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A point cloud classification and segmentation algorithm based on lightweight
networks and weighted RF
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Abstract: To address the issues of high computational cost and complex network models in point cloud classification
and segmentation methods, a point cloud classification and segmentation algorithm based on lightweight networks and
weighted Random Forest (RF) was proposed. The algorithm achieved efficient classification and segmentation in a
hierarchical manner. Firstly, to address the issues of multiple layers and complex computation in traditional neural
networks, a lightweight neural network was constructed to extract point cloud features such as global shape,
inter-regional relationships, curvature, normal vector, and color, thereby achieving rapid rough classification and
segmentation of point clouds. Then, to address data imbalance, an adaptive classification and segmentation strategy
was designed. By introducing a weighted RF and combining inconsistency-measurement screening with
dynamic-weighting optimization mechanisms, fine classification and segmentation of point clouds were achieved. The
algorithm conducted classification experiments on the ModelNet40 dataset and segmentation experiments on the
Semantic3D dataset and outdoor-scene point-cloud data. The results showed that compared with Local

Geo-Transformer, PointNeXt, and FastPointNet++, classification and segmentation accuracy increased by
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approximately 1.9%, 1.6%, and 1.7%, respectively, while classification and segmentation time was reduced by

approximately 40%, 30%, and 20%, respectively. Thus, the proposed point-cloud classification and segmentation

algorithm based on lightweight networks and weighted RF can effectively reduce the training time of the model and

improve the efficiency of classification and segmentation while maintaining high accuracy, making it an effective

point cloud classification and segmentation algorithm.
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Fig. 1 Framework of lightweight point cloud feature extraction network

PIRTHE N KT &, 1T LA B RUZ DL MLP
= RN Z Z LN, R ESE
FUFI MLP #BHATHRFESEEL, BEREIRBUESE I S = hr
ik, XREA R G ()T ITES

2) fEHZE SR s B ) 4 R LR
AR X,V 2 A HARARFE . FEALFRAFAERT
B AR VA s PR 4R B AT U5, T
T A ERAR AL s (MO0 2R, T8GR T 2 R T
FHREE R 1x1 BB R UL BE B ORAERFIE S USCR,
N e Kigwb 2 50E

3) A JEih AL SRNE . 7 E VI IR LS,
80 FH 42 5~ B0 AL B AR A BRI SR G il —
MNAEJHRIE . XFEAUI D T MLP 5 N 4E R,
FRAR TIF R AR, IR T RN RRE 4 FE (1) 22 22
5o DR JR Tt A SR W 7 SR AEARRAIE 5 4 2 11 [ e
B TS E .

4) A ERRE RO R B B BRI A
Ll N = 2 < S (<N AL T vl 2 B = 5 N (1
ReLU Wi R #, ] 3k 5 PR 53 2% S0 R 00 R 10 =
THETFFES . ] ReLU ] LATEREJZE Hidi b s 4 /F
IS e, T PR FFIEAL A2 AL, IR = Rus .
1.2 FHELRE

EREMME I, B EERES R
H R BOA [F] 2 R REAE « 5 U2 8 SR AE
JR R DX ek Y N B, AR AR B (AR . 5
BZ KN RIxL(FHTZEER), &6 H8andion
Fl, ATIEAS SRR AL .

BN EE N X e RN, b ¢ N
WIEE, N ORISR, BEEF eR G, H
HC N HETES, TR SE, BRE
W)

Cm
Y[, j1= Y WI.il- X[i, jl+b (1)

i=1

e y e ROV R HAFIE R YL J1RR5E T
SRR s e RO KRB
iy WL FoR5F BT 28§ AN N B IE FIBCE M) &
X[, j1F27R 58 i AN TE BB A RURFIEE s b e RO
FREEAN i T e B

EMCKH 3 Z BB, K —Eaiitas
() JR B JLART 25 44, T a2 T P R B O JR Bl oy B A
X 1HHEAA

YY" =ReLUX'*W " +p") )

