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Abstract Recently, three-dimensional point cloud semantic segmentation techniques based on sparse convolution have
made great progress. However, sparse convolution causes a loss of global context information. In this study, a point cloud
semantic segmentation method based on a sparse convolution and attention mechanism is proposed. Here, the attention
mechanism is introduced into a sparse convolutional network to improve the network’s ability to achieve global context
information. However, extensive computation of the attention mechanism limits the applicability of the proposed method.
Hence, to expand its usage while decreasing the amount of computation, spatial pyramid sampling is further introduced in
the attention mechanism. Experimental results demonstrate that the proposed method achieves 71.825% of the average
intersection over union (MIOU) on the Scannet V2 dataset and 70.5% on the S3DIS dataset, suggesting the proposed
method’s effectiveness and its superiority to the comparison method.
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Table 1 Comparison of different voxel resolution parameters
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++ algorithm
Wall 52.3  79.9 83.6  84.5 83.8
Floor 67.7  94.8 95.1  95.9 94.9
Cabinet 25.6  60.3 65.3  63.9 68. 4
Bed 47.8  76.0 80.7  80.8 80. 4
Chair 36.0  79.8 90.4  90.1 91.2
Sofa 34.6  69.6 82.0 815 80. 2
Table 23.2  6l.4 72.2  70.9 73.5
Door 26.1  52.4 64.3  59.8 67.2
Window 25.2  56.7 60.5  60.6 64.1
Bookshelf ~ 45.8  71.3 78.0  75.4 76.0
Picture 11.7 25.0 31.3 31.5 35.1
Counter 25.0  39.2 62.5  66.0 61.2
Desk 27.8 6.3 58.7  60.5 63.9
Curtain 24.7  53.4 75.8 713 76.2
Refrigerator ~ 21.2  53.8 49.4  55.6 56.2
Shower 58.4  72.3 70.8  66.5 72.2
curtain
toilet 14.5  87.2 93.0  90.3 84.2
Sink 54.8  59.8 63.9  65.2 62.5
Bathtub 36.4  78.5 87.4  93.5 88.1
other 18.3  45.7 51.4  56.6 57.2
MIOU 33.9  63.9 70.8 70.6 71.8

T W R R B B A HROR R o VRO R T
T a[HAL , A [R] 25 7F Scannet V2 3k & F i A #14k
BORNE 8 s o

XF L BT 42 M 4% 5 PointNet+ + a] DL & B, f7 52 19
21 MIOU 2 /5 T 37. 94 A 43 o5, HL7E 8 BE (51T
PR K 74 2800 10 o BRS04 . X2l T
PointNet-+ + ¥ 15 = %l 43 J A [6] (9 7 X 38, I 2% FH e
T 5 SR RE G B X N 05 o0 A B T S s R AR AE
ZE 5 RFESBEIREE I Jm i R I TE S NI & 4%
Y5t N PointNet+ -+ AN HA R 4F 09 /- FIPERE o 1 T $2
O £ e T 1 28 3l 37 B0 A 45 4 A A5 BT 08 F AR i 4 A
YA BCHE IO AR P L A S0 R B 1 R A e L Rk
TEAS 25 B 1 43 DR BE 2 EE PointNet+ —+ & .

XF L BIE 4 B 2% 5 FPConv' ™' 0] LA & B, BT 32 W) 2%
B MIOU #8517 7. 91 H 43 8 o FPConv ¥ 5y &8 55 &
T8 3o 97 (B AY O 9 W g — A TR, i
TR I b B AR R ol R O A JR 3 O 1 Ak 1
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&8 Scannet V2 ¥ s 44y EI T AL . (a) EAEFRZ ; (b) PointNet+ +; (¢) FPConv; (d) SSCN; (e) Minkowskis (f) B 42 9 4%
Fig. 8 Scannet V2 dataset segmentation visualization. (a) True value label; (b) PointNet+ +; (c) FPConv; (d) SSCN; (e) Minkowski;
(f) proposed network

