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CNN semantic segmentation of airborne LiDAR point cloud
considering long-tailed distribution

Chen Ruixing' ,Wu Jun',Zhao Xuemei' ,Xu Gang’

(1. School of Electronic Engineering and Automation, Guilin University of Electronic Technology, Guilin 541000, China;
2. Ningbo Institute of Materials Technology and Engineering, Chinese Academy of Sciences, Ningbo 315201, China)

Abstract ; Traditional 3D point semantic segmentation networks based on PointNet++ tend to sacrifice the accuracy of minority classes to
maintain the overall accuracy dominated by majority classes. A new CNN is proposed to improve the segmentation accuracy of PointNet++ when
processing airborne LiDAR point clouds with long-tailed distribution, which mainly consists of two aspects. The first is cluster-based
farthest point sampling ( FPS). Through intra-class FPS under proportional constraints, meanshift clustering based on confidence and
zoning FPS combined with neighborhood compensation, the samples of minority classes in airborne LiDAR point clouds can be retained to
the maximum extent, and can be well learned by the network through re-weighting. The second is local feature learning under the spatial
self-attention mechanism. By using different spatial encoding methods, a new spatial self-attention mechanism is constructed to facilitate
learning the complete structure of the target from sparse sample data. Therefore, the learning ability of the network model for minority
classes is improved while ensuring the good learning ability of the majority classes. Experiments on public data set show that the overall
accuracy (OA) and F, score in this article have a significant improvement, which is 6. 3% and 6. 6% higher than those of PointNet++.
Compared with other 6 networks based on PointNet++ and the top 10 network model in recent publications, the proposed algorithm has
the best performance, good generalization ability and application value.
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Fig. 1 Depict of point cloud sampling in PointNet series

network models
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Fig.2 Diagram of clustered FPS
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Fig.3 Diagram of point clouds Local feature learning under
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BRI T RB, OA fEBOR, 7 HIRCR AT

R 3L ) 2 AS T 255 PR P el o 5 0 £ 15 e
244> (International Society for Photogrammetry and Remote
Sensing, ISPRS) Vaihingen 3D i X AR T35 2Ehm 1 25 %K
o 2008 4F- 8 HiZE g ALSS0 RGETE 500 m i
R4S AT RER ., BB ERABREN R ST
B BEITRNA 4~8 D iz, R & 28 M g A\ T3
HIoh 9 2, ARSI R I T BE R I ARG, W1 6
B, Heb I et i S A1~ DXt i A, il |
R A DX 1 B B X, YR A% S ) KL
Lo AR R 1 Fs, 3R 1 A& I, %I 280 3851
BEARAS A4 5 0 3, TR R S ST | R S A 4 LA
Pl R M2 B 5 LIk 87. 785% , it 12k
IR B S D B A 1 L4 3  0. 072% 0. 612% F
1. 601% , AT H e 250, Hit, ¥ # A PointNet++
XML AT B Dol LR IO A5z B K R A , FEARAIE
k2 FAR 23 01 BE A [R] I S AT BE $2 o FE 2K H A 23 U KG
BB B SRR o

(a) VIZREE

(b) WRHc4

2pii Pa (a) Training data (b) Test data
Fi=—""",0A=— (5)
S (py + ;) 3 6 LiDAR S50%04E
ij Ji
=0 Fig. 6 Experimental data of LIDAR
F1 JIGHELENEERHRSLER
Table 1 Training data class points and proportion
eSSl LW A WE B HEAM RAR T RN ERRmE =¥l
HoE 546 4614 12 070 27 250 47 605 135 173 152 045 180 850 193 723 753 876
B/ % 0.072 0.612 1. 601 3.615 6.315 17.931 20. 168 23.989 25. 697 100

2.1 HEHRIEEF ST

Wi L1 TEHELES A ARTHRNES
FPS, X HEMR#E Vaihingen 3D S =¥ IR 88 D=9,
HEN B FPS R S HOR A B AW 179, KN E =

FPS HilJ& #8552 Bt s B e i a3k 2 B, R
z FPS BijJ5 A 2SI AR 5 R B R HOT 25845 R
WE 7 s, mR2 A, FWHARTHRANRS
FPS fEFEA B RAE AT I 753 876 AN K i 20 o SRkt
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JR B 427 141 A (29980 40% ) , > BERREA A -4 7] il
AT Bk, HRNTE T 2R NS = FPS R IAR R
AR SRS TR 1 B R T S 2 BR R AS  , OF
T8 T AR SR, BT I A YIRS B R [
I DA AR R B PR AN AR, DT [ 32 ol LR AR o5 EE 2R

