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This research focuses on the development and enhancement of the PointPillars
architecture for 3D object detection using LiDAR data, with the objective of reducing
computational load for deployment on small-scale autonomous robots with limited
processing resources. Recognizing the advantages of LiDAR sensors in providing precise
depth information— superior to traditional 2D imaging sensors— this study addresses
the challenge of applying complex deep learning models on resource-constrained
embedded platforms. To tackle this, the architecture of the PointPillars model has
been optimized by narrowing the detection range to alisn with the robot's actual
operating scope and integrating an attention mechanism to emphasize critical regions
for detection. These improvements enable the model to operate accurately and
efficiently in real time, even on low-power platforms. This research is particularly
significant for enhancing the real-world capabilities of autonomous robotic systems,
such as delivery robots, which require fast and reliable obstacle detection on sidewalks

or other public pathways.
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yudsweanInnduvesluiigatmnefiazdses wwusalufAlagliinsmuauainay Jsuu
viuudldldimuwesiassozmeuas LIDAR iwulwesinanudes IMU fuszanananansdild
ANMAEAIUANNSIAABUTIIBM UL STUUTNENTIasuMmdIIndUsranananaiaiile

daawesliinau ilijugudmlaunsoldssuusnludfnsiumasssuule wu ssuusey
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AUTUe sEUUtve ssuuaulaensdy Jeihliviusudsidaiunsovudeadlaogiausiugl

wazUaendy faguin 2.1

LiDAR

MU

MUszUIaHaNas

JUN 2.1 viugudvudadnlulii

2.1.2 Wuwes LIDAR
lams (Lidar) Ao lams (LIDAR) 1Jusgea1nA13n “Light detection and
. 9 1< N A Yo [y 1Y A [ & a [
ranging” 1Juwmalulag N lddmiunisinsseeniavieninuaevesinguasiuialagedy
NaNNITaLYoUVRLLALADST SULIsldosuanawaseanludyingidmung uaziiouas

dvviounavugIiIsudyanul (Receiver) syuuazAuinszaznlagldszaziianlunig

UMD ILAITINTUAIAIULEIVDILAINNLANNTT:

c Xt
WYENNT =
2
Tnedl c Ao ANUSIvRALALRS kag t AsalfuasAunislunduann
wasilladeinguarnduaindawsudyaa walulad LIDAR fmnuanunsalunisiiudeya
\T48n (Depth Information) laagnsiaiug wazlasuanuisusegraunsuarelunisldamuaiu

SEUUYIMARRTUT (ADAS), 81U tiAUTY (Autonomous Vehicles) $3ufisu3denu

N35UTANIMWINGOUVBIULUADALULA



U7 2.2 1$uiwes LiDAR

Tunm 2.2 Ao uwes LiDAR fildanuluszuusnlusifuagsusudindoud
wuuldaudiu Velodyne VLP-16 (Velodyne LIDAR Inc, 2020) fasdudusesfilasuanuien
a¢ iesmndlawiangindn dhiniun warannsolvideyauvy 3 ffeuasBengauuy
Sealnil lag VLP-16 Tondnnisvsuiaiees 360 asmluiuiuey uarldesduauaiwasonn
Tunudes iy 16 &1 6?5&ﬂiamqmyumiuaﬂwméﬁgﬂ (Vertical Field of View) Uszaad 30
091 Raust -15° B9 +15° feamuiinsauaugaei 20 Hz wazanunsonszazmaldda 100
wnsfsnLLiE ST RUELRiLRs 9Adelag Zhang et al. (2017) Ifiduwesiuiunld
Tuszuuiuivesjusudindeufiiiioadnaunuil 3 ffvesan muindesuvuioalnl uazwu

[

anunsadiuANuwiuglunssryinguaznsIaduaiavalaneg1aluseansain wilunung

q

fanududougs wu Nuiifiinsadeulmvssnsduiosummug uonani VLP-16 Ssgn

anldegraunsnargluanuniun1snsiaduing n1sussanussey wagn1ssvysunisly

5¥UU SLAM (Simultaneous Localization and Mapping) 1885z U8 IusuAlsAUTY
wousna12e (Point Cloud) Aeyateyafiuszneusemunwosgadiuiy

ynlununauid @ ainlauiannnistaszezalromaluladialees Wy Lawosaunulues

[

(Laser Scanner) #50}an§ (LIDAR) lngldndnmsddesdwasawasangunsnidedyayialy

A7)

v @ o o v v

109 waTAINAIWILIUBIRAANTE U A AasiBuNaUINg T ud iy Jeya
WoEAAA1IAN LAAZAINITALARIFUTIY WU waglassaradesiuiivesingsine o loegns
wiugh szvuiawesludagiuaiunsainssuglanauaussanas 100 was laudiewnnnia 300

1 <@

RS YuadAuIuvendulres waza1unsaasagnteyalaludnsiAufgs AumUseuu
70,000 9asiaunit Taudiaunndn 1,000,000 Yasedunil Gedanalvlateyaniniuasziden
g9 wngdmsui llglunudeseiaudia Wy n15as1awnuil n15nTI93UTng wagnis

Uszananaanmindenlussuuueudniseueudlsnudy



JUN 2.3 weedAaIn

TUNINA 2.3 EUAAINEUNBEAAAIATILIALTRTALNUTOUNAN VR U ULLDS

LIDAR Lo NALISALTLanInagnnaIIg

213 nsiseudveanasdng

M3i3eu3veA3e4 (Machine Learning: ML) Wumeluladundnuausmilsves
JayaUsefing (Artificial Intelligence: A @ 93 atfun1siious 9 ndeyanieg1anso
Uszaunsalluafin lnsszuvazamisnidonaadnuusiddyaindeyamaiduldlae
SalufAneldnsoonuuuvesuyed Weldsunsilndedeyadruiunnifisame szuuisinu
msiSoufasaninsauszananauasdindularudeyalmifilsivenuinnouldegieliussansnm
Jagtiunsifeuivonn’eslssuanudenegrunsnarglunainvaisaisn lagianiznis
3ouiBedn (Deep Leaming: DL) duifuusumilsnesninieudvonadeafiifugiuain
TnsavneUszamiiion (Artifical Neural Networks) @ sl#5unssiuanalasinnisdiass
N32UUNTYUTLaE Ussamlussuuussamveauywe (s anudng, 2562)
lngamglunumunsdseuiananin lassheuszamiiguwuuasuligdu (Convolutional
Neural Networks: CNN) I¢3uenufiogs osnannsnifoudnuasdsiuiiveaninld
9e198UsEANS AN wasthananududeurasdeyan nauiininzauiumsiilule s
sl

Artificial Neural Network siedlenwilnefelassineysvamidion (Artificial

o

Neural Network: ANN) Agguuuunilsvaawuudiasmisneuiiamesnlasuusaduaialaain



lassadauaznisvihnuresssuuUszamluyed lngluwsiazluun (Node) v04ATaU 183
ansasudoya Uszunana wazdslayaneludalunundaluldegraduszuy ANN foidu
ﬁugmﬁﬁmaqLwﬂﬁﬂmn’%‘auiﬁﬂﬁﬂ (Deep Learning: DL) &sluidslassadreanansnadue
1¢47 DL Aelassineussamifiondifivanstu (Layers) Sosdouttu vilfaunsndoustoyad
ferududounazumssalddndsiu Jagtumaiafidaulesldlasemelssamiion
annsathlussgndldlununanmatedungldveuiumueanisiiouivenaies (Machine
Learning) VLadezLﬁuﬁmﬂﬂﬁﬁmuwﬂiwigﬁa%’ueé’fauizﬁuqa Tnoanzluaviifeadesiu
N13UsENRaNaNIN (Computer Vision) Lagn13Uszananan w1sI5usIs (Natural Language
Processing: NLP) @slpsstneuszamifisndodunaiaszfunuinia (State-of-the-art) i

TasuAmnuduuagnawnsraie

X0 Hidden layer 2§
idden layer 3 Output

X2970

"

Hidden layer Hidden layer
128 128

U7 2.4 Tas9a$na ANN

TunIN?g 2.4 wanalas9as 19909 A5V 18 UTLANNTA gL UUT DUNTI
(Feedforward Neural Network) @ sUsgnaunigdudunni fudeyaundidnuiu 2,971

AasENwE (features) LU X, 88 Xaer0 Toyainanlazgnassinulugatugeu (Hidden Layers)

(%
[

Feldnuau 128 Tu lnsusaztulsznaunisiiseuieulasiuniua1intn (Weights) way

[

nsgvinNsALIMNaTINa I mvdnTIndunsEuilesidunsedu (Activation Function) 19u



ReLU, Sigmoid %38 Tanh i ot uaduliidaduliiusuudiaes dewaliaiuisasous

[
Va2

anwasisanvastayaliavy luseninnsyuiumsinluwa (Training) seUUagyiNITUTUAN
Umtinlagldnszurunisnesndutieusunisdimes (Backpropagation) SauAuUmALANITHY

Amgauesilandugaide (Loss Function) 1w Gradient Descent 3UN5e9 dUUUTIa09

'
a

annsniseuduaglinadnifudiug et uarluiedian Teyadiiunnduazdaoludady
L0ne (Output Layer) Litelinadnsanvngvesnisiunenudnvazvesdamiiesnis
WU N19ILUN (Classification) #aan15UsENAT (Regression)
lasargUszarmineuuuuneuligdu (Convolutional Neural Networks:
CNNs) (Chauhan et al,, 2018 funilduaniinenssundndilésuanuiouogaunsnaiely
AMUANUAITUTEUIANAAIN (Image Processing) wazdunuimadiAglunisainnuanuue

¥ v

(Feature Extraction) 31nU8UANTNLALY

AV

CNN anansaiseuianwauzianzl@inaindeyandanududoulaog1aiivsed@nsain s

auaauilf LYy weoedAa1In (Point Cloud) lag

ihlugnissimunmaiadiausauszgasdld CNN Audoya Point Cloud Idlnenss L9y
PointNet (Qi et al,, 2017) Fafuuuimausniiesnuuulianunsauszananagalusiniaaiy
Ialslaglifosuvaadugunmm vi3e PointCNN (Li et al, 2018) fiUfulassasrsnisaeulag
Fuldmnziumssesadudeyanuulimiianeves Point Cloud 53ufia PV-RCNN (Shi et
al., 2020) finauLLIAAYDS PointNet U CNN 135U30il (Voxel-based CNN) 1l alwléivia
Usgansamlunisananudnyasiddnuazanuniuglunisnsraduinguuuaiuda lne
A3EUIMTNILTBY CNN BBuanmsthdeyatindi lidezdunmmsonesdnannd dua
wasreulagiu (Convolution Layer) saziSouiuasiunadnunsiiddyuosdoya aniuas
HIUATEUIUNITAaAUUIN (Pooling) LY Max Pooling #3® Average Pooling ioanfifives
Toya ann1slenineinslunisuseanana wazldeadunisiiia overfitting N na 1y
NSPUIUNTANARMENBIEILEY ToyadegnadInIud1diawaswuuAu (Fully Connected
Layen) vi3ovhnsdniBestoyalvagluguuvunnmeiviadifisoiaions Flatten uwayldflaidy
A3 (Activation Function) 191 Softmax 1t euasAliduaiuyrazidudmsunis
SuunUsziam ddduvhedigrazldnadndfidniauaniaesiensingm (Output Layer) ileldly
nsdndulavsenisviuelunaazuszinvvesing wuamedenaiadusngiudAgues
spUUNMInTIasuingsnluiAadielna Tnsamgluneundiaduiideanisanuuwsiudiuay
UszAnsamga 1 szuuduiedeusmlusid usudiedoudl uazszuuyszananateyaain

naoIvisalduLwes LIDAR



=

LwaﬂimﬁummLLaiusi’waﬂaJmaiuma[%auﬁmam%’laq (Machine Learning) Lan1s
Anseriveyalulaseieusvamiisuwuunauligdu (Convolutional Neural Networks:
CNNs) Sipossionazmpdanarsyssiniiasnsatunldlunisiauszansnmnaasduna Tne
nildluedosdiofiugiuuazldfuanuieugsfie Confusion Matrix Fadunmssiinaniuanis
ursveslnalunsazaaia lnoudseandudUszian laun True Positive (TP), False
Positive (FP), True Negative (TN), iae False Negative (FN) 5ﬂﬂ'1ﬁﬂwmﬂﬁyLﬁﬂﬁ]7ﬂﬂﬁi
Wisuilsusznitanadws A lunaiuiefuaauass (Ground Truth) Taesialumisng

[

Confusion Matrix agianuyaeeal:

Predicted Positive Predicted Negative
Actual Positive True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

o 1

a 6 . . ) Y o U dycu a a o
N153LAT1EMRAN Confusion Matrix @unsaidnluldauiaddindu o ndfgy 1w

o

Accuracy, Precision, Recall waz F1-score &ataeasvioufiaussansnmuadunaluifin 9
(Powers, 2011) islugumugniadlaesan anuaansalunisseyagidwmne uagnisan
anuianaelunsviiune Tnslawizeg1edslunsdiiideyalsianna n1sl4 Confusion Matrix
wyrglianunsnszyansesuvedlinaluwiazaaalaedataiau wastlugnisusuusddunag
ToiUseAvBnmB s

Precision (AAsiiugn) vanefadngauvesdnuaudiegilumainnednduuin
(Positive) LagyinuegnNITe dofieuiuiuuiamuailaeariiuneinduun edwald

N
True Positives

Precision = — —
True Positives + False Positives

Inedi TP (True Positives) i d1uaudiegeiiiluuinaswaslunariniuegndes, @ FP

= [

(False Positives) Aaanuiuiiag1aiiuauwslunayinuneianinduuin

Recall (A1A111hh) nunededndiuvasdiageimiduuinasadaunaaunsansiasule

agugnAe Walsuivdunuimediniluuinimun nedalden



10

True Positives

Recall = — .
True Positives + False Negatives

o FN (False Negatives) fie S1uumegnsiiluuinasauslunariuneiininduau
F1-Score (Sasaki, 2007) WuAeasideansuaiinduas Precision wag Recall F4ld3n

ANANAATENINNERIAIRINaT Ineamglunsdlideyaiinisnsyaneliauna (imbalanced

dataset) lagAWINAINGNT

Precision X Recall
F1 —Score = 2 X

Precision + Recall

dmiunsussidiunalununsiaduing (Object Detection) lnaianizluyadoya

WINIFIU LU COCO wag KITTI dataset dnflvulda1adovas Average Precision (AP) %389

[ '
v Aou a

138131 Mean Average Precision (mAP) @aifuiidianavvioulssansnimvesunaluusay

Aaa e Average Precision (AP) funasanniiudiléinsanl Precision-Recall (PR Curve) ¥4

uwiagAana Lagiia AP antulmALaieiitelar mAP lnegns fe

{ N
mAP = —Z AP;
Nf:l

Tngit N fie S1unumananmin was AP, fefn Average Precision Uosnanad i 41115u
yafaya COCO avldnsUssidiunuy mAP@IoU = 0.5:0.95 Gemngianisduanan AP 61
‘Vim8@%95\1‘171'9-1'?Lﬂm'ﬁmiﬁu%}au%ﬁmq (Intersection over Union: loU) fiaus 0.50 89 0.95
Tngufiniiaz 0.05 udaaade d9ulu KITTI dataset T9gneenuuuandmiunisusziiu
seuuiustugusudliaudu agldannne loU = 0.7 dwmsuaana Car waz loU = 0.5 dmsu
AaNd Pedestrian way Cyclist muLﬂmsflmmgmmmmﬁmé’ué’u‘lu‘gmﬁﬁaaﬂaﬁl (Geiger et al.,
2012; KITTI Benchmark, 2023) @sagvioufsszduanuuiudiidesnisdmivingusiay

Usgnnluan1nInaauas e
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2.1.4 danUnenssy PointPillars

PointPillars (Lang et al., 2019) tJuni sluisnisd ldsuanudenlunis
ATIUTRgUUUANdAIINTeyanaeina1e (Point Cloud) lneduuwidaavanlunisudas
PayaauiaioglugUuuuasliiniunisas1auueaInAuuL 38 Bird’s Eye View (BEV)
il panAuduTeuvesdeyaazann1szlunisuszutana duuaAnnisld BEV lunns
Uszananadeyansgdnanalasunisiaueiasinmegrsnsvatslunuidensuni wu lu
91384 Chen et al. (2017) fivinauslana Mv3D Ingnaudeyannndoaas LIDAR W1u
mswlandunimuuy BEV teriuaawiugilunisnsnaduingluytuesawiia 38n1sves
PointPillars azdnlassainsvestoyanasinandlsieglusuves fiaas (Pillar) dausaziandy
funuesteyaluiiufiany vnduideyafiaarimaiidnglasseussamifisuuuuasy
Tagdu (CNN) iilearnnudnuuzd iy uardsadnsilsidnglasseyssamisnwunily
(ANN) dmsunszuaun1siiunlseiny (Classification) wagn1sszysiunudsd@uiia (3D
Bounding Box Regression) maai’mqﬁ'mimﬁ’ulé’ Tngdanadviu Pointpillar insguauns

YM9URIL

Point cloud Predictions

Point Stacked Learned Pseudo \ [
! cloud Pillars Features image ;

ﬂ%‘ JI= B

P\Har Index

gﬂﬁ 2.5 1m59@519%04 PointPillars (Lang, A. H., Vora, S., Caesar, H., Zhou, O. 2019.)

