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Abstract: In order to solve the problem that the local feature
extraction module of Randl.A-Net lacks fine-grained feature
description ability and global context information, which af-
fects the segmentation accuracy and efficiency, we propose a
point cloud semantic segmentation method that fuses multi-di-
mensional features of point clouds. Our method first uses the
traditional point cloud feature algorithm to calculate the single
point features, shape features and FPFH features of the point
cloud, and then we use LightGBM as the basic classifier to
propose an improved recursive feature selection algorithm to

obtain the most important t features, and then, the filtered ¢
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features and point cloud data are input into the point cloud se-
mantic segmentation network for training. The network is an
improved form of RandlLA-Net network architecture, which
obtains the final aggregation features through the local feature
aggregation module, realizes the semantic segmentation of in-
door point clouds by using 4 layers of decoding layer and 3 lay-
ers of fully connected layers, and outputs point cloud semantic
labels. Experimental results on the S3DIS dataset show that
compared with the PointNet, PointNet+ + and Randl.A-Net
algorithms, the proposed algorithm makes full use of the
multi-dimensional features of point cloud data and effectively
improves the accuracy of point cloud semantic segmentation.
Key words: point cloud multi-dimensional feature extraction;
improved recursive feature selection; multi-feature confusion;
point cloud semantic segmentation network ; point cloud
semantic labels
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Fig. 1 Our Algorithmic Pipeline
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Tab. 1 Formulas for Calculating Geometric Features
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Fig. 2 PFH Feature Points and Their Domain Points
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Fig. 3 Schematic Diagram of the Local Coordinate System
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AR R 2P Y K7 5= N 3D = Bl 56, i 6 41
KRB N DI 2724 By 8] L, 454> 3 5t 58U
507 %1250 J5 Z ), A B 6. 912, R s R — A
HAESA Falbr im0 bn 2, A 13 380 AR (45
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Fig. 4 S3DIS Point Class
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JE2f S HEZR A pytorchl. 13. 1, CUDA MiA 4 10. 2,
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A SCHEFRH S 18 ST R B PR Far -
4 R ERR B (overall accuracy, OA) , 4452 I H (mean
intersection over union, mloU) , 3F ¥J #i i ¥ (mean
accuracy ,mAcc) 55 . OA 2 4 b 4 B IE# AR A
5 BREARECZ L 29T H (ToU ) A2 AR 7056 B — 21 5] il
55 S B I Y S 5 IR 0 LUAE, ] T 5
S AP0 I AV 22 TR0 14 R DG, AH DG J3 8y, I (e
mIoU MISE fiF A 2550 ToU BY-F- 3418 s mAce J& &l &
AN 3 BRI AR FIFRFE IS5 . OA ToU
mloU .mAcc AT .

n
OA=— 9
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ESV
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1 £ pu
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o, RN S W B B py TR SN
F L WIR TN R A5 p, RORPRTE R (MY IE
BbR T A5 0, R AR TE AR 28, B0 T 56 i 25y
mloU Fl OA B K, 73 FI 3R 8 4, mIoU << OA,

2.2 FEHoH

2.2.1 SERESRYL b

BEXF S3DIS i dli 4E , A Sk # batch_size=4, &
) U i 5 B0 20 480, 25 R B Adam 4k
L IR 2 F N 0. 01, 8 —14 epoch 2% 2] a2l %
B R 0,95, W B i REARECH 100, 2% HoAlh
SCHR I A R, AR SRR R Rk H 5 H A
Y 5 WA TR 1Y Area5 3 5% 3k 68 4> i = B4 1 il i
4, Areal . Area2,Area3 . Aread 1 Area6 3L 54~ 375
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Tab. 2 Results of Different Algorithms on S3DIS

b g OA/% mAcc/ % mloU/ %
PointNet 79.3 49.0 41.1
PointNet+ + 84.0 63.6 55.2
RandLA — Net 87.2 71.5 62.4
AR CE 87.8 82.0 62.95
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S3DIS b #YyizfT4h
M 27 LLE I, A SCE R OA Fl mAce ¥
T 534 3R M T Rand LA -Net 48 OA 42 15
T 0.6%,mAcc#£ 5 T 11.5%, mloU 5 RandLA-
Net #4535, 75 T PointNet Al PointNet+ + 8% .
Z% 3% i T PointNet, PointNet+ + , RandLLA -

