AR
W Durham

University
Durham E-Theses

On Deep Learning for Geometric and Semantic Scene

Understanding Using On-Vehicle 3D LiDAR

LI LI

How to cite:

LI, LI (2024) On Deep Learning for Geometric and Semantic Scene Understanding Using On-Vehicle
3D LiDAR. Doctoral thesis, Durham University.

Use policy

@ @@@ This work is licensed under a Creative Commons Attribution Non-commercial Share
o Alike 2.0 UK: England & Wales (CC BY-NC-SA)

Academic Support Office, The Palatine Centre, Durham University, Stockton Road, Durham, DH1 3LE
e-mail: e-theses.admin@durham.ac.uk Tel: +44 0191 334 6107
https://etheses.durham.ac.uk


https://www.durham.ac.uk
https://creativecommons.org/licenses/by-nc-sa/2.0/uk/
https://creativecommons.org/licenses/by-nc-sa/2.0/uk/
https://etheses.durham.ac.uk

On Deep Learning for Geometric and

Semantic Scene Understanding

Using On-Vehicle 3D LiDAR

LiLi

SSMr s W x a8r
r P S wr WA W xS

2B
W Durham

University

i IR mpy S W
wro owa W xS
n ng W
41



Abstract

»w u S ru XS ® Ppr ® ® W™ pM X S WX s ®
@ mwmaus r mg G W r WM SW®W® S W MW XS W Wg W ne » W WS s
Ss W x R W WM WS T Ng n g s rsgnfi w Mg ST W W
Pro oW X W wpr  nNg x wr (eg s gmm » wr » s m 0w
wr etc) » fi w S S s ms
T XSS ng W XWS wr X S S s P S W
wr firs g fi 1 e S wregp®mrwm wm wm(Wm ox
mrr ) wm rfl g r T gwg wr s TS W W ppr X
®oWxXS S WRowr S m 0w ZRg S & rs w m
Sp XS gr wwm rxM S W i SR v B PpSs W ®oswprx s /s supr s
SS  xwaw msgnfi » nowoRg P S m W ke
T wapr fi » = S g W » nSur ng by »P®sS 0w
i 2 ) P S SW X X wrr qur mg rer we  ra  RW N
NESHp X rs gwm »nowr wyp X IR Y IS S ) s T ss
» Sp xs » s Spr m u ®(S S )m w sgnfi m
X W S » X ®rm r  um X mng x S PX rmw »
nroow »n  Sp T map we W Sr oW ms myp wg (ST 7 )ma
WS SS WS rm WM W 4 x XS s s X mNg X ® S Wp S X
B W Ng  wpu n i W
fur oxwaxr oxr W ®ORARS W S g@m » » WS W sp »S mng
SXr w o ®™m Pp WS Wy S g W »oowrx T PR R S W r m S
WP R WM NS XSH WMSH PR OPX AWM WP rswmrxr wm xwm T wpr
S g% W » wr mRE W ne x P m s s m sr w wm( P )
we's W ss P Sgrx we T s Wr'S WA WSX Xg I WS X
il nRoromW » » » W »S x ws us ng W Z § W x
8 XR@S Ty wr s ZNg S rm x ROROS W W = O/ »
now XK S W AR wpw n fi =
ff » Ss ur W S r wug ws PIRRS B oaqu
®SS ur ppr S Sxp Ss s r ST )rs r mm (rsmm
S gm W ®) W S (r ®» sm w) nE W WS » » i I
x M XW® S WR XS rwg M ORRMS W wr »n i om w

hidid WS X W WKL WMS xr Ng



Declaration

T ¥ ™ S SSS S mrs x xr Ut i IR wupw X
» wr o ®a W XS » ng W »r S Ss S mswm
s roorow r gr raw f R s m m X WM SST X W
RX X W
s W rs g mw e RS ¥ W nS ®mm
» » S S ®m Rmwm x Mg S MW WS W rm ¥ S
(ws) T s sgm ®m s wp rsSS X wuspr Ss W mS m oW
P SSHg W W ol S@m Wwr s msS wr MmS m we w nS W g
XS

Copyright © 2024 by LiLi

T i I S SSrss 1

=
g )
-
5]
n
=
3
»n
-

»u S .8 LS rspr x o x n RS R W W I n X

s » =



Acknowledgements

“May This Journey Lead Us Starward.” FRAT AIRREE

» P by O wWr W ¥ wu@s r p m » nOX W oug X
Ss wgg r Pr T X W SMpr s S s m PrX X ®W
i s nSsp W » WSS swm W xS x wmps T S
»ws x wa L gx s s w x Px  SS S
»r RS SHPP X W XS WK S MR S S WS W X m ] mSx s m ss
P WM R gH W X W 1 g W — W mgw s P
S ®™®m rw 1w
1 »noor wor S wm supxr sr W g WR Wm W
n W Ng sxp T s r W X P WZSWW X S W gr WS
MR PSR gl WgWL X ug N Z bl S S »x
S X S m x s ng S wWrmRg wp pr MS MWW g sr g S
Ul » xmw s s m grup( s m wmgng W sk S B W
wro W) oW wa IR » Gus » x »s L P
s ws) w wG s m » Sww » o »n S wowg » Z wng
ng ne ng ne ne. S ®ms neZ a T X
x x xS G m  w ffreg wwa s suppr m rwm wg
W sr MS®M  SS X S W orm ss nS W ms T x R WS
® W pr gr wa ffreg pewss ®m wwr msurwg ®m s WS wfim
»s wm T L) x wms 44 mmrx T
T rom r ST waw (aka T ) m Prmx m RSP IR LW
ax wa sar S s er o m » w» wmg wm fl s S ng WS 4
» s m sn nNg 8 X oug W Xx s wugr » S
T we wawm swppr x wr 1] —% P X WS— X rem ® xS
W g T rwe = » »oswupp r wap L Prs W »
WL P S WM SwA X » » s & S o« » x S sp I |
su wmg «x » T «x S W W™ Swpp r ¥ sx s nog ™
T s x s m S ox rs xfi s wm r rw x bl »
8] S W w ¥ s s noppw x M S X g8s W
0] SSs ff x mg surxpr s SS W S I Ssupp x s



Dedication

To my parents.



Contents

Abstract

Declaration

Acknowledgements

Dedication

List of Figures

List of Tables
Acronyms
Introduction
11

111

11
1 Px »

11

1
1 s r
14 »x

IO

nSs

=

RS ¥

wr
n

S m 0w

S gm w

ii

iii

iv

XV

Xix



Pu

nSs

T ssSrw wr

2 Literature Review

1

e
11

= x s w m
Pmrmwm mwmgr x X W
wgSw r ff
X mang xS X
xs

1 Pr S W BS W W ngSs

Swm Sup rx s e wg (SS )
“w Swpr s e wg (7S )
s m ros
mX oW WS

3 DurLAR: A High-Fidelity LiDAR Dataset

1

RE W W
Swms xS wup
L srmp W
wmow o= fl Pwmrmwm wgr
r wmm Swm o rwmz 0w
nowx P sw W
w W Sk s

S gma w
S gma w

»

»n

11

11

40
41

44



»nSu

Swwawa x

4 Efficient 3D LiDAR Semantic Segmentation

41 nKX oo »

4, x
4 »nT x Sr owa x
4.4 Mg T oM WX Ps w S
4 Sp T wap x w w9
4 Sp rs » s Spr noow W
4 1 Sprxs » s Sprx »
4 Prxmm rs w U ® SS
4 o »
41 mrm®™ S wup
4, P rmmw sW S
4 mnSwu s
4 Swwawa x

e r P wm s swms( P
1 " 5 oreaw »
ng ®m Sprxs X WSS
nr g ® mrx ss P

1 S P
X S P S W »
w r S
4 SS r oW ne
Ul g 1twgP m S
4 P Sg « S gma m »

41 P R s “ms m



w oW
1 mrm®™ S wup
P X W su s
»nSwu s
Sweawa x
6 Conclusion
1 nrX W WS
RITRULY s r x wS
1 s Gr wwm Tru