AN 2.5 NTLUIUNITNULBEANBITHU PointPillars L3UAUIINATT
o v w I3 cal v Y ¢ . =& AW I aa
Uiddeyaneeina1nflaannsaunusiiguees LIDAR daldnuasiduynvesqnauils
TUBIAAR (xy,2) WTouAIBAMINYULAY 9 WuAIAIIULTY (Intensity) Toyatiazgn
Uszananalulugausnde Pillar Feature Net (PFN) Beiinthiludastayanasinaniniuuay
ARl dugduuudesiiivseyuuesndiuuy (Bird’s Eye View: BEV) itelvivanzauiunis
Uszaanamelasaingasuligdu 2 45 (2D CNN)

n32UIUNITLU PFN I5URINNNSAIMUA YOULYANIIATITY (Detection

Range) Wag YUIATBINTE (Voxel Size) MULAY x,y,z WipkusiuAn1snsIadveandunia
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adnausluLwszny Inedoyaluusazninazgnaududumhedeyainiondt Pillar Jadu

Y [

funuestoyaluuuiisesiuiity 1 lnsasdenians Pillar idgnegaiainiu 9
Tayalunsiag Pillar %gﬂ%’@ﬁsmﬁl,miL‘fJumuL%as‘amﬁaﬁﬁimqa%ﬁq [D,P,NI[D, P, NI[D,P,N]
39D e Iuiaesien Wy [xy,zintensity, Ax,Ay,Az], P Aiodnuiu Pillar waualuain
uaz N Ao Sruaugngeansie Pillar Aifmualidamih

fnantu wiag Pillar axgnileudngiuduifiaasiuy PointNet G
sdayarasganielu Pillar Fronslddlei®u Max Pooling Lielwléfiaasrmvenatuly
sUvpanInmesun C (1 64 Fesdynad) nadnsildazeglugumuwasauin [C,P) Faus
aznmesunuTilaosvesamiediy

Tutuneudnly Foga [CP) wwgnudasndulioglusumisiiaonadosfudide
X,y VOILAAY Pillar Tuwnudl BEV Faazgadradunimidiey (Pseudo Image) vUN [C,H,W]ﬁ?i H
Wag W ABIIUIUAEA MILLILAY Y WAE X MIUAINU %uagiﬁ’umsuaﬂ Point Cloud Range @
Voxel Size fifwiun fregratu mniiufinseunqugnudaduninuuin 400x400 das warld
Fwasauin C=64 azldinmm Pseudo Image vu1a [64,400,400] Faanunsatilurulasetig
aeulagtunuuassfidseoluly dwmiuiidadliddeya Pilar g Frillaedazgnunufogud
et Aonszurunisluluga PointPillars Feature Net duifut unouddglunisuas
Foyanossnadfluguuvuiianmnsaldsrudulassineussamidsnuvuninldedied
Usgdndnm

n¥nshuduneunadisafieasluluga Pillar Feature Net ués doyaas
oglugUreanuwesuuia [CHW] fuFonin Pseudo Image Fonailazgnilouiingluga
Backbone 2D Convolutional Neural Network (2D CNN) @suszneusneynuosateesaey
Tag#u (ConvaD) naneduiivmiinfiFousnadnuasddnvesioyn luuazgmuenaiefay
finnsléinszuauns Downsampling sivunsaeulagduiiil stride > 1 tloanvunvesilians
wit uarluvmzfeafudiud iy channel aesfiopfifisanmududoudsiuinaziiia
AUAINNTatuNIsITgus NLees e uga a1 uazsnis Upsampling Aenaila
Deconvolution (W38 Transposed Convolution) iatfliaeduuundunilndifesuuiniiy
Tne Backbone utseanidu 3 nguvesuden (Block 0-2) Geillaesiildainusazudonazgn
Upsample Tisivuiatfeanu ([2C,H/2,W/2] ha1udinnsaunu (Concatenate) Tudi@aos

channel alawmuiwasanyinevuin [6C,H/2,W/2] TunaulliiingUszasdiinet1iiaesain

9
v A

pangsERuAINNazdgnunlgsIuiY FerrelilunaauisansiasuInandvuinrainaale

q

agliuseansam neinguuinidniideniseasidungs uazinguuialvgideanisuium
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AMNNI9UU wanNUGiesulonudnuusNiudsulUaueidoyanosdnain $9019410

v s

N NWULNITALNUVDLTULEDS LIDAR 7Udsuldlunmazsau nseuiunisiasdunum

v
o Y 1w [

dfglunmsiiinanumiugvedumanauiissitigiuneudnlufie Detection Head @13y

NIAMANITAINAANSNTTUUNLAE SEYUIeIng lugUL UL

aavnevesan1Unenssy PointPillars Aoluga Detection Head &aviwiniily

Y

'
aady v

nshuunUszinnvesinguazannisaliinvendesauiinnaeuseuingluain nseuiums
flagdudeyamuiwo$ain Backbone 2D CNN Fafufiiedidednluzuuuuninguses Bird’s
Eye View lag Detection Head 7141w PointPillars ﬁﬁug’mmﬂamﬁmaﬂiiu Single Shot
Detector (SSD) (W. Liu et al,, 2016) dadumaiiafianuisaynssuunuasUssanasiiums
5’@@119’1‘1%314%141,58’; (single forward pass) Inglaifoauennsyuiuniseeniuaesdiu 1ou
Region Proposal wag Classification fidlu Faster R-CNN (Ren et al., 2015) nM15%191UV03
SSD Detection Head 9¢l¥1algasnaulagdunatsszaulunisuszananailiaasdfidaiiy
azlduaunnanaiy il ensaduingd fvuinvainvats Tasinisanvuinvesnmiliaes

¢

(feature map) asides 9 Tuwsaziaied Fstheliasounguuiunvesinguuinlvg vazd
laLgesiianuaziduagianunsnldnsaduinguuindnldd luudaziunsweailiaasua
lawagyiuneiinnvesnass (bounding box regression) agAANLLazluvesuiazAana
(classification scores) hagazdin15lenszuIUA1T Non-Maximum Suppression (NMS) iie
dindesiitoutusandenanzndesifieeuuugsanuiiy nssuflaeininvansanaidull
Peifiulszavsnmedinnalunsasaduiagivarnuaeiluwivemauasaududou
et
2.1.5 lassvnensziinaanuaula (Lightweight Attention Pyramid Network)

quwuﬁé’aﬁﬁﬂﬂiﬂisqﬂm“h'fm'%mhsﬁisﬁmmmaﬂﬁ]ﬁmﬁﬂLm (Lightweight
Attention Pyramid Network: LAPN) dadulassgneuszanmiieufildsunisoanuuuaniiie
5995UN1919A1UN13M5793 TR0 (Object Detection) UAYNITUUILENTANIANIIY
(Instance Segmentation) lae LAPN gnsimiunduiitonaulanddadiinvesuuinienisaiig
Hodnaneszaunvusaiy ldinesfunisldnmmansainaluuwame Featurized Image
Pyramid fiuifagseasuinguainvanevuialad uinduiiduyunisdiuings viouuma
Single Feature Map ﬁﬂswé’w%’wmﬂiLLGil:u'iaq%’Umimnﬁfui’mq%mmﬁﬂLLaﬂmyjlé’w%m
fy 8nvia Pyramidal Feature Hierarchy usfavadnsilioesarnmaneduuafifinananududou

o v v

vaalua Wag Deep Supervision NY1etinyUseansamnsiseusuadiniidadndnniunis

[
v L4

sudoyatnusey d3u Feature Pyramid Network (FPN) (Lin et al., 2017) W wiiazlasy
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Auileagelun135iuiliaesuuy top-down 3ufiU lateral connections kiNSTINALIS
Srinogiftsatuiiogintuiindu andedrtading1n LAPN Sagniausiulng Zhang et al
(2020) Fadiunalnauaula (Attention Mechanism) iWanlulassaiafisziindiellasaing
anunsadenivinnudidgiuinesiuusasseaulaegiamungausiuluga Feature Attention
Fusion Block (FAFB) dewalyl LAPN anunsaainauanuuelneg1elidsed@nsamainuany
sefuauazfeanigluiaietiaiier idtanvuialunanaznisenisiiuiaases1ed

VEGRGEY

c 2c 4C
v v
4x down 2x down
1x1 conv 1x1 conv 1x1 conv
con%

%

Feature Attention Block

Fusion Block

|

:

Deconv

U7 2.6 Tasea$na LAPN

INNINA 2.6 7B 1A59918 LAPN Usenaunigasnusenauanan 2 @ tawn

o

miganuaulirienudnuy (Feature Attention Block): Tugailvitniiugesdayaya

(feature channels) NANd1AEY InvanAud1AyvoItody 1 liAe1T0%a9 nalndl

=

PglmaIevisansalnialundeyanivsslovinianluurasduresiiselin dwmaliinig

Ao

annAManvauziinMuwiugNgly lgianizeg 98 dluaninuindouniingIuiuuin
veinududeouss

NITIUAMANBUENA18TEAU (Feature Fusion): 1AT8Y18¥TIUT0YaNYTY

¥
a A

ANUazEERn (low-level features) FalivayaiBeiuninaziden Wiutayaanduniny

Y
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az1dunga (high-level features) F il voyalBauusssundafisusunialy n1svasusiu

Y
[ 1
U

AasENwENIERssEAUltIElRTEUUaNIIaIndInglaegeliuseanEam uliningazivue
sUs19 vizepmaafiunnsnaiy
2.1.6 N1531A12HLT9U52ANWUD95282N15M5299U (An Empirical Analysis of

Detection Range)

INATEV0I Peri wazamy (2023). MfaueauuimsiiSenin Range Expert
I$unsiavaifiefinUszans nmuedunalnenisuiuai seezns793u (Detection Range)
wag AMLazBYnvBLIneEa (Voxel Resolution) Timinzauiudnwuzvesululnayszes
Feannsosmualdlussnitetuneunisfiuaeszuy (Configuration Phase) nagnsiiae
Tanu1300enLUUTEULTIneUaLBIRaNISAnaNIE Wy Nsuandesdiavinesseglndnde
nsasransalszezling InenisidenainNinesliaennassiuANADINITUDITE UL @I

TunsAuwsugwazUsEansnmlunisUszananavadluna

100m

JUN 2.7 M3UTuszegnsnsiadu

o

Aafwandlunnd 2.7() Fududeyanesdaaiinfitdainsuees LiDAR Tu

WunAnaaeu dmsunsaiiiunisnsiaduingszerlng wu n1sudndesnisvuluvueud
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\Aoufdnlud azidenldnnwasuinaidn 1 0.1 was wazdrinszernsadulia 20 wns
pun il 2.6(b) Wlelannsaatnoazideavesinguunadnvienisiadeulmlduiue
wazy afunsldnsnensduamamef ui ddgylndi luvasddmiunuidonis
nyaaevdndouszerlng Wy nMsnTadusunmugiiogvineenly azdenldianiva
yulngindt (0.25 wAs) wagvenoszoznsnduliu 100 was muami 2.6(0) Weauau
asgmadalaesin Bnmsieliansaaiaaunassnig anuasBendeiud ua
YaulransnTaty hlkannsavhausuuiFsalndldfluszuuifded Ansunineins
(Peri et al., 2023)

2.1.7  szuuufiAnisiueud (Robot Operating System - ROS)

Robot Operating System (ROS) tdususnilésuaufisnetaunsmans
Tumsimuinazauauszuuiuewd e ROS lalldszuuufiRnsludavada uwiduyaves
lausn3 1ndosflo uaslassadefiugruiltisatuayunisadrssenduisdmsuyuoudi
ponuuLLLiliossANazmnlum sTRLILEUNE IATu LB AR LU AN TIAULUY
wsnmthiiluninggosfiGondt Nodes Sausay Node agvivithillowizsnu 1wy n1saauay
wuwes N15UsEINaKanN w3en1sindeudl Ias Nodes #ina 9 anunsndeanstiuniuszuud
3unin Topics Faimihifudesmianardlunisuaniddsudoyaniudonim (Messages)
mieiidsdeyarzgni3endn Publisher vazdivthefisudoyaaziiondt Subscriber Ingszuy
a1unsadvane Topic wazuaie Node vi9nusauAulaiuvauiu (asynchronous) sl
aunsaiRILAENAFRUSYULEREWAavdIuldeg 1 BaTEIarinNEAvEuaY

ROS lisunswmuregdeiiedlunatsnesdu lnsianiz ROS Melodic
Morenia @uiiunesfuiiadosdmiusyuu Ubuntu 18.04 uazivanydmiussuuilsi wag
ROS Noetic Ninjemys Faiflutaesdu LTS sugavinelu ROS 1 ieenuutandiniu Ubuntu
20.04 Ineitfunsatiuayu Python 3 uagiinisuuussdudseavsnmuazeasnsoia
T dreiuanumngandanisldnulussuuy usuddluifaislv Tnsaniglumud
Feamsmaiausaniuveslugavatsa i szuvthvng MIvanideadsfineing wagnis
M5 UTRguuULsealny (Quigley et al., 2009; ROS Wiki, 2020a; ROS Wiki, 2020b) lag

wannsvieulagdaudves ROS anansaesurelanegun 2.7
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[Topic_C
y
[Topic_A

JUN 2.8 UNuAINeFU18N15Y911Yee ROS

n13da?oAulugULUY node 989 ROS fafinaiud 1R utiuaziglinis
nuhetuissnnlidiluiewdsuldnnmugunisinnuressdazdiusuiuliluldndes
AaunsYiudsanunsarildedsazmnuazsansaau

ROS Bag File L‘ﬁuEULLUUIWa‘ﬁIGﬁu%UU ROS (Robot Operating System)
W en1sUuinkazn1siaug I toyadn e skazn1sdeaisatglusyuy ROS Tilddlu

A A aa LS 1 a a 6 1 ¢ A v =
iwsesleniivseleviegagddunisnaaeunasnisinszissuuiueud Weswinannsatuiin
Toyad NN ToUANIYUDST anusvuEUd kaztanluuaniUisuseninalvun
Tu ROS 5l ROS Bag File WasludnWmuiaiuisadtasizvinazvinginisnaasuly
Y PN % o & d' = s v o v

annwndeuinIuauld Sauiaduesestislunisuysteyanugaulugusu ROS

PCL %158 Point Cloud Library (Rusu et al., 2011) \JulausiSlewmuwesan
winlugdmiunisussanananesnnanan 20/3D uaznisuesiusmensuianes dududiu
o w Y] a o ¢ & v a s = v o
drfglunsiauweundindurueuduasnisusamiumenauiawes Tulausis PCL T4iie
NMFIATIELazNTUSTINaNataYaNBAAa1IAT AT UINBUILE A 1WU Iwugeslanis
#38Na09 RGB-D Anuautmnanuas PCL Tu ROS laln n139133ung nisdiwunysean n1s

AAMINTNG NITATIMUUTIDY 3D WAz 1TUTEINIARATOLANDEAAATIALULIAIA

JUN 2.9 seslledmiuuTuusdayatoyanasnalin (Rusy, R. B., & Cousins, S. 2011).
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Tu PCL duillausSnheanunsausuusisyndoyanesnanie lnmsil

v
adAa o

Voxel Grid filter 33dvirulasmsuusiunideyasandunguiany (voxels)

' (% [
=

wazluudagnguazidonyatayaiiesgaiagiiiaununyaianualunguty vlnduiuyes

K%
o

wosdinanfazanasedamn ilesngadeyaiitdouvieeylndidsstuinazgnannouas
THndoifivsaiferdevilongs

Passthrough filter NTOINDYARAIALALAITANNUAVOULIALULAY X, Y, 138
Z uazamzndeyaiinnogluveuindimuaiduiiaggniivly vilvidisangndeyaiioy
uenveuwsiiawla vlsiyadeyadimudidusazionzianzasnnty

Open3D (Zhou et al., 2018) L‘fJulamﬁiaLWuenai‘aﬁQﬂﬂ’wmimﬂm%’a
970 Intelligent Systems Lab (ISL) 1# 85895 Un15Usvatanad ey aa 1udd (3D Data
Processing) ﬁwmﬂwma WU NOYRARIA (Point Cloud), 1% (Mesh), LagnIALUULINLYA
(Voxel Grid) 9ALAnw93 Open3D Aapuanansalunslinuldvisluamn Python uay Cr+
woudeyailaiduiinsouaqunsléolunansduneuresiuduneinumesnmiinduas
Jdesiminen3ns (Computer Vision) faegsilsdduiidrdny Idud nsadrsndesnseuing
(Bounding Box) Hauuufivunufiuuny (Axis-Aligned Bounding Box: AABB) wazhuunyula
(Oriented Bounding Box: OBB), n13luanlazianinadeyadinlud .pcd, .ply, .xyz uaz
EULLU‘US‘U 7 l¥ogeiiuszansam deauanunsawani Open3d 3alaSuauioueths
wnsvanglun1sldanudde wu n1suszutanatoyadn LIDAR, mswseutayadndidmiv
LRan1595933UTRgauilA (3D Object Detection) LagN1SHARINANAENEYDINITATIVIU

Tuguuuisninegeliuseansnnuaztiaveuy

4)OPENSD

Ul 2.10 inResflodmiunansndeyanesnand (Zhou, Q. Y., Park, J., V. 2018).
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2.1.8 Jetson Xavier AGX Lag Jetson Stats

Jetson Xavier AGX Lﬂuﬁaﬂszmawaamaauzqué’muﬁ’]ﬁﬁwuﬂmau%ﬁ’m
NVIDIA %’quﬂaaﬂLL‘UUMLﬁ'aiaﬁumiﬂssmawaL%aﬁﬂﬁﬁuﬂmmwisﬁwﬁ (Artificial
Intelligence: Al) wazsyuuyueuddnludfludnune Edge Computing tnganie qﬂﬂiﬂiﬂ‘f
\Dunislungundnduei NVIDIA Jetson @afigasf et asesfunisuszgndldam Al
ANAALINAIBIUIAT N vinsaLazUTEANSAIMTIge Jetson Xavier AGX Usgnausievtae
USLUIaNANaTaLUU 8 ABS ARM v8.2 64-bit, iieUssaianansiiin Volta GPU fumsou
Tensor Cores @1WTUNTITLIINITUTZUIANALUUVUIY, KUIBUTLUIANALANIENNEINTU Al
9814 Deep Learning Accelerator (DLA), agniaaA1131 LPDDRAx ¥u1n 32 GB gunsalds
sesduduMmesTNSIEausefivaniany 1w Ethernet, USB 3.1, PCle wag HOMI wenannil
Famfeuyawaun JetPack SOK 7i5aulausnTuaziad eadiod1@ay 14U CUDA, cuDNN,
TensorRT, tag DeepStream SDK Lﬁaaﬁfuauumsﬂ’wmLLaﬂwﬁLﬂ%’u Al hazn15Useuana
ndugs fenauautRiuaril Jetson Xavier AGX Fumnzdmsumslfenilussunyueus
Solun®, srusudldaudy, szuun1suo UL 0idns (Machine Vision) wasuaundiaduy

Al wuusgalndngladadninaundsauwaznsnans (NVIDIA, 2020)

U7 2.1 Jetson Xavier AGX

Jetson Stats (Bonghi et al., 2020) 1Juta3 silofioonuuunanIzdImsu
gunsal Jetson ¥4 NVIDIA Tnefigauszasaiioldlunisnsiaeuiasinniun1svineuves

ningInsTruvkuuEEalng wesesetanunsawansdoyanisldnuvesmiieysyiiananand
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(CPU), mibgUszaianans fin (GPU), niiganudn (RAM), Tiu8a8nsnsldndeanu (Power
Usage) Wazgamilvasaninuisogissaliles Jetson Stats Fsdiunumardglunmsiiasizs
UsgAvsamuedlunaiisuuugunsalileia (Embedded Systems) Ingtanizegsdsluuiun
yesulszananafifosnsuszannmganislddedifnsunineins wu susunig
psnduinguuuiFealysiuy Jetson Xavier AGX 3o Jetson Nano nsldiedasiiotianunn
gl wmurszuuasalsuisismsvinuvesliealivugauiutediasuesawas
wagUszidunansynuannmsusuasulumanenisldanunsnennsldegrausiuduaz du

YUY

2GPU _ 3CPU_4MEM S5ENG 6CTRL 7INFO Quit (c) 2023, RB

'gﬂﬁ 2.12 RUNDLAAIAINITIINSNYINTVDITZUY (Bonghi, R. 2020).