Kb YORRE Rk, vV e RV KiER
T JZ0%I N ReLU BU&E A% 51 NEZ 1,
ReLU(x) = max(0,x) » A X' Fls— 24w
HELMA S, « RoRBRURE, bV RRE— 2
B,

PSRRI IS, BIEE RS 24
JREERIAE I, a0 SR TR R 2H - (1) 2~ T 5t 1)
HZ R HONRHEE, JHREE T B SRR E
B mEBEZEERSEREERENRR, MR
MR B A JRRHIE « X SRR S 20 18 42 )=
SN ) =i IS N o3 = B o (L A - = W

Z—Liﬁ”
NG 3)

e SETE SURFESR T35, DRI S B H)
ERFR, ZeR KRt mIHIE.

TEA PG, P —)Z MLP ¥4
FUZ SR 42 R AR WL D SR B RFE R R o 5
1, HEXNRQ), HILR K X" %8 MLP 1%
HAEHIE. 2 )5, FRRARFAEm A & o o a5 . i
S S



146 HHEAEIE 245 P s

2026 4F

Y = Softmax(X"W,, +b,.) “4)
e
Softmax(x,) = Z < ®)
e J
J

Reb: W, e RECRIRGEGEIEIBE; by, &
AR EIZME : Softmax R IH—{L K%L,
IR S R 0 A
gi bRk, RIS, FARFERS
PRFIGER, IISEI R SRR K0 El.
PO RF S50, % i AT HE— B G 73 20 H

2 ETMIRF R ZRBTEE

BTH - EVEEE R, IR RF AE A28,
BT A5 S5 E, DR B A T4 S 801 45
53 FIHER BEA 15 1) )

2.1 RFEHERR

F T B LR A R AE BE WL B BENL M, RF
WA R B — e PR R ZE I W SR, T 52 ) i
AR RTINS FE, JCHAEHARRHE TR IO T
FEHNE RO, X S ), DLy 2R ERE BEAE
S RIRVERE BT E TR bR, THEAE S RE R ER R SRR
(1,1, T,y RIS ERE 04, (i =1,2,--,n) » FF
P e RS BEATHET [R5 Bk 7928 55 F0KS BEAIC
TV 53 28 BIRE L B TR SR, 49 30 a0 kS BE B 3R
BT, T Ty (u < n) o

RF 1EA—FhEE Y, SR8 Red =028
S EIEREANZ AL BE 7, (H 40 5 P 0 A0 AR & ) BT
SERIE T ARL, 2 BRI AR o BRI
), BT R 2 b R B 7 R VR AL 4 e A2 Ak e
71o fEMR A — B 2 (Disagreement Measure,
Dis){E NP 2 FEVEfT B 48 A

Dis s2ME 2 PR Rbhg 2 04—
B, A B KA R R TR BT AL ) 2 AT
e, HEX N

+ D,

Dis(C,,C) = e (©)

At: py, Fonor FE ¢, BNE R ¢, T IE Y
FEARKLG Dy, FoRor 3 ¢ TINIER I ¢, T b
PIREARE D RomBAEARSE.

2 Moy 2RER 1) DIS HIHUAYEHZ[0,1]. DIS %
AR, 2 AN 2 A1 2 PR VERR I it 2 s 5
RZZFEVERE P B S AI

FIH (D)X RF FAE 2 2 AR S5 1) DIS 3t

73
}T%

TS, JRFENGERET, AR ERR, B

Disy . Disy p. . Disy T
Dis Dis
Dis = T4 n.T, (7)
Dis . Dis
Tp.T; 1,.T,

EFE N RF A —SUZ 2R G, Ed e
— 2 B R A Dispy e ? * DisTi,T/ < Disqpen PO
HIR SR AN — 2, AR IREH) u BRIk SR
1,1y, T3, (u<n) 3R v DK BE, WK
Sl Bk i 4 2 oy EIRG FE Bt i R TR SRR, 2 — A
EH v DREWEK RF 3K {((1,1,-.T,},
(u<v<n)o
22 IS HEHEE