» ST % Sr g s

Bibliography

A Content Acknowledgements
1 wr g © s

fi w» Swmam S gwmn »

hy Swmm S gmn »

B Public Access for DurLAR Dataset

1 S e wrx

C DurLAR LiDAR-Camera Calibration Details

D The Description on Semantic Classes
1 Swmw TT s
S wos s

w S mw SS s

E Related Resources of Publications

»

1 4

113
114
11
11
11

1

119

136

140
14
141

14

143

145
14
14

14,

149



List of Figures

11

Illustration on the task of monocular depth estimation T #»g G m g s

( wEm) S wpw R » swm ®m S S XX Sp M
g ® mWmps(rg weaw ie wyp rrsw s wmS n »
supx s /s supr s mooow [1]x mwg » wrx s (- »
)
Ilustration on the task of 3D semantic segmentation T w»g r » W
o ( wwam) s S W S gwm W B wPASS W W
s ms(rs U)) r wg s wa W g p w
The side view of the Ouster OS1 LiDAR RS BS X MR W g
wro s us r W
Comparison of ambient and reflectivity imagery r r W (a)
Ambient XSX 9% S W L W R W FRrT g
rg I xs g & I W™ WS » L XS W e X
» wms  (b)Reflectivity XSX WX S W r fl 2 P rows
sur S m s W™ rg ¥ s sur S g rxfl
rox rsx pr s m  ssx fl sur s
The rolling shutter effect s r » x T ow u 1w

» P1 g  wr s S z etal []



4

41

Illustration of IoU calculation rs w m» s gw » mT gr mrg m

X pr s ms & WWm  rw S g m » W X g WMrmprsms
»rx S gm W » Tra P s s (TP) x X MR X »
gr wW  xru W pr m % s Ps s(%P) x i 33 row x
»p R er wm  xw m s e s(® ) «x er wwm  ru
rom x o m Tra s s(T ) « r s xx

m i sw ne Ne s ss T s o s x

T «x we m TP P m § x s
LiDAR point clouds from two exemplar scenes ffreg r
rs o w( P w r @ mgs[ — 4—1 ] W S)
Testvehicle( » w T z ) aqupp ngr wg S ®ax

w oL x W mam G SS/ Smx wm g mss m
Sensor placements row s re »ore

(sz s mmm)

The route ( w wr s)us

=
7
L]
7
3
"m

X RRQRS

Examples from DurLAR which demonstrate the diversity in our dataset

Sroma m G mrx wmgs( P ser s re X W gs

(» ) w» i w ( W) T » ®» w spr »

g P W WS g wr m roomm X
T s S ®mx oW (m m=r — n=gr w)

Example of ambient (near infrared) and reflectivity panoramic images »

r w » w
Camera to LiDAR custom calibration pattern TS KW XS
mo®mr s m

Illustrative LiDAR 3D point cloud overlay = rg s r mg ( 1)
us g rooom »

Comparison of monocular depth estimation results xS wapx
MR s 8 ws ® supr s wm(gr W)

mloU performance (%) against parameters and multiply-add operations

mS mm TT (w0 ww ) » S« TT ( e )um

S wmyp mg r

41

44



4 4

41

41

Our proposed architecture r wer S w s sWmm Sg

W nw S ¥ S @S r mmg ps w g W S »

UV ks ™ Ng mp ST % s wmp wg X X WMwg »nT X

» ) ns

Ilustration on unreliable pseudo-labels nE o pr rowmm

ue »w w X mrm XX Sp W mg & mr r 8
& r S mx » R »r Py = mAa4 w

»r Ss »

Coarse histograms . TT ws(w s )

Illustration of LiDAR frame temporal correlation as [# frame ID] redun-

dancy swmp g S wmwm TT [ ](s au » 00) ws ng ww rm
s mp wg (s rwswn® » ST % sxr g (9)

Overview werpr ® s Sp T wap x e w Srowa NS KUp W
428

Hlustration of the SDSC » w wmw®m w

Comparing the 10% sampling split S wa » TT (S fixsxr ) w» Sx
TT (S s w» x ) wvalidations grww  ru () wx pprx

>

(% ) »m w» etal [4](x8 ) ¥ s wpr Wawm g 8

Comparing the 10% sampling split of SemanticKITTI [ ] validation s
grawm  ra () wr ppx (ma ) m w etal [A](xrg ) r s

wpr MR g g r M WM X S WR O XPr orEm  Mx

Comparing the 10% sampling split of SemanticKITTI [ ] validation s

gram  ra () wr pprx (wm ) » wm etal [A](rg ) r s

)

wWpr  WAR g 8 r R M X S WR Xpr OIRR MK

Comparing the 5%, 10%, 20%, 40% sampling split S w » TT [ ] vali-
dation s gr wn  ru #a) r S wpr WMN g g »

|

g M W X S WM XPpr ramwm  mrx

Magnification of regional details  wap r wg 1 s wp wgsp S
W TT [ ] validation s gr ww rw () wx ppr (m )
m wm etal [4](xrg ) X S wpr W™ g g REr WM W

X S ue xXer xsm nr



2

Left: P s » PR WM X R m g WX S

sw zZwg wpr wr s x o wm XS re wr r we
rmg s w m wns( wr wmr p sws ) Middlee P s s w
n ffrem smnwn sSs s su z W r s m P
» RS XX Sp W Wg ffrmp ms rx SH Z wWSwmg SPp rwm
Xs S s ng Xom rwrswm fFrow ss s Right: wr
P Sg ssupr rrsws rS T w s nnaS ms[] w

Our proposed architecture » sgm®» ®mrwm x res R wr s
rw R W » ®»w s wes s m wgs

» T Wl P w ow rs( P ) room m

S wroows W S ws W ngse r ug oW O §

S g m ®r SH S

The illustration r»g R » k

Our RAPiD AE wmsss now O N X om TR

WRg  ropr oW I wrs ®m ogmr ®pr SS S

P rprsnw »mh
Visual illustration Poow P P () wfims
rRgswr ww wg m xp wms (eg ®o) P WzZRg W
o n fi o= ¥ gmg  Ssru o wr r xS S
P (rg ) wss mp w» wr s » S W S W W ss (e.g
S m Q) prsr wg wroom we i

Our feature fusion module e s oW
T r ms P S g ()R-RAPiD-Segw 1z s P wrs w ()
C-RAPiD-Segw 1z s » P wr's S DS

Comparing our results and PCSeg (baseline) wm rwmw s » su z »

] ng wupr S g m nr oS S

Qualitative comparisons with PCSeg [ | » gr wm ru r Mg  rr X Ips
®S m w TT [ ] validations T g g frwm s correct /

incorrect jpr ws x p m  mgray/darkred r sp s ®m s
su z 1w s r s ( )w s rg m

1 4



11

Qualitative comparisons with PCSeg [ ] » gr wm ru rowg Ir XS

nwwuS m s[ |validations T g g ffxm s correct/incorrect
»r RS TP W mgray / dark red r sp S ®m S su z
rom 8 xS ( H)yw s rg m w

4 m S » x

Magnification of regional details  wap x 7

®S ®mw TT [ ] validations T g g frm s r s m
P MR X 8 8 M M WM X S WW XPIX KRR WX S
» x

Our method learns a high-dimensional RAPiD latent representation r

P ur ng Z g W X Ssru wr n g rmgp WS hidid
P[] r w n MRS W nop s G frw xS
rprsm®m xr ws P XK s m ®Ss S » x
The folder structure wr s
The folder structure ar roOR R IR R

s x w X r mm  sMw Z W
X w S gere W S x gnx W RS XP W o
R R RY WS W W ¥ W ST su mg w g ™ r »
sax W omoxma m