2.1.9 ABURIMBIUUTANANBRIULR (Onboard Computer of Autonomous

Golf Cart)

AT uNTanaaNgnlud® (amss, 2565) LUunureUssuranandn
dmiunmsemuauszuumstuirdeu mssudaninuindes uaznsindulauuuiEealnl Tag
vy gudnansnisuszanana (Central Processing Unit) vesszuuduinaousnlusli
e gunsaifildlunuidoivsznoudieniisUszanananais (CPU) kv 11th Gen

Intel® Core™ i7-11700K @ 3.60 GHz Feilsuunesavun 16 Ao (8 ApSISILAY 8 L5
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iaslou) an1lnenssy “Rocket Lake” 409 Intel TiuszAnsnmadlusunsauiniuunae
isInuazn1sUsrananadadn wiouwmalulad Intel Turbo Boost fitnefinaus &y
uAmsnlusiAlofonsUszansnmgsgn

dusunisussananaldinsiinuasuaudyyiuseivg Asunmes
Fananldneuszuaanansifin NVIDIA GeForce RTX 3080 Ti @sflaa1iinenssu Ampere
fisw¥en Tensor Cores wag RT Cores dm§UN513aM3UszInaNALULIL LA 51T 813
\T38n (Deep Learning) laglaniy GPU i;ui‘fiaﬁumﬂiuia@ CUDA, cuDNN, ta¥ TensorRT
vilvanunsoUszananaluvruuvua g uagduluaat gy seAuvsidudouldegnadl
Usgandnn

meAuaNTRfna AeNiinesuusanaandnludfaiansasesiun1svinay
Y23lULAan 3337 UTNauillf (3D Object Detection) kagN15UTLUIANANINIMNLGULYDS
LIDAR wazndedlduuuisealn Inednsdiafosnmlunsviauegssadioduaninuindes
254 19t szuudianunsoid ensaugunsalnnsuonsuNesANIATIIL WL USB 3.1,
Ethernet, HDMI, uaz PCle Lileiausiaiiundes, luies wazszuumuaunsiulndeuduy 9

reuimesiadoduunannesulssiianandnuessruusanednSnlulRAf
THlunsvaaeddunuided TneldSoudisuiuunanresu Jetson Xavier AGX iiteuszidiu

a ea

UszdnSnnveduwmalyguseivgilasumsvsulsaneldanmuingdeunisussinanad

<9

LANANIAY

JUN 2.12 Apuiiamesuusanaananluli
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2.1.10 vasdiadmiunisindanisdayauaznisintreniiudoyayaaruila
(labelCloud)

luniswisudeyadinsunisinaeulunansiaduingaiudaaindeya
wuwes LDAR Iidenldweniuas labelCloud (Sager et al., 2022) daudwadasfiowuy
Touuwesailgumsiauniunniiesesiunsadrstemiu (Labeling) wuunaasanuiia
(3D Bounding Box) Uudayanessaanidlasianz gevsiuaiisesudoyaanuainvais
E‘ULL‘U‘U LU .pcd, .ply, .xyz Lag .bin (mmgmwwaﬁ KITTI dataset) §ﬂﬁaﬁﬂaﬁmw3a
ANMuARINGBY Bounding Box taegvdanguluideauds suudenisvyuluudazinu (yaw,

(Y =)

pitch, roll) uananil labelCloud dadalonalvanusatmunaaiavesing uardvaindes
Aduiusnssiuldmudesns dahufinanuazminlunsinnisdeyaiiivareussianuas
yansaInn1sal ANANLIsmaNYlY labelCloud Wuedaaflofifiusyansamlunisain
gatoyaluy Annotated Point Cloud damsnzasegnadadmiunsldnusmiuluma Deep
Learning Tun13ns193uinganufiaindeya LiDAR luusunvean1sideamuyueudsnludi

IpgUN UL LS AUTU

L[4

la b el

U7l 2.13 iedesiledmiudnnisteyaanniauimes (LIDAR Sager, C., N. 2022)

av dd v

2.1.11 3"UYNLNYIVDY

=

NUITBNALIT0998NAINIWITEAY 9 NlTN15UTUUTILNLRE Pointpillar

waznsld Attention Network Usuussluina 1Jusiu
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Zhang et al., 2021 ta@u® Pyramid Squeeze Attention (PSA) Module éﬁluﬂuiu@a
wrdmduldunu convolution wuu 3x3 aelulasswnedn Tag PSA senuuuLiiaadn
faeinasseivegredivssansnm ngldfiumsfimeiviealddiglumadium Tugad
an5a5In U UMt uiluazid e osdaaandidefuludnuvarvesisedn vildmany
dnsulumanuu lightweight ﬁé’aamimmLLaJuE‘J”lgjaLwiﬁ'm’]uuuaﬁmrﬁﬁﬁﬂ Farenndo
funuavansld Attention fiwaurly LAPN

Zhang, L. et al., 2023 U v@ualulna Transformer-Based Global PointPillars
(TGPP) fhaSuauanuisaves PointPillars LAnlAsn15Wnsn Multi-Head Attention (MHA)
nwuIAATes Transformer Wnldludumounasnis encoding faesareluusras pillar
iiellannaanansaidila global context l#AIURRY local structure dssaliammusiugily
MsrTaduATuUsEIn 2.69% vuadoya KITTI Gauandliifuituuimaniaifia Attention
Module TulAssasne PointPillars ﬁﬁﬂsmwgjﬂ,umiLﬁuﬂiz%w%mwwﬁmwé’u Tnstanzlu
uiiFeasesiuingransUssamiasanguun

Zhai et al,, 2024 \@uslaseuny ASCA-PointPillars il adaptive-scale pillars (ASP)
321U correlative point attention (CPA) L‘WIEJU%JU‘LJE\? pillar encoding LuUU multi-scale ¥
Tiluwaanunsasuieduingieianldegafiuszavsnm

Konrad Lis & Tomasz Kryjak., 2022 la wn15A ne 11U euLl gy Backbone
Architectures @150 PointPillars Tnenaassunudi CNN ¢ st ud28Tassg181un 1oy
MobileNetV1 waz CSPDarknet Hadnsuansliifiuinainsoifinainaundrlunisii inference
Ifunnda 1.5-4 wih vaeiimauuiugrananiiendntos (Wifiu 1.2%) swamaiduansls
i1 n1suden backbone FiungauaIuIsaannIszn1sUsTianaldogneun Tnadan
INYIAUNINYBINITATITY FannAnidauaenndasiunuitefiansiuiu convolution
layers uazuNUTigae attention module s ALY il el aufun1siauuy
Jetson AGX Xavier

Shi et al., 2022 T tiauslasevne PillarNet 3910w backbone Twifisonuuuun
wmgdmiuteyauuy pillar lneiun1susvannasening Anumsalun1suseuiang wag
Auwsiuglun13ns19du Tngludedddlaseasnauuy voxel-based fidudou PillarNet 14
Tnssadavdannsoadaiiaesladn lildnadnslnddeasulunavunalvgild voxel
uieanuuulimngdmiunsldnuiifoanis real-time wagndnennsdie wnAadaiiuayu
LUINI9T 8aNLUU LAPN Taeiifu lishtweight feature extraction wazn1514d attention

modules wnu convolution blocks AntnwazlensneInsuIn
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Lin et al., 2017 1@iaue Feature Pyramid Network (FPN) §aifulassngdngu
msnunudnvarIanessERunanden neldmadouroinarsiuuusazainuuas
ety dlfaunsoanaduingldiiilurunadnuarivg Tasee FPN naneduiiugu
dAglununsaduingratvaiv uazlidnsnareniswmuilasegludnuaeiisedia wu
Lightweight Attention Pyramid Network (LAPN) A1 lusuiTod §unsn Attention
Module uutiundnluluynseiuduvadasiaine NN ilewiufimesdrdyuuy Multi-Scale
TnedsmanraiuuazirdmsussUuuuATIfuUY Xavier

Lang et al.,, 2019 launaueluina PointPillars ﬁu‘wai‘quLuiﬁmiLLUaaﬁfJ’a%a Point

Cloud Tegluguiuy 2D pseudo-image 1ol 2D CNN Tneiinnsivunveuiunves

=

Point Cloud @29%ti1 (Point Cloud Range) tieAuANNUTIN1sATI9dulR LU NI US LI

9

[
o w 1

dfy W dundisosudviessezAduiusiuainulasnde SawwAadldnateduuu
UTRRugulunsusulslinansaduinguuy 3 Aadldvuszuuiiiidedidadiunis
Usealana 1Y Jetson AGX Xavier

Hu et al., 2021 §3laiaue EPSANet il Pyramid Squeeze Attention Module Uny
convolution gnluurazuion Fsuumeiifumndalndidsstu LAPN Taeld attention wuu
wilumsadafiesuatssedu shlilaeaiiuszansnmddulaglifumsdwesinniiuly
wazanunsntluUssnaldiulasaiineiundmsy edge device laogeaiusz@ngnm
Zhou et al, 2018 lasiaunTana VoxelNet siatdudunuuaesnsldnsuusiiud Point
Cloud ¢e Voxel Grid waglduunves Voxel iufianiuay resolution vesdayailiaes lny
wuInsUSuTLn Voxel Tazdeaduluuuisiu (X, ) frefiuainuausalunissiun
foquunadn woerililunaneuausstuinglndldfitu uwnAnidsvswaosnanndanisusy
laseasneninseusvedliing PointPillars elwaenpdastunisieuuuudealnduy Edee
Device

Zhang et al,, 2020 WLaus Lightweight Attention Pyramid Network (LAPN) Fadu
Tassnsuuuiiszdafinaunaiunaln Attention iitenjunudnwaziidAyluuiagssiuves
e uarsindoyannuaneszaunuaden Yaglilumaausonsaduinguundniay
swazBuaamzaaldaty aelifunsensdunannin lasseifannzesnsddmiy
nsldmiluszuuiiiidedfindnunine ns 1wy Embedded Device vi3ovueuAsnlusiA

Peri et al., 2023 laAn¥3NINAV8Y ¥29n15M5393U (Point Cloud Range) wag Iun
Vosel AfidoUszansnmveslunansraduinguuu 3 47 lnevageunisdnfagaanis

Uszananabieglusseylng wu duntuasaudimweseiuninug Julussegiiieideiu



25

a

N158naulareszuulINIg NUIINITTINAVOULIALTINUTI ST UNITADNTUIA voxel ¥
MUZEY @1u13nannIszn1sUsznanataziiuauuluglunsnsradulaegsidedagy

WUINNTLADAARDINUN1T9NLUUTEUUNLTIUUTEANEAME1MSU edge computing platform

WU Jetson AGX Xavier

2.2 msUszgnaldeumalulad LIDAR uazn15nsaduinganuils
walulagnisnsiaduingaiudfainteya LDAR (Light Detection and Ranging)

I¥unnuaulaegaunivaneiisdlunansidouasmagaamnssy iesanaunsalideya

FeanFeuTl (depth information) Tudugwazlifufvanmuasmiloundawild Joyainn

LIDAR Fagniunldsiudumaiian1suszuianaldedn (Deep Learning) i W RIUITEUY

aaa

preduinquuuasiiaiannsovhenldegusiudluanmuindenass lnolanzluaud
AoIN1IANUaRASE 1Y eusUASAlUR viuuRvuds warsEUUnavnISUSInTeY

villuantnenssuiildumnudengefie PointPillars Fsanansnuvastoyagaanudia
(Point Cloud) Wiludnwaizvesiiaans (Pillar) Aifiuszavsamlumsinnisteyauuy Sparse
ylfanunsnideyadnlunadsdnldmniginiinuy PointNet wia VoxelNet wuusaf
ALVl PointPillars gninluldegendrsndlussuy srusuddnlusd@ (Autonomous
Vehicle) 1y 91uw04 Lang et al. (2019) Gewaun PointPillars i oldnsiadusasudiuazau
wiuwhlugadeya KITTI IswuuiSealny waznuseidledugnaivinssusuesus 1wy Waymo,
Cruise, wag Baidu Apollo FhmaiadlullussuunsI9duaiiavang (Obstacle Detection)
eiiumsasafoveanisiuiadeu

uana1nd PointPillars Fagnirluldluatu vususaudsdnlusi@ (Autonomous

| [

Delivery Robot) Wag viusumgna1unisu (Industrial Robot) wielyiansansiadudsiauang
viotagluiiuiidifnldegautugh fogratu suves Wang et al. (2021) 74 PointPillars
Tunsnadundesianuazailusdduuuuiioalny SsiagangURvnannsruuaziiia
Uszaninmlumsdadumadiuvesiueud Tunirgnannssunisudn welulagnisnsiadu
fnganufiiann LIDAR Ssgrldlumenisudndaalesifioszysiumisesiuduniensiadey
Armgndesastusy Tnglduuurunadnluli@ (Industrial Manipulator) sasandunu
LULAZEIAT LN TATIAERUANA N

Tuduwes Attention Mechanism daifumaiaigaslilumaauisalndaanis
Uinaiddyvestouald gnihunldifierfiuussansamvedinansiaduanuiifedraseries

AuUes Li et al, (2022) 11 Self-Attention wnusuldlulassadrsves PointPillars wieliszuu
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aunsaniugatayaiiidnvaelaneiu dwalviiuanuuiuglunisduuninglasldiaa

(%
Y

Uszananawinfiy 8n9Taeuees Zhang et al. (2023) Sauandliifiudn n1swfiy Attention
Layer Tugiuwes Feature Encoding sz'wshﬁmLmammmﬁﬂmuﬁﬁ%ﬂumﬁ‘wmé’auﬁﬁa}ﬂ
sumusuunn W Tulsseurdefufiansisas

ot1alsfinu uIdedlngndnuing wdunisiaulunadmivszuy

ABNNIABTUTEANTAINES (High-Performance Computing) n3aunanasug1ugudAvuIn

a [

Ty Afinsnensiieane Feldimunziugunsalledd (Embedded System) Afivadnfina1u

(% v
LY

WAIUUATTUIEAINTT LU Mugudadnnielasusudtuunian Aeiuauidedss
yadun1susulssantnenssuves PointPillars 1ilAaaiun (Lightweight Architecture)

LaZanUaULYAN1TATIATUIILAUAININTEEEN U URNUAT IV UEUR NFoUNTETUAEY

)

Attention Mechanism tiegaglilunalidaaniznunidAgysnan1nsiadu

nsUsuUgsananiimuddgysenisuszandldnulugnairnssuuguduuinian

1Y

wazszuudnlugdiluiiies (Urban Robotics) WU UgUATUEUeIUENILITMIotue1A1T 1

U a 4

éfmmwwﬁmmmmms;ﬂﬂuaemimL%msﬁLﬁfsﬁaﬁTﬂrﬁ"mﬁmwé’qmuuawﬂwﬂizmama

g. ) [

H3shailukuinsnaenndesivsuilduvesgaamnssug alvaifssdnisnmuw seuy

[y

WY

snluliAuszansamgausdldngsanusn (High-Efficiency, Low-Power Robotics) #e@nenin

sonsthluldnuasmsluiuanudaendiouaznisandununsaiiuay

m3197 2.1 MmsUszgnaliaumaliulad LIDAR uaz PointPillars

QAFNNTIH fag1en1sussenaly Uszleviluasnadwsailasu
PIUGUADALULR Lang wagAnz (2019) 14 LIDAR inauuduglunis
(Autonomous $2ufu PointPillars Tunsmsa9du | asiedudsiauing an
Vehicle) souduazauAuLUUGealnl | gdRmmainszuuduinden

\onstulsnludfAfivasaste ARG
TIITEENIGR Wang kagany (2021) 19 luina | andunuansawisiay

(Delivery Robot) | avaduinguuuiuitumsviaunands | wasenu shaulduuy
Anvinauazifountuiuiinay wu | SualniuasUasndugaau

MLAUNTDABIFUAT




27

337l 2.1 mM3Uszndliaumelulad LIDAR uaz PointPillars (o)

QAEINNTIH Arag1en1sUssenaldy Usslewiuasnadwsailasu
AMNUADANBLAZ Zhang wazamy (2023) 14 LIDAR | iiumnuasadeluiiui
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Original PointPillars Model

Voxel Feature Encoder

e Linear (10 - 64) — BatchNormld - ReLU

BEV Backbone

e Block 0:
o ZeroPad2d

o 1 x Conv2d(64 — 32, stride=2) with BatchNorm2d + ReLU
o 3 x Conv2d(32 — 32, stride=1) with BatchNorm2d + ReLU

e Block 1:
o ZeroPad2d

o 1 x Conv2d(32 — 64, stride=2) with BatchNorm2d + ReLU
o 5 x Conv2d (64 — 64, stride=1) with BatchNorm2d + ReLU

e Block 2:
o ZeroPad2d

o 1 x Conv2d(64 — 128, stride=2) with BatchNorm2d + ReLU
o 5 x Conv2d(128 — 128, stride=1) with BatchNorm2d + ReLU