R A LF LT AN R () FFE B 2L S RF
VAR AR B B I AE G R FE R Y T — Bl A 5
J7 3, AR E B DAL 32 B A T A SR AR AR &
TASAN R 2 Mo FEBLIEAR |, $RHE SIS EMNAL
SRR B RAEA S5 5 BT SR, (8 RF LAY B ks
1 H B2 H &R o i 5] N R B 2% 5 50 280
FIES R A VPAL, DL B E 5 R AT
BLA, 38 R R 1t R

5, AMUEETRRAMEHE T v R AR
FROEEE B, I v HAE SR AN R B 3 28 50
W Ero (8 FHRHIE 38 B A4y Ry BhR 2 A &
Tetr KBNS E, HERbrtEA N
W, :M (®)

E +¢

A W RRRHER T IIRE:  p(H,, H) LRk
HW T RHEE ML S RF BARRRE HE A H 2 (5]
IR R KR R/ B, RoRTEE], RZ SRR
AN ER S R BIENRE, e RoRBi kBN
TG

Hk, FERRRCINZRrh, & 2 U B 55 RFE I KA
i, FE HBHERFERCE , {8 AN F Ik 5 At 0
I RBEAFAE, BRI . BURRAE f A
YERI(f;) » WZAFAE RRAE M R S O

I(f)”
P(f,«)=d(L ®

Z_:I(J"j)“

Reft: o e[01] FRHEBEL FFHbl e
VSHSE 2 8RR . 25 o BT 0, WFFATREAEFY
TR T T4 % o B 1, WS{RE T &
BERE. S5, AT BRI R A,



1

BT, 5. TR EHMEFIMA RF (#5203 20 E B35k 147

FIN T BE BN - RRFEIEACHISE T BRI ZR
LR, BRSO DR AR Ik (R RAE S
PRI TSNS T B fE - A5 PERE TR AREIE ST LEE Y
AT, WHE ISR, BRI
23 REBDBEELR

FEXG 73 SHAEFR 73, e VR SRR RTIN A 2> $ ) ik
BUs, 2R RIDHRAT

BB 1 R 5 FER U AL 7]
BRX"eR?, Hrhd RoRFHELEE . R
REAE [ B X N B R HE

PR 2. XTI RF AR VSR 7, (L
i=12,-N, HNANRFMEEDE), W 12545
NFFIE X HEAT 73 280, At — NSO T 45 2R
v WH, y NEEUE, RoR TR SR AREE .
DR DR TR SR 2 R O G s A A AL RE T, A
Dis A& 2 PR TINS5 R A — etk

B8R 3. SRR T 0B TR W, GRS
A AR N HCHE )RR EE AR A7) 20 B R R B
SUHEBRE

P4 AN FK e, eC, BRIEMNETH

S(e) =2 w ¢y =cp) (10)

X Ci=¢) BBy, =¢, WAL, HFRAO.
7 AR ARG 23 R AIE, 5 NREAE EE R
FE o I B FRIE AL, BhAS T BB E 5 R AE R0,
AR ALE AL .
FB 5. AT RA g, N7 26
Al B
Viinal = aVg Tg}gg S(c;) (1)
Sk EIEE, RS KB SRR
(Overall Accuracy, OA)E N i = 50243 EIVE 15
br, B
_ TP+TN (12)
TP+TN + FP+ FN
e TP RN AL TN Y IR B 5 52 IR A
AH: TN FoRBERLTRI A5 BB SR S iR
AH; FP R TI TR ESE A ] i R
AH; FN R BRI oy s H 5 S TR A
K

3 SRWHERSHh

3.1 SZEHIESSHKE
S8 % F ModelNet40 %454 . Semantic3D %k

I3 5 71 = A0 37 S5 B AR D SR AR Ao ) K K
. ModelNet40 & Princeton K=ZFHl1EFH A8
BoagREIEE, B5 T Airplane, Cup, Flower
Pot, Desk Ml Guitar &5 40 N 12 311 =
Hed, FA 0 GREE AR EE 2 A 9 843 AN
2468 1, W 2 Fion. fEmanEUES S, =ik
WRBIRAFEE R WA EEER, wE 3
Fi7K » Semantic3D (¥4 5 = A7 s AR 42540,
FIAZEIg R s, SRS, B, WAR%E
4). R ERN: M EET, BRI
222134 0.001, Batch size 4 32, Epochs 4 250,
P 2% bR B A2 SO R, s R 0 ReLU,
WA Adam; fER oA HHIES, A —HEER
E9 0.6, ZNARUE THE T RRE 8 2RI 48 404
FHRE, TS a BN 0.5 P BEAHES
SHRFIER AR E, JEIEELSLE 5 R ILIRTH IRAT &
1%k,

