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Indoor Scene Segmentation.Model Using Three-Dimensional Point.Cloud

Based on Super Point Graph Network

HUO /Zhanqiang, WANG Yongjie, LUO Fen, QIAO Yingxu
(School of Computer Scienée and\Technology, Henan Polytechnic University , Jiaozuo , Henan 454000, China)

[ Abstract] The samples of the existing current point cloud datasets are unbalanced, and PointNet can not effectively
utilize the neighberhood information of the point cloud.To address the ptoblem, a three-dimensional scene segmentation
method using peinticloud is proposed based on super point graph network."Based on geometric information, the original
point cloud is divided into several blocks homogeneously. Utilizing small-sized PointNet, the original features of point
cloud are mapped to high-dimensional space to mine the_deep fine-grained semantic information in the scene. By
constructing a kind of self-normalization gate recurrent units, the contextual semantic segmentation performance of the
point cloud is improved, and the Focal Loss function in the two-dimensional image field is used to segment the scenes of
the point cloud.The experimental results on the S3DIS dataset show that the proposed model exhibits a MIOU of 63.8%,
OA of 86.4% and mAcc of 74.3%, which are respectively 1.7%, 0.9% and 1.3% higher than the SPG model. The
proposed model significantly improves th€ semantic segmentation performance of point cloud for three-dimensional
scenes.
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Fig.1 Network structure

22 JLARRESE
AR SCHE T T ) 2 4 T R R 28 AR R Y
Hay 3t ol 2k [ I 5 BRAVE 5 P 3T AL AR 9 LANDRIEU
SECTIR R R/ N RS T AT LA 43, S B
A BRI AR A [R) 5k 73, B /N BV ERE 0 (1) B
argminZ(gi—fi)z+,u Zw”[g,-—gjiO] Q)
ieG (ij)e E

FLr Gk n, A =2k AL s E 4o T AR
B AR i S SR AR DI AR 6 KRR R 1Y
At R I ) g (T 0 — A8 A5 s AL DU 35 5 1
HRIK I3 S3 IK AORUBEFE s w, 7071 = Akl i /T 0L
[~ IR LM AR . XIS PR T, 2 ) Lo 45
R A 2 U B R 9 LA 7 SR B,
S I 5 43 0 B A . 3 5 4 Bt S =
(81,85, S, MR ARG BB 2 (1) . X068
SR T LA I A 4 2 W) G R (R AE S i B
AN L, T PRI E S, 3 3 FiULMASAE , &
14850 2 (2)~2 (4 B -

A
S, =— (2
1 21
/12_/13
P = (3)
r j’l

'11 _/12
A’l

L d O ABRIR B U Ty 25 55 PR R RRIE (A
X BE ] I 2 AT DL 3R B AT 2 He g o A B
23 BHE—LKITEBRAEEET

Sy B B b A D 8 AR () 1T SO RIRICR | 1 0
o) 288 A A0 v o ) 32 AR 3k A SR I BE 7, 3% SNIN HR 45
T4 B8 2% 1 80 5C (Scaled Exponential Linear Unit,
SELU)“*BEffifh 2 o B4 FHIH— (LB s &
F 3 T —FhRRBR 1 RNN 1 22 B 50, Bl SN-GRU, %5
TCLIAE ST 19634 2.0 ( Gated Recurrent Unit, GRU )™
JBLAl, 455 SELU AL BTG 1 . X {#75% SN-GRU
BRIk 7% T 1548 GRU Big 1k 46 B R 500 Ja 1, BB pil 28
HOTHA AR e et R X 4 AR AN
SRl BRIATE NG, A B T 72 38 K2 )
() 75 (A5 B R AE . SELU H50 3= 200 Y eR 5l y il 5 117
J5i 2 J2 P 28 I 4% () S R T 22 LAGK B H — A Y 30CR -
y: (@ v) (@ 7). SELU BTG (5) Fr -

pxz,z>0

SELU(z)= Bxale—1).2<0 (5)
HoA . 28 o, B 1] #R P& Banach /A 31 45 %€ #1 (fixed-point
theorem ) 1 Yo 4% B 22 PR central limit theorem ) IFf5>®,

4

A



Fa1E B2

IR, EHEANME OF, SR TR AR MK =g m B AR IR 31

a=1.673 263 242 354 377,B8=1.050 700 987 355 480,
SN-GRU R i 12 % [A] BT 8 2 e 22 [R] i 3 7 1
M AT, DT AT LA T A R A AR s [
TOCAE R A2 T N 45 SE R N R 2 R, 34
T4 % - ¥ & 1] (Reset Gate) , 88 '] (Update Gate)

