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Research on object detection algorithms using 2D data has already progressed to the level of commercialization and is being applied to

various manufacturing industries, Object detection technology using 2D data has an effective advantage, there are technical limitations

to accurate data generation and analysis, Since 2D data is two—axis data without a sense of depth, ambiguity arises when approached

from a practical point of view, Advanced countries such as the United States are leading 3D data collection and research using 3D laser

scanners, Existing processing and detection algorithms such as ICP and RANSAC show high accuracy, but are used as a processing

speed problem in the processing of large—scale point cloud data, In this study, PointNet a representative technique for detecting objects
using widely used 3D point cloud data is analyzed and described, And RandLA—Net, which overcomes the limitations of PointNet's performance
and object prediction accuracy, is described a review of detection technology using point cloud data was conducted,
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CHEXOIl ZHy| EFX| 7|#H oz 7|Z= i7lofM &=e|iE 2D oo
E(0[X|, FAHE 283K ekechs EolA xjol7} RUck 2D
Ho|Ej= T ci{2 FAME|o] QT ZMe 7|.§ RERE]E
»oo| 377+ SYskr| w20l 2D Hlo|Efofl ChsH HEFM it
0| £|H| o|F0{X CNNoi| MEshk= o 2A|7t iRt el=d o

PointNet 7|22

fl

OE{7t 270d ZRIE 22t HO[HZ 2FE=HM ATt H|
7|=|Aet
3D 27HHE Salf HolHE Ee o= A7 =FE 2|

Hlolef7ix|e] Hz|7t HO{RE == H|o[E{2] 2ol siX{5t
A E0{E1 HO[HE RSk A7 SAIHSZ O|R0X|X]|
othk= Sdo| Qlch olzfst EFEE Qs o™ fxlel ©
(point)o| OfH HHE LIERH=X|, 2iH FEE 2 e & o]
Eol| F0i5tl 0|52 = H|O|E{Z &83l0 HEFMH i
TlsoF sk=Xlol| et 7= ZHIZ O|FOX|X| LUCE

O|%, XQIE Z2|?E H[0|E{E 3D sS4 J2|=E2 HENZ
5 2 O2=E HEFM diske 7|”*§0| 7=t of
= 23 0K E 7ISsithks MolM Z2IE 221 H|0lE X}
A Clo|HE &8sich=s Zimt Hzlzo| AUCH

SHR|2F 22 7|8 3D x| =X 7|#2l PointNet(Fig. 1)0]
SESIHM A ERIE Z2IRE XHE &8st HEFE o
Mol JisEe ¢E5sid=dl PointNet2 A =M 2
(permutation |nvar|ance) B2t S (transformation invariance)
2 W2t o F 7K HE2 XIE S2fREE Oz €8st
7| 2t dHz=Aez M, 3D AHHE Salf TRE HolEH=
Fig. 22} 22 gel2 A=) 2E oldA(index)= & 24249
THE eI fF0= 12t ti3=l= & =HEE HEiCE

S4F 3D MHE AFE ZIE S2IREE= F55H & o]

k=1

E{2Q| XIE}OE A Ho|g 2z H

OI

(index) 2t SiE QlelAof| CiSsh= =HE CI0[E(x, v, 2)7F ¥017‘|
Ch. eleirof e Hlolets 1 A2 TRSH S4S 1K1 &

=4, o|2{3t &k Ho|E7} AlE AlATHdeep neural network)
2 S51HM MZ FAoIcHH O ooj= GloZRich =AM e
ME ALY sk £F H0[E7t FIAOIHEIE Qe AL} TJof of
otz ZE HolEe] 1RA SMs HEsk= HEHo|n

PointNet2 O|& =Ct,

olo|x|e| ZAE ““‘OI— Held 7|32 ok gkl &
0i7l A= 281=H o|Fsiict JHo| k58t olfe 32
Had | EQIA(STN, Spatial Transformer Networks) M-=22ld| 0]
=, = ClolHe| REZS M7= Het dFE Zof o
galofA A04El ZAET B wellA Hi2lEE 20E 2ol
HE2/30o|ct (Jaderberg et al., 2015).

