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Point-GBLS: 3D Point Cloud Classification Network Combined with Deep-broad Learning
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Abstract: 3D object recognition and detection based on point clouds is an important research topic in the fields of
computer vision and autonomous navigation. Nowadays, deep learning algorithms have greatfy improved the accuracy
and robustness of 3D point cloud classification. However, deep learning networks 'usually have problems such as complex
network structure and time-consuming training. This study.proposes a three-dimensional point cloud classification
network named Point-GBLS, which combines deep learning and a broad learning system. The network structure is simple
and the training time is short. Firstly; point cloud features are extracted by a deep learning-based feature extraction
network. Then, an improved broad '=leérning system is used to classify them. Experiments on the ModelNet40 and
ScanObjectNN dataset show that the recognition accuracy of Point-GBLS is more than 92% and 78% respectively. The
training time is less than 50% of that of similar deep learning methods. It is superior to deep learning networks with the
same backbone.
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73 ) H S N 1 s MR 2R IR I 0] 4y B PE I P A S
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Zi=¢p(XWp,i=1,--,n D \ﬁ (W3) FIS3E (HYLE" 10 SCRSE (65 R R AR,
o, W, /& #1 GBEAE B SR R R R ¢()j\33”5-ﬁ£f£ » W;EEI M ANER O LLAME S /INRFE LGS B R AREAE ) 2 2H %
R, T B 5 Z'=[Z,, . 2], ~ ica, (AT R, FA = [AAITENSN, FH456H 5y
5 EAMY BLS ﬁf@%ﬂ:ﬁiﬁ’%%, FiA, € RMXN R BLAL, WS A A A AR RO B

fE AN, FBERVE R Wy, BRI  faay erie, B SUIMEEATHIG AL

55 SR A A TR 1EI1Z5 Point-GBLS Y, it () PointNet-++FFfE 2

) HU 2% A1 GBEAE-BLS 47328 /28 2 73 I 2 ). an & 4

H;=&i@ Wi, j= 1,20 m (U2 g, (IR 240, % GBEAE-BLS 433

Horh, H, 2 Z' (i 4EReAE, BTA 34585 s H'=[H), HEHNEEREE. JZIRNEEN (512, 256, K), 3
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SN ERAS R A AR AHS REAS 238 24 1 RoR. DRk, 78 SGOTEAT IR, Bk, ) Adam fE IR TTIE,
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Iy IEE R
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FFIEHEHR 0 2% 4RI 4
Bl 4 B3 PointNet++752 W 45 45 1) [
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#ht GBEAE 534 B, 385 2 ) A5 25 A i 22 R AL 18 %2 B 2 50nT DL O 100 AR R e . HAROR B, R
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10) R[] flx) {98k TE R 23], MITTABIREA x HOTMAT 2

4 X
=6

Desk Display

£ 5 Ay

Pillow

A A

Sofa Table
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¢mﬁ0
R 1 | |
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3 SEIGIOE
3.1 ZWIFEMEXSH
NEAE P A 7 K BE, 7E Nvidia GeForce
RTX 2080 Ti GPU _Lf#i fil PyTorch 1.4.0 #H4T T SZL46.
W ZR PointNet++H{FAEFE HUN 26 B4 22 2] %9 0.001
i KN A 32 (1 Adam DAL A KT RFAE S EL AR HEAT T
150 il 5. GBEAE-BLS M| 2 B SCHR[17]9 I 2525 8
FIZR R, 18 AE 42 ModelNetd0™™, 4045 9843
ANUNGRREA TN 2468 IR FEAS, Fh. B 5 BoR
TR = Y 52:2‘#%&8’37@ \fﬁttvlléﬁafl‘m I
i F ScanObj CM BURLE, & B LM R EL SR ) 5
Tl 2 ARSI BT £ 15000 4% R FU b
SRR 15 RO, R 2902 A AURE S K dE AN
IEAEEERE RAARR . R, PR RIS UhR%,
T URAE B HOE BARAL TR B 6 R THL
ﬁé%ﬂijzé& ﬁ{:xﬁ%ﬁ’aﬂﬂ EUII@HD?&@EEEP,

airplane car

K5 ModelNet40 1 Eﬁiﬂi

Chau‘

Door
Sink !

