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A Deep Residual — Feature Pyramid Network Framework for

Scattered Point Cloud Semantic Segmentation

PENG Xiu-Ping® TONG Qi-Sheng' LIN Hong-Bin®> FENG Chao' ZHENG Wu'

Abstract Aiming at the problem that the current scattered point cloud semantic segmentation based on the deep
learning method is poor in generality and the problem of poor segmentation accuracy and reliability caused by in-
sufficient feature extraction, a scattered point cloud depth residual-feature pyramid network framework is proposed.
Firstly, for the limitation of the current residual network in the convolution mode, a cube convolution operation is
defined, which can not only extract the high-level features of the three-dimensional representation point through the
two-dimensional convolution operation, but also solve the problem of poor generality of current parameterized con-
volution design. Secondly, a deep residual feature learning network framework is constructed for scattered point
cloud semantic segmentation through integrating the defined cube convolution operation into the residual network.
Additionally, the proposed deep residual network is combined with the feature pyramid network to enable multi-
scale learning of high-level features of three-dimensional representation points and semantic segmentation of
scattered point cloud. The experimental results show that the cube convolution proposed in this paper has good ap-
plicability and the depth residual-feature pyramid network framework is superior to the existing similar methods in
terms of segmentation accuracy.
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Fig.1  Depth residual — feature pyramid
network framework
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Fig.2  The 2D convolution
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Fig.3  The cube convolution
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Fig.4  The residual learning structure for
3D point cloud feature
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SEIGEHE SR N S3DIS H#E 4R A1 ScanNet 4 AR BARKEHE (0Ace )~ FHIFIIFEH
AR, Z (mAcc ) M H L (mIoU ) VEAT FEFR
S3DIS L L LB E 271 N Matter- PG 25 AT VAL, IF S HA T v AT R R R
port FHHACN B 5L = N 37 5 #1523 s 5 WA & AN, 58 X pi om0 i B TI0I A5 25 56
BETE 6 AN SCHFJe . ASCRAE S3DIS B 7+ [H T HSEARZE AN, piy R0 0 WARZE T g2
1 K 3728 56 IE 3R W 347 24l 2 kI 4. SR 5 3¢ A5 AN W oAce TRIRN A
R [10] A R0V 607 i, 46 JRAE I B @ 0 =
By O/ 1.5 mx 1.5 m (/N A8 AR A = Pii "
AIEEAE S T INZRANINR, FEAE I 5 TR B ’le kfp
W 7 FREATLE R — R AT R R Y s AL HE ==
ScanNet £ S LA 1 513 MNEEEN — s
N . , - o mAce Bz N
WA E RS IR 8E. A% Scan- PEL
Net B 75 Xl 73 btk Zdia 48 70 N a8 Fniil it 52 mAcc = % < S (4)
B, SR A S3DIS Hdl 4R AH [F I 25732, T4k, =0 jzopz‘j
BT A 7 VR A B S B T U, Rk, .
NT AT HE, RSB ARG (E . mloU F4H
1 Dii
22 BEEI mlolU =4 (5)
. e e e N =0 %" pij + > pji — Pi
AT BRE AR SCHE S ST 5 ARG RIS S A R 7=0 3=0
AASC TR AT AT, FRATT2E T 3CHR [19] $2 i B4, BT ScanNet?! SO 4 3002 0 2%
T AR E BRI ZE M A —RHE P B A6 SRRy B UM SR AN, T R A I
A WAL BRI — MBI A TG, B IRATR S Sk [8) MR
VSO I B2 I A~ R AIE G T B VA2 (TS0 3ol 0 T BRAS g 2 T 2K T 45
LA ResNet-FPN _ C £IR), Mgt 2505t B 0Ace ~ mAce Fl mIoU Fek5.
R 1 PR, A RT BT IEAESE TensorFlow M H .
Y2 M I P
Python #1528, SR ADAM (Adaptive mo- 24 SCHEERITHT
ment estimation) 77 V=T Il k. NBAIEA STV Rk, FATIAE S3DIS #d
*1  SHEIr
Table 1  The parameter design
= BRI ST (m) i AR i HH R J 0 K
ST 1% 27,64 0.1 8 192 64
SEJT AR ECKIBAL 1% 27,64 0.1 2 048 64
1x1,64
Bz {1 X 27, 64‘| x 3 0.2 2048 256
1x 1,256
1x1,128
Bk 752 [1 x 27, 1281 x 4 0.4 512 512
1x 1,512
1x 1,256
FRZEL3 [1 X 27, 256} X 6 0.8 128 1024
1x1,1024
BRZEL 1x 1,256 — 128 256
BIE2 1x 1,256 — 512 256
BRE3 1x 1,256 — 2048 256
BIE4 1x 1,256 — 8 192 256
Lkt — — 8 192 20
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M ScanNet H4E 4 LT T WHK. FRS, ik —
HIE B AR SCH 1) ST 5 ARG RS H @ P, AT
BT S0k [11) $EH R TR B 2 #I K U-Net
W2 $8 3 TG T =48 S =18 L HI U-Net
PLEHESS (T SCH L U-Net C 3RoR).