Sup G w m S XXSpPRW W S » » RS m P S

I

11

111

11

141

141

14

144

144



List of Tables

Representative LiDAR w n&  wr rs = » m g s

wr s i ppr w s s W ®w 1

Existing public LiDAR datasets (bold/am r » x pr s msbest/ »m s)

¥ W W R WS X M@ S S ne r rs w w(# @ S) XS
® rwas m remms() wms (T) room ms( ) sm
row rm ms() m s » M g sw
» m o orwmg »m o wms wmowms () wm w ()rfl ()
rswmsrsryr r r x( ) wwm r( )G SSsupp r wgmwm r »
»s ms( ) S(S) GPS(G) ()~ mr (%) roRT X w
(T) » s « mr ()° ps w4 m s P r gsrsg
r om s WMsWS IS W  swg S WU  mwwm ot P mS
S S s4p ms w» S S11 sip » ¢
mawa x S rms?  wwwm or oW w s ws s 1
Key time periods and environmental conditions T w S pPprss 0w
mwa [xfi ws ]|[[pppe 0w wms ] wuswg au $ [



41

4.4

Performance comparison  r TT gwsp [ ] s ms[](s

supr s W ) m wx s s( mswpr s /s supr s S v.s.
s supr s ) W s r rwm ®m S » s wa s o
r ss s U " w  mm r s(S m ) rs mW®
»r X XS Swpr XPpr rsmm sSm ws wmogr m
r XS Spr Xpr ram  m g r w T S X susm
TT »  wr r = bold. s ®m s W™ wrx roww X m
Ablation results on ManyDepth [1] s = r rs wow

er wm  xw m +S:=supr s /s supr s (S) m s supr s
m o (S) r mss w T 01 d2 m d3x xs I <1.25
§<1.22 » §<1.25%x sp

Comparative mloU for semi-supervised methods ng W s

X pr S W reuw rew s wp wg( )seauw pr  w®) wm ST *
s wp wg (S) /fum x W best/ » s T 1 r WRg r WS W

i remg rms » .Y wm s rer @ rsM.— W S
WASSREX S W ww rorm Rp R R CH I BN

Component-wise ablation of LiM3D (mloU as %, and #parameters in mil-
lions,M) »S m w TT [ ] training » wvalidations s x P % TST
S » nx Ps w ng fl 7w l. TT ST *

®m SS m w xsp

3D semantic segmentation results (wrs) w S wm w TT [ ]

m S« TT [4] valid s 1w ngSs mr
SS® xS s x P xR om S W swpr s ppr

& WS w supr s (SS/FS) S SS sum w (V) rx o

S'S su wm w ie ®OXRA SP IS W oW W

3D semantic segmentation results (wrs) w S m w TT [ ]

m Sr TT [4] valid s 1 wswg ffrw m s
nes ®r Sswa xS S x i IR U S W

swp xr s mpx g ws w swpr s (SS/FS) S SS su m w
V) « wS S su m w e BRI OSPrS W oW W

The computation cost and mIoU (in percentage) am r X Rng

rsus ™S wmm TT (S ) » Srx TT (S ) validation s



Effects of ST-RFD sampling » S wa » TT m Srx TT wvalidation
s (m s )

Effects of differing reliability using pseudo voxels » S w » TT valida-

tions ®  swr ) s wr m Unreliable » Reliable
s e W 8 » s 20% & s wmrpm® s rs m w
20% wwm x®r xS Random s mapp mgr ®» m rgr ss nxm

Reflectivity (Reflec-TTA) vs. Intensity (intensity-based TTA) »S w = TT

m S TT wvalidations (w )
Quantitative results P Sg»mn ST sgmn » W s »S
W TT [ ]tests .Best/_w s 8 8 1
Quantitative results P Sgwmn p1 ST sgmn » o s m
nuS w s[ ]tests .Best/ » s 8 8 1
Cross-Dataset evaluation » S wm » TT wvalidations S w ®» wmwS
roox S mwm TT % maS = s s s xS ur ne
r mNgS & S whigar  ws( ®m ).  mwmsa—brprswms nS W

a ms r r mwmgs g wm b ms( w s mp ng) rim  wewg
» » 1
Component-wise ablation P Sgm Swmn TT wvalidation s 1
Effects of RAPiD and Reflectivity features wap r r  wfigmr  ws
®S mw TT wvalidations P wpr ss P i) wrgs. P

» P w r fl we ws wm P P »

r fl 1
Effects of various k ffxm x wg s 1
3D segmentation results Frm r wms P Sg(wrs) mSmwm TT
validation s 1
Effects of using different backbones %S wa w TT wvalidation s x
P w P owm ow s m s 1

The number of frames » X X 14,



Acronyms

ADAS » x x sSs m S s ws 4]

AE wu =» X ‘ - 1 111 1 11

CNN » wu =» wr x

CRB Ss wg »

DSC p s Spr noow W 1

FNN * roox ax x

FOV = 1 —14 1 44

IoU » =xs » r R ow 11

LiDAR ¢ now ng Ng - - 1- 1- -1 -1 -
I SR 111 1 =111 11 =117 14 14

mloU m » m» s » X m m ' -1 =1

MSE » Sew XX 7

PDD P = s S m Sr W m 1 1



RAE P w oW x 1

RAPiID g r P wm s s m SX W W

4-1 11 -1 11 114 11 117 11
RMSE » Sew X x

Rol g wms ®m rxs 1

SDC Sp rs » S noow W

SDSC Sp rs » s Spr noow W 1

SPC Sprs P » s CHE N

SSC Su m » Sp rs noow w1

SSIM Sra wr Swm r = sax

SSL S wa Swup r s R Ng

ST-RFD Sp T wap x e wm rom WS WP wNg
- =1

TTA Ts Twm wgw w » 1 4

VSA s S oW o — 4



CHAPTER 1

Introduction
& now ng g ( ) s » SR I nooe 4
® oW W W e s m » r r sss m s s was ( S 11] s
W oW W wS r we nog S W W MRr R W sp
R R XRRNPT P W SP g W r ww rs m wg[l -14] » swmw
S M W m[ 1] ssgnfi m wmr s
T » gr » » TR Ng m g ffrssgnfi mp =
nRORN Ng rRmm™ ® o oprop » i 2 » » i I 1 14
X € M X M SHMM S B WR IS W WguUSWE W S S mwas
G ma r s ®m wm 1S W Wg W S W xpr wg M S STy wr W Sp
r ®ms S BB R OT ORRR SR S WM WM XS W Wg WSS W
SS wg W ®g r WS S m wr s » s m U I
S Ssp s W wapr i IR T N ) ] % W WS S
T srs «x g & S i I ®  TRRg  wpr accuracy [1 1]
» efficiency [1 ] » »p mS M S W WS



1.1. Motivations

1.1 Motivations

o W WK R X ® S 1 oW » xS s accuracy wm efficiency w»
® M WMS® S r s wmsgnfi m  wapr ropr rsmw »
x SSSKE SSWWM S gRmm m[1 - ] 1]

o wm  wrgsr wm[ ]

1.1.1 Motivations for Accuracy

WS wr sp rows S sprps " s smnw
[ 4 »m ¢ mr s m ww rs m wg ss[ 1] g f

rW WS wma X » wg wmp wgprgrsswm sfi [ ]

€ rs u w noo8 nsgnfi w now wr »

o owm[ - ] s ru rPX S M X RRRPr P MW ¥ W WU
r mg m i ) s urng 1 e g f

( wr ) m B WS X sm® W RO WM R WS X NG P nS

roag W ®m Omr W owx 1w x wr W wm owr ® swm  wm[l]