ARFRERT, i 7 Fin. #5UAREAR 5 o 2
RFAEREA BARTAIRAL , W ) 7 W& Y, 45 b
A A5 25 2R H = FPS ATEY 1. 01% s 2R N S =
FPS Fii#Y 0. 668% , UEBH 145 HLBi 20 3R T FIZE N 5 = FPS
X F e 2 AIREAR | HEAS S A 25 o

®2 ENLZEFPS IR R ZHEA B st

Table 2 Statistics of number of point clouds before and after intra-class FPS

el SV K WE BEFSLE WAL A ERDUE A HEeRE S
REERT AL 546 4614 12 070 27 250 47 605 135 173 152 045 180 850 193 723 753 876
PRI 546 4614 12 070 27 250 47 605 83 764 83 764 83 764 83 764 427 141

2 = o B FARAEZE IR 515 T o B T A

. - 5 L IR SR S REAR o L 0 22 B

< . Bieo M), X EOE 8 (b) FIE 7 () T KB, W4 4 4t
TN g I IIREARS 5 L7250, 599% ) B/ 3K W I Hl s
£ 10 15345 1R A0S SR M W 3 G 0 LA 7 k2
5 5 R TR T 00 53 X B3 2 10 Bk LR 8 3
| g I a 1 B S AT A DS X B FPS B Y REA

s A oW o WE cBHVE o BAA ok
DEFNE o RBESE oERRE

(a) ZWFPSHi(o=1.01%) (b) ZEINFPSJ&E (0 = 0.668%)
(a) Before intra-class FPS (b) After intra-class FPS

K7 KAz FPS HilJR S FAIRAS & bR A 2580
Fig.7 Depict of sample proportion of each category and its

variance statistic before and after intra-class FPS
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BEh 1024, B 223 X IR (3N T i = 9 F X)) e+ n] 15
£ 1 000 R4 X3k, 1 000 4% 43 X 35, FPS J&5 45 Hi 4
FER M REA B 7 e S Oy 22 8 B, i 8(a)
HfE 55 PointNet++ H HX ] 43 I SL it FPS J5 481145
B 8(b) AR SCABBAME T R 4> X 3 FPS G145
Ko HE 8 FTLUE M, HX FAE45E PointNet++, A< SCER
AME T IR 43 X 3 FPS 3 B F 808 D BEAEAS 7 HR
ST ) R, AR 22 B AR | L — 2B, B
AR 7 HL A BT i, AR LAY, S BIREAR | O 22 BN,
UEHA T 8BS AT T B 38 J AR AR (5 HAS S 19 8 3%
o AEBREE,XTHLE 8(a) FE 7(b) Al &I, {4 i
PIZOREA (5 5 22 (0. 731% ) KR FJ5 # (0. 668% ) , iX
FIMESE PointNet++ELH2XH R 40 K I8 527t FPS 23 il 2>
BORFEA (I LR 1, FLJR I 7E T PointNet ++ X %]
Sy IXIRIHE FPS B, SR FH a2 BEAIL AR i 5 20F s i 2>
B DX A T T 2 DR I SR T IR R S T S 2

o B, B TP MR R W ST AR
DRR FARFEAS o USSP
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(a) BEHLE H(0=0.731%) (b) 4BIRFME (0= 0.599%)
(a) Random copy (o= 0.731%) (b) Neighborhood compensation
(6=0.599%)

