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Abstract : With the increased interest in point cloud processing, point cloud sampling techniques have also been attracting
attention. As more models can calculate point clouds directly, working time has become an essential factor. The
down-sampling process can solve this problem. Existing sampling algorithms have performed constant sampling methods
regardless of the characteristics of task-model learning. However, this weakness has limitations in improving the
performance of the task model in learning, and such task-agnostic methods perform too low when the sampling rate is high.
Therefore, this paper proposes a novel down-sampling model network based on deep learning tasks. The proposed network
utilizes fully connected layers to extract meaningful features from input sequences, and adds positional encoding instead of a
conventional convolution concept. By introducing positional encoding into down sampling, the proposed network learns
about the relationship between point clouds, and generates a task-oriented sampling methodology. Furthermore, the network

incorporates skip connections to preserve important information during the down-sampl

ing process. The proposed model

outperforms several state-of-the-art models in terms of classification accuracy. With the fast inference time of the proposed
network, it can be used in various applications, and our approach provides a promising solution for down-sampling tasks in

different point cloud applications.
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Fig. 1 Model architecture of the proposed L-Net

Th= X5}, Point transformerol| 4] 9373 Wro}l f-ALSE W

EEoles AAsHSI . 3k Positional encoding
£ gloln el ] S st W
33l 1”4 StlE A Ak

)
il
)

0,
m
o,
o=
-
g
2]
A

£
)
(M
(S
q ot
ot
flo md
QE
rj\g
N
oy M

e b
ot
>
? o

My
==}
0,

nw op

o
i
o
A
Al
=2

fr d =2 M

2
ol
ro
N

I
-
g
wn
rlr
%
flo
by
rl
z &
4
=2
>
5o Wom
>
o
o i
32
u)

o %0

El

X
)

2

rot

o3

o

Mo

Pt

o} FpS= w21l

Holl A 2] AR

D}%*Ea =
1

S
rEI

>.
mlu
o
)
=]
ro
(m
N
)

N
>
o
il

e o

(2N}
ol

1A EW gof A<l A4
R, FH el | 31‘6‘%
o] A= ATt Dovrat &~

/\c-)] o zi];/\ 7]———6‘]— A.LO]E

= 9tk Lang 52&
é& *H 2 W AYUEE &

3 J8d vIEY T
= AHESEATH Yang
TAE 7 AE g
FIAIA B} &34
WA o)) A 9F5}= L-Net
Eo] IAE

3 = A
= 249 A9l

_>.i
;L
mlm
PN
-
ot
z B
o,

il
o
O

oz ol o
e oE oX
o ot to & rf

e o o o

U o mE Lo o
:\9:‘?&'&

=<}

o

(m
Al In
o
A I
5
Olfo

_‘
e

2
oy
ulfl
filo
ot
K
£
s
>
)
rr
of

2

X

IN

fljo

aic)

oo

=
o

-]
‘0,

¢

I [
ol

-
o

A Al

> %
lo
[0

=
I
i AN o

)
o 2 [y
1o W
L=

oX, >

ol
oo
ot
o
Jun)
23
-

oX 2 o
N2

o X fo r2 ol of
to Jz

Ik
i
o
v

23 22y ol M= gn2|F

FH ATl 7 7R o] (NN) »% AR g
el de] AR H AT 2 A1)

A& A8 g o] ApEskE & gl Zio]ﬁ‘r. SlE=
23l Goldberger 5= I 2] A5 FH | i3t
k) l‘%ﬁi_a g oJato] NN 7112 ¢] 54 gkstE At
AellA, -2 7P 77k o A

Y ooy
ol
LN
i

) T Alole] S st $1a) A8
e, o)9l sk A TE Ajole] BAE B 2 siot
S glek et F2u 9o Jug wesh] 919 skip

connections 5713k},

2.4 92| 2d

Held 2 gooA 91 Qlaigd 2
2 dlo]E ] 914 R E Qg5 o
?LEJJr Tedsto], o] d Aol A= F ] 91X

3517] 9180 Cartesian ¥, 71 JHE T+

& 712 139 7)=s AR A e o]
AR &2 g gy 15 S 3 A7) Q)
A& 6‘H7ﬂoP7] 18] L5 Oﬂ?*’ﬂf‘it 54 Hil !
3 7S ARESke] o] B2 ARE ol 38k
w2359t} o] e 7)ee %lﬂ_xd_i A2 BRE

[e)
Bl A% P4 E ek 2 Ty, o 4 7

e
Z
2

E
o
2 o
b

o i

SOROH AT rlo m ot o ol

=

F
—'H
N o,

R

}

T

1

¥}
rok
iy
o O
— L

l-fO

Hotsts MEY HEYT WHEL-Ne
AT A Aokl darg]Fel thshe] A
4 o}i HAAAR] o718 A o] A4S g gt

L-Net2 A 3714 ©AIZ LA PointNet 222
I HE FE53 G, IAAHE S8k G v e

(US)

i

-

r[r F
o FI'E

= 9AZ lg% Az el ol ol el A=
ol HlAl o 2 ¥ A& WX ZF oA HE AAEHA A
@,

Z1 WA Feature extraction THA| ol A =(Fig. 12] 2=
A by 27] ¥RIE Zehe= 13%el Mapping
functionS 53l Positional Encoding(P.E)2} Element-wise
summations -8t} o] u| Convolution layerE- A-8-3}
A ¢=H 21 o]+ 7] Convolution layer= o]0 &
A= WAE Q1A A9 ] HRE FFekal o] H g A