« Upsample / Deblocks:
o ConvTranspose2d (32 - 128, stride=1)
o ConvTranspose2d (64 - 128, stride=2)
o ConvTranspose2d (128 — 128, stride=4)

e Concat outputs — 128 x 3 = 384 channels

U] Detection Head

e Conv2d (384 - 18) - Classification
e Conv2d (384 — 42) — Bounding Box

e (Conv2d(384 - 12) - Direction

e Loss: Focal + SmoothL1 + CrossEntropy

5U# 3.20 Taseadns 2D Backcone ws Pointpillar Aeuusulse

Enhancing PointPillars Model

Voxel Feature Encoder

®* Linear(l0 — &64) — BatchNormld — ReLU
B BEV Backbone (Lightweight + EFA)

+ Block:
o 1 x Conv2d{64 — 32, stride=2)
o BatchNorm2d + ReLU

¢« Blockl:
o 1 x Conv2d{32 — 64, stride=2)
o BatchNorm2d + ReLU

¢+ Block2:

o 1 x Conv2d{(64 — 128, stride=2)

o BatchNorm2d + ReLU

o EfficientFeaturehAttentionBlock  (in: 128, mid: 8, out: 128)
+ Upsample/ Deblocks:

o ConvIramspose2d(32 —. 128, stride=l)

o ConvIranspose2d(c4d — 128, stride=2)

o ConvIranspose2d(l28 - 128, stride=4)

* Concatoutputs — 128 = 3 = 384 channels

Detection Head

* Conv2d(384 — 18) - Classification
* ConvZd(384 — 42) - Bounding Box

* Conv2d(384 — 12) — Direction

¢ Loss: Focal + SmoothL 1 + CrossEntropy

sU7 3.21 Tasaas1e 2D Backcone ¥4 Pointpillar fU$uUgaudn
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dmdun1sdangu (classification), Conv2D(384—>42) d1m3un1suszanainsay (bounding
box regression) tay Conv2D (384—>6) d1M3UN1TNANTUTANIS (direction classification)
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Safignimualineundnideyalunialuulasmufinnsandeyadusmgs ltandeyalunis
UszananaresiiUssanataransansaaduinglunesnanidliodg19saniss udaldiasedae
Uszamiiguuuuaauligdu (CNN) Asnudnuuzngunesnaid kel luidngiingiadu

(Detection Head) évsunsguiunisdmunuszinn (Classification) wazn15seysuni L

v a
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n¥aniinusugadeyanesaandliud yadeyamarturzgniilusin
nszvaumsintheiiulagld LabelCloud Faduindealefvaslunisszyinglunguwes
Aanlagld Bounding Box Avuaveuluningdidesnisnsaadu deyaidndomiuazgn
wiseaniluaiuyn fe gadeyadiniunisindulung gadeyadmsunisnsisaauniny
wiiugn waz yadeyadmsunisvageuluna lnedoya gnuuseanidu 80% dmsunisilneluy
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3.2.5 nsadelumanisiseus

Y

N33 19lAANISITIUS ININNSe BTN T8ANAU (Labeling) Mnu

U LY

HoNALI3 labelCloud Toyainantignuuseanilugsinasu (Training Set), YansIvdeuluing
(Validation Set), uagyanagau (Test Set) ivelvluiaaaiuisaisouswaznaasulaagig

wiiug n1sly Pointpillar n158n Tueadiiitennudidsy 1Wesan Pointpillar gnesnuuuin
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ANSNTIIIU 3 LR

:~$ python3 tools/train.py --cfg_file /home/autoware/OpenPCDet-master/tools/cfgs/cus

tom_models/custompointpillar_4thcopy 10 025 apn_conference version3 mape_apn_finaltest 23 april_2025_
human.yaml --batch_size=7 --epochs=900

o o a

U7l 3.24 ddsildlunisilnaeulanna 9000 58U (Epochs) wavuSurnauundidy 7

funounisiinlunaduduannisihdeyafiedeul idrgamaniafignimua
15 1Ug Pillar Feature net flvzutasyufiansandeyaiduymgs udldiedoveussamiton
wuuAauligdu (CNN) Asaanwunauneena1dIn wait1luid1d1an 3193y (Detection
Head) dusunsyuIuNIIUNUTELAN (Classification) Wagn1358 URUMULBUTR (3D
Bounding Box Regression) ﬁuaﬁmqﬁmaﬁuﬁ &3 Pointpillar 21115095293 UTng Laegned
UsvAnsnmlungumesaanduasnsaunuusiazeds nsvuiunstindulieaazgndaa iy
nsilnudiuau 9000 58U (Epochs) staelilumaillenasuiandeyafiteudunann
fu Tnefinsufvsuauuadidu 7 sldnisfing 2y suedmangaudensinlunalaglyl

anveulsyanSnmvisaiiunsen1sUszaianangeiuly
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INFO VOXEL_SIZE:
INFO POINT_CLOUD_RANGE:

from n parass wmodule argusents

voxel encoder
voxel_encoder

torch
map_to_bev

backbone2d
torch

torch

backbone2d
torch

torch

backbone2d
torch

torch

EfficientFeatureAttentionBlock
EfficientFeatureAttentionBlock

EfficientFeatureAttentionBlock

ConvTranspose2d
BatchNorm2d
RelU

ConvTranspose2d
BatchNorm2d
RelU

ConvTranspose2d
BatchNorm2d
RelU

AnchortieadSingle

Conv2d_cls

Conv2d_box

Conv2d_dir_cls
SigmoidFocalClassificationloss

WeightedSmoothL1Loss

WeightedCrossEntropyloss

U7 3.25 Tasaai1sves Pointpillar iUsuuUssudn

a

msinlunaezldflaidunisgande (Loss Function) Bevimiifiussidiuaia
uAnAesErInsHadnsAlunauneLazAassiiimualy maluearihnisviuneiianaia
ilafdunisgayideasdrsdsuugeamafivesluliealiuiugunnduluseudal ns
Usuugsemniwesiesiilfluaaamnsaviune fngldesauiugundeiuluudazsou

vdsnfilunasinisiinsuuda azthlunaluneaeuseyndeyalmiiliing
Fuindeu ilevssiiuauainsolunisnmaduing maveaeulsail dilensiaaoudn

Tmaanunsadrtuldluaniunisalaswdudualuu Inedoyaildlunismagsuaziiunes
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aadgniAuliuenidieliussiiuussavsamuetuiag deaziimsiouiiounadnédlatu
Aiuviasdlusgminensiinlumagziinisuansdn Confusion Matrix ilslyiasnsaiiasgyina
mansaduveslunalioganden intesdiotasielimnuismugndemomnsaduly
wsiagnevyngfiaule warusuussluealvfiusyavinmasadulunmshuefumisuay
yunvesing lunaazgninlvldaulumsiunenannyedeyaidslinesinsfinduunnou
(Inference) mMavhuiesaiidisliannsonmvaeuldilueaiadnduiinrwauisaluns

n7133UTng Lo assluaniunisalivainuatenseld n1suanInaveslilnazQNLANIH U

Ql' a

Bounding Box 58Un#19nn5393u vilianunsansivaeuldegadmauiinadnsnseivis

foIn1srIa bl

default.rviz* - RVIz

- ~ 2DPoseEstimate  # 2DNavGesl @ Publish Foint +

g
L]
@
B
A

s

:

TPause | Synchranization: OFf - | RoSTime: 1746524750.26 ROS Elapsed: [251.39 well Time: |1746524758.30 vl Elspsed: 25130

Bl cese L Move X/Y. Wheel:: ptions. 31fps

{ Aaaa

5UN 3.26 nageumslilunansiaduing 3 dAnlaainnisinay

3.26  MSNAHBUNITENISATUIUULYUEUA
Jetson stats L3 uwoWd U257 2517 1i ons19d0UAININLIZAN YD
an1tinenssy PointPillars 7ilF§unsusuudsdmniunsiauuugUnsaliladafiindnens
1M LYU Jetson Xavier AGX ma‘mmaaumizmsﬁwmmﬁagﬂaaﬂLLUUﬁuLﬁ'aﬂizLﬁu
Usgansnmuessruulutiunnislianuais Tasjatduiinisiarnslininensdnvesszuy
laud ndredszarananane (CPU), nuleUszudanans fin (GPU wazdnsilsumaiuig

(Frame Per Second: FPS) daiudidtnanuaiuisalunmsusesuiananuussalniveduna
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ww3ediefildlunisvaaeu e Jetson Stats (top) Fudugenduilomuvesadinmun
Trlgianigdmsuinannosy Jetson laga1unsauanananisidaunsnenslusyuuwuy
Sualnsl sufesessunsdeeendoyalugiuuuiiansnsaiiluiesefldifuia uonainids
finslémaianissunainigluldnfietnszesnafildlunisussinananemsy Ssaanse
Auauduen

« CPU uag GPU Usage (%): uansdndiuvesnisldsumineinsuszanana essy

JEAUNTEUDITLUUVULYINNU

nszurunMsmaaeusiunsiasnisilumadiléSunisusuussludsyananadoya
Point Cloud wuusaLilesa1elu ROS Node waztuiinainisldaunsneinsvesssuuly
semd19n153u M3UssifiunassRiansanieded suazangeanvosusazdad Ta aantdy
Wisuiieufuluma PointPillars duaty wiewandiifiuiwsyansamindingundlugiy
ANILSIAZNSAANISIINSNENNS

v s v 1

HadnsaINAIINAdeUAInaIlnNdAysoni1suluealyldauasduueud

va a v

OMlUT AT A 2IN150115UTEUIANALUUN U N8lAT 8917 AUD9815 AKIS LABLANIL U
ANTNNINADUNINITIUAULUAINADALIAT 952UV WD UADIMDUAUDIDE19TIALS A DAY
JannfgwasANULEn8T NS WNBNAEEIU ST UBUNITIANANITENITANUINNUY
' v o | ¢l a v A
VugudlatuazwlEnunIsainnaaa 4 nsal feil

nsal 1: Waasesensawas lusulusunsula o

nsal 2: WaszuudalusiRdussuulnglaisuluwma

nsal 3: Suawizluina PointPillars ¥1suUw Jetson Xavier Wag Onboard Computer

nsal 4: Suluma PointPillars wiauszuuTuAARUSlLTRLAUTE U
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Terminal

.3GHz
.3GHz
.3GHz
.3GHz

]

] (1fb 6539x4MB)
] (cached ©MB)

] 2.1GHz

] 4206MHz
1
[info] [Sensor] — [Temp] [Power/mW] — [Cur] [Avr]
8633

UpT: O days 0:7:34 AO CPU 8408
] Tm=100%| AUX cv (¢] (¢}

Jetson Clocks: inactive CPU 13.50C GPU 604 603
NV Power[0]: MAXN GPU SocC 2849 2837

[HW engines] Thboard SYS5V 3638 3747
APE: 150MHz Tdiode E 5¢ VDDRQ 949 898
NVENC: [OFF] NVDEC: [OFF] iwlwifi & ALL 16673 16493
NVIPG: [OFF] thermal 0. 35¢

2GPU 3CPU 4MEM 5CTRL 6INFO i Raffaello Bonghi]

SUN 3.27 uananit1eng Jetson stats MlEInN1TMsAWINUEIAT CPU uag GPU

327  maneseunslATzitNevanidssnstuiuingiinsaaduld
nsnaaevluiadeddudunisimadwsainnisnsaduingdeluea
PointPillars 11AlAs1zAlloUszITusEasiaTEMINsusudsalusiAuas Tagluanimuindou
Immwwmﬁﬁmmé’ﬁﬁyaéw?Ja(;iaizuumsﬁmﬁu’[,wﬁm?immwu (Collision Avoidance
Systern) Tnsiawzluuiunvesiueusuinnsuievusudduiadeudalulfffvhauluiiui
A1in
nsAuInIres AT un1saeld ssuuNAnA1s L8 o (Cartesian

Coordinate System) Ingldaunssgeen9senineqaaedgabussuIuaelia daandly Ui

3.28:

d = (= x1)% + (2 — ¥1)?

Tagy

- (xwy1) A FuvisSadurTeRensBwe wtwwed LIDAR Jsdaidugnd1eds

(0,0) VuYuBs

=i

- (x2y2) A Auisvesgagudnansves Bounding box fignaseanning

q

psaduldlaelaea

JUTN 3.28 aun1svseeeineseningaaegatusyuuiinesideny
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Msns1zvtannsatnlulgluszuunsdnaulanuudnlul® e runInee
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vgemiuud Wotmgiegsumiiuunliuiidssdonisvy svuvazsshmsanaszezsing d
yosinquiazUszsinniieglunmsiy wdFoudisuiuinasisseyUaondefidmualiarsvih
Wy vnsyeedAualdiind 2.0 wes sfusudazgndslingaiiedesiunisvu mneg
¥ 1.0-2.5 1493

nsUszgndldaunsisutunadnsvedinansaduing 3 47 Fudunaln

dAgynhslviugudaunsasusanmuindeukazdndulaldeg1aiuszdniam lnsangly
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Aaa a Y
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NaN15)gkazaNUsI8Na

4.1  WANISNAFBUITUUATIVUING 3 U

TunsUseidulszdninmaeassuunsnduingandflunuided Idduduns
Anaouluinasganiinenssu PointPillars AlF3unsUsulse Inedinmsusuamnaiinesues
TRYANDYFAARIA LU AUAUANINLINABUNITVINNUITIVO UL UABRLWTR Lagimun
youlIATaITagaNansiAa1Is (Point Cloud Range) 1uwe [0, -3, -1] 4 [7, 3, 3] AT B
Wuufinrasuiewzuinadunivesiueud warUSuruiavenenaa (Voxel Size) 1
azundu [0.0625, 0.0625, 4] A3 WBiuANAINTaluNTATIRTUTRgUUIALE ALy
szovlndldosnauiugdsty

uana1ni Tuduveslaseadrs Backbone Idin1sunuilasstsaeulgdunuuiiu
¢ Lightweight Attention Pyramid Network (LAPN) @afiaansanansalunisarinandnuoe
WednanvaesERuAdasiden (Multi-scale Feature Extraction) $aufiun1silaniigndny
aula (Attention Mechanism) ﬁﬁama’%umiﬁauﬂu@w%‘w TagltulanIzYosdy o
(Feature Channels) fifimnud1Anysan1snsadving lnonsuseidiunaldldinasinate
Usgmaiite TnnunslusuasUssavsmmaesluaafiaineiu dulunsefunenatasiy
lfimsinnesiiatia udning q AasfoufisssansnmueduaanasnisSeuivesluinaly

NSHNATIITUIRglunIW
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train/loss ] ® ik

7

0.5

0 1,000 2,000 3,000 4,000 5,000 6,000 7,000 8,000 5,000 10k 11k 12k

JUN 4.1 nsanuaawsnisiinveslung

N3UT 4.1 ziuilugaaBudunisiin Tusadslalldunssuudauasian
Loss (train/loss) geiu Favmnefdlunadliianuisansradu Bounding Box vasingléogis
wilugn Wesiuau epoch intu ANUNNTARLEY (Loss) 109hLNAaNa0E AN NAND LARS
fensilunaousaindoua msilnegisiussdvBaimuarannsauiuusanmsviunesiumis
vosfngldundu ludunounisiin 929i1e 9 @1 Loss anasaud g seduiisnunn dadu
Fyanarinauuiugwesn15ns193u Bounding Box duwaliuiinauies 1

LU el unnsiaUsEans nmnsns9duldun confusion matrix, mAP

e prediction time

A3 4.1 LanIAn loss wag parameter 31nNSHNARULILAG

Model Train loss Parameter
Default model 0.01647 1402984
Enhancing range 0.02472 1211688

Enhancing range and
0.06286 453672
attention

NMUAITIN 4.1 Uanee train loss wazd1uIU parameter YalaAasadFULUY

lAun Default model, Enhancing range wag Enhancing range and attention Nan157AaDY
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wansliifiuinlnaanafugien train loss iilanfl 0.01647 wasdisruaumsiivesuiniigni
1,402,984 W153ime3 LLﬂmaQﬂﬁ’lﬂJﬁ’m’l'idumiL%Emid‘aLLG]Iélj’é]ﬂs[,‘?j’ﬁ/l’%JWEJ’lﬂisLUﬂ’]iUisﬂJ’mNa
a9

g1 uluinad USuaaen15Uszutana (Enhancing range) Wu1181uau
wisinedanasnde 1,211,688 vieAnduuszana 13.6% Wowlsuiuluwmasaiy Tuvaed
A7 train loss WinRwdnesidy 0.02472 uansdanisuanidsuseninanisananududou
voslumauazauiuglunsiseus

dulumaiudutenimsussananauaifialassadng attention network &
Tunumnsiinesanasedsidedrfndeiiios 453,672 nieaalunisanasuszuia 67%
dlofisurulumanaiy usen train loss qaﬂ‘ﬁmﬂu 0.06286 Fsazvioulifiuinluimaiiiina
Fudouanasunnuazlininenstdesas nzausenshluldnuaiuugunsalfifidediin
funsUsTanana 1Wu Jetson Xavier AGX uifinazdesuaniniuuszansanlunsiious
anas

Confusion Matrix 16(’1’Lﬁ@3Lﬂiﬂzﬁmmgﬂﬁaﬂuﬂ’lﬁﬁLLuﬂﬂizmmaﬂuma

Tnguansdnuiukansyhwengnisuagiamainluusasaaia Jaeliiudefuazdodnin

YV
YplalAalaAYaLau
Confusion Matrix
- 20.0
(]
a- 0 0 0 0 0
E 17.5
c
g 5 15.0
3
=
a 12.5
3 i
T = B 1
g% ¥ 100
g
p
a
-75
g 1
£ -
o
-5.0
© - 5 0 0 0 -2.5
o
- ‘ ' * -0.0
missed human cyclist cone car

True Label

’gﬂﬁ 4.2 Confusion Matrix Unnormalized h@nanan1snaaauyadtunandsal
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mnmsnaaevlanad iy uansmadnslu 3UA 4.2 Confusion Matrix
Unnormalized wuinlunaannsasiuuningluaatasng o loluseduiuimels lasianiy
AaNa car fignduungnieasiuiu 21 #9819 wazAaNa cone gnIuungnes 14 Mogg
agalsfimudsnsdinisduuniinegtng 1w Aana human gnviuneiiadu missed w3slinu

[

g 910U 5 10879 uag cyclist gndtuunduauiupaadu 4 fdegs

Confusion Matrix

Predicted Label
cyclist human missed
= w (=]
{=]
[=]
o
(=]

cone
1
=]

5

i} 0 0

car
1

- ‘ . ' -0.0
missed human cyclist cone car

True Label

U 4.3 Confusion Matrix Unnormalized uaninan1svageuvadluinaiusuuiauwas

lousuusslunauds sadwduanslu 5UM 4.3 Confusion Matrix Unnormalized
wuitemasnsalumsuuninguseaaimsUAsuLUas Tanana car fansgnduungndios
Tndidsatilumadaiu winsaeaadniiosain 21 fegr wde 20 fotns Tuvnedieana
cone §aAsiinsTUNgNABIINAY 14 F98E dauAa1a human wag cyclist Saiinmsduauiu

AAENALAE 0
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Normalized Confusion Matrix

el
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@ - 0.00 0.00 0.00 0.00 0.00
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©
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s 0.08
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@ 0.4
a.
2
S- o008
o
-0.2
E - 042 0.00 0.00 0.00
. " e ; 0.0
missed human cyclist cone car

True Label

U7 4.4 Confusion Matrix Normalized WafHANINAADUYDILLARAUAS

Normalized Confusion Matrix

=)
@- 000 0.00 0.00 0.00 0.00 0.8
£
- o7
c
1] '
E ' 0.6
=
3
0.5
5 2 .
E S- 009
ST - 0.4
©
p
< “403
o :
S- 000
V)
-0.2
© -‘ ;l & 0.00 -0.1
I | 3 ' -0.0
missed human cyclist cone car

True Label

35U 4.5 Confusion Matrix Normalized wanunan1snagaulinaususeen1snsIndums

M5 tugULUY Normalized Confusion Matrix diauansly JU 4.4

d' =3 Y o a & ! S a = 1 o o
be S E‘U‘VI 4.5 QSL%‘U‘IWU@L‘U‘UENGU‘N'N TueanaaudauuLuglun1sILunAa@ human Ej\‘i
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19 93% uay car 07 91% usinana cone SafinuEAAUIEINAL 22% VUETiNANTT
Ududgalanna (5UT 4.5) wudnnuusiugivesaana human anasain 93% wde 81% uaz
AaNd car anawdnToawAD 87% winana cone dnuutuginTwdy 82% way cyclist
gapsdnuseaulalnaleasi

Tngasu lnnafiufulsudiamsnannisznisussananauagyhanilfidatu
uinuiud lunsiuuninquisemaiinisasuuladluludnuae trade-off nanafouns

a a a d‘ a a a a
AANFNUTZANTAINANAY VULNUNNAANFNUTZANTNINA

PR Curve @ loU 0.5 — human

0.8 1

0.6

AP@0.5 = 0.709

Precision

0.4 4

0.2 4

0-0 T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Recall

JUN 4.6 n311 Precision-Recall Curve ¥83AaN@ALINLULARRALFL



PR Curve @ loU 0.5 — cyclist

1.0

0.8

Precision
o
o
1

o
=Y
1

0.2 1

AP@0.5 = 0.889

0.0

0.