K8 RlorIXBK FPS J5 & JReA b R R HOr 2481t

Fig. 8 Depict of sample proportion of each category and its

variance statistic after inter-block FPS

SR B B2 28 FPS FISB AN T (1)
Rl 53 X 38 FPS B ¥RE— @ FE B 48w DB AEAR 5 1,
(BB IREAATY G B0 s WP B, AT i — P T B
JE ¥ Meanshift F% 35 2= 50088 HEATAL R F AN EE K
IINTT AT 40 A MR A SR 11 55 22 B AR Xof Do 245 55 7
222 Wi B R . JE 2 Meanshift 582840 Hh 1Y 85 1R 4328
SOARCHEE) S E K 3 AN R (A TE. B
I 5 £ B AR5 AR ) R B 25 SR 9 T He R 48
1 AT ATEATRAL T 1 Meanshift BG4, 5 6 fTH
3 AN R IX Sl ) B SE AR 28 (ground truth) L 58 2~ 5 177K
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IR FE AR (AL ) B ) Meanshift 455, i & 9
3 AR EREE R 4 A B AT Y, IR Meanshift 528 BB AL 4T
b YR B R T R | R AR T T AR A, TR A
WS R SR T VIR IR A B 2 (B A A R B IR
ST R A R T G R AL O T AR A B SR AH LSS
FEWES (R ENTNRHEZE R KA S T8 AN
P& FRE A 2 R AR B A B H 3 HZ A
REAEARARLBE 58 R , F2 3R ST T -5 00 350 747 2 X388 %) SR AE AH AR
PR TR, AR S T A RS X R R R (E RN, B
FMIRIBRAE ) AHSS G B BT Z M B RAEXELL X 43, B
LKFEOX 4 KHBFERBRE RS LS AN, EETE
FRIAALUT B Meanshift ZREASUCEIG N, KB 55 R 7 w3k
BreaiE” , RIEHEAE T, XF 4028 1050 0 ST 5 & 1
AR B T H AL o g W 2% v p i 4724 2], [R] A (E
TR 118 R Hh — U 2 AR {1 ) Ak B =t i
TARZAXS HEARK B 5 2% >, DT H2 755 45 1) A
EAERE, ASC—MERM (A S aEMNIEO
HZ] 0 1) ALK (epoch) B YIZAE BE AR ALK Bl N 3% 3
FiR, HIZRA A EAREOTT 5284 1 e
W28 38532 >, AR B AR (ST AT AR AR B
FE PR R ) 192 HURS B Wi 5, B HAR (R T4
W EARN B ) SRS BN B RAS ST, AT 22 A
R EEARA R o3 A Rt il R () I 4 A AL AN Sk 2 H AR
2% > 1 2. W e 2 H Am 1) 7]

R T BRI TR A R, A8 SCEE PointNet ++
Fal B T AR AL AL B (+SE) (ZS [H] B EE 1L
il (+ATT) SR AR A T MTE R SE S, DhArHT £ B i
XF U X 453 RS B B B e, AR S T 143
FIZERNER 4 P, Horp: D, AR PointNet++ R 25 #5150 |
D, AN LI+SE e D, H i FPS SRAE K FEAL & #edtt vk
HEFAFHPEERL, D, SHTE D, LA IN+ATT 3451
W8 A5 7 D, K4 3C SE-PointNet ++ P 45 #5713 4

Meanshift B HR

BB

WA BoREAR

B=

I RIEAR

R

B OO ..
HMAR FH OWE EH EAARNA BR KR EE #HRA

RAT] T MR K@
(a) B7THE (b) BITHE (c) At B R ITHE
(a) White box (b) Black box (c) White dashed box

B9 JEIEALT ) Meanshift RASHEIR fiARA KL
Fig.9 Depict of Meanshift clustering error change

under iterative weighting

®3 NMEFAHAE epoch YIZFEEERGIT

Table 3 Statistics of training accuracy of each epoch within an weight cycle %
Epoch  HLJIZR 24 W& P EARM RA HEADUR  UBER EHEERE 0A R,
1 19.6 53.3 11.5 73.6 48.3 84.6 92.6 81.0 89.5 83.5 61.6
2 42.4 65.0 31.4 72,1 45.9 87.9 92.6 83.9 91.0 85.2 64.5
3 50.6 68.0 18.0 79.3 48.5 88.2 95.0 85.2 91.0 86.3 69.3
4 58.9 71.2 33.8 80.3 50.7 88.9 95.6 85.3 91.8 87.0 71.5