2 ModelNet40 #55 i 2 Hidfi
Fig. 2 Partial point cloud data from ModelNet40

3 Semantic3D B4 1 B
Fig. 3 Partial point cloud data for Semantic3D

o EAN R R S

Fig. 4 Partial outdoor scene point cloud data

32 BHEERRERMEGT
L5 9024 P 0 40 S22 DA 7 BRI 7E 53



148 HHEAEIE 245 P s

2026 4F

TR, TR E S B SLIR R, REFH
EMSHEESE | RFF—5G B NZEARF
S EUERT Z L5, #E REMS R E .
HAAGDIRUE

HB 1. B R EHGETRE iR

DL 1 $2HERRTAAHEZE S JEn, &8 3 AR L
SEG: A A N 2 EER, JEIEE (32, 64];
BB N3 EEM, WIEH [16, 32, 64]; 1A C
N4 JZER, WIEF [8, 16, 32, 64], Fuimid
BB A2 ISR A4 B, SRR AT 4) 25 4)
FUES BRI, FE AR TR S5 E
SPERERIOCHR, DAL A B2 AN T 5 B8 U5 TR 1)1 45
Ao BT SEEGIE I 2 ANE B TUE REEIURFE, I
AW B 40 AN HH . A SR I ZRad
FEZFTENREAS Epoch FIHERA2, Epoch {H 4 250,

SIS RE R A R B[R ) R R, AR
B C HEREEZ, #EmRIRZE; HE B
1E 250 %Il 2o AT S = dERR 2R 79.58%, RIUL
FHARARRY; Fesk, #M B fETHEACR 5 RE 2 )
KB 7T, B3 ZERIRT 2 EERA4 =
L,

FI 2. @ AFREER 3 ESR o hEE
TR

LT, B4t 3 JZERETHER
REWREER, HH T EEREEN 64, FEU
RURE R 22, LR E A, B, C L 3 4% Ebsid,
16 3 EEBRMEM L, SRR %E 128, 256
512 famaE A, It aE T B B AR R
AR

SIS EE R 3 AR 43 2K BIRG EER, (H
MRS BT TH, R AGEE S 128)1ZHuE /)
TR BOEIE$L 256)FI Y COEEEL 512). (AL,
HHE 3 R G REIERCN 128,

HIB 3. WA EET MLP i s iRt

WEAEM A, B C 3 3 HxFsLig: 12
MLP, #iHi@EiEECN 128; 2 ZHHi@EEECN 128,
)2 128, FE)Z 64; 3 2 MLP, Hii@EECN
128, HH—JZ 128, )= 64, H—=JZ 32,

Sege 3 AR RS i B ASIA B T 92%, {H2
R A s HER/D, WA B f1 C 4510 T
2.36%7%1 2.68%, FrLLEFEBIA A: 1 2 MLP.

zi FRNR, dliEECN 128 1) 3 EHBM L AGE
TEHON 128 1) 1 2 MLP 4 B4% B 24 A 4 W 48 4

FEf AR, FLI R R B
33 WBRBEEBESH
7t ModeINet40 ¥#fi 45 rh i B 4 2% LS
Ji 46 RE. SARHERCEMR A RF . 5 A0 20 F14S
WRMA RF. BIASBE PR E A RE(ARSCH
) AT EALERIE E B 5 45 20 B R L
A VARV BE (1) TR, A3 F 99 AE DRk T
BEATVEAS, RP
P