PointNet2 =7} B L EQIIE HEAI7{ 3D /= dlo]efel
ZOIE S2IRE0| X320 0|F Transformation-Network
(T-Net)'ol2} &SIt (Qi et al., 2017). PointNet2| T-Net2
Fig. 3 20| /= olole9| xfalg =7 S 2o Z-(max
pooling)ot™, RIS FAAF ZE ZQIE Z2fRES ¢ &
oM HIZ[E D Al | f[ct Het dHEE =&t of o™

H [e]

O T-Neto|o{ =&& Het dFS 1 o=l Sl F22M

Index X Y r4 Index X Y z
0 1059 2121 2989 2 2321 3006 4.332
1 4135 4969 61417 | — |0 1059 2121 2.989
2 2321 3096 4332 3 1996 3006 2.162
3 199 3006 2162 1 4135 4969 6.117
Index X Y ¥4
2 [2321 3006 4332
1059 2121 2989 b_. Active

— Prediction

0
3 [199% 3006 2162 //”Z_’ Function
1 | 4135 4969 6117

Fig. 2 Permutation invariance
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Data

Fig. 3 Data Transformation network about PointNet (Qi
et al., 2017)

Classification

Fig. 1 PointNet architecture for 3D object detection (Qi et al.,
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Fig. 4 Performance with intersection over union (Lee et al., 2021)
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U= TR2jolE{(parameten) 2 F 7HL.-—_=.'% AT AIAE SlERIo
HZ 2lsl THEoACt Helde 0| Myst uix| 271E 7|8k
2 JIEXIet HEOZ oISt &AME EoLPe FAL sl
(oradient descent)2 w2, ¢HH0|Eske dM™m AR|H
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(back—propagation algorithm) 22

2.3 PointNet 72| Z4x| EX|

PointNet 72| &7 (classification) O [BIX|= x, vy, z 3742]
Xgg 7H ColE7 =D olE2 21 T I, T-Net,
MLP(Multi-Layer Perceptron) £H=, =|CH %%' EMI MLP, 0=
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o7 [EIXofA Z[c 2 & 22 2{|X|AER|0|MO| -|-°”5| o
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g. 6 Effects of bottleneck size and number of input
points (Qi et al., 2017)

3D Object Classification
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Fig. 5 PointNet architecture for 3D object detection (Lee et al.,

2021)
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x| 22 o Esict PointNete| =20 +=5& X285 AHEH
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Table 1 Quantitative results for ModelNet4d0 of various
classification methods (Qi et al., 2017)

Methods | Input |#Views Accuracy Accuracy
avg. class overall

3DCNN | Point - 72.6 77.4

PointNet | Point 1 86.2 89.2

pred: table, label: desk pred: moniter, label: monitor

pred: chair, label: chair pred: table, label: table

3
?

Qualitative results for 3D classification of PointNet

3.2 & o

Ao
Al

CkS2 PointNet 7[#E M&8H 24~ E&Hpart segmentation)
1} olu|2X EsHsemantic segmentation) 0l E Z1fE LIEKACH
(Table 2; Table 3). 24 —Er'% ol2| Yeolzl ZA(H0IE, 2
T S)E Aol 2fHRE HOHES &5l oE &
51._'.:_5 17F<>7| 2IEo|1, °|U|%711 2e2 ¢2 220l &3
TEop| Ech= HO[E X7t o ZefA0l &sks
ol sMs F1 —’F%t'i._ oiHolct. ep|2d 2l &8s E1|
OlEfe ARMHE CfEte| ZE Zo|dg AN = O|O[E
(SBDlS)E*kI, PointNet2 0[2{st Chizke| Hlo[E{Al2 &-=2sHjot 5t
£ 2E Hlo|e{E 33Xkl a2l= J2lolA ZH J2|=ojch zol
E Z2}RE H0[HE 2,048704 F st 2IHo| Zizte| Anz
Clo[HE2 sk Egslal 2122 of|F, Zglslo] oF RS
MAMSID o HETE HIsIict