AL, BRI ERAh, B AT A X REAS R £ v 2
B F, 508, Horh D, ZESRTHE A SR S T A 45D B
2 EAR 2> HORE BE 77 T AR 2 R0 T D, A1 Dy, 7iii D, U
TEPRTH R ST EAN A AREHER BRI 52
Bk AAR > HORS BT AR B3940 T D, A1 D,, D, #I

D, P& BNA T #E— 2548 T ) 45 B A o5 = 18 L4y B
PRPERE, (115 0A FIF-¥) F, 43 H1EEFF 6. 3% F16.6% , A
[FIREELE & T 1 28 B A B AR S5 SR AN 10 fw, L
H: 10 (a) S 3003 2508 25 3 AR 4 (ground truth ) ,
B 10(b) AAEBEHA A T i H 2 51 43 B 65 1R s 3
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Table 4 Statistics of segmentation accuracy of Module ablation experiment %

HE S HBALR KA WE  #SSIE AN RA T RS EERmE 0A ¥y
D, 57.9 66. 1 31.5 54.3 41.6 77.0 91.6 79.6 90. 6 81.2 65.6
D, 40.6 75.8 34.1 59.9 44.8 80.2 9.4 76.6 91.5 82.2 66. 3
D, 51.3 66.5 32.9 58.4 49.1 82.9 94.7 81.2 92.2 86.0 67.8
D, 69. 6 77.4 35.8 58.1 50.1 86. 6 95.3 83.7 93.6 87.5 72.2
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(a) FLSEHR2E (b) D, %R (c) DR (d) D3R (e) D BUR
(a) Ground truth (b) The effect of D, (c) The effect of D, (d) The effect of D,  (e) The effect of D,

Bl 10 B IH Rl S IR A DR 20 1 20 A B

Fig. 10 Depict of wrongly segmented points from module ablation experiment

BORRE . GERATIMY) F, 0 BNE 10 sty — R, 2 PR HG 5 2 ) 20 A e 1k SRR A o
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AT PointNet++35 L 73 H B AP fE, H BAR 2| 3 1) D, B EANR J 4k F, S0 BRI B ok (2
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11.3% ~11.7% ) . WEZEE 10(b) 55 4 F7 B A AT 3L,
FHEN B EALE D, FPoE 2N IR S W&, 5
AE5I A+ ATT ] KR $2 7 4 390 2 B0KS 2, (H B i 5
A+SE REEU] R B0GE 0 2 ISR, RN E T D, &
REIE A 01 2 - 7 i G piR O HI N IE B K 1, D,
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YRR E  (E R R FORT BE ARG T HE— T
F Dyo F5—TJ7 T, MEEIE 10(b) H5E 2.3 4 17 o]
R, A R I H LnMER D, B H
SAHOL, Horp D, FER 10(b) 58 2 47 B A Hhoks o s SR T
RIS FEN SR, D, 72 10(b) 28 3 47 B A Hofis i
IFR R AR B ST 2, D, 7E& 10(b) 58 3 17
B o L S 2 G 20 S AR A — B X R, 7
A SRR 22 S BE S 7 T, +ATT 5+SE HIZ5 &0 FH A+
R TIA

2) RIS TEARIN ARIEAE KA A 18] B 51 = R AE
FAAERS , By A iR o3 &) HLAFAE D BB A o LA 3 4
L, 7R S 24 A 2 T I 35 B T 0 3o A O ) 268 531 )
XArhETT. WEEE 10(b) 255 1 ATHE N AT A B, D, 7 &
SR AR R BRI, +SE M5 A X —AR
DR B TAREE, +ATT 5 AW/ TR E SIRER
BRI R 5] s WAL 10(b) 55 4 17 18] Fr EAE A ml 22 3, 4
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B FER B AE PR R A R A 9 5 AR A
MIBLA , +ATT 551 A E— 25 B2 T TE 1 23 50 A 8 A
B W% 10(b) 28 5 AT BEHE T 2 B, D, (A /N 43
W& G HIER, D, K971 IE# R 7E+SE FEH T 1538 —
TEFEERTE, Dy 7E+ATT PRI U & 5 AR N
Ak BRI E], D, R — 20 4R T He A 9 23 1 IE 3 3R 5
AU, 38 5 WA B HE N R A AT R B, LA 254 5 4
SBEEARME AR, D, 5 D, 582K A S F B TR
HH S WA, D, AT LUIERA 7 B30 A 5, D, 23 %13
RIEAGTREGRMEY G . XKV, +SE 1A AL E A
M e A v D B2 A X LA A AR A A ST B [ R
T -+ATT BE 2234 SR AR X FAR R AR AE A iR RE 7, A
A RAERTE T W28 %5 b 3R AR I o ) R AR 19 IX 23 5 5 >
AESTo