T war x© wpx wr s w S XMW SS » x

W swp xS R RNg W e s vz wop ow e

4 wr »nox ows T m moX pp Mg W SWp K S »pr s m
SWW M S gwmm m XSS rm x X8 er wwm  ru
[ 1T s m s [ 1] MR RN WS TP S RSP T W UM
S W W Z i I X XX xS mors row owsaffi wm sepros
X WRSHPp xS »aw s roug r mwg m S s w
swp xr S W s w rgwmrx z m WRS R R X RRA WS WS pr ne
orox ®opr S S gww X SK S
» n MRS W S gwm W » B WS W WS » S

S MW ®m S¥ 4 W P WS X WX S WM w1 - ] x

Si P W S gWw m [ 1T s ne LIt e x



Chapter 1. Introduction

Pwm s s sr w w( P ) wr's wm ss

wrwr s[1] s »m T s wr's r  Sgw » ur
r ®  SS nOROR O RpE W ssu s r WS

& W™ x m g rNgSTM WX S W sur m o rfl s

T » WS nw Swpr s ™ Rg W P ur s
S W Z W e CRIND IS I wre s s T
S x mrx uX o W 1S W wg wajp B X ORW WS

)

MRS W wr WX WSMSS SWMMWM S gmm »

1.1.2 Motivations for Efficiency

T rsSs r ws mp s 11

W W% WS x ?06 ®c S w®S " S uwem

S »m

)

g

wapr

wpr

PC SSS Sprpr W ? NS m wm wswwmawg[l 1 1] T s

W XS XS Wmwrg W X ma e S o Z W

gr r  wmpw »rug »row r ™ W »Ss

wpY » ss T s S I wWRSHS W XX

s oW xr  mpr R I S ) »s rox
st m  Sus aquw xS P Ng WoW L0 s w

P » x MR mwg X R W WG S P

T sm ss sprs XeqUWr M WS ¥ P XWES m Swp r
Sswp xS MRgp X gmws WS Mg MPr p S mgm S »

r W less data w fewer computational demands (1 x 4)

S



1.2. Problem Definitions

1.2 Problem Definitions

» ng s » fim mPrwr Ppr WS ®mg ¥ r W S
Wm s m owwm rs m wg(ie am wr P sSW W W s W w
S g » ») r @ wg S ®m S SS

1.2.1 Monocular Depth Estimation

oW xom S ™ CRURE P i . .t Sgr wm  rw  W S
»r neg S ®m XMW S®WSTK swx S S m sfi
T g s sm oW x » W rprsmws s m »
SWS r W »oRow s m XX Sp W Ng » i 2 S &
[y S ® WL SWr mmS Mg ST WS W W SWr wg iCl S
x r fl & rowm T s wa surwamss S wrogr wmo rw

7w P oW W fim s sG » s W SHr WA WS
L= {(xi,yi,zi,di)}i]il r oL, Y W Z T S W s r W s L
» o sp mod; s S m rm  SWSTK » W s s sm
 mpD r g mnmg [ sms »n T mwmg [l sp s rom
p rs(u,v) w ® wmpD ssgms pr s m D(u,v) »
T S MMWZ ff rw » »r » wmpD
» r wm  ru P mpG «x r m m osarmwms T s wm
e swmnwmzng ss aw  wmL(DG) r G's wsra r oW
® saxr wa ms L R W r L s » Seu e r(S)
1
L(D.G) = - Y |D(u,v) — Glu. )| (1)
u,v
r M's wmww r » sw » mp » Glu,v)rprsms o1 wum
x » » (u,v) = xp rox m osar rwmL T g »
S W T WSS wr »r Ds L(D,G) smammz ® ne
»r » s s m re S W S sur
Ss »nowSgur 11 YRR 9K S WS o G wa g s X



Chapter 1. Introduction

Input (RGB image) Output (depth map)

Figure 1.1: lllustration on the task of monocular depth estimation. Taking RGB im-
ages (left column) as input, the output of depth estimation task is the corresponding depth
maps (right column, i.e., the exemplar results in Section 3.7.2 of joint supervised/self-
supervised ManyDepth [1] training on DurLAR dataset (Chapter 3)).
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1.2.2 3D LiDAR Semantic Segmentation
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Input (3D point cloud) Output (semantic labels)

O car bicy @moto @tuc @oveh @uped @blst @mlst @ road park
@ vk @ogo build ferc @ veg @ tun terr poe @ sign
Figure 1.2: lllustration on the task of 3D semantic segmentation. Taking the raw 3D

point cloud data (left column), the task of 3D semantic segmentation outputs semantically
labeled scenes (right column) according to the semantic category of each point.
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CHAPTER 2

Literature Review

2.1 Light Detection and Ranging (LiDAR)
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2.1. Light Detection and Ranging (LiDAR)
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Figure 2.1: The side view of the Ouster OS1 LiDAR. All dimensions are in mm. Image

courtesy of Quster Inc.
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Table 2.1: Representative LiDAR manufacturers and the adopted technologies. Data
courtesy of official product websites and the Internet.
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Table 2.2: Existing public LiDAR datasets (bold/underlined represents best/2nd best) for autonomous driving tasks detailing vertical
resolution (# channels), diversity in terms of environments (E), times of day (T), weather conditions (W), same route of repeated locations (L)
and also the type of LiDAR images made available in addition to range information as: intensity (I), ambient (A), reflectivity (R). Other
sensors refer to radar (D), lux meter (U), GNSS supporting more than 2 constellations (N), INS (S), GPS (G), IMU (M), FIR camera (F),
Near-infrared camera (T) and stereo camera (B). “ the pseudo 64-beam LiDAR sweep are aggregated from the two stacked 32-beam sensors
into a single sweep. ® the number of planes. SICK LD-MRS LiDAR has 4 planes, and SICK LMS-151 LiDAR has 1 plane. ¢ the number of

LD-MRS LiDAR frames. ¢ the number of individual scans of objects.
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(a) Ambient (b) Reflectivity

Figure 2.2: Comparison of ambient and reflectivity imagery derived from LiDAR.
(a) Ambient: the colors represent the intensity of the ambient near-infrared light, with
brighter colors indicating higher intensity and darker colors indicating lower intensity.
(b) Reflectivity: the colors represent the reflective properties of various surfaces within
the scene. Brighter colors indicate surfaces with higher reflectivity, while darker colors
represent less reflective surfaces.
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Figure 2.3: The rolling shutter effect observed in the real-world point cloud data from
a Velodyne VLP-16 LiDAR. Image courtesy of Sobczak et al. [2].
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FN

TN

Ground Truth Predicted

Figure 2.4: lllustration of loU calculation for semantic segmentation. The green
region represents the ground truth segmentation, while the blue region represents the
predicted segmentation. True Positives (TP) are the overlapping area between ground
truth and prediction, False Positives (FP) are the predicted area not overlapping with the
ground truth, and False Negatives (FN) are the ground truth area not covered by the
prediction. True Negatives (TN) are the areas correctly identified as not belonging to the
target class. The loU is calculated as the ratio of the TP area to the union of TP, FP, and

FN areas.
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CHAPTER 3

DurLAR: A High-Fidelity LiDAR Dataset
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Chapter 3. DurLAR: A High-Fidelity LiDAR Dataset

Figure 3.1: LiDAR point clouds from two exemplar scenes with differing vertical
LiDAR resolution (top to bottom: color RGB images, [32 — 64 — 128] LiDAR channels).
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3.1. Introduction
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Figure 3.2: Test vehicle (Renault Twizy): equipped with a long-range stereo camera, a
LiDAR, a lux meter and a combined GNSS/INS inertial navigation system.
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3.2. Sensor Setup
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Figure 3.3: Sensor placements, top view. All coordinate axes follow the right-hand
rule (sizes in mm).
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3.3 Data Collection and Description
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Table 3.1: Key time periods and environmental conditions. The value is expressed
in the form of [traffic density] | [population density], using a qualitative scale of [3 -
high, 2 - normal, 1 - low].
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3.4. Ambient and Reflectivity Panoramic Imagery
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Figure 3.4: The route (blue curves) used for dataset collection showing a variety of
driving environments.
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Building Campus (rainy) Campus (cloudy) City centre