IR = enhanced
P

R e Py 07 18 P UG R G 11 3905
SR 5 OB R SR BRCOERR . F1 50505
Pt % DU AR TS (OB R

F1 3%t 5508

P
original (13)

2xTP
T 2xTP+FP+FN (14)
A TP RN T Sy 145 H 35 S8 IR R RE
ARE FP R II IR 37528 B 451 1R
AE FN R w0 A 5455 5 52 8 R4 R
R 1BIRT 4 FhsLiGpRI7E 73 2R R FE L F1
S GIRFIE DTRR IR T R LL &
F1 ARESWEREEMREIEFRP RIS

Table 1 Comparison of different experimental models in
each performance index

R 0A/% F1 IR/%
JiE RF 85.30 83.9 -
FRASFHEREMR A RF 87.10 85.5 15.6

AR BHGRRMARF - 86.80 85.0 10.3
HIABA VSR ENAL RF 89.96 88.1 32.8
e IRBERE R R A

MFE T ATRUE Y, RS VRS RERAE 73 38 70 B
RE(ER AN F1 2080 B BALT B — e hr vPAh AL
RURFEAEREHLARAR, HECE PP BIA et sl 204
VAR AR R AR S, SR TFS9RHIE R DTRR 2,
335 B SR ALY 1) B R AN AL RE
34 DEPEERSIIEES
341 A=pkFRims

18 FHAS SCELVEAE ModelNetd0 $di4E [ 347>
e, LI GBS A ER 23 AT 9 843 SN
2 468 4>, Hrp Airplane, Cup, Flower pot, Desk
A Guitar {73 K45 RUNE S s

HE 5 o LEH, A SCHE K] R R
ModelNet40 ] 40 > H i [F] —RFRid N [F] —F



5013

B, 45 BRTREHMEMIMN RF 8 &8 =50 28 50385k 149

i, 4. Airplane ¥ . Cup AT Flower pot
AR, Desk NZEt. Guitar NE

(®)

(©

(d

2 ¥ 4\
\p '\ 0 N
® W= Q® @ o

5 RSCHELE ModelNetd0 Hdls 5E 545 i85 70 45 R
(@) &HL; (b) HTs (o) A (@) =T (o) FHith)
Fig. 5 Point cloud classification results of the proposed
algorithm in part of the ModelNet40 dataset ((a) Airplane;

(b) Cup; (c) Flower pot; (d) Desk; (e) Guitar)

342 EEpFERER

R 7 1 2 NS = R TK € 4 SRR S REZ = AT
7t Semantic3D #5 5 = BdE L T E], g5 R
Kl 6 frs.

6 ARSCHENETE Semantic3D B4 sl o HUE p o EIL
Fig. 6 Point cloud segmentation results of the proposed
algorithm on partial point cloud data of Semantic3D

H& 6 Pron, ALK Semantic3D #i7%
Pa o RO t) RIARCE (). ER(RG). HAlk
(REE )4 N5

il AR S0 AE 5 A0 37 55 R AR i = Bt b kAT
ol SR 7 BR .

7 ARSCREAE RSN SR G RSB S EI S R
Fig. 7 Point cloud segmentation results of the proposed
algorithm in the original point cloud data of outdoor scenes

7 TBVE I, AR =AM R A B
BRHM(E ). Bzt BREER). ARG
). HAb(LL )5 #r. BARgE T an &l 8 fras.

8 AL REING R N m B Sz
g gy
Fig. 8 Details of the point cloud classification results of the
proposed algorithm in the original point cloud data of
outdoor scenes

MIE 8 AT LA HY, BIMEAE % 4h7 5t AR 1 54
PR 22 AT RIS OL T, A SCREARIH ]
PAKFREAS 70 X 23 R
343 AEZHEDERRERDMN

£-%F ModelNet40, Semantic3D Hi2Hi£E A0
FEhN RS B, RAH MVCNN, 3DshapeNets,
VoxNet , PointNet , PointCNN , PointNet++ ,
RG-GCN, Local Geo-Transformer, PointNeXt,
FastPointNet++15 4 SCE VLR AT X EE 5258 . AN [A] Y
Z87F ModelNet40 £ #i4. Semantic3D #B7;F i £E
M Hh 7 5 R S BRI 4y oy 88 R IR 2.