A % TR AP 3R X R B R A7, B AR K
Uk i BESE X8 (RS X TR RE AT A 5 46 0, i
FIsTI A, 114 34bad o ®l . i BLA7E il R Y X 4 7y
RS BE B 22, LU AR 1 U T L RORE A A
JIr B ) 4% 3l o R AR A ST 7 S I A AT L AR
57 8945 B, DI A 1 35 DXCIORT R it =R X s ¢ B
¥ FPConv B, JUHAE A 1 U T3 L 6 A 4 AR
SPNIIE S ES: 1

It $ W 46 £ MIOU AH LE T J R 19 26 SSCN 271 1
LOMNE 7 i o SSCN i H G KO i wi ok, i 5
A SRR A AR BN SCRYIR R AR T B AR
R KA ST 1 5t i 2 ) R B 22 |, 2 1 B 0 )
B P R DR B . TR Mg T 2R AR
T3 B, X 4 Jrs 5 8 B4 4R IBCRE T 406k 4 1A 25 44 14 )
AE 77 38 55, DRI e 52 2% PR 05 o 1 2 03 o ORG24 T3
Ko WESHLIE H FE2 W E G5, SCCN X 117 7E
15 H BN B0, X HEAR A7 A K 23 A5 B0, 1 BT i 19 2%

AT, FERMNE s, SCON K 55 BE AL 5 431 AT, B
FEAE L 43 A1 O, T B I AT 430 B RE L A b T
JIT 5 0 24 8 SR A AR 6 1T B 2000 0 B A R G O L (H 2
3 EVEE 1 DX R/ O RE R T EL By 43R I Y
FA o Xk E B T T B e 2 B R TR B S
{5 BB HERE 1, P2 T T X2 24 3 5 1 o FB0RS E

JITHE M £ 4 LT Minkowski ™, MIOU $2F+ T 1. 24
H 53 5o Minkowski ¥ 45 BN Z 49 J& 2| pu 4, B3 fif
JH e 2 2% A B AL 3 18 W 45 > 28 ) 1 — S0Pk, AT 42 =
BRI o3 FE R . F L, o LUA 3, Minkowski
X TV Tt E A L i Al B AT Sl R R R, B
23 (i) v T B 2 ) Y 3 RS BE G X T LB
1 45 A 23 () 55 Al A 4R G 10 2800 1 a3 RS B
ko MEISHIULE , FES W E Y st MEE 3 5, B
P4 AE T B AR LB AT AR X8 o F RO B L
Minkowski #f- o

25 LTI BT B I £ AR TE 25 [B) AR 6T A S R AR
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AR Y 2 00 L A R S AR A T b R BeS 2E T
Minkowski. HHH F 1 HIA R LS T 7 5451 1k
5 B, ELAd R 5 46 R 4 o B0 0 s i M | A s 3 v
B HLEN SR TR 4% x4 R LR SCfE BB AR ELEE T,
PR] I JUT 488 D90 45 25 oy 43 1 0 28 1) EL an il B b Al L R 45
IR BT 5 b I 2% R AL B B A Y A B A R, B TR A
EI RN A S I ¢ DN K -3 75 = il N U E g
I8 BT B A B UERG R, MIOU L 7E o 58 B ) 2% v
a8
3.6 SIDISHEELWLER

B TE S3DIS B4l 4E F Y AREA 5 FEAT T 3256 .
H T S3DIS BLAR & 2 RIS B K B0 A i, ] DAk —
A0 551 T 4 D) £ SR FH %) s i 4 FRRIT I 00 BIL R %) A 3K
PR 72 4R T4 I 4% 55 At I 2% 7E S3DIS £l 4 L1
Fe 8 . ASTRI R 2% 78 S3DIS $ s 4 b iy ml 40 4k 2k S8
9 FIf 7 o