3.3 RandLA—Nete| ti2 ZIE

g&35pP| flgh 2

S2IRE HolEE

RandLA-Net 7|2 CHZfe| 22 HOEZ2 250N =2
Heoi BRE 4 UTS HPEol e LmeiFolct
PointNet2 7|&MO 2, 3D 24| EXIE st He{d o= st

3l ziagie ch Jlee sEflofsel s BIGPU A
AA

s, H=2| s S)7F AUCE = HIolE Mg 26 1%
A1|11|E.—D|E19| 3 TO2|E2 Wie S35 2P (voxelization) 2

Table 2 PointNet and 3DCNN set as baseline (Metric is
mloU[%] on points) (Qi et al., 2017)

Methods | mean |laptop| mug | chair | knife | aero

3DCNN 79.4 1939|918 |87.2|79.6 | 75.1

PointNet | 83.7 | 95.3 | 93.0 | 89.6 | 85.9 | 83.4

ﬁ pistol
earphone

airplane o 'F'-’
H
ey * chair

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
Partial Inputs -

Complete Inputs

Qualitative results for 3D classification

Table 3 Comparison between PointNet and 3DCNN set as
baseline (Metric is mloU[%] on points) (Qi et al.,

2017)
Methods mean loU (%) Overall accuracy
3DCNN 20.12 53.19
PointNet 47.71 78.62

Qualitative results for semantic segmentation
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%

2 HESU=H,

4. RandLA-Net2| Ee{d o7 |&lIX

4.1 3D A& BX| 7S flgt 4EY M=

Z|c <~ub o|efe] 37l EE i Z2IE Z2iRE o
OlE= E'—f% o= M=s= 26 7|5k ez oo| U= ERIE
7F"I =N PDW 2t Md AIBoict MR, 8oz

3N FelaE ME
E'(heurlstlc sampllng) 3—.% 7|gt A"% l(learning—based
sampling) 22 TEE F= U1, FEIAE MEHo|= 2o XH
MEZI(FPS, Farthest Point Sampling), YT EQF MEZ

=1 =
(IDIS, Inverse Density Importance Sampling), 2HE MEZ2I(RS,
Random Sampling), k& 7[2F MEZ2ofl= MAM7| 7|8t MEY

(GS, Generator-based Sampling), 9% o|2F MZZI(CRS,
Continuous Relaxation based Sampling), & 7|27| 7|4t M

Z3(PGS, Policy Gradient based Sampling)o| RyCH.
2~3%ol| M= PointNete| 2 Fa|AE MEZQ| 2[of x|
& MZ2|(FPS, Farthest Point Sampling)2 &-&3I%ct
RandLA—-Net =0l 5= X}Z(Fig. 7)ol =™ FPSE= Cf
&2 HolE{(N ~ 106)E AMezlgh o = GPUolA o 200
421 |DISE ZEMoz 1002t ZQIE Z2}RE Ho|EHE

~FPS ——FPS
IDIS IDIS .
5 RS
107 1¢-Gs
-4-CRS
-=-PGS

GPU Memory (GB)

10° 10* 10° 10
Number of Points

10° 10
Number of Points

Fig. 7 Time and memory consumption of different sampling
approaches (Hu et al., 2019)
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Ch= ©RHol ATk RSE 7HE Foft ALt 88 L=,

