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Point cloud classification based on PointCloud Transformer
and optimized ensemble learning

Yu Xijun Duan Yong

(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: Aiming at the difficulty of exiracting features and classifying 3D point clouds due to their irregularity and disorder, a 3D point
cloud classification method that fuses deep learning and ensemble learning is proposed. Firstly, the deep learning model
PointCloudTransformer is trained to extract point cloud features and train base classifiers to establish a base classifier set. Subsequently,
a base classifier selection model is designed for ensemble learning, and optimization objectives of the model are diversity and average
overall accuracy of base classifiers. To reduce ensemble scale, binary multi-objective beluga optimization algorithm based on improved
beluga optimization algorithm is proposed to optimize the base classifier selection model and obtain an ensemble pruning scheme set.
Finally, the majority voting is used to ensemble the classification results of each base classifier combination on the test set to obtain the
optimal base classifier combination, and an ensemble learning model of point cloud classification based on multi-objective optimization
ensemble pruning is obtained. Experimental results on the point cloud classification dataset demonstrate that the method in this paper
achieves higher ensemble accuracy with a smaller ensemble scale and can accurately classify multi-class 3D point clouds.
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B bR iz i 25 ) 23 A o BE DA R [0 gl o B A 8, rh B U
i 1), i 57 5 10) 22 L (support vector machines, SVM)
HEATAY2E . SHIER AR PO SET SO T R g S T R R
1 R R R, ARAT 2 BT Rl Rk 1] &, (8 R AL 2R
R (random forest, RF) #4732, Tiwari £ % LT 5 fh
TR IEPERE , S B 45 SRR B JE T Bagging Y TR A
HE U S 2 4 ZERE E R, Moorthy 45 il AR 1) 45
ﬁ*%&ﬁ@ﬁiﬁ(radiaﬂy bounded nearest neighbors ) BEE X
SO SR PR s, DA B BROAS [+ 2 T) RUBE s (8 JLAATRe AE , 43 1]
fifi | RF XGBoost LA J% LightGBM #4432,

o T =4k = AR R B E X, ok A A
FIGREE 2 T W2 b R RGTREE 2 T s o R R 45 R
WA B E R e BRI 7 AT A X M5
AR RRERZMEEMER, BEVTTERRA, RE
F MR EM A AL T 2SI T M R ER
SYE S A EE S PointNet R B AN LA = 45 & AE
AWTRBES M T2 BT R s 2K 505 .
SR, PointNet ZA 1 il = (R AP IE S I, o 1 filk ok
I, Qi 25 O HEH T PointNet++, IZ M4 4] =047 £
UCRAE SRR IESEIBGRAE AT 880 T 5 = SRy 4 4
AN IBUR FRRAAE 0] R, i 1 0 2RHG B, 52 3 b ik kg 2%
SO ST AR M Y 2 0 8 W 2R ATE SR SR FH AR ALY O ¥
FEWUR R RE , JF 255 HAL S5 4 HEA TR AR 3 S 7y
2, H ) PointTransformer'” ffi ] B & & S ( self-
attention , SA ) HLH $ B = F5-1E ; PointMLP ' it 57 52 2
P4 Jmy P A AIE 42 5 A, B2t L ART {5 S 85 Bk ( geometric
affine module ) , 45 & 5% 22 MLP &5 #4 $2 B 5 = FFAiF,
PointMLP-elite -}y PointMLP A HG i i, B AR T RE WS A
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Fig. 1 3D point cloud classification model based on PCT and optimized ensemble learning
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IR ) 3R o7 B AR DR S RN A A AN 2

ARSCEES Tent W F1f 1) 2 ) ( opposition-based
learning , OBL) 2O A A R R AR A5 Hom
J R A UG R AR 1958 MOBWO sk 04tk kg, it
FEA8E Tent BRSRE A A A S 2 1) Ao B Xof 17 A3 8 1 8 ) 35 3
FEAE ( B bR B ) , BERRAL M 54 OB B 4R Fh A

