K B0
PR T ERT s e ) & FEPE. BT Octant-CNN
fE— B PR T T-Net, N1 &M bL i
B B AR R = B B AR R R 2 e B 1) B e M 1) 52
M, FATIEH T-Net M PointSIFT BB Sz55
gE RN 10 fros. ATLUR B, T-Net /£ —EF£E L
P2 7 PointSIFT (Mg &b, (B2 AR T
BB B AR s B R T B, X2 T
= BB BURAFAE S G T 1, X T =487 (A A A
YR BA &) e, T BB B A A S5 A B A PR
(PR, SN s B 1 A

7) Octant-CNN AR ffa, FAIEL T
Octant-CNN FlHAh— L5 VA7 o BT H 1
SH AP )77 s8 H & (Floating point opera-
tions per second, FLOPs), &5 R 415& 1157~. 7] LA
WEZH| AT PointSIFT!M | Octant-CNN )&%
=M FLOPs #1528 7 B EIK, XFEERE M
AT 1) £ T RIEFT B, PointSIFTRH 7] % >J
177 R G R, 1X 8 PointSTFTH| A 1 #il4k
FIA] % 2] 240, 1 Octant-CNN B £ K H i KB
WERA R ERRE, X — A EA TR EZASN S 2) |
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Table 10  Comparison of robustness to point cloud rotation

Jiik 0° (%) 30° (%) 60° (%) 90° (%) 180° (%) 2l Ji %

PointSIFT! 88.2 89.2 88.9 88.7 88.5 88.7 0.124

PointSIFT+T-Net 89.1 89.4 89.4 88.6 88.6 89.04 0.114

Octant-CNN 91.5 91.7 91.9 91.5 91.8 91.68 0.025

2% 1 g ‘ﬁj(/\ij E’]Eﬂfﬁ’ IEEE, 2015. 1440-1448
1 Ratg X IR R
Table 11 C lexi - . D. 1 dX‘ . 4 Redmon J, Divvala S, Girshick R, Farhadi A. You only look
able omplexity in POlnt cloud semantic once: Unified, real-time object detection. In: Proceedings of the
segmentation 2016 I EEE Conference on Computer Vision and Pattern Recog-
- — nition. Las Vegas, NV, USA: IEEE, 2016. 779-788
Jiik ZH & (MB) FLOPs (B)
- = 5 Zhu Z, Xu M D, Bai S, Huang T T, Bai X. Asymmetric non-loc-
PointNet 117 7.22 al neural networks for semantic segmentation. In: Proceedings of
PointNet4+12 0.97 1.96 the 2019 IEEE International Conference on Computer Vision.
Seoul, South Korea: IEEE, 2019. 593-602
PointSIFT! 13.53 24.32 ) ) ) ) ) ) )

Octant-CNN 431 9.44 6 LiY,QiHZ Dai JF, Ji XY, Wei Y C. Fully convolutional in-

B BT S T B R EE LUK R S R iR
PointSIFT B 46l H JLZE MLP i %15 SCRHIE, 5
BEMH =M BEHE—PEEENEER, Xk
T RKRERZE, Octant-CNN | R 7 MLP 3k
i1 G v 2 8 SURFAE. [RIES AT AR B, 5504 20 51
HITE ARSI X A B S AT BN AT S5, Point-
SIFT HTZ4Ent K, SEEE B IS HL& 1
B, DR EAE IR P AME 55 b B R A

3 Zig

N1 BB S W R LG R, A
7 Octant-CNN, FH-7EX] R 52K BAF o . 18 Loy
F A H ekl IS RS2, Octant-CNN B
B AN e, IR A R e A B i AT
i, Octant-CNN HUH 1 % 2 7 [ 1 PR ), XA 15
26 B H O I AL ASURT DAB AR SR, AT B A e B
B R R, Octant-CNN i F BB B
1A R BRI B SR 88 T LT 454, iX i il 1
W B A R A Y SR R KT I R SR ) e R, A
XS o e o R adtE. &a, @i T R
ST IR 46 SR Ay 0 SRR R A, TG K T
[ RFAIE IR SZ BT ) H ORI T B AR AR T &
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