Ol 2k 1002712 Hjo[EHE 2|2 mf 0.04F7t £QFCt S|
ot RSE Ho[EHE FARIZ 3P| 2ol 1 2FgollM 7[5t
OF F2E Ax|of Hlo[EE 72X gke == U ol
F CHZ Heksp| 26l 22 £ oA EE(LFAM, Local
Ol 4.2Z0lM 4

ol JOl'

r

Feature Aggregation Module)2 T£&/51%5 1
g o ™olct,

GS= 102712| x2OIE H|0|E{E X2lsk=H| =[tH 1,200% 7}
g A5 CRS& 1O”F7H9—| ZRIE Hlo|e{E AMzlsk=d
300GB o|Ale| M2 70| HRet Ho2 FHSIRUCE PGSE
L= ool 8= %‘% HEXIE F8lsk| ofgdch=s A
= FdeHoZ WsI| 2o =k 7[dh MEY WHES O
HZ 3D 2 EX| Hefd Lne|Eo MEsk=H Mozl
ZE L £ Ak

4.2 RandLA-Nete| 24 EZ 2AH 25

Rand A-Net2 Z2Z 7J|ls FR7|(LFA, Local Feature
Aggregator) 2t 2iE HEZ(RS)S M= Y25 A=
3A 4742] 2129 =olof, C|=Y 2|00 o|F JFEl 2K
E|E HH| E2(shared fully—connected multilayer perceptron) &

CE0l2(DP, DroP-out)2 S35l o|=0| $al=ct ol=d go]
0101|A‘|E QUHE HO[HE FARIZ CIRMER SHX|oh 2+ Ho|
SUS2 S Ho= 26l O M2 MEE EZ&EoIAL &
ct Cl2Y olojoME el E (up—sampling)S Saff S
Clo[HE CA| &&5la, SFE=QiH SEES th A48T
Alofl 212 fjojofoll M EZHs7E MME TH Y(feature map)
=2 Tt 94Z(skip connection)l0d H|O[E{2| AN S Zstst

Ol 3wel CiE HYEETD EFolRe &l 2nlEd &2
g of|F0| FRHECE

Rand A-Nete| 22 £& &H Z&(FAM, Fig. 8)2

X2 R 5= U=, o] EES %5H Gul=) ’;‘:‘.%%Ol HE

ZH2lE of |=<oF i 7|o}oWO§

tI ni
or

0|-I'I_

_‘,"'_

=l

7P‘| Hl0|51E —TWEI:HI ol ZA EEOHA'I N Et
Hloleje| =& 2lolsia, 32 X, Y, Z& 5550, d= R
ssict LFAMVS] Akt e M ojofe 7ie] EXS ;&_gg%
22 27} 213Y(LocSE, Local Spatial Encoding)z} C|0|E]
A 2 XM Ez|of 7|Eketo] 71 £5t oI SHof| 7EEx IE

=l

Hojske Fo| Z2I(AP, Attentive Pooling) MFHHZ S, Stct i
de Aot old g F ¥ oZ5l0] 85 EE FV|E &bt
= gHs m=c)

RandLA-Nete| LFAM2 37| LocSE, AP, DRBZ F#&¢&
UCE R HW LocSEOM= A7HO| ZRIE Z2IPE= C|0[E<2
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o|l=-X|&&k-2H=0d

o

ocal Spatial Encoding (LocSE) o= w) Attentive Poolinh
ir
Relative Point ik e Aggregated
Input Position Encoding e }-l {f'} {si } 1 features
oint features k1,3 K,d Shared | =
p (Pi-f‘) {pi }K.3) (X, d) == ) [ran —Hﬁ' »%
—>§ ﬂ' k ,
f(L3+d) - {f; (K.2d)  (K.2d) (K.2d) w,d")
(N 3+ d) ................... {p;, 1;
(K.3 +d) (K.d) )
Input Dilated Residual Block ", Aggregated
point features ‘ﬁ(ﬂm) '?F(N 3) ) « Y o features
[Shared l [ ] " Attentive | | Artentive [‘Shared | =
- % [ MLP LA | Pooling | LIRS | | Pooling | _ MLP | =
(N, dy,) (N dout/2) (N, dour) (N, doye [2) (N, dour) N, dyye) (N, 2douc) (N, 2dpwe)
[‘Shared |
Skip connection LmLp r‘(N,Zd,,,‘t) /
33D coordinates T Point features ~ =8 Attention scores = Attention features =3 Aggregated feature
@® concatenation ( Dot product ® Softmax ® Sum ® K nearest neighbor
Fig. 8 Local feature aggregation module for RandLA-Net (Hu et al., 2019)
flofl HEEct ClolEIE oM S2{AEF(clustering)stl, 18 of B3t £ 2 P8kt
odo| ZAEE ot ZAD} QY H(relative points)S2| AN
g Zob HZ diH{concatenation operation)g FUBICE OIF o8 = o (fF W) (4)
Sof MZe ol 53 Tkl Fg T 4 U Table 4= o
2 oMol Ealsle melole 4ol WE BR I0US LET,  F=xi (fF. ) (5)
2E o2jo[eE MEQ w2t 2110 MsS Hols A ¢
+ At