3) D, 7T GE R T F, 280 D, $271
TREEAR (3% ~4% ) , HARA L NTE TR R =
i EBOR B S B RA B X, D, Bl BUsH
Y Fy 238053500 91. 6% 1 90. 6% ) o WLEEIE] 10(b)
HEE 2 31T A& ), D, 5 D, KEHE P A S TR
SRR ST , ] IR R A 5 JE S T T 2 ]
AR FIBLE T D, BERAF i X oM I 15 S SR T
T, D, 7 Dy Z&All bW BB @ SRS W 5 D, FHEN
TE R T 1R 53 F A RIEAE B, D, K ¥ 310 [ 3R T 1R 53 )

IAREM Y S 49, D, 5 D, M FEXT 28 18] 4046 X A7 AR
BABREESNENHATIEFH > E, XEH, YA R M
YIR AN RAE T IR0 B X I, A% S 90 4 A5 700 6 45 - b
FHHE A RRAE IR HEAT 4 #) , DT i — A5 48 7 L3 )
SYEVRERE B — T, BT A RO A B S T S AR ST
T T 3 T S5 AR A I (9 1R 3 80, D, FE B SR S T LA
AR F, A8k es T B4R T (4% ) o

SR b +SE FT+ATT v A [R] £ B 5038 IO 46545 760 %of
REBEREA R AE 22 ) i i, HLP & 45 A fe i i 5 4R
BB EIRE R
2.2 SEI%EEXTLE

VEHL ISPRS ‘B W S 3 3 T 490 v 44 3 i1 58 19 10 Fil k4
SEAERIEA TR H, A SO R (D) B 10 Ff X 45 A 78 78 )
KBRS A BRI 0A &K F, %80
5 PR, HIZEAE A SO R L # 5 T0 1 A0
BERERR F, S BEE, 55 R 86.6% . 95.3%
93. 6% , BT 2 &4351 K 3. 5% 0. 9% F1 0. 8% ; [k ik kil
B HEARN SRR IR IEH F, SRS 2 44,50 Bk
83.7% .50. 1% . 77.4% F1 69.6% , 1§ F 45 1 & 4 % K
5.1% .5.8% .0. 7% 1 0. 8% ; H 5 W F, 43 50E 58
5 %, Ab T I 51 STk N 2545 7 rp 25 K 7 AR B F
BB T 4, AT TS SCHR W 45 45 R b 2 LR KR
W, BT Training R4 EAF7ESR B S B AR 57, e
AR B 3R A4S e OA FT-3 F 43480, R IRTE T, I 28 15l
LEYI| R AR T D B AR LA BT e fe (43 )
FEEE OA, AT 23 BEAT-34 F, 438, i s F, 3404k
T B KA FE 532 3] D BB A RRAE , 25 AR 33 1)
AT BRI AR A S B2 40 PointConv'™ BUZE B4 $ik
W (TR 500 SRS A 4y BORS B (H B e
RRFEARE 5 B R 3 A AR, 45 04 (X
A 79. 6% ; LUH™ B 7EHE X /3 B8 85 B0 L (WA
5P T AT R 1 ) B R A4 ERE B (L ARRAE 2 ) A5
HRBZ SRR AL B RRAE B 2% 2T R 7, e 0A FSEy F 4%
HUALA 81. 6% Fll 68. 4% ; DGCNN > ({5 AF i i X i T
H— BERT 2R - RTRIE RS EX T R R
FRTT G FAFAE R ], H OA AP F, 50 500A 81%
64. 1% ; D-FCN* D52 5] — 2 1) JR 52 BFAE R 77 1) JaR A
P AEAT SR - R S0 AS , BARIRAS TS B8 F 4%
B (70.7%) (HH M H T 0A (82.2%); WhuY4™ F
NANJ2 4 = 4k 5 w8 RGOS R EK TR
2R EME R BT F, 405 0A ¥xE LI —2 4%
Ft; PointCNN ™ B 75 73 2 > SR BE 5 J5) 3 25 [l 4 4F , (B
2 TR BAIE T (/0BT B AR [0 3, R AR
fE OA(83.3% ) 5F-3 F, 5344 (69. 5% ) [a] LA HUF-A6 5
DANCE-Net'* 2% [ % T 42 J&) - 3 ¥ 43 41F 6 8 20k, (H
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Table 5 Statistics of OA and F, score in this paper and literature %