Al LLE W, A EE T A 2% T i 4% 7E K B
S3DIS £ i 4 A9 MIOU Hz &, i5 5] T 70. 5%, # t
T PointNet #£ F+ T 29. 4 4~ 4 45, M b T KPConv 2
THT 3.4 H 40 . KPConv ™ 5 B T Tk E M0 A,
FEAZ U BT AR B DI 2 T HL5 05 2 18 JR 35 L AT
S5 3BT TE R AR AR I i g A FR e = G R )R
FRIEZ MG RBE S Mm@, N6 4 FEL 9 v] LA 31, BT

(©

% 6055 20H9/2023 £ 10 B/ 5B FFEHE

F4  S3DIS AREA 5545 1t [
Table 4 Comparison of experimental results of the S3DIS

AREA 5 unit: %

Class  PointNet  KPConv  Minkowski | OPO%

network
Calling 88.8 92.8 91.8 92.5
Floor 97.3 97.3 98.7 98.4
Wall 69. 8 82.4 86.2 89.4
Beam 0.1 0.0 0.0 0.0
Column 3.9 23.9 34.1 54.2
Window 46. 3 58.0 48.9 61.2
Door 10.8 69.0 62.4 65.1
Table 59.0 81.5 81.6 82.1
Chair 52.6 91.0 89.8 92.0
Sofa 5.9 75.4 47.2 78.2
Bookcase 40. 3 75.3 74.9 74.2
Board 26. 4 66.7 74. 4 75.2
Clutter 33.2 58.9 58.6 54.4
MIOU 41.1 67.1 65. 4 70.5

$ W 2% 7 5 2 IX I8k 32 B 1 KPConv 8 4, 4l 40 K T 3%
SR RE L BB ARRI A E I ARG R RE . TR
2% 1) MIOU e Minkowski #£ FF 7 5. 14 A 40 /5 . M
[ 9 Al LA W, A H T Minkowski, T 32 [ 2% 72 KT 3%

E9 S3DIS AREA 5% /3 #al ¥4k . (a) HAEFRZE ; (b) PointNet; (¢) KPConv; (d) Minkowski; (e) FT 42 /¥ 4%
Fig. 9 S3DIS AREA 5 segmentation visualization. (a) True value label; (b) PointNet; (¢) KPConv; (d) Minkowski;

(e) proposed network
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S TP Y L A AN A A B b R 1 R B A 4
HEMNE R ERIEL .

g5 B RTIR i B M 2% 1R R 7 5 R S3DIS Bl 4
O3 HURE R I R T2 B o3 I 28 50 LL T 6 BE
M f TS 28 503K 31 55008 B I 28 R AL B8 B 1Y A3
WERR %, ELAE 1 7 PR RN T R R A e 1Y) 1 2R R Ik R
A5 5 A R BR B A 5 3 B S0 Bk B T B 1 g3 ) 1
%, MIOU 3 78 He 5 10 19 2% 7P fi v
3.7 HEAKIE

T X A IG FE T R 45 SSCN R SR HE I 9 Non
Local Block [ £% il 75 [i] 4 - 35 SR AF J5 1 I 2% (1) 1 e
B K A£G B9 Non Local Block 4/ A M 2% i) A & J2 |, 376
Scannet V2 845 48 34T 3 FIOKS B 0T 7] 4 5[] 7Y
T Rl S5y, 4 RIOKG BE ) SE R 45 R NSRS s . W LLE
HE A 25 ) 4 S B SR A U T LA S A 1 4 A A8
GEfir 1 A U R Y Jry RS2 BB (R8T, B 5 1 x4 R |
B E BRI IREE T .

#5 Z5[H 4TI REES Non Local Block 4 A AN [ 2

3 HIR BEX HE

Table 5 Comparison of segmentation accuracy of Non Local

Block inserted into different layers after spatial

pyramid sampling unit: %

Layer SSCN SSCN-+Non SSCN+
Local Block SPSNB

1 70.821 71.034 71.034

2 70.821 71.342 71.214

3 70.821 71.421

4 70. 821 71.825

5 70.821 71.641

6 70.821 71.322

MESHLLEH . H#7E% 1)2 % 0 Non Local
Block A9 3 & I HL# B EL S, MIOU £ 7+ 1 0. 213 1A
a3 R i — 2R L R B LA A S BN 4% 1 R )2 L R
RN 22 2 2 B9 MIOU B4 0. 521 4~ H 40 a5 o X iE
BT i A B B A SR Bz M R A T R 45 7 3
A8, WS N 2 AL RS S 5 4 o T R B AR R A
PERE ) Moy EORS A o o (H2 4k s m B R ZEIT
BELR, IR RES SRS, HILE
A ANl FH 25 8] 4 - 35 SR FE 19 Non Local Block
A REH R A 2 )2 .

