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Abstract: Laser point cloud classification is the basis for 3D scene understanding. In order to solve the
problems of insufficient feature expression and unbalanced sample categories in the classification of large

scenes of airborne point clouds, this paper proposed an airborne point cloud classification method that inte-
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grates edge convolution and global-local self-attention. Firstly, U-net was used as the network framework
to integrate Point Transformer and edge convolution modules, so that the model could pay attention to
complex ground object boundaries and texture information, and obtain local geometric features with better
expressive ability. Secondly, a self-attention mechanism that integrates global context information and lo-
cal structural features was innovatively proposed, and the global self-attention module tended to the infor-
mation of the entire input sequence, while the local self-attention module pays more attention to the details
of the local region. The combination of the two mechanisms enhanced the capture of long-distance depen-
dence and local structure, and at the same time, the model could take into account the key features of a
few categories, reduced the impact of sample category imbalance on the classification accuracy to a certain
extent, and helped to improve the classification ability of the model for complex ground object relation-
ships. Finally, the proposed method was verified on the public ISPRS-3D dataset and WHU-Urban3D da-
taset, and the experimental results show that the classification accuracy of the proposed method on the two
datasets is 82.5% and 87.4%, respectively, which is better than that of the classical networks such as
PointNet+ + and Stratified Transformer and the ISPRS 3D official website competition network, which
can effectively improve the classification accuracy of airborne point clouds.
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Fig. 10 Classification results of WHU-Urban3D dataset



3666 b=

K % T

32 %

10 1E 4 43 ), e g SR Ml T 09 43 B 8OR B
W F1Ar BB T 90% o WE B T A% SCT 42
BENGERS2RF-RHE A EE Tk mA K
PE o H HY T A b A 108 P RRE L, X 43
iy Wy 1) D3 A7 A — s KR, 91 i ) &b Ha, Ty 2 43
SR — i, O Kb b T 43 R FEL B
3.2.3.3 EEAM

R AT RO T R R
(4 TR 9 0 B O B HORS B L 3 [ R A F 120 %
ISPRS-3D #4243 45 ik 2 frm . vl DLk
B ARSCRT R B A I GBS 2R -JR A T
BT 0 o ORI o B AR AN 325 7K 2 T8

RGN F LA EOE R T 90% o FEMRRAE g AR
A F1 - BGE R 80% 247 . XTIk, &
9, AN 5 HE R 28 B F 1A BO0E 40%~70% 2
] o FR T AT L2 0 A S A E Al v BT o L BN DA
55 H A 2 ) 4y SRR B, 5 OB AR X AT
HEAT A2 B AN AE A 2 500 4 2RO — L F L
SPEUE T 40% . MR VB HE R T DL & B, 4y H R
— M S5k o A7 2 THURTAR A5 M) T AR X A T 2k
FIVE A 0 IX 43 Vo s B 1 e KR i), AR 3R
LI H 7 4R M) SR R ) A R A 4 R o
WHU-Urban3D % #fs 4 43 25 45 B an % 3 i
Ro AT LLUR IR, A SOR R 28028 5365 T 545 1

FR2 ISPRS3DHIEE NS LKERHBBEMERITM ISR

Tab.2 Confusion matrix and evaluation index of the classification results of ISPRS-3D (%)

Class p_l v 1s car fh rf fe s b te
p_l 33.5 0.3 0.0 0.0 0.0 31.8 11.7 0.2 22.6
lv 0.0 73.0 9.8 0.2 0.4 1.3 0.4 6.4 8.5
is 0.0 3.6 94.9 0.3 0.0 0.3 0.2 0.7 0.1
car 0.0 11.2 14.0 58.2 3.7 2.4 0.6 8.6 1.3
f.h 0.0 12.1 1.6 0.6 24.5 1.2 0.5 48.1 114
r_f 0.1 1.4 0.0 0.0 0.0 93.7 1.7 1.4 1.8
fe 0.2 6.2 0.5 1.6 0.2 23.1 50.1 5.8 12.3

s b 0.0 15.6 0.4 0.5 1.3 3.2 1.9 53.2 24.0
te 0.0 4.7 0.0 0.1 0.2 1.7 1.3 8.7 83.4
Precision 69.6 85.1 88.5 77.6 50.5 92.9 70.9 43.6 77.4
Recall 33.5 73.0 94.9 58.2 24.5 93.7 50.1 53.2 83.4
F1 score 45.9 78.6 91.6 66.5 33.0 93.3 58.7 47.9 80.3

%3 WHU-Urban3D ¥ & 5 K 4 RRBERERIENIER

Tab.3 Confusion matrix and evaluation index of the classification results of WHU-Urban3D (%)