Figure 3.5: Examples from DurLAR which demonstrate the diversity in our dataset. From top to bottom, RGB left camera images
(top), grayscale right camera images (center) and LiDAR point cloud (bottom). The point cloud is projected onto the 2D image plane using
the LiDAR-to-left-camera external calibration, and the color varies with the distance from the LiDAR (near:=red — far:=green).
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(b) Reflectivity

(c) Ambien

(d) Reflectivity,

Figure 3.6: Example of ambient (near infrared) and reflectivity panoramic images in real time, all without a camera.
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Figure 3.7: Camera to LiDAR custom calibration pattern with extrinsic parameter

estimation overlay shown.
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3.6. Monocular Depth Estimation

Figure 3.8: lllustrative LiDAR 3D point cloud overlay onto the right stereo image
(color) using the calibration obtained.
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3.7. Evaluation Results

Table 3.2: Performance comparison over the KITTI Eigen split [8], Cityscapes [9]
(self-supervised only) and DurLAR datasets (joint supervised/self-supervised, +S v.s.
self-supervised). All models are trained and tested on the same dataset, without cross-
dataset evaluation. Depth evaluation metrics (Section 2.8) are shown in the top row. Red

refers to superior performances indicated by low values, and green refers to superior
performance indicated by a higher value. The best results in KITTI and DurLAR are in
bold; the second best in DurLAR are underlined.
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Chapter 3. DurLAR: A High-Fidelity LiDAR Dataset

Table 3.3: Ablation results on ManyDepth [1]. vRes := the vertical resolution of
LiDAR ground truth depth. £S := supervised/self-supervised (+S) and self-supervised
ManyDepth (-S) for consistency with Table 3.2. §;, 5, and 5 refers to § < 1.25, § < 1.22
and 0 < 1.25 respectively.
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3.8. Summary
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Figure 3.9: Comparison of monocular depth estimation results with areas of improvement highlighted with the use of depth supervision
(green)
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CHAPTER 4

Efficient 3D LiDAR Semantic Segmentation
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4.1. Introduction
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Figure 4.1: mloU performance (%) against parameters and multiply-add opera-
tions on SemanticKITTI (fully annotated) and ScribbleKITTI (weakly annotated) under
the 5% sampling protocol.
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4.2. Overview
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Figure 4.2: Our proposed architecture for unreliable pseudo-labels LiDAR semantic
segmentation involves three stages: training, pseudo-labeling, and distillation with
unreliable learning. We apply ST-RFD sampling before training the Mean Teacher on

available annotations.
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4.4. Learning from Unreliable Pseudo-Labels
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Figure 4.3: lllustration on unreliable pseudo-labels. Left: entropy predicted from
an unlabeled point cloud, with lower entropy corresponding to greener color. Right:

Category-wise probability of an unreliable prediction , only top-4 and last-4 probabili-
ties shown.
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Figure 4.4: Coarse histograms of Reflec-TTA bins (not to scale).
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4.6. Sparse Depthwise Separable Convolution
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2 submanifold sparse convolution

Figure 4.7: lllustration of the SDSC convolution module.

4.6.1 Sparse Depthwise Separable Convolution Module
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4.6.2 Parameters and Computation Costs Analysis
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4.7 Evaluation
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Table 4.1: Comparative mloU for semi-supervised methods with Range- and Voxel-based representation under uniform sampling (U),
sequential partition (P) and ST-RFD sampling (S): bold/underlined = best/2nd best; T = 1% labeled training frames only; ¥ = 50% labeled training

frames only; * denotes locally reproduced result; — denotes missing result due to unavailability of reference implementation from authors.

w7 x TT [4
o Sm‘ Swmm  TT[] S [4]
1 4 1 1 4 1
" | | s [1] () - 4 - 14 - | - 44 - -
mox [ ] (P 1)| 4 4 1 - 4 1 -
st 1] () - a1 - - - - -
P |) wmgetal [1 ] ( 1) | 41 4 - - - - - - -
m etal [4] ( P )| 4 F X 1* - *l4 * a4 * * - 1
S S S (wars) 1 L 1 '
S ( wrs) 59.5 62.2 63.1 63.3 63.6 69.5 | 581 61.0 612 620 62.1 624
Ground-Truth Our Approach Unal et al.
SeK

Figure 4.8: Comparing the 10% sampling split of SemanticKITTI (SeK, first row) and ScribbleKITTI (ScK, second row) validation set with
ground-truth (left), our approach (middle) and Unal et al. [4] (right) with areas of improvement highlighted.
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Chapter 4. Efficient 3D LiDAR Semantic Segmentation

Table 4.2: Component-wise ablation of LiM3D (mloU as %, and #parameters in
millions, M) on SemanticKITTI [3] training and validation sets where UP, RF, RT, ST, SD
denote Unreliable Pseudo-labeling, Reflectivity Feature, Reflec-TTA, ST-RFD, and SDSC
module respectively.
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4.7.2 Experimental Results
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4.7. Evaluation

Overall Results on 3D Semantic Segmentation
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Table 4.3: 3D semantic segmentation results of LiM3D (ours) evaluated on SemanticKITTI [3] and ScribbleKITTI [4] valid-set with %1
and 2% labeled data. Alongside the per-class metrics, we show the relative performance of the semi-supervised approach against the fully

supervised (SS/FS). S: with SDSC sub-module (v') or without SDSC sub-module, i.e., with normal sparse convolution.

s @ 2
= “ @ @ = g‘ ‘9 g = @
- = 4 = = = w z £ &
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Smnm 59.3 85.3 95.6 37.6 1 44 4 68.8 "1 87.9 76.6 914 548 895 695 77.1 66.2 494
( wrs) Smm 4 4 "1 55.0 4 1 4 ’ 1 L 4
/ rwms | Sr 57.1 494 4.4 4 4 4.4 4
Sr 17 1 4 4 41 ’ 4 4 4.4 4 4
Smnm 4 4, 1 4 4 80.3 33.5 4 3.9 4 14 T4 1 4 4,
( wrs) S m ® ' 4 4 44 : 4 4 1T 1 4 4
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Table 4.4: 3D semantic segmentation results of LiM3D (ours) evaluated on SemanticKITTI [3] and ScribbleKITTI [4] valid-set with 10%
labeled data, using different backbones. Alongside the per-class metrics, we show the relative performance of the semi-supervised approach
against the fully supervised (SS/FS). S: with SDSC sub-module (v') or without SDSC sub-module, i.e., with normal sparse convolution.
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4.7. Evaluation
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Table 4.5: The computation cost and mloU (in percentage) under 5%-labeled training
results on SemanticKITTI (SeK) and ScribbleKITTI (ScK) validation set.
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Table 4.6: Effects of ST-RFD sampling on SemanticKITTIl and ScribbleKITTI validation
set (mloU as %).

S wap wg S mw TT [ ] Sr TT [4]
1 4 1 4,
OIS | 1 1 .
o Tw 1 4 1
ST ® _ 1 62.4 - 63.4 - _ 61.2 1
ST =% 59.5 63.1 58.1 61.0 61.2 62.0

Table 4.7: Effects of differing reliability using pseudo voxels on SemanticKITTI
validation set, measured by the entropy of voxel-wise prediction. Unreliable and Reliable:
selecting negative candidates with top 20% highest entropy scores and bottom 20%
counterpart respectively. Random: sampling randomly regardless of entropy.

nr I ]
w SS/7% il SS/=% il SS/=%
59.5 85.6 4 1
1 62.2 89.5 '
63.1 90.8 14 1
4 63.3 91.1 4 1

Table 4.8: Reflectivity (Reflec-TTA) vs. Intensity (intensity-based TTA) on Se-
manticKITTI and ScribbleKITTI validation set (mloU, %).