F1UT—1(Normalize Gate) .
SELU| 7

h |
Q)‘ It
[o ] |
I I |

B2 SN-GRU R THH
Fig.2 SN-GRU unit structure

T RN OB 145 ) i B PR AT 0 = 7 91 v as ()
TR N 2 R SR B 555 RE DG 1 T A R L 0T 3l A 4R
il 2 A4 174 ) 1 JF R RN S A GR A RN OB A Y
WS B o U — T4 ) 12 BB i 28 SO il 1t 17 5
Hit %% B2 (shift) A1 5 46 i (rescale) , 7€ A7 WL A1) ) —
AR B0 S5 30 58 ) {8 F B AL 2% . SN-GRUMH 28 50
G PN R T A R A 2 (6 Al (L )T R

n,=SELU(h,_,) (6)
ro=o(w, [ )) 7
z=o(W[n4)) (8)
i, =tanh (W [ on,.x,)) (9)
h,=(1-z)0n, +z,0h, (10
»,=SELU(h,) (11)

Horp o x FoR AT 5y, F R fiH FROT s b, Foom AN
T B ] 5 b, 6715 L IR 220 B R 1) 5 7, 3 70% e B g 1
Bsnr,z 0 BIFoR T TR ITIE — ] & T T
[T W, W W FRR B E S ;o tanh 53 5| % 7R Sigmoid
PRI BSC T FDOSL ) I 7] R ARG s SELUGR /R BRI T A 3%
T PR - RN FE N © F/Riab S L. SN-GRU F
L3 3 114 S R O R A A A L Rl AR
PG K EEN LR IS H B SSINTIE SR @ 21875 =y
oy
2.4 K SEEIZIT

FE ) 28 AR rh 8 bR BRI o O A S S
B 2 18] 25 57 B P8 A o 7F R BB IR B 4 S AT 55 B 4
PR A S R e R G R AR g A Al 2 R AR
()17 DL, JIT 3 5 1 A AR AN S i 4 4 52 i) 455 780 2 2T 1
RO RS BE R, B TR AL R RN S B 3 o
() 5 M), A 25 5 B AN [ 2 B 1) R AR S Al o AR 3¢
B 5 b MR RS () B S 2 TR R K

PR B o BE XTI R, A SOKE FE 4R TR R S
Bt Xk B3O R AR S ST 48 1) £ A 45 2K pRi 8K Focal Loss™”
1A 3D gz G, DL AR R 28 SO 4 2% PR R
(Cross Entropy Loss) , M 11 i 20 F A< AS - i 1 52 1)
Focal Loss & LA 40X (12) F=L(13) frs

Lfocaliloss (piargel) == ( 1 _ptarget) ' : Lcrossientropy (1 2)

N C
L s _entopy == 2, Z log, ((pl,)) (o) (13)

Hor s p e 278 W 28 5 ATE 2233 softmax 157 40 3L 5
150 50 ) 0 A 5 g, 7% R AR 2 592 288 I 26 1 43
A3 N A 190 2% U1 25 UK 0 K/ 5 C R 36 A 5 e 4
A TN 2 05 (1 o) 32005 TR ) R85y e
B2 M 1 B8, >0,

T N 52 o, 35300 5 SR 2K B9 15 7
I ABE K 451 N, SR AR U S 2 i 2 45 R
R k75 ¥ REAS 1 25 8 o T8 DA 0% O/ 4 08
e bR BCLE L BETI 1 BT — A 98 58 B~ Pe)
A5 1 90 25 455200 5% 7 7 53 48 53 80 i BRI A RE A, 00 5
SYEIREA e . ANFE 4 0 F BB 0.90 B,
W (1= ) 9 EAE AR Ay 6T 1475 PORAARE 5 0.21 5,
(1= ) AR, B S T XK B M5
SR B K 0.5 Wl Fggs, FLA5 2 1 k2 o T B
HEH 4 0.90 1) HBRfsE MBZ A o 5 1T LS K R iR A
01 S3DIS KOS S (=45 42 26 1451k bR K1 B R
UG5 S REAS RO S0 . AR s 2450y o A
VR o A 45 5 B £ 3 )