Transactions of the Korean Society of Automotive Engineers, Vol. 31, No. 9, 2023 701



Hookyung Lee * Jae Seung Jeon + Seokjin Hong * Jinwoo Yoo

Num of sampled points : 8 Num of sampled points : 32
1.0 1.0
—— SampleNet[23] —— SampleNet[23]
—— APSNet[24] —— APSNet[24]
—— LNet — LNet

0.9 4

o
(]
L
Instance Accuracy

o
o

Instance Accuracy

0.6

0.5

T T T T T T T T T T T T T T
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400

Epoch (E) Epoch (E)
Num of sampled points : 16 Num of sampled points : 64
1.0 1.0
—— SampleNet[23] —— SampleNet[23]
—— APSNet[24] —— APSNet[24]
—— L-Net —— L-Net
0.9 4 0.9

o
©
L
e
o
L

e
o

Instance Accuracy
o
3
)

Instance Accuracy

0.6 0.6

T T T T T T T 0.5 T T T T T T T
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400

Epoch (E) Epoch (E)

0.5

Fig. 2 Instance accuracy: This is the result of training three sampling models(SampleNet, APSNet, L-Net) on the ModelNet40
dataset after uniformly sampling 1024 examples. The sampling ratios used were 128, 64, 32, and 16. For example, if 8
examples were sampled from 1024, the sampling ratio would be 128. L-Net achieved much better performance in sparse
areas. The classification accuracies are shown in Table 1
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L-Net: Deep Learning-based Point Cloud Sampling Network through Positional Encoding

Table 1 Classification accuracies of five sampling methods
on ModelNet40. All experimented in the same

environment
Sampling ratio 128 64 32 16
RS 8.7 24.87 54.53 79.26
FPS 2431 55.12 76.92 87.53
Samplenet 80.71 85.32 86.38 87.10
APSnet 82.72 84.89 86.66 88.00
L-Net 86.06 87.44 87.49 87.88

Z 4= At} X3 Task model S Frozen A7)l sl Bl

S £ Taskoll &= A -g3l= A&

T AUtk 2 v E A T30 gk A W8-S Fig.
o]

= )=

48N A=, Aekshs L-Nete] A5l 7]&2] A
WHET SFsithe AS BHols Zolth AE
L-Net= - Aol thef M A& 3 3aL, 221
2= AEH H)Eo] H& JHolA o] 53]
1S 9153t} H=3h Positional encodingS & 714] ¢
ol 3l A thFgh 17 9] L-Netol] tlal 23S
2] 2H] 2l 8ste] H 2 o) gk 2heket A|Qbel= L-Net>
PyTorchol| 4] & 3}%1 2.1, Learning rate2} Weight decay
7} 7471128, 0.9 2 0.0001 2 A H vl 2] =721 SGD &

Elnto] 2| & ARESlith ATl -2l BE AA
400315 WHEste] FRle AAh EF EAelA
ModelNet 40 d]o|E] A|E®E 2183t} 27]9] dlo]H
Aol A #AEHA AZHE 10247] Aol 3k 252
Felstal &2 Ao Ed AlgE FAF HAE 23 A
EE AHgste] 1 9 Gkt

_&

Tk o] el B el A Az des WA A
7 vlEo] 16, 32, 64, 12821 8]a FAE] AFS
et 3k 7HA 9] T A= ] 2 mdle] A
g 29T glvhal 7Hg ) CdE Eol, Rl A
<, PointNeto] 7]+% RE= A o= 7] ufitol, ME =]
A] ¢+ PointNet =, 102471 & 1024705 = MEH v
o] 121 AolA A50] 90.42F4, PointNet2] A5 A4

=9E Bds ¥od Bdle] 9045 e ¢ vk
A7} ATk Fig. 32 X, ModelNet402] 8, 16, 32715
AMEFe FRIE digh Axld], o] U)o
Ground truth gtolw], =Alo] AE H Azjgholth. ¢
Z:o] A= L-Neto] A¥o]il @ £%:-2 APSNeto] 4
ook, A A Q1 KA, AQtal= L-Neto] A ¥} gk

1 y
7y A
b %gl;
bitas
el
';r’. -!i‘f”
a5 5%

"“-w A -wm{uc\

3

Fig. 3 Visualized Sampled Points

APSNete] 23} ghiich o #edshl Eaec A4
= Akl o] BAe) RARIE 2 shelals
o glom, o)hsk e BAlel B9 vhelE o 2

bl Z3Fo] gt} A|otels L-Net ABZ3 1| &

Eoox & orlo
ool lO

i

[¢

Transactions of the Korean Society of Automotive Engineers, Vol. 31, No. 9, 2023 703



o5 - AMS -

43 - |2

Table 2 Class-specific accuracies of two sampling methods on ModelNet40

Sampling ratio Laptop Chair Nightstand Airplane
SampleNet 81.32 91.38 38.18 97.51
128 APSNet 83.33 95.56 42.18 98.52
L-Net 92.68 95.61 68.88 96.6
SampleNet 85.23 94.38 59.38 98.11
64 APSNet 88.88 95.52 64.67 99.49
L-Net 97.56 97.53 72.72 97.55
SampleNet 89.29 86.38 67.21 98.89
32 APSNet 90.90 94.68 67.39 99.50
L-Net 90.91 97.49 74.03 98.20
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