T S ma m TT [ ] S x TT [4]
1 4 1 4
B WS 1
fl 59.5 62.2 63.1 633 58.1 610 61.2 62.0
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Effectiveness of Unreliable Pseudo-Labeling
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4.8. Summary

Ground-Truth
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Unal et al.
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Unal et al.

Figure 4.9: Comparing the 10% sampling split of SemanticKITTI [3] validation set
with ground-truth (left), our approach (middle) and Unal et al. [4] (right) with areas of
improvement highlighted in green, and areas of under-performance in red.
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Ground-Truth
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Figure 4.10: Comparing the 10% sampling split of SemanticKITTI [3] validation set
with ground-truth (left), our approach (middle) and Unal et al. [4] (right) with areas of
improvement highlighted in green, and areas of underperformance in red.
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Figure 4.11: Comparing the 5%, 10%, 20%, 40% sampling split of SemanticKITTI [3]
validation set with ground-truth (bottom) with areas of improvement highlighted in
green, and areas of under-performance in red.
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Ground-Truth Our Approach Unal et al.
Pt P - ooT

Figure 4.12: Magnification of regional details: comparing the 10% sampling split
of SemanticKITTI [3] validation set with ground-truth (left), our approach (middle) and
Unal et al. [4] (right) with areas of improvement highlighted in green, and areas of
under-performance in red.
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CHAPTER 5

Accurate 3D LiDAR Semantic Segmentation
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5.1. Introduction

s x ws (e.g ngrwg )[11] ff wg S sSr oW m
Building > Z Road
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Figure 5.1: Left: RAPID exhibits excellent viewpoint invariance and geometric stability,
visualizing comparable features around the vehicle door structure at varying ranges
and viewpoints (feature matrix plots inset). Middle: RAPID is distinctive in different
semantic classes, as visualized by the matrices. Embedded RAPiD patterns corresponding
to different points are visualized using a spectrum of colors, showcasing their capacity to

represent different classes. Right: Our RAPiD-Seg achieves superior results over SOTA
methods on nuScenes [5] and SemanticKITTI [3].
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RAPID Features
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Figure 5.2: Our proposed architecture for 3D segmentation framework leverages RAPiD
features from the point cloud. We encode pointwise features into voxel-wise embeddings via
the voxel encoder and multiple RAPiD AutoEncoders (RAPID AE). After attention-based feature
fusion, these fused embeddings go through the backbone network for segmentation results.
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5.2 Range-Aware Pointwise Distances (RAPiD)
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5.2.2 Range and Sparsity Awareness

Preliminaries: T mprw rkrprsms wmuwa r W g IrNgP WS

s X
x i IR w Yo i o s s®m s sru wr swm k
u (eg k=0D5H) TSH W O SW WM rpPp W S W re rkwa ws
g W r »w W S WS sw x x Xg Xr WS
wr P x » S|P xS ffrm s m s WS Ng r Ng
sp fiprmwm sk  ky m» k, r s ®m ™ 1rmgscrsp rom
supp W W mr®Pr®m r W SS r wsx ng SR » k
SS » w T gur (re )p1 ® Py x "R RS W S
TN e r g R r we PR P S rgwmmW X
€ ™ r ®oXm® ™ s W np; ® Do S
[P1 — P22 = 2Rsin(6/2), ()
r 0 s wgu rrs w w( rxzwm /zww ) % rx S wa m TT
s 6=0.09deg[1] x w»aS wms s 6=01~04deg| ]
m ox owrkp w P us w § M r Sru wrs rooroow
xS x i I % S Sprs s ss g M XM W
s ™ s X SH r oW wW x g k T ox km® w» P X wa
S mS T W PSS W AR WM XP® M S B XMW ne row
xS O
IR s 0w =025 m sus qun v XX Sp W
g ™ wm wms Lk m R ar »( )T mwcmpr w s z wmwmTg
wr () mwmsr s urr Ng s msr w ff S mgus wg
X wsp m W Sprs s S nr wng R x ne S »
ppropr k

90



Chapter 5. Accurate 3D LiDAR Semantic Segmentation

D,

P

62| R

kfar

mid

LiDAR

Figure 5.3: The illustration of range I? and k.
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Figure 5.4: Our RAPID AE consists of an Encoder, Convolution Layer, and Decoder

module, aiming to reproduce the input features and generate the compressed voxel-wise
RAPID representation F.
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5.3.4 Class-Aware Embedding Objective
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5.3.5 Multi-Neighboring-Point Stacked RAPiD
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5.3. RAPiD Embedding
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Figure 5.5: Visual illustration of R-RAPiD and C-RAPiD. R-RAPiD (left) confines the
Rol to the ring surrounding anchor points A (e.g., B, C, D, and E), optimizing computa-
tional efficiency by leveraging the structural characteristics of LiDAR data. C-RAPiD
(right) focuses on point features within the same semantic class (e.g., A, B, C, D, E, F,
and G), preserving feature embedding fidelity.
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5.4. RAPiD-Seg for 3D LiDAR Segmentation
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Figure 5.6: Our feature fusion module with channel-wise attention.
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5.4.2 RAPiD-Seg Architectures for 3D Segmentation
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Figure 5.7: Two variants of RAPiD-Seg. (a) R-RAPiD-Seg utilizes R-RAPiD features,
and (b) C-RAPiD-Seg utilizes both R- and C-RAPiD features for better performance.

S gma W » P Sg s ™ r ws ms ® w zZng rem M WS
» P wes Sp i rwm  Foom m owms s wr s Frox
z S T prsm wsR,=FEc®Er s w» S z W[ 1]

s wpr ss d wmams w s P rxprsm  wsh(S ) rm

P hs w»as m s rprsm  wmsRy =" w(R,h)
r T wm(s) sTes w ®m mwS n 41T ws s wur s
x now now r r S gwm »
C-RAPiD-Seg. T " wng fi n oW %S W W ss s
s S gm Ss X orwaox P wr s ie P Seg
("gar () Sp £ us s P hew b S wSs
Ry = " w(R,,h & he) P raurs ss s wpn wr s
rer me S maw gr sSw» & wm  ry S & WASSWg Wrwg
s m & W x »S o sy 2. P Sg s
n wfi om0 (Fgar () w ) Sus qu W »s w s
P he x gnrx r ug ) us o S X Pprs m ns
x S gwm W » OB R x

5.5 Evaluation

<]

®g P pu rPr S gma W W s [ 1] u
urpr P s P Sgn r g wns ST S g"m W e s m
S wma w TT [ ] » »aS w» s[ ] s s

99



5.5. Evaluation
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Table 5.1: Quantitative results of RAPiD-Seg and SOTA segmentation methods on SemanticKITTI [3] test set; Best/2nd best highlighted.

| re | '» | s m s |«x BEXS | s | w » | gl rem| xr|p |sgw
] 4 4 4 1 11 1] 1 4 4 1 1 ' '
JS 1] 4 4 4 1 1 1 4
SP Sl 4] 4 1 4 ' 1 1 1 41 4
o [ ] "1 ‘ 4 ' 4
S [1 ] 4| 86.8 411 | 80.7 4 4 |1 53.5 (O I
P [14 ] 4 C | 44 11| 44 4 | 934 80.7 o 1 S| 4 14
SSg [11] 4 4 4 4 44 4 | a 11 1] 4 11 4
GS [ ] ' 1 _ 4| 827 | 4 4 1 ] 1716
P [ 1] 1 1 1 o 41 4 4 g 4
P SS[1 4] 4| 11 1 ' 1| 4 ' 4| 4| 4 ___ | 729 1 4
P Sel] 1 75.6 1 ' 1| 14 4 1 '
wg T ormar 1] 4 1 1 4| 4 4 1 S|4
wSg[ll 1| |979]|719 | 4 4 a4 4 | 875|763 | 73.1] 683
RAPiD-Seg Ours) | 76.1 | | 11|~ |725] 807 | | 1| 1 | 782 |4 |936 | 1| | 4 || |

Table 5.2: Quantitative results of RAPiD-Seg and top-10 SOTA segmentation methods on nuScenes [5] test set; Best/2nd best highlighted.