Tent WSS HIMELA GRS HAT S i I 14 59,
AW U

z,/B,0<z <p

Z, = (5)
(1-z)/(1-B),B<z <1

Horbr ) b BHREL, 2,2, # B) FAnEH k UK mL G

PREIE, B A H AL B H 0.5,

SR 1) 2 2] RE A FE AL TR AR T (4 ik, X d 2 Do s 1]
P X (2 2y, o0 0x,) , HORTALE, X (%), %, , -, %,) 1Y
IR (6) s,

X, =u, +1, —x, (6)

o, R A0 PR AR ) R A

Y B MOBWO B3 A Ak kg, A SO
)2 2 51N IR A T A R pe 8 LA I
fRIEA AR, ERRR A B, Bk X (6) ITE
AR 8 S I A, I B T A e )3 17 A R B 7 A v
PSR AR RE P T — AR
4.2 ERMBEERENRIRMLE

Z B2 fe R b 2 A oS i B s, £
H Fr Ot A ) 85204 i 2 i 221001 SR e P A 4L 1 1y i 3R 46
ARAREE . Lidne/ M) &R ), 6 F— A2 d 4e iR
A, k(k = 2) 4 BbR R B PL AR S, FoE L= (7)
FiR.

minF (X) = (f,(X) ,fo(X),,fi( X)), X € 2 (7)

o, X (o, ,wy,000,w,) B d BRSO YLK
Z3[A], F.Q— A SRR 2 (B 5 H bR 2s [ B, A J2
k> B AR eR O ) B bRas ]

AR i ST — N AR RO R AN R
ANEBAERY 1 A SE AR W SRE A e i AR v 3R AR A
BICIAAR I AAERY, I 76 5 S fh ik B2 vh 5 B A2 A
W AN A AR, B, BOZE A —Fh B A4
BABILTR , 3 G0 A R R R A

Y AL B B — AN B AL B R, 23 G LR 3 Rl i
Z— 1) FR R AERS PN — A Al S, W5 77X
AN 52 ) A R T BB P 1 i S TC LAY A TG , )
ISR TS Hh A4S PRI SCBE A9 A 5 3 ) 450 1Y) i
B B ANTAT RS P 0 i ST, O FLIZ AR R BE S B A7 AY
PR A TR A4 06, DU BEBEA7 A PO 1 — o L 46
TR, BN BFTRTVE VIR TE B bR (B S A
SO BFCHIE 5150 A . A5 RSN R AERY T i i B A
B4, I 2 A XN 8 A A A% AR KB 1
ANFERY,

AR SOl AR A H bR s 8] N Bl 19 3 ik 1)
P B BRI R T FE XS B, AN A RS N A7 7
fit X, EARREE R F(X) , i X /Y 3 N Rr 4l
fit X, (i=1,2,3) ,F(X,)(i=1,2,3)50510 3 i H
FreRBUE M, W) X BE AR AR 3 A 4 B B EURT D Y

A (8) B,
D=3 JU(X) = [L(X))7 + -+ (fu(X) - fu(X))?

(8)
XEFAFA m Ak SN ERAFAS B A ik o A X ) 2



5 6 3]

LT PointCloudTransformer A AL SE B2 ) 19 =4 5 = 402k - 147 -

JE p, BHH-I(9) PR,

p. =D,/ 3D, (9)
Hopr ) D, RANRAFRG NSRS @ AR AE H AR s 18] 4 R
AT 3 AR EE SN p, (B8N, W20 i 7 DAy
B, A AEHNERAERY T B SR AE RS, o T A Xk
T R DR AR BIRS L p, (i B/ NI S
4.3 ETFINBEEPBETUEER

BWO ka1 s ) AR A T TR R A,
F5 3 B B K K B Bt (exploration phase ) | & & B Bt
(exploitation phase ) 7% ( whale fall) ,

TE BWO Fpk b ASRZR A% B B i) 1 AR 48 b
ML A0 o7 B TR I B 07 B, E AT R B B ) 11 i )
F AR AR Bt ATL 11 i R A 00 11 i P 60 8 TR A B R
BWO i o - K 1 B, PR W BORIF & BB -

B, =B,(1-T/2T,,) (10)