18 13 25 (6] 4 FHE R BE 2 )5 1) Non Local Block # e
A 222 )5 MIOU M e F IR M 45 32 7 7 0. 3394~
A R ABSE AR TR R Z AT A T R R X 2T
FRAEN ] Ao b B B R . (HR kS YR H
WIEN,RERNE R LR EBASL2ZN
MIOU % & . ¥R 2% 4 22 5 MIOU i, 5 8] T
71.825% o (HE4kLE i By L& B, MIOU /& fif
TRET o XS B R R AE B IO 4% 2 B A T BOHE

%60 55F 20H1/2023 £ 10 B/HBAEXEFEHRE
B IS, Bt K, 7S ) & IS SR A Z R O R DL iR
8 R E R E S 1N NI o @ K 3= =4 N O 3 £ 1
T 41 LIS (1) 9 2 36 295 2R G 5 6 BT s
F6 o547 R AL S Non Local Block 4 A A ] J24 Rif 1) 4fE
B ) Xof L

Table 6 Comparison of time for Non Local Block insertion into

different layers of forward reasoning after a spatial

pyramid sampling unit: ms
Layer  SSCN SSENTNOn - (et SPSNB
Local Block
1 73.10 73.32 73.32
2 73.10 77.34 73.85
3 73.10 74.42
4 73.10 75.35
5 73.10 76.52
6 73.10 77.82

D) 266 %) T 1) A B RS B) 2 AE Scannet V2 B0 4 19
Wk EHCEI AR . 6 a] KL & B, Non
Local Block £ He fin A B 4% 0 55 2 |2 2 5, A0 e F I i
I 6% 14 AT 1) 9 B ISE (R) 389 0 T 4. 24 ms, B 3 ZFF R
it E S KTk, Wy S, fFEmA &
P& R M Z 05 ) SPSNB 5 e | i 2 ) ML S B T LA
JUGE ) 1 e 2] X 45 (%) 56 6 )22, L I 285 F T [ 4 B ) ) A
b TR TR AETHIMRE SN 42,k
FE J5 W 28 (%) i 1) 4 R A 18] AH LG TSR AR HT AR 2 2 IR
T 1.99 ms,

4 25 e

P&t — Fh Rl A 25 A 4 5 85 R A 9 Non Local
Block #5 e F# g 45 B =4k 05 = 0 B 5k o 1 5E Xt
BN 2 1 S AT IR R AL, RS S W E A
B, PR A U-Net 38 o 5 5 45 FROR IR R 0T s 45 1
F 18 i 2 7F 2 J5 19 Non Local Block # B il 5 4> J&) Al
Jry T JLART AR IR 22 T] 8 BB AR, 4 e 0 24 50 A 5 1 e B
W OC R ARELRE )1 o B Jm AR = Ak, DR =R &2 3
BEAS S E XA B o il ad §7 R Non Local Block £ e
I 2 5, AT LR A 1) 1 55 R T D) 2 X6 AR I
B BCRE 7, S AT s Y A A

RJR I 28 M SR A7 70 B S0 9 by, W e 25 () b 4
I H A AR AL A T ART 235 48 B 2800 2% R B 5 g3 R e
RATFIHIIG o 55 W 25 15 70 1] 25 B 8505 28— JR 1Y
BF ), PRI O 5 282 2 At R A ] 52 1 9 4% 19 43 51 18 0 A
PRI 28 Y11 S5 e WL S5 R Ti) AR A7 4 G T4

Z % x M
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