SUM
Y

1.0

0.8

0.6

Precision

0.4

0.2

0.0

0 0.2 0.4 0.6 0.8
Recall

4.7 n5 Precision-Recall Curve U84Aa1@AUTIINTYIUINNLLLAANILAL

PR Curve @ loU 0.5 — cone

AP@0.5 = 0.925

0.0 0.2 0.4 0.6 0.8

Pl
QU

Recall

UM 4.8 N5 Precision-Recall Curve 989Aa1@N578NLLAARILAL
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PR Curve @ loU 0.5 — car

—

0.6 1

AP@0.5 = 0.699

Precision

0.4 1

0.2 4

0.0 T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Recall
JUN 4.9 n31 Precision-Recall Curve ¥83Aa@3ngUANILUARALAN

gﬂ‘ﬁ 4.6-4.9 wanaN M Precision-Recall Curve (PR Curve) vadlainadauiy
Tuusazaana dddlunmsussiiuanssougnisninaduing lngaziulédiaaraau (human) &
M AP@0.5 iU 0.709 uansiismmanansalumsmsiaduiineudnei druamanddnsem
(cyclist) 1 AP@0.5 gefignde 0.889 uansliifiuiluaaunsadiuunuazasaduing
Ussiamidldegnaudugunn lusuedinanansas (cone) Anadwsiididuity laodidn AP@0.5
winfu 0.925 Faduaniigaiian uansisanausiudazanuaunaved precision wag recall
i drunanasaous (can) fid1 AP@0.5 Wity 0.699 Fausizeglusziufivensuls usdsn
ninanasy wandliiiuidieddaeduaalunisnmatuosud asuléd lunadafud
Uszandamdiuwanssiululuusavaana Tnevihauldfuiniuraia cone waz cyclist Tuvaus

#1N1599771939UAaNE human wag car sanunsausulgalaifiaay



PR Curve @ loU 0.5 — human

1.0

0.8 1

0.6 1

AP@0.5 = 0.702

Precision

0.4

0.2 1

0.0 T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Recall

UM 4.10 n319 Precision-Recall Curve vaspa1aAUAINLAaNUTUUTIUA

PR Curve @ loU 0.5 — cyclist

1.0 |_

0.8

0.6

AP@0.5 = 0.886

Precision
@

0.4 1

0.2

O-O T T T T
0.0 0.2 0.4 0.6 0.8

Recall

UM 4.11 N5 Precision-Recall Curve va3pa1anuddnseuantuaanuiuusas



PR Curve @ loU 0.5 — cone

1.0%

0.8 1

0.6 1

AP@0.5 = 0.938

Precision

0.4 1

0.2 4

0.0 0.2 0.4 0.6 0.8
Recall

JUN 4.12 n319 Precision-Recall Curve v83ra1@N5I8 A nUTUUTILA

PR Curve @ loU 0.5 — car

1.0

0.8

0.6 1

AP@0.5 = 0.628

Precision

0.4 1

0.2 1

0.0 T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
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UM 4.13 N5 Precision-Recall Curve va3pa1asnguianlunaiuul T
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91n3U7 4.10-4.13 uanans 1w Precision-Recall Curve vadlanaailld¥uns
U5uUse wudnluwaaunsasnwanuniudladeutiaadduaaia cyclist (AP@0.5 = 0.886)
uaw cone (AP@0.938) T sdlelndiAssnsegenilaunanafsdntos dauaata human
(AP@0.702) uaw car (AP@0.628) franaundntosidoifvuiulunadafy agadlsinu
n39l PR Curve w0978 aanadansfidnuarlndidureuduuy uansliifiuilunad
Auannsalumsinwmmuitiug igauislowiinen recall aazvioufednenmuadluing
Avsutsudlumnhluldnuats nefnsuwanivdsussnineanuusdugifanasluuiseana
ﬁ’uﬂax%w%mwmiﬂizmamaﬁimL%J%umﬂuL{lmmaﬁuaamﬁﬂ%’wéqam{]mmiu

lor3ouiisunadnsvedlaanaiu (Ul 4.6-4.9) Aulumafiusuusud
(U1 4.10-4.13) wuihlumafiufudgsanansasnu s dvsamnsnnaduldlndidedunans
Aand Inslanizaana cyclist uae cone M51A AP@0.5 qﬂﬂﬁﬁaw?aﬁmﬁiuLmafﬁgmﬁu
yaugfinana human uay car fAnanuwiugianasdnies azvfouliiviudanisuaniuaeu
(trade-off) sEninamnuwsiugriuamslunisUsyanana Jsaenadesiuingusvasdves
n53duiifeensannisznisauinvedlunaii ot luldauassuy Jetson Xavier N3
Wisuifeuidldiuiudanuudududmazanas wilueaiiusulsaudfidinaidnenm
WisswodmiunsldaulussuujususindouiisnlusiAfidesnsnisnevaussuuuiSealng

M1399 4.2 UanaAn AP veslunansaadudnguadiunansiy

Class name AP (%) at 0.5 10U
human 70.87
cyclist 88.89
cone 92.50

car 69.87
All class mean AP 80.53

M3 4.3 UanaAn AP velinansaeaunuTuUseuan

Class name AP (%) at 0.5 IOU
human 70.24
cyclist 88.56

cone 93.77
car 62.75
All class mean AP 78.83
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91N Precision-Recall Curve J83unazAad ('g‘dﬁ 4.6-4.13) lpinns
FA1urniAn Average Precision (AP) fifin loU = 0.5 tleasuuszdnanimnisnsaduvesluiaa
Tnsuansualunsnedl 4.2 waw 4.3 dwdulunadafunaslunafiufulsaudamudiiu wans
Usediunuilananaduienads mAP Wiy 80.53% vuzilunafiusuusaudianais
mAP Wity 78.83% Tneifnsiidn AP vasusazaaaaglusziuandt 60% siavun deasiioy
femmannsalumsnseduiiundede Wefiansansienata wuine1 AP 484 cone uay
cyclist apsgaiu 88% Tuanslanaa Tuned human uay car fdanaudntiosluluaadi
U$udaudn maFeuisuiuandiifiuinuinnsusulinatsiualidiade mAP anas

andey windsasegluseduilmnzaudmsunisldanuass lnsuanunduanuialunis

UszanananaunuingUsasdvenisiy

13797 4.4 UanaAn Precison Recall Wag Flscore 904lunansa33uinguadlunanifiy

Class name Precision Recall Flscore
human 92.86 61.90 74.29
cyclist 86.67 72.22 78.79

cone 77.78 82.35 80.00
car 91.30 80.77 85.71

A15199 4.5 LEA9A1 Precison ,Recall Wag Flscore suaﬂmmamm%’uﬁﬂ%uﬂgaLLaya

Class name Precision (%) Recall (%) F1-score (%)
human 81.25 61.90 70.27
cyclist 80.00 66.67 72.73
cone 82.35 82.35 82.35

car 86.96 76.92 81.63

INA1519N 4.4 LAz 4.5 LEAIAT Precision, Recall ke Fl-score vadluina

¥
v a

psduTmginafunasfiusuusuds nuilieanads (el 4.9) e Precision Aaudn
a9 Inglanngaana human Wag car AidlAnAY 90% uiA1N13ATEUARN (Recall) Yoanaa
human §sroudnen danalvien Fl-score agiles 74.29% luvazfinana cone uag car il
F1-score g4n31 80% WansiamuaugafifveInisnsadu dnsulumafiufulsauds (s

#1 4.5) wuiAn Precision anaslunnaaiaiilaifisuiulumnansis us Recall §amssnwiseduy
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TndidssiFerninluuisaana Tasiawy cone Mdansil Recall gegnil 82.35% dwalviAn F1-
score AAUINNTT 80% Ly uLieay ag1alsAniu Fl-score ¥09AaTd human wag cyclist
anasnlunanadudndes azioulififuilunaivsulsudadanuangasening
Precision way Recall 1ntu usiAiadelnsruazanastng uidsaadfiomesonisinluldiy

Tuanwwndauasele

human “{0:99)

—
T

JUN 4.14 HaNIRTRIVINGIINNBYAATIA(L)

cyclist (0.99)

OBFBPPONES®

B

5 Time.
PO (e | synchioniaation: | o * ROSTime: 172712757800 RS Elapsedt: 76703 all Time: 172712757845 Vil Elapsad: 26234

[y ShIRE Moro apticns. s

JUT 4.15 Nan199 59930 TN0INNOLAATIA(2)
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&

one (0.88)

>
L]
O}
=]
&
]
G

Z 8

w0 syncheanization: OfF - | Ros Time: 1471751463 Ros Clapsedk 19552 viall ime: [ 17471775 11,66 wellclapuad; 9551

CaN
.
=)

4.16 NaMINTIRTUINIINNDEAATIA(3)

> :
o

car (0.98)

‘BL0FPPORS®

RVE

Symhronizazion: OFF - ROSTIme: 174712754000 ROSEapsed; 22882 wall Time: (174712759480 Wall Elapsed: 228.82

JUN 4.17 HaN1I5ITVTNIINNBYARIA(G)

TUABUAATEIMINTEUURTINTUTNGIINNBEAA1IE Pointpillar AIUSUUTLED

NHIUNTLUIUNTITOU WAL NAADULTHUT08LAT U IMAaIldIUAUaNINLINRBNDTI B9
L L 1 dl I dgj dl Yal v @ ! L dl

a11150053990TngAe 9 Neglunuiinegeulds ddvegnemanisnsiadulunini 4.14,

4.15,4.16 uay 4.17
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M13NN 4.6 asURnENYENENTY Jetson Xavier AGX WagAauiImasuusanaananlugf

ABNNNDIUUTANDANDA LUIIA
318019 Jetson Xavier AGX
(Onboard Computer)

BUIBUTTUIANE 8-Core ARM v8.2 64-bit | Intel® Core™ i7-11700K

nans (CPU) (8 MBS 16 155)

nhguszuiana NVIDIA Volta GPU w3 eu | NVIDIA GeForce RTX 3080 Ti (Ampere
AN (GPU) Tensor Cores Architecture)

NUIBAININ 32 GB LPDDR4x 32 GB DDR4

(Memory)

nAIINYIINSIUSBUIBUANA NN IUNATAYEIMUIEUTEIANA A 89

'
=

sUUAandlun1sei 4.6 9zuledT Jetson Xavier AGX gneenuuuniien1sUszaIana
WU Edge Al MilviUsednsnmganiglanasldndsaiusn inunzdmiunisindsuugunsal

dl' Q{' 1 ! & A & wa N a s I3 Y va
LA BDUN LYU WUUU@W?@H’]USU@@WIUN@ Tuwuzyt peufiamesuusanaansnluldf (9ATT

=]

,2565) uﬂizﬁw%mwmiﬂizmamaqﬂﬂdﬂ dosannlduasUssanananans (CPU) thuv Intel
Core i7 UagnurgUszananansailn (GPU) seaugeagna NVIDIA GeForce RTX 3080 Ti ER

wigdmsunulszsananafsdnuazlunalyyUssivsouniveg

<9

VN USELTUNANTENUVDIANTTOULTNS ALIS F o USEANTNInvealuLma

Yyanuszhes Aelsinismaassiulupaifeniuuuyitasunannesy lngdnan snsnsume

EX]

a a

U9 (Frames Per Second: FPS) wag 12a1lun15v1une. (Prediction Time) vauesuluLng

B9 A7 HANNSYIAABULAAILILUANSIIN 4.7
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AN5197 4.7 B@AIAT FPS wazialuwmaldlunisyinuiey saesulinang1auien

Prediction Reduce
Precessor Unit Model FPS time Prediction
(second) time(%)
Jetson Xavier Default Model 12.05 | 0.083 -
Enhancing range 30.17 | 0.033 60.24
Enhancing range and | 38.72 | 0.026 68.67
attention network
Onboard Default Model 87.11 1 0.011 -
Computer Enhancing range 96.99 | 0.01 9.09
Enhancing range and | 116.89 | 0.009 18.18
attention network

9NA519% 4.7 wansnanisuseliuainmdalunisviauvesduaaluduneunis
e Tnefiarsanaindr FPS wazianadslunsyuesemsy neldnisnageuianis
Tumalaglslsuszuuiuiaaousnlusia wudn lunasaiy (Default Model) Aivanuuumiiae
Uszunana Jetson Xavier §iAn FPS Wiy 12.05 wazldinarlunisviiuneiade 0.083 3und
Fudumiiudlofieudulumanldiunsuiulse

d115U luima Enhancing range ﬁLﬁmamwmﬁ%’U%’ayja wudndn FPS iiudundu
30.17 wazldailunisyuisanasmds 0.033 3uif anvaildds 60.24% Wedisuiuluna
wudis vessit Tuna Enhancing range and attention network TiUsgansangean lagilen
FPS 38.72 wazldnatlumsviuneiadeiios 0.026 Suiit annanléne 68.67% uanslifiuds

UszdnSnnvesnaln attention NeaeliliinaytunisussananaanizusnundAylas

>
£

9

b
=

Tugdiuves Aeuntnos uusanada W (Onboard Computer) (19/55,2565) 7 9
UseANSAne1un15UTEIIaNAZEINI1 WUAIAT FPS 89077 Jetson Xavier agedaiau lag
Tumadaiudien FPS 87.11 uarldinanlunsvineiios 0.011 3unt dwduluea Enhancing
range §iAn FPS iindwdu 96.99 uazanalunisyiuiewde 0.010 3unt (anas 9.09%)
d1uluina Enhancing range and attention network &A1 FPS q\iqmﬁ 116.89 wagldiianlu

A1SYIUNELAEY 0.009 U9 (@nag 18.18%)
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'
a 1

PNWaNIAaedasaasulail nsuFulsdlasaiavedinanignsiiuyienis

[y

Ulayakazni1sly attention network WagLiiuysEAnsnmgaanlaegaiited Ay Nty

o

uwamWosu Jetson Xavier hay Onboard Computer lagtanizae 138 9l old s1uuuy

AowTImes N Taussauzgs nadusaenanazouliiiudsdnanimaadunanldsunis

[
=

YsuusslunmshanuwuuGealngdlangau

A15197 4.8 LAAIAT FPS wazia1f luaaltlunisyinuie wiaussuudundousalusififuy

eUU
Prediction Reduce
Precessor Unit Model FPS time Prediction
(second) time(%)
Jetson Xavier Default Model 9.05 0.111 -
Enhancing range 21.95 |0.046 58.56
Enhancing range and | 32.35 | 0.031 72.07
attention network

NPT 4.8 uansran1sUssiuauSlumsyhuesinaalut unou
msvihune Taefiansananne FPS uazanedslunsviunesemsuangldnisiausudu
spuudhlusiRiugunuy wuithunaduduiien FPS wiss 9.05 warldailunisviune 0.111
U9 %ﬂLﬁumﬁﬁ%ﬁ'mﬁauﬁﬂmLﬂaﬁlﬁ%'umsﬂ%'w;q dmsulalma Enhancing range A
FPS Windudu 21.95 wazaanatlunsviunesaunde 0.046 Fuit anssoaanatld 58.56%
dofeufulunansiiy saeiluna Enhancing range and attention network THHASN5A
fign Taoflan FPS gafls 32.35 wazldinanlunisiuneifios 0,031 3uiit aaanléunnis
72.07% wansussdiuitiffuiinisuiuuslasahdueatasenssduUss Avsammdaaa
ogetaLau ilimngaudensuszgndldauluaninundenaisiidesnisnisiauuuy

real-time

o 1 (3

4.2 RaNIINATIUNIITNITATUIUUUNUBUA
\eUszliuanumizaNvedlunansUIngauIAngnimuudnsun s lulY
NUITIVUY UBUASALWITR Falaandunisnagaunisen1sussulanauueIsawas Jetson