Hrr, B, 24 (0,1) ZIBIRBENLEL, T R MaTkat,
T,. AFEEEIGEARE., X4 B, = 0.5 i, A AR
RO B, R Z AT R B, W& T 83, B, e
M(0,1) /N2 (0,0.05) , B R HEATT K B Be iy
BERBEE T R3S KImEm .,

AR MOBWO 53 7 - 58 3 AT v B At 9
BN B> b FEA SRR, 2 ATT R B,
b U LR TR TS . FE MOBWO Bk &
W Be, YRt B S MM AR N e, 80 (10) 31
BN T B, A e AN AR R P B i 2R 4G B A A
SR AL E S B > b W RSN AERY T p, (B
RIE, JLZ30%% p, (H I/ N

FER BRI, 2 TT & B B0 S0 ) i 4
HNEBAERY P BT DX B R A /I B i ok TR H B R AL
XA B T A RIEHT I A S BEE T RS, B
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{E e/ NEK I RIER A . e RE—UCE TSN A7 1Y
Ji T BB AN N B p, (L
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AN, BEEPRAR R IUEIEE R [ -4,4] 85350 (14)
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C1S) T AR i X Ry A AN R[] o, 3 AN ) T
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5.1 MOBWO & EMEREMIK

1) MOBWO FERZR B BOFRF & W B 1 ~F- i

AT T E 4.3 b b BIUAE, B MOBWO
AL P AR R W B sl T & B B AR

ARl CEC2009"" Hr g 10 N IE 23R £ Hbrfli b
T BRI AR TR R % MOBWO B3k i f et sE
76 10 MK SR FL~ F7 5 /ML B bR, F8 ~ F10
5 3 ML R, F1~F9 AYDRSRAS H 2 30, F10 1Y)
DR AR 4 B 10, A5 (8 R ACHE 2 (inverse
generational distance , 1GD) "™/ ¥y £ H Ap A 4L 532 A F
Wrdgbr, 16D THE Y& B S SR FEHT I b i A4S i 5 3
SRR ARAT A ey SRR Hh B Rl Y B R =2 18] 1 S B4
B, 16D {H#/ R I BB .

0= |3 p /M

Horp d, B S B FCATH PSR @ A SR
FRAF I A SRFC AT Hh BE 2 S50 1 B 22 (B A BR EG IR B, M
R FLEE A BFCHTI P B R

M B, = b I, FUEHEARRI B, )2 3EATF R B
Bt b IEELA 10.1,0.2,0.3,0.4,0.5} . i%E MOBWO

(16)

A SRR B R 0 = 200, B RIEWREL T, =1 000,
R T IS ATLAA: X 435 S 1) 5% e A S I R 8L i)
MSTIBFTAE 30 WK, I IGD BB (E Fdm il 25, 4%
g 1 s, bR 45 5 R B A I3 R A U Y
i .

WELF 1,25 = 0.3 B}, MOBWO ZH:7E 4 A~z ek
BOEBUAS T Bl 7E FT AFL0 FBGE TR, XAESE T
T AR AR R B B AR T LR R R etk
PR

SR HAT, BWO 53% 11 3 4B B (IR R M Bt JF & By
BOFTE ) 43 IR 42 SR8 2R | Jry 45 2R DL Rk b ) S A
P fe, P4 A8 R A= &, vl Ll BWO 53
P E RSO R R R, S8R ERUEARR, 2 H
BRI A F 0 2 52 dae O A 2 170 5 A ol | A 5 05K
PR SRR SRR A R AT R S
SEA RFCHTV A FE B 140 A 1 R h BRI LA
ARTE HARAS R 70 HOREJEE . 38 243G K P B AR R B
AR AT DA AR 48 2R B R 119 2 i), DTG 3R A5 BE AR o
MR 2R A AL A, PRI, A S MOBWO Bk b 19
$90.3,

&1 FEEET MOBWO HiERGH IGD H{EFIREE
Table 1 Mean and standard deviation of IGD obtained by MOBWO algorithm under different probabilities