[ = |

rx ws | x| wms | wm x| | w | x | ra | x | x| | = | m s
PR ] 4 1 4 1 ' ' 4
mor [ ] 4 4 4| 4 L ’ 4
(1 ] 1 1 4 1 4 ’ ’ 4 4 1
SP [1 4] 4 1 4 ‘ 1 4 4 1 1
=S [ ] 4 4 4 ’ i 4
(1] 4 1 44 4 i 4 ’ 1
G s [1] 4| |4 _1 4 . ' | | 777 1 90.2
P SS[1 4] 1 1 ’ 4 1 ’
row [ ] 14 4| 44| 4 1 852 | 804 | | ‘4 97.8 ’ LA
»Sgll 1| | 859 ] 712 1 1 ___ | 880 ' | | 78 . 1
RAPiD-Seg (Ours) | 83.6 | 4 | 4 | 950 | 922 | 84.6 | 1+ | | 8.5 | 790 | 97.8 | | 812 | ~ | 925 4

uoljenjeAy ‘g'q



Chapter 5. Accurate 3D LiDAR Semantic Segmentation

Table 5.3: Cross-Dataset evaluation on SemanticKITTI validation set. “SemK" and
“nuS" refer to the SemanticKITTI and nuScenes datasets, which are used during the
AE training stages of the configurations (Conf.); Beams a — b represents downsample
to a beams for AE training stage, and b beams (without sampling) for fine-tuning and
validation.
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5.5. Evaluation
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Figure 5.8: Comparing our results and PCSeg (baseline) under multi-scan visualiza-
tion, showing improved segmentation results.
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Table 5.4: Component-wise ablation of RAPiD-Seg on the SemanticKITTI validation set.

RAPiD Features
oW m A
G wm x ‘ fl ‘ 0} ne
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v v v S (+2.11)
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v v v ‘ (+2.28)
v e v (+2.74)
v v v v 73.02 (+2.98)

Table 5.5: Effects of RAPiD and Reflectivity features compared to other configura-
tions on SemanticKITTI validation set. PDD: the compressed PDD embeddings; RAPiD-R:
only RAPID, without reflectivity feature fusion; RAPiD+R: both RAPiD and reflectivity.
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Table 5.6: Effects of various £ at different ranges.
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= 4, (-6.4) 8 6 3 79.91 (+1.3)

Table 5.7: 3D segmentation results of different variants of RAPiD-Seg (ours) on
SemanticKITTI validation set.
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Chapter 5. Accurate 3D LiDAR Semantic Segmentation

Table 5.8: Effects of using different backbones on SemanticKITTI validation set,
where P and V for Point- and Voxel-wsie methods.
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5.6. Summary
5.6 Summary
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Figure 5.9: Qualitative comparisons with PCSeg [6] and groundtruth through error
maps on SemanticKITTI [3] validation set. To highlight the differences, the correct
/ incorrect predictions are painted in gray / dark red, respectively. Each scene is
visualized from the ego-vehicle LiDAR bird’s eye view (BEV) and covers a region of 50m

by 30m. Best viewed in color.
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Figure 5.10: Qualitative comparisons with PCSeg [6] and groundtruth through error
maps on nuScenes [5] validation set. To highlight the differences, the correct/ incorrect
predictions are painted in gray / dark red, respectively. Each scene is visualized from
the ego-vehicle LiDAR bird’s eye view (BEV) and covers a region of 50m by 40m. Best

viewed in color.
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[ Groundtruth ] [ Ours ] [ PCSeg ]
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Figure 5.11: Magnification of regional details: comparing with PCSeg [6] and
groundtruth on SemanticKITTI [3] validation set. To highlight the differences, areas
of improvement are highlighted in green, and areas of underperformance in red. Best
viewed in color.
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5.6. Summary

Figure 5.12: Our method learns a high-dimensional RAPiD latent representation
for capturing the localized geometric structure of neighboring points. We apply PCA [7]
to reduce the latent dimension to 3 and plot as RGB. Different colors represent various

RAPiID 3D representations. Best viewed in color.

112



CHAPTER 6

Conclusion
» w WM R wS X wg nogr » » S WS x » & S
» Y ® oW £ SS mS s » rox noORoWw
w oW Om WS T nX oW WS W wrng S X xS x
® P SS w ®m wm ®w ss r ®»ST ma=m wr P» smwm w»
" s( ®mr ®»S m) wm ® TRRg T wr (0 x4 w
mr)»n g fi s s( ®r )sus w n we »
% W W WSS S WS P ® W xpr r SWrr WR  W@S & r
» ar
» i IR nroow e i 1 e S  aupp
pewrmwm wm wm(®m rwmrr )wm xfl g r x T oW W oW WS
X wg ns T s s mars sgnfi » nORR W fi 1 s
wwpr » x rs u W™ W ®owus W m wm wm rfl
megr frwmg wrx ropr s m » mrERR® F P SwW W
» r w mwmws r wg ss T wmm wrxr P» Sw™m ® S W 8
mowx S WX X MAWMSX S M WM W WM NPLr Imw rss x WS
S O ) 2 S x WP SZNg P xrow & rs w m

BOWEWL B Mg SwWp X S R Ng W S n % OW WS X wg

11



6.1. Review of Contributions

oW
» x4 wn fi »sw supr s x wr r M w w oS W w
S g w B SPr S »opsKH wg i JR N ) ss swmar T r wug
e P M W WS ™ SX g S s x wr XS Swp x ¥
P orwm oW wmg W » SS W ®  SS x S »
» nS MW mrxwm xs T s x X SS S ng S SS
) wp » W n fi ow» fr r gnNg Pr IRN g P
WS W Swp r s ®ow swpr s R R 9er S ® rom
SH WM S gww ® SS
» »r PrS®™ W S g W I ) 3 X e ne
r P m s s w sx w wm( P ) wr s m ss P Seg
» x T sm » ®Pr  SS gwa W ®owr n ORI wg W
S M surp SSwg » RS  SwWg MW » e S MRS K Ng
SWp r rmpr IR m Xoww W e S® ™ mr S sSum rs xS
P W P wrs®mo o™ m S gW W »m W S xss x x
Sp rwm ¥ m W oW W S S
T s MI W WS WW XS X ff rsm npus wg X W™ xS [t
m R WS X WK S I X oow g S s g rfi (rs w m)
® IR Ng X wr s wwmz fi » w wr ) wr s
X X ® X WS S g m » Srs «x ] er ww XX woar
R ORRS W uw W ow
6.1 Review of Contributions
m S SS X SS X » now accuracy wm efficiency
S i RS X W W WS S USRMEg Mg W r m
S M S W WM rXS M Mg wrrs r w swu ® sgnfi ®m wmr w ws
x s S
®m TS accuracy »r® S W (1] w» s 6 1 e
S m o spwmrmwm wm wm wm xfl megr T s S
S S s W noowx TRA® W S W ®OWRST WNg g r



Chapter 6. Conclusion

rs W R W™ OB W sgnfi »  mwpr » S W W™ wr
S pr s P Sgr we [ ] T gng Ng P m s
s sr w w»( P ) wrs wpr S gm M » wr T s
x Ly SS X xrsu s pr NS M X WM X mMPCPr sSw
» W .1 now X pr s m now s gmm » wr
® rWas efficiency nrow S ™ Swpr s W e [1]
S W W S gwaw » Ssup x x wr sgnfi w»
oW mg  wapw » ssT ss roug Sp rs » s Spr

m w (S S)m wu w» Sp T wap r we W rom ®S Wp Ng

(ST =) oW SW wp » » x wS us
®OW Ng  wpw n fi o=
S ®mr w WS » s rom wr »
fi w» » S S Was supp r wg P W s 1w
L W OM KL WS X Ng n g S
6.2 Future Research Directions
T m e Sprmps w » xS ¥ RS X M@SK Wgpr xwm
P SSSS r W W ®S WSS » x nZ s m s w
i 2 I x WS X wwr xS x X SS S ng s
6.2.1 Dataset Ground Truth Availability
"W ] s m T WR  ra W wr wrx s ( ®»rx ) «x
¥ WS WM M W W W WS r wmg S S Sw SS WA S g m [ 17 ]
» n[1 ] T s m mSprwmr  w sH s W L) »
Ss ss LN IR ) w1 1]