Xavier AGX 1 ugunsaivszananavuyusud agldiaTesile Jetson Stats (jtop) Liu
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FANALISTTANSURAAAIUNITIT9U CPU, GPU wuusealngl wagynaaaun1sen1suseulana
UL Onboard Computer LWaLUS g ULTIBUNITYINNUYIBITISARISALANANA Y TneTananisy

NSAINULILEUAIE WAL SalIAGRY 4 N3l

nsal 1: Wawaseseniawas tusulusunsule 9

CPU usage
100 9

— CPU Usage (%)
= Mean = 15.20%

80

60 +

40 4

204

Average CPU1-CPU16 usage (%)

U7 4.18 msldau CPU Tusauzaniauas Lisulusunsila o

nnmdl 4.18 Ldvinismeasunisenisuszananaluaniuei el fu
Tusunsala 9 uu Jetson Xavier AGX il oldifudfiugnuFsudioufuaniugdu Tnegld
ip3esile Jetson Stats (jtop) TunstiufinAnmslidnuves CPU uuuealnl wadwsann Ui
4.8 wansliiuindnanisldan CPU vawis 6 oslutiananisvhauiiugiu Seadvedd
Uszanas 15-18% naontaanan 60 Jundt dsiiednegluseiuiuazuandifiviuinszuulals
Qﬂiwammﬂﬂizmumiﬁwé’qmﬂﬁfﬂ

nsmliansuliunsivesnislde cPu Tagliinnsnszanudeaisvo e
Faagieuinannezuindouvesninunsiaiusnin uazimingauiglhdunaeiiuiouiie

Aunsdaifimssuluwaniessuumuauriusuduuuiussuuluduneudaly
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GPU usage
100

—— GPU Usage (%)
- Mean = 0.00%
80 1

60 +

40 4

GPU Usage (%)

20 A

Time

5U# .19 msldau 6PU Tuantuzendauas lisulusunsale 9

namdl 4.19 ldviansnageunisynisuszananaluaniusi sl fu
Tusunsala 9 uu Jetson Xavier AGX iieldifudfiugruSsufioutuaniugdu tneld
i3esile Jetson Stats (jtop) TumstiufinAnmsldauwes GPU uuuiSealnsl wadwsann Ui
4.19 uandliFuindnmmsldnu GPU vasvis 6 oslutiaainisvhauiiugiu feiedeey
fisvann 0% naonvaaan 60 3undl Fsiieineglusziuiuazuandiiiuinssuulailign
Tnanannszuaumsiumdanntn

nsuansuwIluasivesnsldeu GPU Tngldfinnswdsuutasenla q @
agvieuinannyundenvessiawasiiatiosnm waswinzaufgltunueiuisuiisuiu

nsdnfimssulumariossuumunuiusustuufuszuulutunaudnly

nsel 2: 1Waszuudmludmfussuulaglisulunansiay

CPU usage
100 El

—— CPU Usage (%)
= _Mean = 88.69%

80 +

60 +

40 4

209

Average CPU1-CPU16 usage (%)

Time

U7 4.20 M3l CPU Tuanuessuudnluifiussuulnglisulunansiodu
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N 4.20 Idihnsnaaeunslinuninensiledaldiussuumunusnlusia
LUULALFULUU (Full Autonomy) Gesaufiaszuutima mssudeyaanisuieesiens 4 uay
nMsaLEudune Tnedalifinssulunansiaduingauidd etnnansenuvesssuy
AUUALUADANTEANTALIYRIIIBUTEUIANA

Mnwantsvageuiuandlu 3Uf 4.20 nuindnsnisléam CPU ingsduognad
tfoddny nedaedenasatiamyinegiivszann 88-95% uazdnsiilusziugeogiseiilos
MABAYINIAINITNAABY

WoAnTIUAINaasiowd wlaedilisulunansiaduing uissuuauaudnluldd
wuuiFealniifiansznnsuszananaiigann Ssenansznusennuaiunsnlunissesiuluma
Usgmnanaidadnifisidumnlifinnsfia syansnmnsdnasmineinsvieannisuszanana

Ya9lLna

GPU usage

100
—— GPU Usage (%)

* Mean = 21.03%
80 1

60 4

GPU Usage (%)

Time

U 4.21 M3l GPU Tuanugszuusnluiifauszuulaeglisulinnansiadu

NAMNA 4.21 WanIINAISETUVDY CPU 1a7 89lavinni1snsiaauniIseniIsigany
YaamulsUTEINaNansIin (GPU) Tuaanuznszuusnlutinvinauduszuu laedilusuluina
M99 IBlenRansENUAinanlugamuaudnludRuag sEuLaTtiuayuaY 9

PnuadnsIkansly U7 4.21 wudr GPU dnsldaluszduiiunans Inedianudy
muﬁuaqmag”lmmﬂizmm 10-55% MAgATIIAMAADU FWNRIINANTHIIUIBITLUUE DY
U19@IUNDNANINT GPU dSUNISL5 UMD UTALUUAINNTIAN (Visualization)

1 < 1 o d' Y 1 [ d' z': a v a o
agelsfinny AINsldau GPU lneafiedseglussdunaiisane uay dalinsweins

A ~ o ) ) = Y oa = | . . Yy 1 oA a a
wieuniilgane dmsunsiulumansiseusidedn wu PointPillars ldegnslivszdnsamnly

AMeuTudaly
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n3al 3.1: Swamgluna PointPillars Aewuuusaud Jetson Xavier

CPU usage

—— CPU Usage (%)
===+ Mean = 88.25%

60 +

40 -

201

Average CPU1-CPU16 usage (%)

o4

10 20 30 40 50 60
Time

sU# 4.22 msldau CPU TuanuzSuamzTuaa PointPillars Aeuusudge

nuanIsaaaulugun 4.22 uansteyanisldnuveaniieyseuiananaia (CPU)
Yurin1sTulaea PointPillars LOTTUALANUNENSAWIS Jetson Xavier AGX lngliifinns
a o = Y wa Sy A a ¢ =
Uaszuudmaielugadnluddu mameaeuiyaduiielinsnzrinisen1suseiianal
nFuanlumasiuatuneunisuiuus
v g Y & 1w v = @ ' a v
Haanswandliliudl dnsinsldeu CPU danudunivadudinianiudiy uavlng
agegluyItUszunn 30-70% nasnTzezaInInadey lagdvaigganainisidarus
gefueg1adgunauiu 80% #40191ANINNTEUIUNSIVaALIAG, N15IAaTINUIBAINT
waznsUsEINAnataya Point Cloud wuusiaiiles adaduIuvalagveuiadnyugnsly
[ A a Y @ ! fo U a = Y o LY
Nuninensilifiatesnm uazuandiuilunanesdunuauinsldninenslusedugs
anwagmsldnunlilainasenazseaunsly CPU gaduiionadmansenusonisly
! [ [ wa 2 s a [ A o & v =
NuTiuszuudnluiRduuuwnanesudediu lnglaneilodndunednisussaianaiuy

=l 6 1 U
Lsaavlmmamwmaimg]a
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GPU usage

—— GPU Usage (%)
* Mean = 69.57%

GPU Usage (%)

T T T
40 50 60
Time

U7 4.23 msldau GPU Tuanuzfuenngluea PointPillars AeuUfuuse

NN3UT 4.23 uanensldnumieyszananansiiin (GPU) sauzimssuamzlaiaa
PointPillars 1asdusafuuuumanrladu Jetson Xavier AGX Tnglaifin1sldaulugassuuiii
manFenuandnludidu nsveaeuitaduilevssiiunissnmsussinanaveslnaaiiu
reuUuUsaileUszsnanateya Point Cloud Tudnwaizi3ealnsl

wansvnaounandliiiudsdnsaznsldanu GPU fifurmiuguuss Inggiadusinsly
sueglusedusiann (nd1 200%) wagluganasdaatsreansminunissduie 100%
ogdailomatsats aduiurasiidldnuanasingaed19mnig Feazfoudnumsnis
Ussananawuuiiliseideswanindudieiliainaue

waRnssusanaavdaseuldfiadosanlunisldnineins GPU vesluaaliy
Tnglanizegned dludrmdafiiine1nsanngnisldnududannuaiuisavesvuag
Uszananaog1ssieiios e19dmalriAnAevIn (bottleneck) Tuszuu madimssusauduluga
Suluaniandonsse vaisnsnisld GPU fivsia 1000% drdoulutisinandu q erausdi

A15IANTNTNEINS Nz aunsaLinaINN1SENswenns CUDA aenekiiuse@nsan
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N3l 3.2: Suamglna PointPillars 1USUUTIUaIUY Jetson Xavier

CPU usage
100

—— CPU Usage (%)
= Mean = 44.31%
801

201

Average CPU1-CPU16 usage (%)

Time

sU#t 4.24 msldau CPU TuamuzSuamzTluna PointPillars AiUSuUgaudn

namdl 4.24 TgvnmsmegeunisenisussnanaresiiigUssanananats (CPU)
s ssulanzlunansiaduinganuda PointPillars lagliilaldsyuuaiuaudnluda
3u  elifunansenuvedumalaenssonislinineinsuesyuy

Mnransialu 3U 4.24 wuidnsimsldauves CPU frnedsegiuszunm 35-
40% pasntianamagey tneflanufuniudndeslugisdudainannszurunisudunis
anlunanasn1sanassnasnus deufinasasiilussduliunans

Arsanannandliiiudnlana PointPillars filssunsusuuasaunsaUszaianals
pgafiuszansnn lneldneliminnisuiiuaiuaiuisavesmiieUsylianananaad Jetson

) caay Y]

Xavier AGX Gegonndasiudmingvasnuidenystunisidnulunavugunsainidvednin

AUNSNeINg (Edge Al)
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GPU usage

100
—— GPU Usage (%)

* Mean = 17.68%
80 1

GPU Usage (%)

Time

U1 .25 msldau GPU Tuantuzsulamngluma PointPillars Ufuuzaud

a9 4.25 Fudunisiuanizliea PointPillars InglaiiUaszuuaunudnlud
au lavin1snsivdeun1sensldnuremylisuseatanans iin (GPU) titeUseidiunisly
ninenslunsussaianalsdnuuuisealn
v e = v g v = o ] v a
HAFNSAIN JUN 4.25 wansliiindinislden GPU danuduriuAsutian tagile
Tusnayiiuszuin 10% wazwsgudusgey o Geszau 80-90% lugraianfilumarinnig
inference TUTaLANDUAAATIAFARLYR
1 [ ¥ v £ a v L=!
agalsiniu Tnesauuds GPU SeanunsasessunissnulalagliineinisAimise

) I3 a e;' o I« [T o & ' = =
NINYINTLHN LLaZUYNLIAN GPU ﬂaUgJWEJgJJIUig@U@']aaUL‘Uu%’N 6] VILLAAIOIAITIUAINITA

[V 7
v A v [

Tunsuszananaluy dynamic AIUN152IUAT TRUSNBUENITYINNULUUEINI0IAT AINaT

Juseaunfivedluna deep learning uugunsalififuszaianananin
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nsal 3.3: Suangluna PointPillars newuuussul Onboard Computer

CPU Usage Over Time

10

—e— Mean CPU Usage
——- Mean = 2.09%

)

CPU Usage (%

Time (unit)

Ul 4.26 msldau CPU Tuanuzfulamzlama PointPillars AeuU$uUgsuL Onboard

Computer

nnamsnaaeuluzui 4.26 uansdoyanisldauresmiasyszanananans (CPU)
devhnissulawma PointPillars 1esTus wiuvursuinmosuusanedWdaludd (Onboard
Computer) (29715%,2565) Im—fLaJﬁmsLTJmii’fﬂmimaaﬁuiw HadNsI1NNSINLERSlALANIN
Aadveanisldau CPU agiuszanal 2.09% deegluszdusminuazdniunfinaon
Faanansvaaey tngrnsldnugeanliiiu 4% msldauieglussfumuasiiafiosnn
qqﬁyasﬁauiﬁt,ﬁm'w Onboard Computer @1311509AN15A152N15UTENIaNATDlULAS

PointPillars Lastusudulaagraiiuszansnnlasluinanisldaunsneansiusndu
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GPU Usage Over Time

—e— GPU Usage
--- Mean = 7.35%

14

12

GPU Usage (%)

0 T T T T T
0 5 10 15 20 25

Time (unit)

U 4.27 mslden GPU Tuanuzfulamzlana PointPillars AeuUfuUgsuL Onboard

Computer

Mnuansnaaeuluguil 4.27 uansdoyanisldnuvesineyszananansiiin (GPU)
vauzshnssulaiea PointPillars LesFusaiuuy Onboard Computer TaglaifinsiUaldau
Tugadusau mimmaauﬁﬁimqﬂsxaaﬁLﬁaﬂszLﬁumsmawmaﬂixmawaé’mﬂﬁﬂm’?i
Lﬁﬂ%‘tﬁﬁﬂmﬁhzmamaiumaiuannzﬁugmdaumsu%’uﬁa

915 luguil 4.27 wuindasinsldau GPU eAvegiiuseann 7.35% defiedn
Aeudhenstefisuiufnenmueiniindszananaiifinsisly Onboard Computer nsldaud
aunsiidrulnaszuing 6% 89 9% uazluifinisiind uegreiveddey wandliiiuianis
Uszanawavasluma PointPillars aaialalinsnens GPU Tusgugeunniin Fsenaifusain

nlasasslunar dn1sl9n19AIUIMLUULUIUIN (sparse computation) Lazdn19# 9w

CPU Tudunaumanseuteyaneuinginsevieunnnii
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el 3.4: Swanzluwa PointPillars MUSUUTMaIUN Onboard Computer

0 CPU Usage Over Time

—8— CPU Usage
—=- Mean = 2.09%

CPU Usage (%)

T T T T T T
0 5 10 15 20 25
Time (unit)

sU#t 4.28 msldau CPU TuanuzSulamzluiaa PointPillars fiUsuysauda Onboard

Computer

nnamsnaaeuluguil 4.28 wandliiiuimdsannnisusudgdassadrevediea
PointPillars wén nsldau CPU Ssnsegluszdusmognann Tneslrindsoeiivszann 2.09%
Wuligaduneunisusuuge nsmluansunldadidanunaiglaglifanuiuniuedisdl
oAy wanddiiuinlueadlfunsuiuugedmasnudssansamiunsldndneans
CPU l9A uaedin13nseanensemIAIuIisening CPU way GPU agawmugay

nadwsiF I AuinsUulsslassasndanng wu nsansiuauiliaesfilis iy way
nsifisnaln Attention Network ladléiifinnnsglsifu CPU we35zuu Onboard Computer 3
UaUaniansvaganYaen1soenwuulinad msunsUsgiiarauuniansuseansnngs
TUANNKIN DU

NnMsieTzinansageuly JUR 4.26 wag U7 4.28 Fauaninslinuveamie
Uszulananany (CPU) va3 Onboard Computer 1/13&ﬂ'auLLawa”qﬂﬁU%’uﬂsﬂmma
PointPillars WU Fedevesnisldan CPU aglusausilndidssiu Taofluudliuaiunsi
gawaglifimstiumiuvesAnisldnuegedidud Ay

nadnsananazauliifiuin Onboard Computer Aildlunisnaaeuiiussansam
MsUszananags IaglanizannnnsiiintisUszananauuy 16 Ao (16-Core CPU) il

ANU190NTEINBAITLANTANUINYBNUA LA 19T UsEANS AW Fedanaliinisideny CPU
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Tnesmeglusziuimslunesdunouuazudinisuiussluina viaduandliisugn ey
WANA1FIUUTEANS AMMwes CPU seninvaesnestulildiveddyuindn Wesainde
IUssuneendauifaes Onboard Computer Lafiaunsasessunisuszananaldagig
03U

o GPU Usage Over Time

—— GPU Usage
—--- Mean = 3.19%

GPU Usage (%)

0= T T T T T

0 5 10 15 20 25
Time (unit)

U7 4.29 151991y GPU Tuanugsuamzluiaa PointPillars f1UFUUTaud Onboard

Computer

91n3U7 4.29 uanensldau GPU 4es Onboard Computer lusaigsutamzluna
PointPillars #1l¢5un1sUsuUse muinnsldau GPU fdnedvedd 3.19% lasnswiilainy
asfkazdmIdsuulanfisadnifosluianisusynana feazvieuliiiuinlumaiuiulge
udransoviuldegsiiusgansamuagldninens GPU Tusedudnun nsld GPU 7
feviliAnannisananszmadiuinludiutes Backbone wazn1aUseaiana Feature Map 7
I3unsusuldimngay dawalinsvinureduimslunsliAnnseiiuiudessuy
Uszananans1inues Onboard Computer

FewSouifisusewinegud 4.27 uaz 4.29 awiiulddainnsldem GPU vesluiaad
USuusaudiuunliiuanasegaitvddyain 7.35% wideiiies 3.19% Jeavvieuliiiiuis
Usganinmlunisusudgsanndaenssulumalimanzandunisuseuianauy Onboard
Computer 1@ 8 iy Tnafansdnummsieunuuissalnduazldngsuduaneg

Y5LANTAMUINATNAL
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n3el 4.1: Suluea PointPillars neudiuusandeuszuutundoudaludfiiussuy

100 CPU usage
—— CPU Usage (%) 1
Part 1: index 0-68 I
Part 2: index 69-226 f I
Part 3: index 227-295 | I
80 4 i |
|

60

40 4

Average CPU1-CPU6 usage (%)

20 +

Time

JUN 4.30 nsldanu CPU luanugsuliwa PointPillars Aeudsulsanseussuusnludd

n3UT 4.30 awsautsdduanesnidu 3 YruiediaszvingAnssunisld
N$nensVeImtigUsrilananans (CPU) tawn v9luiiinszuiunisyingiu (Index 0-68; sk
aimu), 297 SuLanw U US A Tulh (Index 69-226; usLandiien), Lz 197 SustasEuy
SolusfRsauiulanea PointPillars vasdusiaia (Index 227-295; usknduns)