PRET b=0.1 b=0.2 b=0.3 b=0.4 b=0.5
- Mean 2.49%x107° 2.47x107° 2.46x107° 2.57x107° 2.64x107°
Std 1.76x107 1.76x10™* 1.42x1074 1.46x107* 1.92x107*
o Mean 1.78x107° 1.70x107? 1. 68x1073 1.99x107? 2.45x107°
Std 3.90x107™ 3.32x107* 2.93x107* 3.96x107 5.12x107™
- Mean 1.25%1072 1.24x1072 1.28x1072 1.32x1072 1.40x1072
Std 6.56x107 6.49x107* 5.88x107* 4.83x107* 4.43x10™
4 Mean 1.97x1073 1.95x1073 1.93x107* 2.03x107° 2.17x107°
Std 7.12x107° 5.77x107° 4.93x107° 5.41x107° 9.89x107°
s Mean 1.01x10™" 1.01x107" 9.74x1072 1.08x10™" 1.23%107"
Std 1. 44x1072 2.17x1072 1.53%x1072 1.79x1072 2.30x107?
6 Mean 1.27x1072 1.28x107? 1.41x107 1.59%107 1.82x107
Std 1.60x107° 1.64x107° 1.40x107° 1.02x107° 9.79x10™*
- Mean 1.93x107° 1.90x107* 1.92x107° 2.05x107* 2.25%107°
Std 1.74x107* 2.34x107 1.98x10™* 1.96x10™ 1.63x107*
- Mean 1.26x1072 1.16x1072 1.17x1072 1.15%x1072 1.25x1072
Std 8.89x107* 1.68x107° 1.60x107° 1.65x107° 4.84x10™
o Mean 8.09x107° 7.57x107? 8.27x1073 9.51x107? 9.92x107?
Std 3.31x107° 2.84x107? 3.63x107° 4.61x107° 4.64x107°
10 Mean 1.58x1072 1.84x1072 1. 66x1072 1.74x1072 1.67x1072
Std 2.51x107° 9.70x10™* 4.06x107° 1.51x107° 3.96x107°

2) MOBWO 553k 5 HAth 2 HARUAL B IEXT L

g T IR SCHR H R MOBWO 55 102 H bRl At
BE, A 1K MOBWO 33 5 HA 5 FrE A e kX2
BHFsfi b Bk AT X F L 58, 35 2 B br 4 8 b 3

( multi-objective golden eagle optimizer, MOGEO) * £ H
s K TR A Ak 2% ( multi-objective grey wolf optimizer,
MOGWO) ' | HE 37 Bt HE I #t 1% 55 % ( non-dominated
sorting genetic algorithm 11, NSGA-IT) " £ H AR {1k
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T PointCloudTransformer M AL SE RS 2T B = 4 )5 =432k - 149 -

#% (multi-objective ant lion optimizer, MOALO) (6]
XTI R BB R 0 = 200, e RIS ALIK
BT =1000, BT NSGA-II &b, 5 & 4P 3817 kY 25 it
A 100,
B EFEIATE CEC2009 Wiy £ 2 FAR AL It bR
B BT IS AT 30 RS, THEE IGD BB FIARE 2% | 45
N 2 iR

MFE 2 FTLUE W A SO IR AR SK A 2 B ARt Ak n)
FRERELH T A WA RO AR B E 9 N R K
AP R T IS 7E F1 F2 F4 F5 F7 . F9,
F10 FHA BB L3 I BA SRR AE 7 D R 4
PREETHERE NS R, WL, MOBWO Hvk K g £
B AR IR, T LAFRAS O 5 A ik ok %€

F*2 BERRSBHIGD HEMITEE
Table 2 Mean and standard deviation of IGD obtained by each algorithm

PR MOGEO MOGWO NSGA-II MOALO A
Fl Mean 3.96x1073 5.77x107° 4.47x107° 7.67x107° 2.46x107°
Std 4.77x107* 9.73x107* 1.30x107? 6.58x107* 1.42x107*

- Mean 2.46x107° 3.31x1073 2.01x107* 8.67x1073 1.68x1073
Std 2.45%x107* 5.21x10™ 6.41x107* 1.79%107° 2.93x107

- Mean 8.91x107? 1.21x1072 1.09x1072 1.72x1072 1.28x1072
Sid 1.33x107° 2.43x107° 1.30x107° 1.94x107? 5.88x107