¥ = MLP(p;®pl e (p,— p})®p;,— ) (1)
e fi = @
= (floe e 1) )

Table 4 The mloU result of RandLA-Net by encoding
differentkinds of spatial information (Hu et al.,

2019)
LocSE mloU(%)
(p;) 45.5
(py) 47.7
(pspl) 49.1
(popts =i ) 50.5
(poisp; = pY) 53.6
(popisp,—pis I pi—pi 1) 54.3

CiSe oY S8 Fgt FozyE 238 SRS JixlE tlo|
EIZ Zloph7| 2lsll F2o| H(attention scores)S AlAFSiCE A
st g()ollM O|ROfX|1, AZEMA B3} Sl
clole{oict £ 71EXIE RofsiEct ¢ & Sal 7|
o= of=ol| ELEF EHE 7HK|= Hlo|Eol| =2 JI1EX|

= —’Fﬂ, EQ06iX| b2 Hlo|Eolle 2 TEEAIE F

!
2|1, 2] 8% g()2 AME 52 olFo| T £ x5}

RandLA-Net2 LocSER} AP7| 5 1 ME=(Ql=H|, 0|24 Hf
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Table 5 The mloU scores of RandLA-Net regarding different
number of aggregation units in a residual block (Hu

et al., 2019)
Dilated residual block mloU(%)
one aggregation unit 49.8
three aggregation units 51.1
two aggregation units (The Standard Block) 54.3

Table 6 The mean loU scores of RandLA-Net (Hu et al.,

2019)
mloU(%)
Remove local spatial encoding 49.8
Replace with max—pooling 55.2
Replace with mean—pooling 53.4
Replace with sum—pooling 54.3
Simplify dilated residual block 48.8
The Full framework (RandLA-Net) 57.1
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Table 7 Quantitative results of RandLA-Net of different
approaches on SemanticKITTI (Hu et al., 2019)

Methods Size mloU(%)
PointNet 14.6
SPG 17.4
SPLATNet 18.4
PointNet++ o0K pts 20.1
TangentConv 40.9
RandLA-Net 53.9

GroundTruth Prediction

¢ 4 A e . -ﬁé\f‘!”“’; ;.‘__?“
e e =l 4 — 5
gs. ) ) ANNN\N SN

Qualitative results of RandLA-Net on the validation split of
SemanticKITTI. Red box shows the failure case

Table 8 Quantitative results of RandLA-Net of different
approaches on S3DIS (6-fold cross—validation).
Overall Accuracy (OA, %), mean class Accuracy
(mAcc, %), mean loU (mloU, %) are reported (Hu

et al., 2019)

Methods OA(%) mAcc(%) | mloU(%)
PointNet 78.6 66.2 47.6
RSNet - 66.5 56.5
3P-RNN 86.9 - 56.3
SPG 86.4 73.0 62.1
PointCNN 88.1 75.6 66.7
RandLA-Net 88.0 82.0 70.0

Semantic segmentation results of RandLA-Net on the
complete point clouds of Areas 1-2 in S3DIS.
Left: predicted labels, right: ground truth
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