Tuthasuduiidslidnszurunsienda 4 wuirduedsmsldou cPU sglusziusm
Auszan 15-18% d<ldifugnudIsuisuiiteuszfiunansgnuannadaldaussuy
s 9 serdleatu Wedhgrrandeldnussuudilusfifuguuuy @s@iden) s CPU Wiy
019590132 TneilAadeegiiuszana 90-95% uazlurisgavneiinisiuszuudaluiifniug
fulaaa PointPillars wuusadundontiu (@sduag) nuinislieu cPU ugsdudeiios
TnoilAnuadnUsesn 96.4% uazAgegaunzsziu 99.7% Aasataalian

wo R nssusenanaztouliuiuiluaa PointPillars wuudwiudnsinisynns
Uszananafigailevhanusiniuszuutihmsdalud@ dedamalsmiseyszmanananaiaily

seauLfoURNANEN TNEE19H LY
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GPU usage

T nl

100
—— CPU Usage (%)
Part 1: index 0-68
Part 2: index 69-226
Part 3: index 227-295
80

o
o

GPU usage (%)

]
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JUN 4.31 msldau GPU luaaugsulaea PointPillars neuusulsanseaussuusnlud@

913U 4.31 uansliiiiufang@nssuveanisldaumiieuszananansniin (GPU)
vuzdulaina PointPillars osfusuiusiufvszuunuaudlufifiusuuunuuumansios
Jetson Xavier AGX lagtasamagoususennidu 3 929 laun dadlufinszurunisineuy
WstdnEw), radaszuudaludAudlisuling (WsaiTen), uastrssunsssuusnluda
wagluna PointPillars (WsLaNAWA9)

Tuthausinduns Fadutasidnsiauvedlung PointPillars SafusEUUAIUAN
Salud® wuth GPU Smsldnuiifunnuas wasrstuisangean 100% agnsdeiiles Tnslawny
Tuthanan 180-320 Jadursiiszuuidsszananatoua Point Cloud sgratutu Aade
yoamsldnu 6PU Tuthailagit 73.4% Tnefirngeanil 100% wagshand 9.7% aviouliiidfiu
Mmstsznanadedunuyldadiae vieRadudn q Gervilfuainsmevausves
szuulsiuduey wazthlgdamannuath Ssdmareruaiosvesszutluaaunisaliiios

ArdulavsoruausuUEEalvy Wy N1suandesdRnuIng
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N3l 4.2: Suluea PointPillars AIUSUUIMdmSauszuudumdausnludfiussuy

CPU usage
100 9

— CPU Usage (%) A |

Part 1: index 0-68 | A

Part 2: index 69-226 | t

Part 3: index 227-295 | 1

80 4 i !
i |

i |

60

40 1

Average CPU1-CPUG6 usage (%)

|

T T 7 T T T T T T
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Time

JUN 4.32 msldau CPU Tuanugsulaea PointPillars MUFulsauansoussuusnlud

Tuguit 4.32 wanssansldnumiieyszanananats (CPU) ve355uuusuAsmlusia
yaugdulana PointPillars AldFunsuiulgesfussuumuausalui@isussuuuu Jetson
Xavier AGX laguusdasatesnidu 3 42 laun aaeldsulusunsula o (WS FE), ¥
Daszuusnludid (usindiden), wazdwiissuuyiauswivlunannaduiivivusud
(ERLEIN)

namsvageuuandiiud Prausndunsdadutsiissuusuislinng PointPillars
uasTUUAIUANSATLTRA Aadsvesnisldau CPU egiiuszua 91.7% Taniluunliiudinad
wazliinszanngaifunestusaiuiiddliuiulss @diduaiogads 96.8%) mnuifukiutes
Angnanasagtsdinau uandvifiuils UsAvBammussnsusuusstinng sirludlassasnan
n31 (Lightweight) waznsly Attention Mechanism LﬁaLﬁmaww%aﬂaﬁaﬁLﬂu vinlvian
A3¥ves CPU adld

Snwaugnsldnu cPU fadosinntuddiidiuilaeadiuiuusudianann v
wuuisealndsiudussuudimednludd laleglidelninauaitmsenislonsnensiiv
Tad1nvosunanvosy Edge Computing 8819 Jetson Xavier AGX §adi a1 unangiu
atduayuInNsusuwssantlnenssuvesiunaaiunsasnseaunisiluldeauaseldegnad

U5 ANSNINWALLEDETNIN
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GPU usage
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JUN 4.33 Msldau GPU luanugsuluwa PointPillars MiuSulsauamToussuusnlud

INFUN 4.33 Bauansnganssunisidanuniieyszutanansiiin (GPU) Tunsalindinns

Fuluwaa PointPillars e sun1sUsuUsesauiuszuLTundous nluliAfuszuuuY Jetson

De

1Y

Xavier AGX anunsoasuesunelaluanvasdinniseeil:

Tug29usFuns (Index 227-295) G ugref szuuvaundeususisluiaa 30
Detection wars¥UUyNe nuiMslan GPU fdnwaiznsiuniudianasainnsdineunns
Usuga Tneflanadenisldom GPU egiiusvanm 43.8% frgeaneti 91.3% uazAsingad
4.7% Fawanadsmginssunsliuiiaunauaseidonnniudefoutunvdeuusuu il
Angeanuny 100% e8wsiaiios Lazuandnwarnsynuiidasrguuudusezega
FaLau

158nANAY8INS spike Lagn1snszanelnaniiadauend uANlugaa1A"s
yheawase wandlisiudinlaseadnsluea PointPillars fildsunisusuuse 1y n1san Point
Cloud Range, U5U Voxel Size tagin Lightweight Attention Pyramid Network (LAPN) 11

o w

14 fAnalunisannisznisussananaty GPU aensiltiadnsy

Fau woinssunisldou GPU fuanduguiasiiouliiituisussninmiliiutures
Tunafldsunsusulss Selmmumsngausonsussgndldlussuuuoudsalus@iauly
annndeunuuisealnl lnedinsaunsasnyiniuudugilunsasaduls vusideadun
anleniaiiaauliiafesvesiaivszuiana wazsdgnia1un1sTAEIINSWYINTUY

[

unannesu edge NI IRAIUNITUIEUIANS



84

4.3  wWan1sVagauMsuaNBEINssUiuIngingaadula

v =

n1svegeuUNIsUaNdeInIssuiuinginsdulauasnisvgalliodesdonisvu fie

q

(%

Jutuneuddglunssuiunsiauisedalulifiniossuuiueudidesnisanudasnsees
wugudsndudeausansinduingiegduntnliegiauiugt uasUszanananisdndule
= < 2 A Ay Yoo v Al ) P < &
WeggaonumIonganIsiaiaufilaviuiial Jeyanltlunsnsiadulauiainguives
LIDAR Feglvianunsassusunisazsusisvesinglasgngnees Wedngeglussesiiens
AelAAndunsTIY SEULALYMIUTEINaRaswsasdsidmenviueudlnesnlulia nanis
NAABUAINANILA U AUB LI TUANS197 4.9 WAL 4.10 W BRSIABUNTIAUAINITALUNNT

ATITULAZNITNDUAUDIVDITTUUNDENIUNITUS

AN5199 4.9 NAFBUNITATIVIU 3 R

<
Sy . - AULFY
) sepzifeansli | szeziiluea |
Usslnnuas dn1un1sal ) v e | ViUBUA YU
o o4 AsaduuAzvEn | A92dUla
nNATIIY EEGLY Ay
(luns) (kun3)
(km/hr)
nse | Judningiegis 2 2.1775 1.31
AU
nse | Audringiiegil 4 4.275 1.34
AUV
nse | Judringiiegil 6 6.215 1.28
AU
Ay | Aadringiegis 2 2.1825 1.29
AU
Au | Auingiegil 4 4.2275 1.31
AUV
Ay | Audringiiegis 6 6.0325 1.28
AUV
AuTInTe | Judringiegil 2 2.24 1.27
RiviYivg
AUTANTEU | Judringiiegily 4 4.26 1.29
AUV
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ANUNTIN

2
. szoziidiosnsli | szesiiluea | | ﬂ’J']:l:ILi’J
Usslnnuas dn1un1sal VUBUA YUz
w4 . nsduuazvgn | asRdula |
gAY AU NAHaY
) (kun3) (kun3)
(km/hr)
audidnse | Jadringiogis 6 6.2125 1.27
AU
s | Autringiiedis 2 2.2225 1.26
AUV
sa | Aadringiiedis 4 4.2025 1.28
AUV
sa| Audringiiedis 6 5.64 1.28
AU
ne | dadhingiiegis 2 2.15 1.82225
AU
ne | dadhingilegi 4 4.195 1.83795
AUV
nw | Aadhingiiegis 6 6.1575 1.86162
AU
au | Aadhingiiedis 2 2.1475 1.8182
AU
au | Auiingilegis 4 4.2 1.79854
AU
au | Aadningilegls 6 6.1375 1.8419
AUV
audidnse | Jadringiogis 2 2.13 1.86714
AUV
audidnsen | Jadringiogis 4 3.9925 1.81934
AUV
aulidnsom | Aadringiogis 6 5.5375 1.93599
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ANUNTIN

2
, seordidoensl | szevilluea | ﬂ’J']:i:ILi’J
Uszinnvas anunisad Vusus Yz
w4 . nsduuazvgn | asRdula |
gAY AU NAHaY
’ (n3) (n3)
(km/hr)
sa | Audringiiedis 2 2.105 1.82049
AU
s | Autringiiedis i 4.1525 1.85062
AUV
sa | Aadringiiedis 6 6.0175 1.7855
AUV
nw | dadhingiiegis 2 2.04 2.13594
AU
ne | Aadringiiegis 4 4.08 2.1721
AU
ne | Aadrimgiiedis 6 6.03 2.18434
AUV
au | Audringiiedis 2 2.0425 2.04205
AU
au | Judingilegis 4 4.0475 2.22194
AU
au | Auiingilegis 6 6.0475 2.18434
AU
AuTdnsEL | Aadingiiegis 2 2.0025 2.19577
AUV
audidnse | Jadringiogis 4 4.015 2.18434
AUV
audidnsen | Jadringiogis 6 5.2975 2.14709
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AN 4.9 NAFBUNITASIVIU 3 1 (7D)

<
dy . - AT
. szuzfeInIsti | svezilawa |
Usslnnuas dn1un1sal . . | ViUBUA YU
o o4 ATINIULBLUYA | ATV
gAY AU NAHaY
(kun3) (kun3)
(km/hr)
50| Adingiegile 2 2.015 2.16849
AUV
50| Adingiegile 4 3.98 2.20685
AUV
50| dingiedile 6 5.685 2.26895
AUV

Tunisneaaunum1s199 4.9 1arN15UsEEUANNEINS0LULAALUNISASIATY
Tmguuvaudf lnsuusingildnaaeusanidu 4 Uszian liun n3ie au audidnseu wazse
FIATOUARGUNITRQVUIALEN VUIANAI wazvuIalug il oazsiaunistdeuaialy

I Av Y ' ¢ I v oA PR o a vy v
an nwndeududeu Yusudgnasatlmadeuidminginsliniuntlussey 2, 4 uaz 6
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AUTLELITINANUA WU NITHTIVVUNTNTLEL 2 LUASASINIULARIIN 2.1775 LUAT WaLAIT
Y] q' ) Y a A v & ~ |

A5I9FUAUNTLEE 4 LUATNTIVIULARIIN 4.2275 LUAS WEASAALIIAINLAAIALARDUINNAN
s3veglutiniieslifuuiiuns Feghunarinnuuiugvonduges LIDAR

dlafinnsanyeasBunduuSeuiiou wuininguuiakan 1wy A58 @u130nsI9du
IeSwazlnaifssiussezasunnnitinguuiaing esinnesdnannvesinguuiadnd
ANUBUILLULeztaRuluNundie inlilunaainisaasne Bounding Box Lakaiuguglu
seggilallnauniin vaueRdnguunaivie) Wi 50 viaAuaInsey desendunisiinlnduiniuy
~ PxY & & & 1Y) P v a Py YA
Weliteyanesinaadauauysaluazasaiusukuuilumalaiseus dwalirsses
A13295U23 99710 SUUUINAN AN UALINNINLANT B8 91915A RN AUAAIALAABULNATT
fansagluinanineeusuls waglidwmaraniuaunsalaesinvessyuulunimsinduing

won3Ntl NInageudinIuANAIINSRd sve s usud ey Tute 1.26-1.34
Alawnssatilue fadumivanzaudmsunisuseiiunnusiugvainisasaduluaniiey
Uaoaste anusilusziuiitsaanansznuannisinaeulmesnisiudeyanesdaanisiias
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a1115095993UkazUseLliumuniaeing laeg1agnaeslunnUssnnuasnssee NN mun
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Aluans1ed 4.10

v A

NYVDITLUU 9

=2

o elevaus

M13099 4.10 NedeUNINaNAaEINITTLRUIngAnsaduls
2829 AN AT
Uszm . sz | @anuenn |
. 4| @umsal | @M | ABUAUeY Yugud
vaeIngi . .. | wsn | sveavas
. Aoy ng | VaueuA L | veuznegau
f13293U . . (n3) | vueua
(tun3) () (km/hr)
98 | Jadhingiieg 1.94 | 0.000005 |  0.06 d159 1.31
Tapumti
9w | Jadnimgdieg | 3.915] 0000010 | 0.085 d159 1.34
Tapumei
nye | wdningiied | 5.9875|  0.000005 | 00125 |  du39 1.28
Tamunih
au | Judringiiey | 1.8625 |  0.000009 | 0.1375 d159 1.29
fagumih
au | Aaudringiied 391 0.00005| 009|  du39 1.31
Tap U
AU | Judringied | 5.7325 |  0.000005 | 0.2675 d159 1.28
Tapmunih
AU | JWTimgied | 1.7425 |  0.000005 | 0.2575 4159 1.27
e | eduv
AUl | udringiiey 377 0000006 | 023| @39 1.29
Inseu flagumih
AUl | Aadrimgiied | 5.7775| 0.000008 | 0.2225 | dus9 1.27
InTeu Tapumi
50 | Jdningiiey | 1.8075 |  0.000004 | 0.1925 @159 1.26
Tamunih
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[ d‘

Tnafngiaaule (sa)

q

89

. 1280 AAL57
Uszian .| szezving Seee | d@a1unn S,
v o GV ANFIY) o fauUdUD NUUR
VBOIIAON NN , . LUInN INYNVDY
. NGO YD UHUA | veuzvagau
f3993U (1n39) o (a3 | ueua
(um) (km/hr)
sa | Aadringitey | 3.8275 | 0.000004 | 0.1725 d159 1.28
Tanumt
s0 | Aadriegiteg | 519 | 0000005 | 081 |  dufe 1.28
Hasumti
9w | Jadningdied | 1.86625 | 0000004 | 013375 |  dude|  1.82225
Tasumd
9w | Jadniandley | 38025 | 0.000006 | 01975 @59 1.83795
Tanumt
nsae | Aadrimaiied | 59775 [  0.000004 | 00225 @159 | 1.86162
Tanumnt
au | adrimgitey 167 | 0000006 | 033| dusq 1.8182
Tasumti
au | Aadringiiey | 367625 | 0000005 | 032375 |  dude 1.79854
ﬁamumm
au | Aadringiiey | 5.675| 0000005 | 0325 |  dude 1.8419
Tanumntn
aud | Jadrimqiteg | 1.8775 | 0.000006 | 01225 GHIERY 1.86714
SELRLY: Sadumii
aud | Jadieqiley | 37825 | 0000005 | 02175 | S| 181934
AINTEU flaghumti
audl | Aadningiiey | 5.2625 | 0000005 | 07375 |  duSa| 193599
ANTEU flaghumti
s | Aadhingieg | 1.84125 |  0.000005 | 015875 |  duSa |  1.82049

Y

TIAUNTN
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[ d‘

Tnafngiaaule (sa)

q

90

. 1280 AAL57
Uszenm .| szezein ssey | @auzmn |
. . | @anunisel . | meudues Wugus
vaeingi Nning . .| wen | snegaves
. nAEDU VDIUBUA | veuzmeseu
f3993U (1n39) o (a3 | ueua
(um) (km/hr)
sa | Aadringitey | 3.7625 | 0.000003 | 0.2375 d159 1.85062
Tanumti
sa | Aadringitey | 579625 | 0.000004 | 020375 | dufa 1.7855
Tamunih
978 | Jadningdled | 175875 | 0000008 | 0.24125 |  duda|  2.13594
Tamunih
9w | Jadninadley | 3.73875 | 0.000007 | 0.26125 d159 2.1721
Tanumti
928 | dadhingiiey | 578625 |  0.000005 | 0.21375 d159 2.18434
Tanumti
au | Autringiied 1.56 | 0.000005 | 044 |  dudq 2.04205
Tamumih
AU | Judringiiey | 3.55125 | 0.000004 | 0.44875 dusa 2.22194
flagumii
au | dadringiied | 559 | 0000006 | 041| duSe| 218434
Hanumti
aud | Jadrimgiteg | 174875 |  0.000010 | 025125 | duSa | 219577
NI fafumii
aud | Jadrieqiley | 3785 | 0000005 | 0215| duda| 218434
NTYW fagtumih
audl | dadhingiieg | 507 | 0000007 | 093]  duSa| 214709
NTYW fagtrumih
0 | Jadhingileg | 1.6475| 0000004 | 03525 | duSa| 216849

Y

TIAUNTN
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A15197 4.10 NAFBUNISNANBLINISTUNUINGTNINTIIULS (5iD)

q

. 1280 AAL57
Usziw .| szwziing seEy | d@aTuLnn S,
o 4| #munisel . ABUEUDY ueue
¥29InQ¥ NINY . .| wsn | veaves
. NAHBY VB UBUA L | vusmegay
f3993U (1n39) o (a3 | ueua
(un) (km/hr)
50 | Judingiiey | 3.54875 |  0.000004 | 0.45125 d159 2.20685
Tanuntn
50 | Judingiiey | 543625 |  0.000006 | 0.56375 d159 2.26895
T untn
Al | Aadrimgiied | 3.785| 0.000005 | 0.215 |  du5e 2.18434
N8 Tauntn