- Mean 2.48x107° 2.80x107° 3.32x1073 4.62x107° 1.93x1073
Std 8.79x107° 1.55x10™ 1.37x10™ 1.62x107° 4.93x107°

s Mean 1.99x107" 2.36x107" 4.99x107" 3.15%107" 9.74x107>
Std 6.12x1072 1.25%107" 5.77%1072 8.26x1072 1.53x1072

6 Mean 1.73%x107 1. 44x107 2.15x107? 3.39x1072 1.41x1072
Std 3.34x1073 2.76x107* 7.09%x107* 8.56x107° 1.40x107°

- Mean 2.10x107* 4.62x107* 6.66x107° 1.08x1072 1.92x107°
Std 1.04x107* 9.80x107* 5.75%107° 5.08x107* 1.98x107

- Mean 1.26x107? 3.50x1072 3.66x1072 3.53x107? 1.17x1072
Std 3.10x1073 3.03%x1072 1.05%1072 7.62x107° 1.60x107*

o Mean 1. 48x107> 1. 14x107> 3.43%x1072 3.06x1072 8.27x1073
Std 3.43x107? 5.49x107° 7.85%107° 5.03x107° 3.63x1073

F10 Mean 2.29x107? 8.09x1072 8.17x1072 6.91x1072 1. 66x1072
Std 7.85%107° 1.40x107" 3.05%1072 2.40x1072 4.06x10"°

52 ZHRRHERIE

H T BAEAS SO A =4 55 = A S 5T A
ALY | AT AT R ) AN ) %o L 230, A o % bl 52
55 B WL AR MK ( random forest, RF) . XGBoost . Bagging . 5
& L (support vector machine, SVM ) | 4325 55 [a] 5 4%
(classification and regression tree, CART) 5 78 U e it 47
Yo gt He S 56435 65 A PointNet | PointNet++ L &
PointMLP-elite $2 M =2 s = FF-AE, 5 PCT #EATXS 1L, R
FHIPEA 18 B5 N S AACOKS B (overall accuracy, OA) 51
K (average accuracy,AA)

1) =45 = 288 A

A543 HIAE ModelNet40 %4k 5 F ScanObjectNN
AR LT =2 s R S

ModelNet40 fis SE45 2 BT T =4 5 5 73 JE 5
T R AL 40 A5, 38T 12 311 A4 3D BEAY,
ASCAE B T #2037 K 9 843 Axf g M T2,
2 468 X G T,

ScanObjectNN $fE 5 A B 52 5L A it o 4 Ry A0 |

3115 000 G, o T = P AF T S A DL SGE
PR A EA S R B S PR

2) REES ) i m o KRNI RS

A BOTREE 2 2] )5 = o KN B8 52— )| 26 %
B, P E batchsize K/NH 32, 1%k 300 %, {3 AT e Y
FEALER & T B (stochastic gradient descent,SGD) 8.4k
W2 BCE B 0.9 AL E RN 0. 000 2, Fhh:~ &
0.1, A 5L IR KR W B A 2] R RN o] R
B 0.005, X FAEA S AREA BEPLERE 1 024 4> sk
ABI R =M g

WEE BMOBWO 57k (1) (H i Fp BE 4 i n =200, 5 K
AR T,, =1 000, At A A AL R =
FRAE_l Rt 5 P38 R TE ST AR JH 2, 4R s ) Bk
(RF XGBoost ,Bagging) 57 J5 453 CART, J T ¥
ANFEAILPE AT SR RS2 | A SO RS () B AN B - 340K
JE DA S OSSRy i 37 384 750 30 IR 3RAF A4,

- BETE ModelNet40 Fu i 4 I A9 IRA15 B9 40K B



- 150 - LSRR R e o

38 &

PABCFIREE IR 3 ~4 TR, b eR 1 5465 N i e

e W & AE ModelNetd0 BUHE 4 I %) B KRS B8 5
SEHIRERE | X BB HE Y HR B X SCHER, BT PointNet++ £l

PCT #£ X 1 SCHR 34 R 45t #E ModelNet40 4 4 119
SEYPRE BE, FEAR SCI R 4 R g B AT 45 R N B8
ScanObjectNN ${#84E [F] 2