Net FIAR SCE P48 Areas [R5 2 1 13 42050 5
=i ToU 4534

R 3T LA AR SCR TR BE 5 7 1T,
R s R 22 IS T LA Y 4 IR E
{H 2% T 52 1 73 FORS BEARAR , Jit DR 2 A7 72 28 A1
i, B RUBGE /N T AR ZE

R 3 S3DIS HIE & Area5 iE X 5 21 & ] IoU/%
Tab. 3 Areab Semantic Segmentation Result in S3DIS Dataset IoU/ %

Ak ceiling  floor wall beam column window door  table chair sofa bookcase  board clutter
PointNet 87.40 97.80 71.20 0 9.20 52.10  16.40 58.20 48.50  3.20 48. 30 39.00  36.20
PointNet+ + 90.50  98.10 75.80 0 6.80 57.60  21.50 69.60 79.30 50.70 62.50 58.80  45.70
RandLA—Net  83.90 93.90 75.50 0.1 20. 60 53.00  43.70 68.10 72.80 65.40 63. 40 55.90  45.80
Ours 92.36 97.38 81.48 0 24.59 60.43  43.35 78.01 85.23 65.16 70. 39 67.63 52.36

2.2.2  REOEZE BT 2 B0 45 5005

R T VAL AR SCRFAE B B I0E X 5 1 R4
R FE A A SO T A RRIEAE B 6,9, 12, 14,
15,16,20,25 55 Ay 18 LT B4R, 45 R WAk 4 ) &1 5.

M4 MBI S AT LAE Y, 78 0 )2 M 48 2540 T, B
i ANFRAEA BRI, OA .mAce.mloU 2= Hi Bl 4%
Th 5 5 AR A B SRR AR S A Ry 15 iR, 2 F 45
R, S A FRIES 2] 20 4k J5 , YN 258 B P
AR 8, —A~ epoch 75 B 21 min, i 7€ 16 4k LT B 44~
epoch HFF % 7 min, B[] A G in 1T =A%, 43 #1451
AR 2%

T4 NEBABEITENRZHFIANERZ I
Tab. 4 Different Features on the Point Cloud

Segmentation Result

FEAE S EL OA/% mAcc/ % mlIoU/ %
6 68. 44 67.32 44.41
9 70.07 69. 07 46.95
12 72.17 71.57 47. 20
14 75.26 72.49 55.14
15 87.8 82.00 62.95
16 68.97 69. 67 45.52
20 69.48 68.63 45.67
25 68. 44 67.32 44.41
2.2.3 BAE B

ST UMb R R AR SR Y A B RO e
Area5 W1 E 3R % office8 BY &5 = #E AT AT WAL 2347, 4N
6 i o Gt AR LT Office8 HAS [] 28 51 4

Bl 5 AEFFELEEXS RN
Fig. 5 Effect of Different Feature Dimensions on the Results

1 Accuracy &5 R WL 5,

6 Area_5_office SAFEXEITER
Fig. 6 Area_5_office_8 Results of Different Algorithms

M 6535 dal LLE A SCH L X Area
5 office 8 MFE+F Hd ;' FEAR A AL 22 25 i = B AT
B0 RS B2, LA B3R Y sofa Fll beam A 5 44
RO, WUARAE R 5 AR, Horh PointNet 76 15 15 1 341

R 5 Area_5 office SZEXANBFEE/%
Tab. 5 Area_5_office_8 Class Accuracy/ %

Rk mAcc  ceiling floor wall

column

window door table chair

bookcase board clutter

PointNet 64.22 99.28 98.12  81.55 35.16
PomntNet+ + 72.75 99.32 94.74  76.99 62.96
RandLA —Net 72.94  98.86  98.52  89.09 69.59

Ours 77.11  99.47  97.64  86.57 76.09

90. 26 57.91  82.90  95.99 91.53 72.66  29.45
99.41 91.64 89.19  99.95 96. 21 87.26  48.11
95.12 93.76  95.18  97.92 95.23 73.90  41.08
99.22 92.47 98.35 99.44 93.58 86.45 73.17

https://www.cnki.net



%550 B4 2

M ARAE RS RRAE L PR Y R a0 SRS i 25

r [ %71

GAFAERT 53, RHFE 19 73 ROKS BE KA 35. 16 %6, I fI%
T H Al = Fh 5%, 1 Rand LA -Net 5 £ 755 7 A 5%
T, X R AR 1) 0 RS BE AR o i — 28 4 i )
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W G MA T b BIBOR A R A 5 il 2
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