T xss s m o oWWr XS x x mSS W us m T e Ng
;2O R S Pr rmm W W R »S x g » r wg pseudo-
labels [1 ] T s psw S MSu S qu W r fim roug W W xx

nooproow wr gr wm  rxa  Pr ng 8r wwm  xw XoORUR R W W R WS

r W S S » wr [17] s ss r sgnfi m ® 8Ss

115



6.2. Future Research Directions

rs e ne 8T WM TN x ar s sgnfi w now
s roox rx we w mowwus r wg S s[ 1 ] e W ¥
wypr WS xS x » R W w & qu 8 W rw
m g fi PR w P AN S KX W W o s
» wpr Pr O XR®m W S SSsu SSW W™ S gmm OIS
» g mWar x BOX WS W MWL WS X WMg@S S WS x x
R w " W »s w ng W N xx msr s »
oW ®oowrx ® TS wrx e wr wa wg pr sswmr fi w
» s RB" »r Neg & WR  rH AW nS » x »
M WX S r r WS SS S rwmg mwmpr S S ®m r ng mOWRS
» i
rssmg S W WS X Mg Sr @ wwr rs r R
(] wr s w nrow R W R owr
" nox U WKL WS X Ng mn 8 s

6.2.2 Adaptive ST-RFD Strategies

S T wap x we wm rowma ws wp ng (ST 7 )sr g (S m4 )
ff AR ZRNG ¥ WWgS SZ WM ¥ Wl = » WS » wx
s ™ W wp XX » mrms[1]T s pmn » mg m
s mp mS ®mr S x WP WS SWS r x g
T gl X X Wwpr Tux o ormax ST % sx g reaurs W mpr
Sup r S x ww » R W S W wegr X W Ng W » x
U O i I X ss  wS S s
BBy » noow gnm swmp wgsr g s 1] AR W
s ffrxmmwm mp ™ms ® W rAmN » S wr wmg W
»r fim wyp x we ws T s w = i » R W ] 23
RS WP Mgr S S »r M W™ SS Sx ™

116



Chapter 6. Conclusion

6.2.3 Extension of RAPiD Features
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Public Access for DurLAR Dataset
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Chapter B. Public Access for DurLAR Dataset
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—— ambient/
F— data/
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L— data. csv
— image 01/
— data/
L— <frame_nunber . png>
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— dimu/
L data. csv
— lux/
L— data. csv
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— data/
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L— ti nestanp. t xt
— reflec/
— data/
L— <frame_nunber. png>
L— tinestanp.txt
— readne. nd

]
=
L]
=

[ README file ]

Figure B.1: The folder structure of the DurLAR dataset.

Dur LAR cal i bs/

— calib_camto_camtxt
F— calib_inu_to_lidar.txt [
L calib lidar_to_camtxt

[ Camera to canera calibration results ]
IMJ to Li DAR calibration results ]
[ LiDAR to camera calibration results ]

Figure B.2: The folder structure of the DurLAR calibration information.

B.2 Download the Dataset
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B.3. Integrity Verification
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Table B.1: The number of frames in each drive folder.
Drive ID 20210716 20210901 20211012 20211208 20211209 Total
# of Frames 41 4 4 145911
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APPENDIX C

DurLAR LiDAR-Camera Calibration Details
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(a) LIDAR to left camera calibration (b) LIDAR to right camera calibration

Figure C.1: LiDAR to stereo camera calibration and visualization.
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Figure C.2: LiDAR frame-wise aggregation allows for the generation of a denser point
cloud from continuous dynamic LiDAR frames, resulting in detailed geometrical and
surface texture information.
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Figure C.3: SuperGlue identifies correspondences between LiDAR points and pixels.
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APPENDIX D

The Description on Semantic Classes
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D.2 nuScenes Datatset
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mw s W ox S spSs WS rs s ®mw s g
» & ® s nopw oW s s » W m W
S
@ pedestrian (ped) S P Sr WSW  Wg ¥ uw s
@ traffic cone (cone) ms xfi ws
® trailer (trail) w XX r re S XS m W x¥
(r @ r ss rowrr m ne rm ) Tx  rs  w r s m
x rs o s trail

147



D.3. Excluded Semantic Classes

1 @ truck S pr W x S 8m W rg W oW wNgp wps xS
™ S m S W r xs
11 @ driveable surface (driv) » rwnp sur s romox »n

» IR x i rm s

1 @ other flat (other) r  xwas rzZ W gr wm ST wr s
» e » x swx wr s » XX W W ™ S
mrs rxfi s ms XS X X SS XS ® S s ]S
m xg s r(  srx xs)
1 @ sidewalk (walk) S ®m Sr m s ® setcPr
e UW S gn r® SX¥ WS X ss S s w »
x
14 © terrain (terr) wr XZ ™ sar S sw S er wm XZ W
s m (< W ) grssr wmg SS S® MW gr
1 manmade (made) » & swm wmwW  Sry wrs w W W w WS
Sgur r s ™ S® S X mgs rwms flgs mwmrssr sgws
rooxow s rfi g spPpr mgwm rs m s xS ®x »
S s
1 @ vegetation (veg) » g » oW r W s 8 r W sr wum
n W Mg WS S)Pp RSP ®» ®ms x selc W gr ss (> %) S r
s

D.3 Excluded Semantic Classes

rom g1 s(@un ® » x 1S xe wx x etc) sp

ng ww » S grwm ra X " r oW @ WS ™SS

s us ™ s x ow ®m rm®m W S SS x r
rs
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APPENDIX E

Related Resources of Publications

»n

supp W W x rs wr s(eg s ® S xS S su zZ WS
WP g SSupp MR X W r S etc) x e ns w o or oW
s ss
. S w P Sew » T P «x ®oowr 8
= 1 e s mIrm W ®m W fl
g r roow woWm RS ne M ws m International
Conference on 3D Vision ( ) 1
Related links: P » « S G " Ps r
. w rP Sww » T P r » SS swa x w Ng S W
" wp r ® ™ w swmm™ sgwm™ = mProceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (P )
Related links: P » « " Ps r my e
. w P Swwa » T P P Sg wg r P om s
s m SX W W rs x Swmm S gmn »  » European
Conference on Computer Vision ( ) Spr wg 4
Related links: P p r x Ps x

14,


https://arxiv.org/pdf/2406.10068
https://collections.durham.ac.uk/collections/r2gq67jr192
https://github.com/l1997i/durlar
https://youtu.be/1IAC9RbNYjY
https://www.luisli.org/assets/pdf/li21durlar_poster_v2_compressed.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Li_Less_Is_More_Reducing_Task_and_Model_Complexity_for_3D_CVPR_2023_paper.pdf
https://github.com/l1997i/lim3d
https://www.youtube.com/watch?v=Ob9Jh0uIOa4
https://www.luisli.org/assets/pdf/li23cvpr_poster_big.pdf
https://project.luisli.org/lim3d/
https://arxiv.org/pdf/2407.10159
https://github.com/l1997i/rapid_seg
https://www.youtube.com/watch?v=u02Zl-NCnJE
https://www.luisli.org/assets/video/eccv24_luis_oral_30MB.mp4
https://www.luisli.org/assets/pdf/rapidseg_eccv_poster_compressed.pdf
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