i ML EW WE  BSrm RN KR BNTE RS EREE 0A FH F,
DGCNN 67.6 54.5 26.8 48.8 41.5 ¥7.3 89.8 80.4 90.6 81.0 64.1
PointConv 65.5 72.1 25.0 54.2 45.6 75.8 90.5 79.9 88.5 79.6 66.3
LUH 59.6 73.1 34.0 56.3 46.6 83.1 94.2 T1:9 91.1 81.6 68. 4
KPConv 63.1 72,5 25.2 60. 3 44.9 81.2 94.4 82.3 91.4 83.7 68. 4
WhuY4 42.5 74.7 53.7 53.1 47.9 82.8 94.3 82.7 91.4 84.9 69.2
NANJ2 62.0 66.7 40.7 42.6 55.9 82.6 93.6 88.8 91.2 85.2 69.3
PointCNN 61.5 75.8 35.9 57.8 49.1 78.1 92.7 82.7 91.8 83.3 69.5
D-FCN 70.4 78.1 37.0 60.5 46.0 79.4 93.0 80.2 91.4 82.2 70.7
Randla-Net 68. 8 76.6 43.8 61.9 45.2 77.4 91.1 82.1 91.3 82.1 70.9
DANCE-Net 68. 4 77.2 38.6 60.2 47.2 81.4 93.9 81.6 92.8 83.9 71.2
A3C(Dy) 69. 6 77.4 35.8 58.1 50. 1 86.6 95.3 83.7 93.6 87.5 72.2

% B B SA BRAR i b X SRR IE A DL 5 A
BRI E 5HERNELR], KRAETE 0A(83.9% ) 53
F 8071, 2% ) BUAR i — 20 R0k . AR SURFE B0
B SIHLH 23 A 45 R U%IE T Randla-Net ™ JE7E 1 HEAl H
i — 2552 R AR ARSI I ML, X R 5 h & T4y
HIFEHR AT A i, Randla-Net SR F (1) B ATL R A 5K W% B BB 42
TP Z8 X DB RE A FRAE () 4 BE BB 7, (E AR % M 4%
BETRINT RPN A T 4322 >, JU R 18 B R 1w
RN FEAR GABAEX 4 BAFAEAS R E & RRIEAR LB
R, DA T — 8 R b K B A ER B, AR
82. 1% ,AbF3& 5 H {51 SCHk N 45 485 B v 25 LU T AKOF- (R
W), SASCHZEL 5% o Bk L, AR SGE+ATT X S =
JRHERES ()R B e b F SCEMIE I FE 4024 L 1R T 48 A
R AU 2 51 ) BE R BE 5 +SE (5] A3z 1 0
BORAEARE S, T4 R 1 O 4 A5 78 X 4% 28 b 49 1) P A1
PG 2EIHOR , PIA R AR U RIZE OA I3 F, 4
BB T4 N = T