R 3 KEETE ModelNetd0 HIBE F 1 S E

Table 3 Overall accuracy of each algorithm on the ModelNet4( dataset (%)

B REIE R I 2% RF XGBoost Bagging SVM CART AR
PointNet( 89. 2) 89.8 90.0 89.5 89.5 80.3 90. 4
PointNet++(90. 7) 90. 8 91.1 90. 6 90. 8 85.5 91.3
PointMLP-elite (93. 6) 93.2 93.4 92.3 93.2 86.9 93.8
PCT(93.2) 93.4 93.5 92.7 93.1 87.8 9.0

® 4 BEXTE ModelNetd0 £ % A FHREE
Table 4 Average accuracy of each algorithm on the ModelNet40 dataset (%)

BN 4% RF XGBoost Bagging SVM CART AR
PointNet (86.0) 85.4 85.7 85.7 85.1 75.4 86.2
PointNet++( ) 86.2 87.8 87.9 86.2 82.3 88.1
PointMLP-elite (90. 9) 89.6 89.8 88.8 89.1 82.9 90.7
PCT(-) 89.8 90.7 90.2 90.2 85.1 91.3
T2 3 14 TT LU HH A5 T vk 1 2 1 4R | ows U RF W XGBoot 5 Bagging

SAEAYY N SNEANY N 5 [
TR B > Bk, AR 4R 2 589k (RF XGBoost =
Bagging) ', XGBoost PEfEHH# , RF Fll XGBoost Y B AN 400l i 2
JELETT 3 FfR2% 13947 $215 , 7E PointMLP-elite | fIX T i ” ?
. 2 310
1% | Bagging {E PointNet |- i 3 AR 7 125 I 463 1) 50 7
Y%, FEAESE A S Bk (SVM  CART) 1, CART P ¢ 5 i 7
N . N N J S <

55, SVM 1T Bagging, 3 LA HAOKS FE 76 BT IR 100 4 1 ST A 70170 7
B 100 ? 88.3 90 ?
NP . N N I 794 |79 - /
SEEA TR 1 He, A SO 1 S VAR B2 P K 1 3 2 . xlle el

BT Hofly 5 FXE HLFEM, AT b, SR PCT 9 S ot el G

N . . . . . N PointNet PointNet++ PCT PointMLP-elite
IR SRS BE IR T PointMLP-elite , (A 45 & A SCHE L 5, A AR 4

ARG 3 51 S40K5 X R B It o B, 4 R 2 2 ) 1
TP RN GASCRILEL B )5, 78 ModelNet40 %45 |
F0 ARG T2 B D0 I 4 2 i 4R R T 1.2% . 0.6%
0.2% .0. 8%

AR SCE P (ours ) DU S AR B 2 BB (RF L, XGBoost |
Bagging) 7 ModelNet40 d54 b A 42 i MU e 4n 18] 2
Fi7R o AL 18 2 #2803 B AR T HA 3 R A )
S AR SR B U R /D | 8] PointNet , PointNet
++ AN PCT &M= 4E i A, S O AL 3 Fh
B L 2 Sk AR/ IME Y 50% 7247 AR JRE FE T 5

T BAEAS SO A B B R S EUE i o e
fig, i — 2 FE ScanObjectNN $045 48 [ i 47 % L 5250, 4
LISV 5 7E ModelNetd0 H4ii 4 1 1 525615 & AR ]
K HIETE ScanObjectNN £ 45 46 I 1 4R 15 19 B ARG B LA
KOPEPRE IR 5~6 Fin, B 3 A SCHE (ours) DU K
£ 1 F 2] B (RF X GBoost .Bagging) pan ScanObjectNN Py

K2 SFIETE ModelNetd0 i b iy 4 sUALBER HE

Fig.2 Comparison of ensemble scale of each

algorithm on the ModelNet40 dataset

AR 1B O XT LE

#E ScanObjectNN $H84E b #4748 ) XF L, 48 SC5 ik
B AR BE R YR BE X T o 5 Fhovt LBk, #EAT
Gl XL, 45 A A SCH K IS, PointMLP-elite 7E
ScanObjectNN 4L I U5 T 5 = A0 B ARG B 58 Yook
B PCT YK 2., PointNet, PointNet ++ LA & PointMLP-elite
SRS 45G S5, 1E ScanObjectNN B3 4E | 1) B4
FERS R HA 4543 IR T 1.3% .0.9% 0. 5%, 4541F 3
GIHT AR SCHAE (ours ) AR BRI iR/, {HL LA B &5 1) 43