Toilet

person plant

\ §
¥
i
=
&

G&'%ﬁ

B 6 ScanObjectNN s = FEA

3.2 7[5l GBEAE-BLS S #H4ER
N T K% GBEAE-BLS 732 X 48 1) ¢ 1 W 28 2 58,
MR BHREE AN GBEAE-BLS 2301 T Point-

8 LiteLiid
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i H AR SN A

RN, AR IR 1 2.
Wik 1 M3k 2 FioR, 24 N,=N,=10 F1 N,=1800 KT,
T R B R e i, TA B 92.40%, #E I T AR 2R ST K
2% PointNet++] 91.90%, il B Ffr 2 9 2% (1 A5 Rt
F 1R 2 AT LG E], 2 N, RN, [N 10, N,
BITEE, AE R 26 5 WA g n. 2 Ny [ 5E N 1800,
Ny N, 0BT, WA 26t 3 A BB N, X 58 I
AT RH L, R R R 2% P IR R 1 BT
ACEURFAE BB A 2 22 S EUTAR I A i)
M HERf % R B, Bhah, P2 R i 2 2 BT 1T
FAH, B N R A SR AR 2, dER SRR A ST
Ah, BAR Ny=N,=10 Fil N;=40, N,=10 I} [{)HEFE e rfs R 15
9 92.40%, 1§ GBEAE-BLS HI~F %Il Zk I} 1] 43 1) Ky
21.04 s £ 27.24 s, AR U, (AR AERf 2208 BN 2RI (8]
W, K, B Ni=N,=10. N,=1800 f@?y?ﬁﬁtﬁi’ﬂziﬁﬁ
RIEAT HE— DI Y '
Tl RIS SRR R AR R
(4 N=N,=10 It})

BOCHE 1 (V) HERZE (%)
1000 91.14
1200 91.43
1400 91.55
1600 91.75
1800 92.40
2000 91.99
2200 92.36
2400 91.91
2600 92.17
2800 91.99
3000 91.79

F 2 AFIEHEBE AR R R (4 N,S1800 1)

RHEBUR S 55 (N <N,) HEM (%)

5%10=50 L 9159
10x10=100 "y 92.40
15x10=150 & 92.16
20x10=200 91.55
25%10=250 92.32
30x10=300 92.07
35%10=350 92.07
40x10=400 92.40

10x5=50 91.74
10x10=100 92.40
10x15=150 91.91
10x20=200 91.79
10x25=250 91.79
10x30=300 91.83
10x35=350 91.79
10x40=400 92.00

33 FEFINZGREZIRBWER

1EWE T GBEAE-BLS WM 4 )5, #t— L5t
PointNet++HFAE $& HU#S (1) 14 58 Wi {A] 52 1 %2 4> Point-
GBLS HIHEFR G . 7£ PointNet++HHEFE HEHUES i1 2%
AR, TR IIZRE S RAF AL SR, F TR IX
B P Il 2R R I 2R 1 MK T GBEAE-BLS 43 KM 4%,
gE Rk 3 fion. & 3 W1, “Epoch” 37~ PointNet++4F
HESEEN AR I 5 F 3, FC-layers Ko & 4 Wp ] 4%
P20 FE M 4 O HE PR AER %, GBEAESBLS #oRx & 1
{56 il GBEAE-BLS 423 W 4 fi e BYE R % . I [ 2 7%
YIZRPTR 1AL, S

3\ 4 BB 5 GBEAE-BLS 157K R E LA VI 460 1)
TR R FLRE (24 Ny=No=10, N;=1800 It})

5 Epoch FC-layers GBEAE-BLS
EFE (%) B (s)  #ERZE (%) B (s)
1 0 5.72 27 86.00 18
2 1 47.94 44 90.70 21.04
3 2 55.60 88 91.06 42.08
4 5 73.59 220 91.10 105.2
5 9 81.29 396 91.31 189.36
6 21 86.64 924 91.39 441.84
7 49 89.63 2156 91.79 1030.96
8 59 90.04 2596 92.00 1241.36
9 103 91.42 4532 92.40 2167.12
10 150 91.90 6600 92.28 3156