3 _SKBERSHN

SR IE T AR () A M AR SCHE R )2 (1
S3DIS Kl 4 kA7 T . SLIR PR EE R 2 B RTX
2080Ti GPU &2, &R K47 11 GB .47, CPU 2} Intel
Core 19-9900K, filt %5 #% & 4t & Ubuntul6.04, i& 5 >
python 3.7 JiiA< , pytorch1.2 i 4~ . CUDA 4 10.0, Boost
A 2 DT 1.63.0,

3.1 XEELE

SR AR SC I 5 A 72 AR BE ), AR SR FH B AR
KRB 3D = P I B 4 (S3DIS) . i 42
JEHATR R E NS = B G s e = 4, &=
B 6 A RIS N X IR ALK, B A X 43 B 5 2k
965 m*>.1 100 m*.450 m*.1 700 m*>.870 m*F1 935 m®, i
36 020 m*, 33X 4 X EAE EE T XURS AU _L T 1 AN ]
FEAFEDNE SWE Ka AN = AR
AR AE ST, S & 2724 B 1A () 3D H A B 3Lt
L 2,154 s . BT REA SSER XS B T (chair) |
7 (table) AR (floor) \HEEE(wall)  KAEHR (ceiling) |
## T (column) . % P (window) . [] (door) . 5 Z2
(bookcase) . 7> & (sofa) .M (board) 55 13 N2 5|1E X
PR



312 R - | R B -

2021412 H 15 H

32 WMBEBSYILE

T [FIAE) 43 B0 Z R, R B i o0 B8O AR SCR AR
WA 1T 05 5 T ORAE, A% (bin) o~ 3 emo BB ALY
YRS 0 B 128, MZEIIZErP ik gk T ADAM,
WG 2% 21 %R 0.01, FEAE 4L K /) (batehsize) Hy 8,
91145 250 4~ A 1 (epoch) , 78 J& 11 24 150 i1 200 B, 2%
2RI FEHCN 0.7, 3 & (momentum ) 24 0.9,
33 FHRIEBXDEEMIER

585 A0R A, =4k 5 sl Loy E TR
e 240 O B R S B — e ke . A
M — 25 PPA AR S 25 5 780 b B = 4 05 7 Ak AT 55 )
RE T, 7 =4k 55 = Uk A FH Y 32 9 Bl 48 S3DIS 1
HEAT T8 Ay EI Ly T HA R R AT T 4R
LG o A SCR FE H 09 o FIE M s bn , 46134
22 I H MIOU B A J& (Overall Accuracy , OA ) Fl13F-
Yk B (mean Accuracy , mAcc ) 3 i 5 43 %) 45 3, 53 il
i (14)~(16) 72 X -

1 & T,
M = (14>
Miov k+1,§;TP+FP+FN
kT
Opr=Y (15)
=N,
1 &7,
= —£ (16>
mmAcc k+1;Npl

o s kARER 4> FI 20085 s T, MR /5 IE 0 i IE AR AR
Bt s F AR 0 SR DR [ 1E FE ARG s P R o 28R
() TR AR B by T BN 0 2550 B0 IE 6 1) A58 N, 3
TR A R N, RN i R B R
34 LFTXIBENAENERE

B ik SN-GRU #ift 28 5050 % 55 25 25 ] 1 F 3043
A RO A A 5 R 3 FPOR R I RNN #4717
XF LS5, B AT A il 2 K A e 12 A AL (Long Short-
Term Memory, LSTM)'?"' GRU 1 SN-GRU., #1 fif
7NN TE S3DIS %4 4 AT 6 Hr 28 B ik 2 ) 58
B 45 AL, 3% BR A R R R OR S0 50 ) B R RS R
MLl LA AR SO 7 AR T 63.9% 1Y
MIOU #185.7% 1) OA % , t FFfih, 2 A RNN i
ZHITTIEE R . AR SO T 1R I TR S 73.8% , X
YK T LSTM 1 £5 B 90 74.2% 1 HE 1 2%, J5 KX 7T RE &
LSTM il £ B 50 7 £ HCAE K [ R A = BRRAE 4 R
A6 M AR 5 Y BE W P T ANSCIR BT .