Class b d te v. g I v l.g e c g.d ot v_h
b_d 93.2 2.7 3.4 0.3 0.1 0.2 0.0 0.2 0.0
t.e 5.2 79.0 9.3 4.7 0.4 0.3 0.0 0.3 0.9
V. g 3.3 2.6 88.5 1.3 0.0 0.0 0.5 2.3 1.6
l_v 4.2 5.2 8.9 74.1 0.0 0.0 0.2 5.1 2.3
l.g 10.6 17.8 8.1 0.2 51.7 7.5 0.0 3.9 0.3
e_c 8.1 4.2 1.3 0.0 6.9 77.0 0.0 2.6 0.0
g d 0.4 0.1 2.7 1.6 0.2 0.1 93.3 1.3 0.4
ot 9.8 5.3 7.4 6.0 6.7 8.2 1.9 51.4 3.4
v_h 2.5 1.7 4.3 12.7 1.3 0.0 11.1 7.4 59.0
Precision 92.8 92.2 86.1 74.3 81.3 77.8 92.5 60.8 78.1
Recall 93.2 79.0 88.5 74.1 51.7 77.0 93.3 514 59.0

F1 score 93.0 85.1 87.3 74.2

63.2 77.4 92.9 55.7 67.2
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A R AT 43 2 90 A0 R B KT, Al R 42
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HL 22 I 0 DX 3 B 3 B T R S ), LR R
LR A 22 () B KT b ) ORI H T b ) R
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3.2.4 st gh

F B S D GG RS 2R - R A TR
D7 B W AT AT RN ROME A SR = BT
X BT 5 o A RV (1) I Bl S 5 5 A
& R A & 51 1) Point Transformer, #s il T 4
J& H 1% 2= J1 1 Point Transformer, A X ¥ T i

2% 4 T Point Transformer ¥ 47 XF H , DL B E A
D7 B OR 5 (2) AN ] 7 6 0 L S50 6 A Ty
B0 53 2R 25 R 5 LA TR B 2 2 I £ A5 AU A7 X
P, USRS UE A 75 35 9 S 2E 1 o (3) ISPRS 3D #Rid
TE PO LU AL B AR IR 43 S 45 L 5 ISPRS £
PR E M B HABE XTI R R T WOt =
BOE B 58 R AT X e, LSS UE AR T ik 6 ik %K

B v A
3241 H@ER

ISPRS-3D B4 4 7 g R L 4 o, w/J
DL % 3R AH 3 T B 46 Point Transformer, 5] A £ )5
ERENEWIL NI ERE L R EPOR LS 7R g
T BR A T 320 25 46 RO o Ao A5 A5 AR A o 0L )2
T X A5 2 8 320 R4 3 56 F 5L AT B A0 B
JRHBE S . I RS A RO B R TR A A
Ho ) ) RAERE ST, S o F R B r ORS JE
81.1% LFEI82.5% 48w 1T 1. 4% ; BRIk Z 4k,
JIT A M) 200 A SN B A — R AR e, L
RO L ) 2 TR RIS 1 F LA B
BN, R T 4.5%,7. 7% M 8. 6%, X
HE— 25 55 AE T A SCHE O R A s .
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Tab.4 Ablation experiments on ISPRS-3D dataset (%)
F1 score
Class OA
p.l l v s car fh rf fe s b t e
PT 414 76.9 89.1 58.8 24.4 91.6 57.9 41.6 77.9 81.1
PT-GA 61.3 79.0 90.0 71.6 25.9 92.6 61.8 36.9 76.9 81.6
PT-EC 51.7 80.5 91.2 58.0 19.9 90.8 60.6 40.1 74.9 81.4
Ours(PT-GA-EC) 45.9 78.6 91.6 66.5 33.0 93.3 58.7 47.9 80.3 82.5

WHU-Urban3D % 3 4 43 25 45 B 3% 5 fF
No WRFW AR RELGERS 2
Jay-JRI T T 4% g E A JR S As TR A

= S ML B Point Transformer 3815 T ¥ 45 9
RVERE B R AR NG B 84. 0% I
FH3] 87. 4% , & T 3. 4% 5 [\ B 7E XF Br A7 Hu

%5 WHU-Urban3D %8 £ 4 5 SC 16

Tab.5 Ablation experiments on the WHU-Urban3D dataset (%)
F1 score
Method OA
b d te v g 1l v l.g e c g d ot v_h

PT 91.4 79.9 84.7 71.6 52.3 73.8 89.9 44.0 58.2 84.0
PT-GA 92.8 82.5 86.9 75.6 58.3 76.7 93.1 52.3 60.2 85.9
PT-EC 92.2 82.9 86.2 72.9 54.6 75.7 91.3 48.4 68.0 85.5
Ours(PT-GA-E) 93.0 85.1 87.3 74.2 63.2 77.4 92.9 55.7 67.2 87.4
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AR SCOK B AR R 5 R At R R A ) A R
T 7 &, B & {5 PointNet" |, Point
Net+ +™ , DGCNN™ | RandLLANet™™ , Point-
MLP“ F1 Stratified Transformer™ , ISPRS-3D
Bl B R a5 RN 6 b iR, R Tk e A
KM FLAE,0OAMPEYFLA%. 5
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J2 N s (MLP) 1 75 15 o Ab B 2= $idl o X
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2 2 b R R i RN R R R . B R T Ak Y 9 2%
WA HE T 8% (0 0] fE & 200 — 2t 5 = 4y
By 20 ey &8 JLAR 4075 . 5 Stratified Trans-
former W 4% #H Hb , A< J5 16 10 5 RORS AT F 1 20 %K
P (E 4> %8 T T 0.9% M 0.5% . Stratified
Transformer [ %% $& 7 — Fl 43 )2 5K 0, xF T &
A2 1) A5, B A b R R B ST Y 5O B R A
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SyHEPERE. MIASCHR B SRR ATEEN
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(14 90 25 76 AS 355 K ST, )2 T, AR R R 2
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P O R A RO .