PR 3 BT 6 47 /3 3 0T L mT 0, \RE AR X AR AIE 2
A HEAT 704 MO 45, S T I th AT R R4
L e, LS B BT 0 b 50 F,
ISEHL\WJ B SHVUECRFIEHE HUZS, GBEAE-BLS 728
YA R ATS RETA B 86.00%. HARFFIEHEE 28 5 & V%H
23 I Zx, (HE AT LA A 9 ARV ZR1024 1 [i] 5 ik
SERRAL, fR T MG A, HAEERIO24 I8 b N
F GBEAE-BLS & 1l 8. ¥ LA Il Zr A 1155
T, AEIE 2] 86.00% FIHERI 2, IX B T GBEAE-BLS
RO 22T 6e 0, BRI T AT BRI R % 2100 E 3)
It 25 AR [ IR 07 v R 3

W% 3 s, M GBEAE-BLS 732K M 2% 5% ]
AH AP 25 PointNet++4H& B () 4 452 2 AH LL, #ER
R, RIS SE R 2] T 92.40% ()5 s
2, 1M PointNet++ ] iz A % K AEIA 21 91.90%.
I, GBEAE-BLS 1] DL M 32 B4R A A 3 — 20 42 46 4
T, S m R

%3 P RN 7R ZAE IR A B .
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XFF GBEAE-BLS 73K M 4%, 24 N,=N,=10, N,=1800
i, YRt F2 T2 HERS 21.04 s. 2877, 7T PointNet++
(IR FE 5 2] 25 4E GPU )il 25—/~ $1IX Epoch -3
FEIN) 44 s, ML F, GBEAE-BLS 4325 W 4% )l ki) []
W T 52%. 1R R 4R b, Point-GBLS #4773
P & WA EG T PointNet++. 4 B B 520

XFEHRE, AT A F 86% HIAERHZR, I 24 > M
481F GPU _E4E%% T 21 4> Epoch, YIZRAF A4 15.4 min,
TR A 28 LT 40 18 s, A0 IR IR 2 ST 28 72|
2k 7 150 /> Epoch 2 J&, #EWIFIEIEARE] 92%, HilllZk
I [E) N FE T 110 22438, SR, $2 H 1 28 75 )1 2R
I IAIANER IS 53 min (IGO0, 728 59 AN A I HERf 2
FEIE T 92%. &2, 5 AR IR TR B 27 ) 1 3 R 4%
FAEL, 8 H A 7 30T UK 48 R I 2R [], I B 4
(HERR P RE. \ -
34 FEE—LSENER |

T it WG RN GBEAE-BLS 45224 11
SEIR B 2R, 0BG 2 B i B SR H TAS [ B A
H—A 525, — ki, MRS 2 BRI AN [R) R A1 38
B A [R] A B ARV ], T B8 9 R AR PR R A 3 A
SRR G FHAL R T PR AR B RRE
DTk, 8% 2# F Min-max Al Z-score JA—4bH L, ¥
AN [ (R R A 4 T80 AR R A BUE VG B AL 3R 4 B T X
PP — B ) SR IR 45 TR

R4 A TR W R R HEEHE R (%)

M3 5 AR, 20 0R R A RO 0 R B
Bt J2 B T S B KRS, HE R A R KR P
£ 53.22%, BB R BRE T 2806 AR R

EITAETT.

RSO GERE A A [FIHGE e SO AR R (%)

W R HERf %
None 53.22
ReLU 88.79

tanh 92.40

T GBEAE-BLS (11004425 1, B3 2 f2 e — K
A AL (0 2. i S 2 TR B9 8, GBEAE-BLS
43 25 ) 45 3l 28 B AR ZR R I R B, 2 S B RS TR

e 952 1 ReLU i1 tanh B8 50N, P92 11 4k 3
HERA R 50 )N 88.79% Al 92.40%, KA 4% i Hfi RARA K
MEHETE, Ui BHBE BR BUR B 2. 5 ReLU pREUAALL, tanh
R AIPEREIR T T 3.61%. XK A tanh BRELZE 0
tekar e, A BT 50 i Ae e AT S, mT BAYE D 22 )
AR RS, SRR .
3.6 TERRHIEE LA EAIELER

R T ISR BT R 5 VR Sk, FRATTE ModelNet40
IR ScanObjectNN HHE 45 L Xt pir i H 7Y 7 vk 3k
AT IIZRIT TR b, sk 6 F13R 7 A,

* 6 1F ModelNet40 F 484 L ISR 8] 1) H 3%

A—T7E HERf 2
None 91.91
Min-max 92.40
Z-score 91.71

Jrik HERR (%), = WIS TA] (min)
PointNet - 89.20 82
PointNet++ : 91.90 110
PointCNN = 92.20 130
Point Cloud Transformer 93.20 143
Ours 92.40 52.6