F 1 RETERF %2 8 5T 4 IR BE R b

Table 1 Comparison of segmentation accuracy with

different recurrent neural unit %
RNN #fi £8 5155 FEEEIE I A - B KG JE
LSTM 62.9 85.2 74.2
GRU 62.1 85.5 73.0
SN-GRU 63.7 85.7 73.8

3.5 Focal Loss 1 5 iR # B9 B 3 1%

A 16 B 56 3IF Focal Loss i 25 & & i M8 2% =
B0, A S R HC(1- o) Py BURLHEAT T 0
Fbacgs, K2 TR RIZE ANR y (BT
MIOU .OA Fll mAcc [ {H , % i B R /K R L 50 i
PR i 45 o A SCHE IR y (5 8 Bl 0~4, A
H(12) T LLFE H, 24 y=0 ), Focal Loss 1 2% pR 0 AH
2 28 SUIE A5 R B, RIS SCIT R Y baseline, M
L2 LAWY y=1.50 518 L0 HER 8 T i
AR MIOU, OA Fl mAce 76 5L U 19 7K F- | 43 5142
T 1LX 0301 L0 E . My>1.508F, 50 T
Y e ) 18 % TF 4 T BEJT i T AR Ui X y=1.5
B T RE NS A R = e A FURE A IR - L 3 4R 5E
MY AL, FEAIR T 45 5 43 HIRE A G0 Jis T Hb BR AR AL
NI A RO S BT A

F2 FEEHETy TREEES2HEE b

Table 2 Comparison of segmentatiomaccuracy under

different values of modulation |y %
il i PRy MIQU OA mAcc
0.0 62.1 85.5 73.0
0.5 62.0 85.2 72.8
1.0 631 85.4 73.3
1.5 63.5 85.8 74.1
2.0 62.9 85.5 732
2.5 62.7 85.1 73.3
3.0 62.5 85.2 73.1
3.5 62.5 85.2 73.1
4.0, 62.5 85.2 732

3.0 AL M EZIRB SMFHELE

RN EE PR 58I AR S ) 4 A5 R A 3 S i 4%
E LA R AR SCE B AT M g R AR AT T
Fescs . Sem s R 3 R, Rh e —" R R X
ik VA S 2 R R R R S A
W E R RSP LLE A SO %8R
MIOU, OA Fil mAcce ¥ ik B Fe 10 . 5 5 1T MW 4%
SPGragh i Ht , 4% SCAR AL ) MIOU L OA I mAcc 43 4
P 17,0913 A 4 sl 5 & MR 2 R
PointNet A b 1 43 5] $2 & 1 16.2.7.9.8.1 1~ A 4
ROEIRORA TR MERT . NEI PR LA
FI| AR 3¢ 45 87 78 A R B 4 E G E AR L, MIOU
AT B E T, W7 i MIOU 5 56 W 45 4 H
PEE T 704 A5, ] UL AR S ) 45 A5 TR A 4
L 0T Ab 1 4y B BE DA T B B R TR, T 56
TE T A 3C W) 28 A5 80 EL AT BE A% 4R A A = TR 2 AR
JUAAT ¢ AIE 1 i



F4a18E B2l IR, EHEAN M O SR T RSN =g R EAG R R 313

®3 SIDISHEELEAFIRAEMIERLILE

Table 3 Performance comparison with the existing methods on S3DIS dataset %

ey MIOU OA mAcc ceiling floor wall beam column
PointNet''*) 47.6 78.5 66.2 88.0 88.7 69.3 42.4 23.1
MS+CU™] 47.8 79.2 59.7 88.6 95.8 67.3 36.9 24.9
G+RCUPY 49.7 81.1 66.4 90.3 92.1 67.9 44.7 24.2
RSNet?! 56.4 — 66.4 92.4 92.8 78.5 32.7 34.3
SPGraph!?"! 62.1 85.5 73.0 89.9 95.1 76.4 62.8 47.1
AR SCARE Y 63.8 86.4 74.3 92.0 97.2 79.9 60.1 48.2

ey window door table chair sofa bookcase board clutter
PointNet!"*) 47.5 51.6 54.1 42.0 9.6 38.2 29.4 35.2
MS+CUPH 48.6 52.3 51.9 45.1 10.6 36.8 24.7 375
G+RCUP 52.3 51.2 58.1 47.4 6.9 39.0 30.0 41.9
RSNet? 51.6 68.1 60.1 59.7 50.2 16.4 44.8 52.0
SPGraph?! 55.3 68.4 73.5 69.2 63.2 45.9 8.7 52.9
AR SR 56.3 70.2 75.1 76.3 61.1 49.2 13.5 50.2
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Fig.3 Visualization of some results on S3DIS dataset
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