25 LT A SO A S RV R, AT LU T
by = s Y [ T
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x5 &HEIETE ScanObjectNN $#E5E F I BAHREE

Table 5 Overall accuracy of each algorithm on the ScanObjectNN dataset (%)
PPy A TS RF XGBoost Bagging SVM CART ARk
PointNet (68.2) 68.5 68.9 68.3 68.2 62.3 69.5
PointNet++(77.9) 78. 1 78.5 71.5 78.0 71.3 78.8
PointMLP-elite( 83. 8) 82.4 83.6 82.1 83.2 75.5 84.3
PCT(-) 80.4 81.1 80.0 80.2 74.0 81.6
R 6 HBERTE ScanObjectNN #iE&E R T HEE
Table 6 Average accuracy of each algorithm on the ScanObjectNN dataset (%)
F SRR 4% RF XGBoost Bagging SVM CART ARk
PointNet( 63. 4) 63.3 63.7 62.2 61.3 57.0 63.9
PointNet++(75.4) 74.3 74.9 73.9 75.2 67.2 75.1
PointMLP-elite( 81. 8) 79.5 80.0 79.1 79.9 71.9 82.4
PCT(-) 77.5 78.8 76.9 77.4 71.1 78.9

mEm ours Xox RF  mmm XGBoost w7 Bagging

350p
300t &
372 ?
250} ; B
£ 200 ? ?
= i 130 7
® 150 ? || 4
Qé / % 110?
“ 100 N 89 /7 o lll
72N I 7
50 || 46 ? ||
B 30.3 7 237 ?

PointNet PointNet++ PCT PointMLP-elite I
F R SR 4%

3 HHEIEAE ScanObjectNN U455 I A% 42 B X He

Fig.3 Comparison of ensemble scale of each

algorithm on the ScanObjectNN dataset

4) Z Atntifb 5 5 BAR R AR BT B =4k i = 0 2%
PEREXT L

J T Bk 2 BARE AL BT B R T 5 H AR L A g
CETAL AR A SO I ARk ( binary beluga whale
optimization, BBWO ) 5 % 1F & X kb 55 1%, BBWO-1 FlI
BBWO-2 73l 267 LIXERE B4 6 A3 AR B 04 Ky
el AR EA 750 H AR 040 5 59 A, 3 P A B3 1 5 AR
X% HARMEALEE BT RT3

ARG OAVE Rt Ak B AR T 5 E bR 1 4 B
I | RS TR — > A B i e (1 3 2, AR SORE X
Hefilt e SCRANTIAT il A T 980N 22 B0 S50k B AL
YL L) 0A R BARIEATAE TR | 320 0 /ML
BECE N 3, 20 BI7E ModelNetd0 i 4 [ ia 1A 08
PRI FEAE 30 IR, A58 =2 i = A ARG B D
KA AR, ANl 4~5 BT,

201

EEE ours mx» BBWO-1 mmm BBWO-2
100
004 %02 913011 94.0 938 oo 93.8 936 o
S B
80 > X
4 5
o 5
< 6o} % 5
& <5 %
€ 4 5
I~ 40 > &5
< ’ ‘
e 5
R 5
e 5
R 5
R 5

2
PointNet PointNet++ PCT
F FRAE SR 45

Bl 4 Z BERFR E AR UL BB A AR
ModelNet40 $ifi 4 I Y A4S B

Fig. 4  Overall accuracy of ensemble pruning based on

PointMLP-¢lite

multi-objective and single objective optimization on
the ModelNet40 dataset

EEE ours BX» BBWO-1 mmm BBWO-2
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PointNet PointNet++ PCT
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Fig.5 Comparison of ensemble scale of ensemble

PointMLP-elite

pruning based on multi-objective and single

objective optimization on the ModelNet40 dataset
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