HEE 2 iR, ARCEIELE ModelNetd0.
Semantic3D 1% A7 5 ml o HAE 5 FIR I B
FERH . 1E ModelNetd0 I, ASCHIELL 93.23%H)
R R A, BIRLE PointNeXt(92.81%) i F+
0.42%, [FIN S HE(2.36x109)F /> 5.60%, I
(] (143 min)F1ELN P BT (8] (0.39 ms)33) A B
o 7FE Semantic3D ., 91.80% H #E i R Hic &
2.50x10*1) 2%, LA K 55 min YIZRES (8] F1 0.70 ms
P, BRI BOEBURIERE . B4R AR
Bl 91.24%MHERR S 3.51x10°H R ES 4
&, PR T EVERIE A

526 E, MVCNN 2T 2 MABE T, B
MEBARB AN Z A 2D BUR, d i B2 i 2%
BEAT AL, HARBENSH ] BCGARY) 2D B AL B R,
AR EESER=4IER, MRS EE
Ko WNZRIF IR, HERRRCRAR, wE LA 2 SEPR T oK .
3DshapeNets il VoxNet #k ik ZI KR, o B
B R ) = 4E PO RS BEAT AL, SRR IR AL T 1%



150 HHEAEIE 245 P s

2026 4F

*2 TRIMBETRHIER LHERITEE

Table 2 Comparison of results of different networks on different datasets

Ha g I £ ¥ OA/% WIZEISE)/min - SN R 5 I 8] /ms

MVCNNI20] 1.280 0x108 91.10 500~800 8.40

3DshapeNets[2!] 3.400 0x107 78.52 1200 15.00

VoxNetl22] 8.900 0x10° 84.02 360~720 5.20

PointNet(23] 3.540 0x106 88.53 254 0.82

PointCNNI24 7.850 0x103 89.32 600~800 1.50

ModelNet40 PointNet++! 1.480 0x10° 90.50 663 11.23
RG-GCNI8 2.200 0x106 91.00 700~900 2.50

Local Geo-Transformerl®! 2.500 0x10° 92.50 193 0.54

PointNeXtl!0] 4200 0x10° 92.81 180 0.46

FastPointNet-++11] 2.500 0x10° 91.57 150 0.42

ARSI 2.359 4x10° 93.23 143 0.39

MVCNNI20] 1.150 0x10# 83.80 550~750 7.20

3DshapeNets/22! 3.500 0x107 77.50 1100 17.00

VoxNetl22] 1.200 0x10¢ 81.80 270 5.40

PointNet(23] 4.200 0x10° 86.50 200 3.00

PointCNN[24! 8.300 0x10° 88.50 375~525 5.80

Semantic3D PointNet++7] 1.450 0x10°¢ 89.90 640 8.30
RG-GCNI8 1.400 0x10° 88.80 550~750 6.80

Local Geo-Transformer!”! 5.200 0x10° 90.10 90 1.40

PointNeXtl!0] 6.500 0x10° 90.51 80 1.26

FastPointNet-++11] 3.800 0x10° 89.83 65 0.90

ARSI 2.500 0x10° 91.80 55 0.70

MVCNNI2] 1.100 0x10" 84.56 1700~2400 11.40

3DshapeNets/22! 3.500 0x10° 7821 2900 21.20

VoxNetl22] 1.500 0x10° 79.34 900 7.56

PointNet(23] 3.000 0x108 84.62 820 5.60

PointCNN[24! 8.520 0x107 87.24 950~1200 8.12

IR R B PointNet-++7] 1.200 0x10° 88.27 1450 10.34
RG-GCNI8 2.100 0x108 88.43 1400~1600 8.23

Local Geo-Transformer!”! 3.318 3x10° 88.96 190 3.40

PointNeXtl!0] 3.200 0x10° 89.11 145 2.30

FastPointNet-++11] 3.200 0x10° 89.56 164 2.90

ARSI 3.012 3x10° 92.24 90 1.46
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