AR 5 RL 5 HE 6 Ff LA PointNet++ 5y FE Atk fE 42
I i R 45 5 B A X L, 4035 HDA-PointNet + +117 |
RIT_1"') . DPE'™ | SSA-Pointnet + +°' | PointSift""’ #
PointWeb'"*' |6 F [ 44 AL B ZEMIABHE 4 L1 04 42
WY F, BN 6 iR, H#E 6 7] LLE H, HDA-
PointNet++7F #8432 5025 b Wy AN IR 4% 4B 4% (85. 1% ) L i&
BEERTE (99. 2% ) ERINHBAF A5, (0% W 45 43 2 508l
HE T RAF T2 & RAEEFE R, 5 0A fIB F, 41
BORA 54 71 ; DPE S5RTH U, LURIHE S by 53 EDKG
JE SR T T [ % T I AR A 4 40 BUKS B, 7E OA 573
F, 2380 A RRHETR RIT_L X FHRE X 43 B 3 60 3 4 n
TR (73. 4% ) TR A (94% ) FIIE B R M (91. 5% ) B

BRI EIR B AU F RS M EE,
FRHEARLEE B L), OSBRI ZE OA FSE34 F, S8R
AN ; PointSIFT SR A T 5 HoAth PointNet 231 o £ A [ /)
xyz SR AE R T =, R T A B B BT v 2% ) Jmy i 23 []
SEM L, AE TR (T7.8% ) HL 14k (55.7% ) S SL A
(56. 9% ) S5/ DH Yy 43 F v B R (B iR F it = X
SRAE L 5 AR A ] () 23 [R] D R ARG 42 S, i 4 7
OA 53 F, 4y 845 4 $2 7t %3 6] ; PointWeb F1 SSA-
Pointnet++7E 4535 o35k Bl T 1 B WL SR wE , iy
C S0 ey o i S | PSR Rl K =i I (E N e a4
W T B AR (LR B 4 ) B (B2 A H R PointNet
o FPS) SO B b 4 43 BUR LA 3, WA AL SE- 2 F
BT (<68% ) , [F]BF HH TSR A A 28 30 23 (8] 4 5 B
Ko SRAEH U 8 AR BN L AR I 5 AR BN 1R 23 [R] 56 R 2
SR SR A, PR L Y OA B AFFE 3R T 25 B) . &
P b XFEER 5 D, T RUE ), AR S0 4 5 Ak 4y 1 g
T2 6 '} 6 Fi PointNet++ R F AL, £ OA F1 V-3 F,
SO YRR, R B FRTE 1) S s R
B F W 4515 oy FI T S0, (A H X LIDAR 5 = %
JE 23 [R] 43 (A0 e BRUAR TG B 2 5 i) J 6 %) 45 S b i 2%
PEE I FE 42 3], A SC+SE B B T 5 25 RRE Xt 2 3]
BEAAS Y M (52, 7 BRAIE 22 502 4 40 5 245 SR 14 [
B D 4 Xof /B2 1 ) 43 FORG B, DT RE BE— 25 32 5T
¥ F, 5080;2) AR SCHATT SEHf 3R 43 2% R B T RAE 0 R
SRS AR AP R RIS RIS R KA E R I
MR AR R 25 (8] A =X LA DCRAE IS B 57 0 52
$Be R Y2 2] FLAR S As (R 2540 , DA T A8 20038 B G S R AE
) [ st 348 5 P 446 Jeg 350 4k B AR RE O, IR i — B IR T
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Table 6 Statistics of OA and F, score of six networks based on PointNet++ framework %

Trik B2 KA WE  EFiE AN Rk ESTUE SRS EEEE 04 S F,
HDA-PointNet++ 64.2 68.9 19.2 36.5 37.7 69.2 88.2 85.1 99: 2 81.2 63.1
RIT_1 3%:3 73.4 18.0 49.3 45.9 82.5 94.0 71.9 91.5 81.6 63.3
DPE 68.1 75.2 19.5 44.2 39.4 72.6 91.1 86.5 99.3 83.2 66. 2
SSA-Pointnet++ 42.2 71.8 39.7 56. 6 50. 1 78.7 94.9 80.4 91.8 84.6 67.4
PointSIFT 55.17 77.8 30.5 56.9 44. 4 79.6 92.:5 80.7 90.9 82.2 67.17
PointWeb 49.4 70.6 34.4 52.1 52.5 83.7 93.6 82.0 92.7 82.4 67.9

ARICHTFERI TR S HLERAE R SRR AE L S HA5 R e A f5 34 77

1) FPS AR E T FHHAARTHEN R
FPS JEF B {5 B () Meanshift 52 K 25 & 4B 3 4 M2 14 4]
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