Tunisneaaununis19n 4.10 lavinisusziliulseansnnveeszuulunisuaniaes
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wazngailefinisnsaduingluszeziidanun nansmaaounuInszUvaNTIReUaUdlH
viunatluynnsdl Tnetngiilinnasutszneudionsie au auddnsenu wazsa Fadunns
AsUAgUITIANULIAKEN YIANas kazaualng WileliifulsyAvEnmmessruvaghasey
AU MINYAVBIULUAFBARGBINUNIINTINTUINNLTWTDS LIDAR lnpanunsaszasiazngn
Iereuiiaziinnisuaie

dofinnsanseazideanuin Snguuialdn 1y N8 amsonsIduLasgals
Tn&iAsstuszeziidmunnniian esmnddnumenesdaandidanausudsoging e
Sguuialvg 1wy 50 vieauddnsenu wudlianueanedouiutmdndes Wesanng
a$19 Bounding Box dvuelug) vilvinsdususisiianysalvesingdeddszozidilnduinnin
oehalsfinny munanndeuTiindugnseglussiuiisensuld uaslidmarienuannen
vassruulumsvanidesniseu Tnssyuuannsanealdnoudeinglunnnsd Jadudsddnlu
nsldauase

Tngagy wansvageumsd 4.10 uandiifuissuuaseduuasngauousdiing
Uiefiegs annsonevauswieingruatnnansyszianldeisgndesuaziasndy uifazdl
anuaaalrdeudnteslunsdinguualvg uinanmshaoulnesudeglunusiivanza
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unil 5

ajuuazdaiauauuz

51  #@3Unanisiag
aAfeiijatiumetaulinnansaduingauifandeys LIDAR fiflussansaings
uazaninsnvihanlduugUnsaliussananaiftodiiaduning s 1wy vusudsaludRvun
A Tnefinnsusuugsandinenssuvedlang PointPillars sisludiulassadiaaiodie, n1s
Fansteyanesdnand uaznsidenlfimadasiu Attention iieriinauaansalunis
prndunaranmsznisd lwhdedsiiauenansmaseuiildannsyssidiussuuly
3 Anunan b Useansn1nuedssuunsiaduinganuidli nsennsussinanauuiueud uas
AnNanansalumsvanAsInsTy ufdelaueuuziionisdesenlusuian
5.1.1  Wan1SNAFAUIEUUATIRIUING 3 1R

nansUszliuUsEAnS MnweslumansIaduingaudiaflaunisusudss
wanslidiudsmnufnmiesstanuisludua v uasUssansnmdanan Taefing
USurauLunvoInenna1n (Point Cloud Range) Taanna iUtz tenTIATUAUNLNUDY
W usud uazn1sUTUIUIATII8NLEa (Voxel Size) Wi 1uaziBonund u i el
AnuEsalunInsITuinguuaantuszeslndlaegiuiug

uenani MuATedslduiudsulassaine Backbone wa9 PointPillars Tng
Lmuﬁimasdwmuh@ﬁ’uuwLﬁ:uf;ha Lightweight Attention Pyrarmid Network (LAPN) &4
penLUUNL Bl uUTEANS nmAsaianad nwzLUUnA1BaLNa (Multi-scale Feature
Extraction) Tuunuzdt dansanuiunluniseiuaas LAPN 1dnalnaiiuauls (Attention
Mechanism) Tunisifuiawzdiuddguesiiaesifisadostunisnnaduinglaonss dea
Iilueaauisad wlulugausnaddyuazaanansgnuaindeyasuniu (irelevant
features) |¢oenaiiuszAnBam Sedwmaronuudugiiiuiy

AMNKANITHNADUY wudfhumaawmwaaamﬁWﬂaﬁuqqnﬁﬂ(Loss)lﬁaéwaﬁaLﬁaa
Tuwsiaz epoch aunsziaingeinannlugisievesnisin deazvioudinaiosnimues
NITUIUNTITHUTUALAINAINTAIUNTTIMUNGN BEUDTNgIINToLaNDEARA 1IN LABENS

Ll ug
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N15UT2LIUAY Mean Average Precision (MAP) fien 1oU 0.5 wudnlamadi
le¥unsusuussiien mAP 591 0.7883 Tnelarnzaana “cyclist” waz “cone” fiilA1 AP g
019 0.8856 uag 0.9377 MUAIFU dIuAATE “human” Uag “car” dA1 AP Wi 0.7024 uae
0.6275 muansu Faeglusziuiifissnesienisldauate eaiuvesaniinenssuiusulss
#2e LAPN Taflgvildenuusugiiautuograiideddin uidielilumaanansansanuusug
leluseugs wihzandnnunsdunanazaududeuvedasaiieas defiodnduusslovd
ogsBslunmsuszgnaldiugunsalilssniiideddasuninens

luAun1531A3189131n Confusion Matrix Wudtssuvausaduningla
og1ausiud Tnedlen Precision Tagsaa 0.8301 uazAn Recall 0.7195 vauziiAn F1 Score o)
71 0.7692 FafleindimnuannaTEININIIATIINULAZANNGNFBIVBINTYINLNY Snvadanudn

aay ¢

8n3 M InTIalinuing (False Negative) agluszauduazeusuls uilunsintoyansed

Y

=2

AR ALLUIUTe Tanadasaruisasidunisiiueladegaundede avdouds
anuanansalumsldnuaiduanmiadeniidangliuiueugs

yonand SaldinsusediuUseansnmany narlunisyiune (nference
Time) Tunieldaaiunisaifinisswanizlunalaglisiussuuduind susalusidlng
Wisuileusznindluinadaidiu (Default Model) wagluaaitld$unisusuuss (Enhancing
Model) fauans luns1ait 4.7 wansmanisusedivlssansnmweslunaludunounisvinung
aelimsiuanzlunalaglismssvuiundoudaluid@ wuinlunadldSunsusuu sl
mmamﬁwﬁmmﬁu%aﬂa (Enhancine range) wagiiiunalnnisliaiuaula (Attention
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Abstract—The advancement of 3D object detection on edge
devices poses significant challenges, especially for autonomous
robots and vehicles requiring computational efficiency within
constrained hardware environments. This study addresses these
challenges by proposing an optimized 3D detection framework
that integrates the Jetson Xavier AGX platform with LiDAR
sensors, enhancing the PointPillars model to balance accuracy
with efficiency. The approach employs a Range Expert

hanism to dy ically adjust range and voxel size,
reducing pr ing load while ining high precision. A
Lightweight Attention Pyramid Network further improves
feature extraction, enhancing the model’s ability to detect
objects in diverse scales and conditions. Evaluation experiments
have demonstrated that the system can achieve a 3D object
detection task within 10 meters with a frame rate of 23.39 FPS,
a mean Average Precision (mAP) value of 0.969, and a recall
value of 0.875. The results underscore advantages of the model
in functionally relevant tasks such as navigation, collision

id and path pl scaling a real 1d 3D d i
system on autonomous assets with limited resources.

Keywords—PointPillars, 3D Detection, LIDAR

1. INTRODUCTION

The task of 3D object detection within the field of
computer vision entails the identification and localization of
objects within a three-dimensional environment, predicated
upon their shape, spatial coordinates, and orientation.
Diverging from 2D detection, which only provides object
class without the positional or distance metrics. The 3D object
detection is  being used in autonomous vehicles or
autonomous robot that requires the exact location of an object
to perform safety navigation tasks.

Several techniques have been researched toward 3D object
detection in this research domain. Li et al.[1] made use of a
stereo camera configuration, where depth information
contributed by two cameras was combined with 2D bounding
box detection results toward 3D localization of an object.
Wang et al. [2] also incorporated a depth camera together with
an infrared light sensor to capture depth information and 2D
object detection, resulting in full 3D object recognition. Liu et
al. [3]. on the other hand, used a combined strategy using
LiDAR and camera images and therefore used a depth range
of LiDAR with 2D detection from a camera and therefore
achieved 3D object detection. Still, practical factors like poor
performance in scenarios with little or no light and high
computational requirements have set a narrow focus toward

979-8-3503-7725-5/24/$31.00 ©2024 IEEE

Suradet Tantrairatn

School of Mechanical Engineering
Institute of Engineering
Suranaree University of Technology
Nakhon Ratchasima, Thailand
suradetj@sut.ac.th

the utilization of LiDAR only sensors that are more flexible
and efficient.

This research endeavors to propose the novel method of
3D object detection under varied environmental conditions by
employing LiDAR sensors exclusively. Capitalizing on the
efficacy of the improved PointPillars [10] method. Notably,
Peri et al. [4] introduced techniques for adjusting the detection
range and voxel size to reduce the volume of point cloud data,
thereby decreasing the computational time required for model
processing. Moreover, Zhang et al., [7] utilized an attention
layer inside a CNN in order to reduce the number of features,
in the proposed research, machine learning processes are
utilized to identify salient features and make predictions on
the attributes of the objects. However, there are shortcomings
still such as the computation burden posed by the Jetson
Xavier AGX device which brings in the task of balancing the
processing power requirements with the confidence accuracy
metrics targets in 3D object detection.

Therefore, the current research looks into 3D objects
detection, the use of machine learning optimization, and
computational limitations in real time edge computing
scenarios. Utilizing the Jetson Xavier AGX hardware for 3D
point cloud data sensing, the study successfully combines
PointPillars architecture with voxel scaling and distance
modulation and a Lightweight Attention Pyramid Network, as
illustrated in Figure 1. These approaches are used to enhance
the real world implementations of such systems, improving
the detection performance cost relationship in real
autonomous systems.

1. PROPOSED METHOD

Pillar
Feature Net

I

Pcisoe Detection Backbone
Head (SSD) (2D CNN)

Fig. 1: Proposed method

Dalian, China, November 28-30, 2024
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A. PointPillars

The PointPillars method is essential in effective 3D
detection because it allows the LIDAR point cloud to be
represented as a 2D BEV image. Since this process minimizes
the amount of point cloud data and allows for quicker
computation, accuracy is not lost. After the point cloud
transformation into 2D, Convolutional Neural Networks
(CNNs) [9] are used for the important features extraction and
additional Artificial Neural Networks (ANNs) are employed
to classification and localization of the detected object.

The Pointpillar method comprises three primary processes:

e PointPillars Feature Net: This is a module that
renders the point cloud data into a birds eye view and
makes voxels which span the entire detection area.
Features of each voxel are then collected using the
PointNet[8] network guaranteeing that enough
quality features are gathered for things to come forth.

e Backbone Network (2D CNN): A Feature Pyramid
Network [6] with different layers of convolution
neural networks works on the bird’s eye transformed
map and hence enables high quality feature detection
around the object over many scales.

e Detection Head: The very last stage makes
predictions about the 3-D bounding boxes and
probable classes of objects using the extracted
features.

‘
>4
r

Jen .-
L g

Fig. 2: Range expert

B. Range expert

Range expert [4] is optimize the model by adjusting both
the detection range and voxel resolution during the
configuration phase. These modifications allow for tailoring
the model to meet specific application requirements, such as
close-range collision avoidance or long-range situational
awareness. By fine-tuning these parameters, the model's
performance can be aligned with the operational needs of the
system, improving both accuracy and computational
efficiency

Figure 2(a) presents the point cloud data collected by the
LiDAR sensor over the test area. For scenarios requiring
detecting and avoiding an obstacle at close range, the voxel
size should be no larger than 0.1 m as is illustrated in Figure
2(b). Because of the smaller scale limitation, it is possible to
represent smaller parts of objects and their movement or
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position in a better way. Also, the range of interest is set to 20
m as shown in Figure 2(b) in order to make sure that most of
the computation resources are utilized for the detection of the
surroundings making the irrelevant areas to be non-essential.

In the case of far-field sensing task focused on large areas
in the monitoring of the environment, voxel size of 0.25 is
used as demonstrated in Figure 2(c) in order to maintain a
lower spatial resolution which reduces computational load,
especially in the near-field zones where accuracy is not
necessary. Furthermore, the range of sensing has been
increased to 100 meters, as seen in Figure 2(c), which enables
the effective detection of objects from a distance and therefore
increases the overall coverage area. The method achieves an
ideal combination of spatial resolution and range which
optimally enhances real time processing and wide area
detection in resource constrained situations.

C. Lightweight attention pyramid network

The APN (attention pyramid network) is a specific
structure of a neural network model created for tasks like
instance segmentation and object detection. As an
enhancement of classical pyramid networks, it contains
attention mechanisms which allow for more effective feature
exploitations across scale variations, as shown in Figure 3.
The approach helps achieve better accuracies especially for
objects of different scales by employing two components.

c 2c 4c

1x1 conv

Feature Attention Block

Deconv

Fig. 3: Feature Attention Fusion Block.

e Feature Attention Block: This module applies
attention mechanisms to highlight important feature
channels and suppress irrelevant ones. The APN
improves the effectiveness and efficiency of the
network by bringing the most informative channels
to the fore as required. As a result, the network is
better able to accurately represent features, enabling
it to perform better in detecting objects even in
crowded environments.

e Feature Fusion: While the APN combines high level
features that are more general semantic details with
low level features that are more specific in their

Authorized licensed use limited to: Suranaree University of Technology provided by UniNet. Downloaded on May 14,2025 at 10:10:51 UTC from IEEE Xplore. Restrictions apply.
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spatial orientation. This method enables more
effective detection by fostering retention of both low
resolution and high resolution information. All these
multiscale features work together to enhance the
robustness of the model in object recognition across
different shapes and sizes.

11I. METHODOLOGY

A. Data acquisition and Preparation

A simulation envir was d to represent a
single-lane road d d for autc robot mo:
A zebra crossing was incorporated to simulate pedestrian
crossings, with detection restricted to pedestrians within the
robot’s lane, defined as a 2-meter-wide path marked by cones,
as shown in Figure 4. Detection was intentionally excluded for
individuals crossing beyond these lane markers to focus solely
on potential collision threats within the robot's pathway.

Wil

Point cloud data was obtained from a constant 0.6-meter
surface mounting of a VLP-16 LiDAR sensor and its
configuration parameters were set to figure out the
approximate height of pedestrians ranging from 155 to 180
centimeters, a standard human height that assists in object
filtering. Additionally, in order to increase the accuracy of the
detection of the unmanned device, there were changes in the
point cloud data to the bird eye view perspective along with
other suitable trimmed point clouds before and after the floor
and ceiling, as shown in Figure 5. This method has reduced
the noise and hence, raised the efficiency of the processing and
also preserved the simple data pipeline.

Fig. 5: Testing ground on Pointcloud data

B. PointPillars Setup

The input features that were included in the original
PointPillars model include x, y and z coordinates, and
intensity values. For this approach to be used in near-field
detection, the range of detection has been set to -50 to 50, with
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the voxel property set to 0.25 meters in all dimensions
(x=0.25,y=0.25,z=4). This smaller voxel size is essential in
having a finer resolution in close object detection. A point
cloud data is repeated segmentation into voxel grids within the
detection range facilitates the detection of smaller objects as
well as provides a detailed view of those objects.

C. Range Expert for Near-Field Detection

In line with the Range Expert method [4], the object
detection range and the voxel sizes are optimized for the
specific pirate object detection task within the range of radius
2 to 5 meters. The detection range is set to the values of 0 to
10 meters, with the voxel size unit as 0.1. This fine voxel size
enables the voxels to capture details even in the near field, thus
making certain that minute and subtle motions are detected
accurately.

D. APN Implementation

When the model receives point cloud data from the VLP-
16 sensor, the data is passed through the near-field proximity
grid defined by the Range Expert. This grid is optimized for
detecting objects within 10 meters, using fine voxel resolution
for near-field proximity detection.

The Pillar Feature Net processes the point cloud data by
converting it into pillars, resulting in a 2D pseudo-image
representation of the 3D point cloud. This pseudo-image is
passed through the backbone CNN, which extracts features
from each pillar. After an initial convolutional layer extracts a
feature map, a max-pooling operation reduces the image’s size,
retaining the most important features.

Next, the features are processed by the Feature Attention
Fusion Block of the Lightweight APN [7]. In this block:

e Feature Attention identifies which features are
the most salient across the various areas.

e Feature Fusion supplements low-level features
with high-level features for a more complete
feature representation.

The proposed multi-scale fusion allows retaining both fine
details and contextual information which enhances detection
of objects of different sizes. Finally, the upsampled features
are passed through the Detection Head [5] (SSD Single Shot
Detector) that infers the target’s class and 3D bounding boxes.

E. Hardware and Training

The model was realized on the Jetson Xavier AGX
platform with the intention of employing its resources for real-
time 3D object recognition. The model was trained on a
number of key parameters such as the voxel size and the
detection area that would be required to increase the
performance of the model. The training process lasted for
9000 episodes and trained this model so well such that the
training loss was below 0.1. A dataset was used that contained
information on the annotation of the people, and several data
augmentation processes, namely, random rotation and
translations, were performed to make the model stronger and
more accurate under different conditions. These modificati
positively affected the model's ability to correctly detect
people, which can be used in autonomous navigation and
collision avoidance systems.
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IV. RESULTS AND DISCUSSION

A performance evaluation of the model PointPillars and
the devised method is given and based on the test data set. The
models are also compared based on Frames Per Second (FPS),
mean Average Precision (mAP), and Recall values . This
comparison pursues the goal of measuring effectiveness and
efficiency of each of the models while in similar testing
conditions, with the results of the proposed model presented
in Figure 6.

TABLE I. PERFORMANCE EVALUATION OF MODEL

Evaluation [ o mAP(0.5 10U) Recall |
matrix
PointPillars 1488 0.9687 0.75
Proposed 23.99 0.969 0.8750
model

e According to Table I, the FPS value in the case of the
proposed method is more than that of the PointPillars
model, therefore, its practical implementation can be
optimized even further. This improvement is made
possible by reducing the detection range from 100
meters to 20 meters so as to lessen the burden on the
processor or Jetson Xavier allowing some
effectiveness in operating the models.

e According to Table I again, the mAP value in the
case of the proposed method appears to be within the
range of the PointPillars model which shows that the
proposed method was also quite effective through the
test statistics. This means that the methods planned
to be deployed in the models are able to achieve
accuracy close to that of the PointPillars model with
possibilities of better efficiency.

e Utilizing the information presented in Table I, it can
be understood that the proposed method has a higher

V. CONCLUSION

A robust autonomous edge 3D object detection system
was successfully created and implemented on the Jetson
Xavier AGX platform. Substantial improvements in
computation speed and detection accuracy were achieved by
optimizing the PointPillars model through careful
modification of voxel size, detection range, and the adoption
of a Lightweight Attention Pyramid Network. The improved
technique demonstrated strong mAP results and a higher
Recall compared to the original PointPillars model,
highlighting the feasibility of real-time 3D detection in low-
dynamic  environments. This advancement enables
applications requiring high accuracy and fast computations,
such as collision avoidance and path planning for
autonomous navigation.
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