BAIGE T T 1E S3DIS Hidl 4 1 6 H138 L5
WELE S, N3k 2 s, AL ResNet-FPN _C 77k
1 U-Net  C HIEAE oAce « mAce FlmlIoU VP 15
b BT HARTTVE. #2800 ToU Gt &5 Rk 3
fiiar, Horfr, A3 ResNet-FPN_ C A 7 MET
HAhT77%, U-Net  C kA 8 MET HAb 714k

T4, BAE ScanNet F#i4E k4T 7R,
SRR 4 fron, MR ATLLE H, A3 ResNet-
FPN C J7#:M1 U-Net  C J7E1LE 0Ace « mAce Fl
mIoU VEAN R L3540 T HoAth 75 v%. % 201 ToU
Guitgs Rk 5 frow, Hof, A3 ResNet-FPN_C

TEAE 8 MET HAh 7%, U-Net  C H¥EH 10 4
P oAt 7.

H T ScanNet ¥ 5E & HE % B & N E L=
NI R AMEZERN, HEEYy R A E KRk
ey RbRVES A4ELE S, HAHE S3DIS #i &t &5
ZARERT, IS SO FE 55 3 B e,
S3DIS F ¥4 M ScanNet FHa LMk 45 B o] LLE
HH AR SO VAR B AR T 2 7 A DA S B /N A
(tn picture) MIEZRE P (U0 chair. sofa) 27
FRAELGR R, EAAE R 2 door H
window X PN, EATLE A3 (8] 7 B A LA 45 4
AT wall 4R AT, FH EE T Ad 2500 3K YA S 1 1 73
FIHEE K, T A SO R A T VEA BRI 43 1
AR TE. JAT T 4N : PointCNN J5 7% AT Y
ZHT KNN (K-nearest neighbor) B4R S &R
S, BT IR A R0 R 2 o0 A LU, 4

2 S3DIS HIRE S FIG R ILE (%)
Table 2 Segmentation result comparisons on the S3DIS dataset (%)

W e b PointNet!” RSNet!” Point CNN! ResNet-FPN_C (AX) U-Net_ C (&)
0Acc 78.5 88.14 89.6 88.53
mAcc 66.2 66.45 75.61 76.83 76.98
mloU 47.6 56.47 65.39 67.05 67.37

#* 3 S3DIS HH &K ToU 7 HI45 RLLEL (%)
Table 3 Comparison of loU for all categories on the S3DIS dataset (%)
25 PointNet!" RSNet!! Point CNN!"! ResNet-FPN_C (A X) U-Net_ C (A7)
ceiling 88.0 92.48 94.78 91.99 91.46
floor 88.7 92.83 97.30 94.99 94.12
wall 69.3 78.56 75.82 77.04 79.00
beam 42.4 32.75 63.25 50.29 51.92

column 23.1 34.37 51.71 39.40 40.35

window 47.5 51.62 58.38 65.57 65.63
door 51.6 68.11 57.18 72.38 72.60
table 54.1 60.13 71.63 72.20 71.57
chair 42.0 59.72 69.12 77.10 77.56
sofa 9.6 50.22 39.08 54.87 55.89

bookcase 38.2 16.42 61.15 59.24 59.10
board 29.4 44.85 52.19 53.44 54.54
clutter 35.2 52.03 58.59 63.11 62.11

# 4 ScanNet HHEE S BIZ R LE (%)
Table 4  Segmentation result comparisons on the ScanNet dataset (%)

AN TR FR ScanNet?” PointNet PointNet++ RSNet! Point CNN! ResNet-FPN_C (&) U-Net_ C (A7)
oAcc 73.0 73.90 84.50 — 85.1 85.5 85.3
mAcc — 19.90 43.77 48.37 57.9 63.1 62.8
mlIoU 14.69 34.26 39.35 43.7 45.0 46.5
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Table 5 Comparison of JoU for all categories on the ScanNet dataset (%)
] PointNet™ PointNet++ RSNet!”! PointCNN! ResNet-FPN_C (AX) U-Net_C (A30)
wall 69.44 77.48 79.23 74.5 77.1 77.8
floor 88.59 92.50 94.10 90.7 90.6 90.8
chair 35.93 64.55 64.99 68.8 76.4 76.6
table 32.78 46.60 51.04 55.3 52.5 50.8
desk 2.63 12.69 34.53 28.8 29.1 25.8
bed 17.96 51.32 55.95 56.1 57.0 57.4
bookshelf 3.18 52.93 53.02 38.9 42.7 42.3
sofa 32.79 52.27 55.41 60.1 61.5 60.9
sink 0.00 30.23 34.84 41.9 41.8 41.7
bathtub 0.17 42.72 49.38 73.5 61.0 68.6
toilet 0.00 31.37 54.16 73.4 69.8 73.2
curtain 0.00 32.97 6.78 36.1 35.4 41.9
counter 5.09 20.04 22.72 22.5 20.0 19.7
door 0.00 2.02 3.00 7.5 26.0 28.4
window 0.00 3.56 8.75 11.0 15.9 18.8
shower curtain 0.00 27.43 29.92 40.6 38.1 42.6
refrigerator 0.00 18.51 37.90 434 47.3 52.3
picture 0.00 0.00 0.95 1.3 5.8 8.6
cabinet 4.99 23.81 31.29 26.4 27.5 27.5
other furniture 0.13 2.20 18.98 23.6 25.8 24.5
* 6 FEIHEL
Table 6 Comparison of running time
PointNet!” PointCNN!! ResNet-FPN_C (430) U-Net_C (&)

N A 8192 2 048 8192 8192

Fibatchill R ] (s) 0.035 0.047 0.060 0.140

Hibatchl A f& 370 8] (s) 0.023 0.016 0.042 0.068
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