T W R RS g A5 L AR SR BRI AN I
B A AR B3 SO B 347 B B AL PointMLP
F1 Stratified Transformer #F 47 7] #48 1k %F H 230 #7 o
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Tab.6 Classification results of different methods on ISPRS-3D dataset (%)
Method [l score OA Ave.
p.l lv 1.s car fh r f fe s b te F1
PointNet 52.6 70.0 83.3 11.2 7.5 74.8 7.8 24.6 45.4 65.7 41.9
PointNet+ + 54.7 80.5 90.3 72.4 35.6 89.5 50.2 42.3 73.1 81.0 65.4
DGCNN 45.2 80.6 89.6 77.1 29.6 90.0 55.3 41.2 74.8 81.1 64.9
RandLANet 48.7 78.2 87.3 68.1 37.2 91.1 57.8 45.3 77.4 81.5 65.6
PointMLP 54.8 78.3 90.8 69.8 32.2 89.4 56.1 41.5 76.3 81.4 65.4
Stratified transformer  51.8 80.9 90.5 66.7 35.1 90.2 56.4 44.2 76.0 81.6 65.7
Ours 45.9 78.6 91.6 66.5 33.0 93.3 58.7 47.9 80.3 82.5 66.2
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(a) Ground truth (b) PointMLP
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Fig. 11 Classification results of different models in ISPRS-3D dataset
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Tab.7 Classification results of different methods on the WHU-Urban3D dataset unit (%)
F1 score Avg.
Method OA

b_d t.e v_g l.v l.g e_c g d o_t v_h F1

PointNet 81.6 54.3 73.8 43.5 51.7 67.8 88.5 31.3 46.2 70.5 59.8
PointNet+ + 90.1 75.3 83.5 71.3 62.7 82.5 91.3 46.4 71.1 85.3 74.9
DGCNN 91.3 77.8 87.4 70.8 60.1 74.5 91.7 47.2 77.4 85.6 75.3
RandLANet 91.7 79.3 88.1 71.8 63.5 79.7 91.5 53.7 66.9 86.2 76.2
PointMLP 924 80.8 86.2 73.1 62.7 75.3 90.3 54.5 68.2 86.0 75.9

Stratified transformer ~ 92.6 81.2 87.5 72.6 64.1 76.5 91.2 53.8 68.5 86.5 76.4
Ours 93.0 85.1 87.3 74.2 63.2 77.4 92.9 55.7 67.2 87.4 77.3

& 12 i 7% , /8 WHU-Urban3D £ ds 45 I,
PointMLP, Stratified Transformer Fl 7 J7 32 #f fig
X o3 B o AT IE B S0 L E AT
T P 1 AE FIF 2%, PointMLP Al Stratified Trans-
former [ 26 24 77 75 R B8 A i 23 g A B ADRE 3 1
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e =W R R RS €

3.2.4.3 ISPRS-3D 471t % &t b 5L
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ALK H 5 ISPRS 3D #ric o 8 (14 HoAth 5 4~ 45
BOgE AT B, Bk $F UMY, WHUY2,
WHUY3"™ ,BIJ. W™ | RIT 1%, £8P EmxR T
SRR A B F143 88, OA RSB F1 4y
oo T LUR BT B 0 5 YA OA R FLAG
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Fig. 12 Classification results of different models in WHU-Urban3D dataset
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Tab.8 Classification results of the proposed method and the existing methods on the ISPRS 3D (%)
F1 score Avg.
Method OA
p.l v 1.s car f h r f fe s_b t_e Fl1
UM 46.1 79.0 89.1 47.7 5.2 92.2 52.7 40.9 77.9 80.8 59.0
WhuY?2 31.9 80.0 88.9 40.8 24.5 93.1 49.4 41.1 77.3 81.0 58.6
WhuY3 37.1 81.4 90.1 63.4 23.9 93.4 47.5 39.9 78.0 82.3 61.6
BIJ. W 13.8 78.5 90.5 56.4 36.3 92.2 53.2 43.3 78.4 81.5 60.3
RIT 1 37.5 77.9 91.5 73.4 18.0 94.0 49.3 45.9 82.5 81.6 63.3
Ours 45.9 78.6 91.6 66.5 33.0 93.3 58.7 47.9 80.3 82.5 66.2
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MR 5 22 R Ry 0 25 K B A A B T R v AR R X
MY R BT BJa R T AR AG
A SCHT 4R E-GLAT £ B i A 3%t 78 1S-
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