KA RRMY, K@ﬁﬁﬂﬂ—ﬂﬁi%ﬁﬁ‘/ﬁﬁﬁ%ﬁ?ﬂ
91.91%, Min-max JA— 0 fEHERE 2 5 T 0.49%, 1 Z-
score JH—{L SEHHE T T 0.2%. iX 2P, Z-score
A — AR E AR AR A B N =y B oA (E2,
TR S B B A R = BT 2 A, 3 — s ST Re kA
FE& T, BT AHERR 226 BT T B, A5, Min-max JH—
PSR AS o B A AT AT AR ¥, B I A BB T Bl
PR 2. DAt 2R T Min-max JH— {502,

3.5 FRIBIERBEIE SR

N T PR R] Al 2 B oR BN X 4% 1 5
FESE TR E > BB T ReLU. tanh ANTCH0E B 4L, 45
mk 5 for.

10 % i +Z5iR Special Issue

F 7 {E ScanObjectNN HHREE LIl ZRt (] 1 Lh 3%

J7ik: HERI R (%) YIZRAT ] (min)
PointNet 68.20 105
PointNet++ 77.90 141
PointCNN 78.50 162
Ours 78.30 87

H % 6 ] %, £ ModelNet40 ¥4 b, AT J7 %
TEER 2 EAR T RER 4 W 2, ELIZRI 1) e, b aiyR
J& 2% 2] ) PointNet++ill ZRI [ 45 55 17— LA b, 1 6f
HEEE T 0.5%. B3R 7 Al A, 7£ ScanObjectNN i
£ b, T DX 246 P v A 2 0 AEDOT SRR, I R B T B A
Bk, X RPN ScanObjectNN i 4 4%t T Model-
Net40 HE 4 5 A 4%, EAEUIZR. AT b i 7 ik A
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i H AR SN A

R Ik 21 f e R A 28, (FLZ BT 75 I 5 B 1) 50 448 05 0 —
e DR b, JE O A B 4R B IR ) b A, BT RS
FI BT HE H 5 IR AR A R B DL R, T 7 I TR K
Mgk
3.7 5HM 3D S EFEMEEER

G, B AR SURTHE tH I 2 O HERE 25 3 5 HA 2 AR
FRANEM — 2 =Y L 3 RITVEAT T, 45 Rk 8
FioR.

%8 SHAh 3D HAEEINERELE (%)

JriE TERIR
VB-Net 83.99
VoxNet 85.90

Subvolume 89.20
MVCNN 90.10
PointNet 89.20

Point-BLS 89.69

PointNet++ L9190

Ours " 92.40

b2 8 Tl B RESRE P S A B A, 4R
1 75 2 R T R UG PointNet++1 14 f, TR %
ik 92.40%, IXIEH T GBEAE-BLS H f )% > fig
41, 7E Subvolume H, W 7 N GL 1 JE F AR 2 (1 )5
SRR S ZHE, FAAE ModelNet40 44 b 15
I3 RUERI N 89.20%. £ MVCNN A1, fF 78 A 53 4
T TR TR RS 5 7 AE, JL7E ModelNet40
Kol 4 b (5 o RAER RN 90.10%. 1M A ST
PointNet-++ 11455 AEFR BT 145 40 S HERf 22 20 B 42 5
3.2% F 2.3%, X &I 5 H Tk 3 AL T AL B 1) 5 A
Bt., T A5 BV B 2 30 5 1 RE W A R B = TR S
B, I BE LTI 55 R

4 GRS ER N

ASCHRE T —Fh W BN =4 55 = 5> K 2% Point-
GBLS, ECRHRFE S SIS B 22 ) R A £ — . F
FH BT IR B 24 ST 1 M 2% PointNet++H2 LS =45 1E, 4R
J& M 58 B2 2] RGukAT 732K, SEBe K W], 5 PointNet.
PointNet++#H Lt VR 257 2] W28 55 58 B2 22 2] RSG5 &
P 7 HEE A AERA P, T LIRS [R) K K 4 4. BeAk,
A58 VR B 2 2] TR N SRR A S B A A 5 17 X 285 1
PRUERTE. AL, 3R A Ve Sl B R =
3R B SR AR B FE A ) R G T R R
FE ) B 53 BT S
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