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ABSTRACT

Autonomous driving is an important research topic for intelligent robots, and environmental
sensing technology is the key to autonomous driving. 3D point cloud semantic segmentation is an
important task in environmental sensing. Current mainstream approach in 3D point cloud semantic
segmentation uses deep neural network models. However, the uncertainty problem of deep
learning brings challenges to the practical application of high safety-critical autonomous driving.

This article aims to explore the uncertainty problem of 3D point cloud semantic segmentation
models. Firstly, this article conducts a literature review on the uncertainty problem of deep learning,
and summarizes the modeling and evaluation methods of model and data uncertainty in deep
learning. Then, this article investigates 3D point cloud semantic segmentation algorithms, datasets,
and evaluation metrics. The investigation finds that there is still a high correlation between model
and data uncertainty in the current uncertainty evaluation methods, and there is a lack of research
on exploring the uncertainty of 3D point cloud semantic segmentation models in practical
applications.

This thesis further analyzes the uncertainty of 3D point cloud semantic segmentation
experimentally. This thesis selects a representative model for segmentation performance,
Cylinder3D, and a representative model for segmentation efficiency, SqueezeSegV3. In terms of
point cloud segmentation performance, this article found that compared with SqueezeSegV3, the
improvement in performance of Cylinder3D mainly occurs in categories with small data volumes.
In addition, in terms of categories, plants are easily confused, and signs are easily misclassified.
This thesis selects the uncertainty estimation method based on ensemble to analyze the uncertainty
of above two models. The experimental results show that the ensemble-based uncertainty
measurement method can to some extent reflect the model’s confidence in the output. Model
uncertainty and data uncertainty have a large difference in magnitude, and the two have a high
correlation. The experimental results show that categories with low uncertainty have high
segmentation accuracy, and the total uncertainty is negatively correlated with model accuracy.
Finally, this article further explores the uncertainty performance on different data domain
distributions, and finds that with the change of data distribution, total uncertainty increases and

real accuracy decreases significantly.

KEY WORDS: 3D Point Cloud Semantic Segmentation, Uncertainty Quantification,

Ensemble, Dropout, Bayesian Deep Learning
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GERMFIIS, ARAFRE I G 1 AN P, R — AN R R 2 4 1) SR i 0
— A Y E R -

1.2 ARIVR RS

2 T, DU TR P P B RO T IR L Bt
WHERE S M50, A TARBE TR R AR R U R A TR 455 g
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ETE REEIFHTISA

AREERINA NI HTEEO G, 5IATREES: T B E Y P S S5 e
BRL, ARG R BN E AT Ok, HURCER SN E M ok
B

21 NHHREAHAHE RN

DRIZ S > B ANB s P T B0 O DU 5 3R S AR DU 3k . ISR = T fE
WG, EZRFI U@ R k. AT FEES% Gal Fig 3%
AN E P DU S A

2.1.1 DIRtHTER

e NG X = {x;,x0, o xn )} XVEAE Y = {y1, 00, ...yn}o NEEHME, AT
AL N x, BEEHN y.

PE DU [ e rp, SR g = f<(x), DR AT H s 23k 3 2
o, i g RolgeiiiEfl y.

DI AR A D ElE , X S5 o A B WIRN—A501. FER A
g, BAICEX o B8 (Prior) Wi, p(w).

LI#X (Likelihood) j& DMt A% OGS . BURREA R R4 E o (IS
Gy, AT RATRRA A SRAE ) A A B x 1B EE y WARR, ZEREASH w.
AT DAREXT T 405 B9 e fl A BRI Bz e AR BUR L 2 AE A 1 RIER
REERIAA Y, RASRERE, FHRERMX -MFEMESEH o,

LE ], RTRASR ] S ok ek

p(ylx,w) = N(y; f“(x),t7'T) (2.1)

o e IR T DR A T T
eI AR (Softmax) (UARAL, HI:
P@=d“ﬂ”:zf556§3» (22
o o () REOXEA T d Bk, BB R & 2RI G 0 — 1 2 )
(1, BLAMERE ALY 1, L.
BTS2, DRREEEAR £ () MR T —F 1
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DU S A R AT 550 31 -

LS (323]): s AW AREdE, BREBENERESH o, 52, 1%
PR p(wlx,y)o ALK x, y BN HORER A S5 -

SRR, R A A DL 2 5

p(ylx,w)p(w)
Pyl (23)

Ho, p(ylx, w) 2URRERE, plw) ZER0A, p(ylx) AR SLRR
4y, WHCHIESEFE T (evidence), B

pww:/pwmwmmw) (2.4)

p(wlx.y) =

2. HEWT (FII): B EA R EISE w AT, SEEU T AREAS x* p T
p(ylx*,x,y),
ZEE MRS JGE AT, XTSRSy, 153 TSR 701

p(ylx".x,y) = / p(y X", w)p(wlx, y)dw (2.5)

T DU ST G 28505 0y o AR AR X, AR B ) AN A mT DA
FESERE, W Var(p(w|x,y)), EF¥HEE—TI0EEE S A A E 2T PAZEL
ESL, W Var(p(y®lx*,x,y)).

2.1.2 T4 HEME

DU S A ) BEAE AR BN L, FERFIRIVY DL S et ml A ), Sl o i
FRLER R B2 e e AT, 3CHE. USRI T p(ylx) RIREASRAE, s AT As fe A
(GELV i 7w

SR, SEBRI R Z UG Ol , UER AT X—X) o BBV TR it 5, B0
BRI AT B, AT T R BRI R 21 g0 (w),
AN S HERER A p(wlx, y) RIEHLT. BB SR, T E
VANItE

mwfmw~/?wmﬁw%WMw (2.6)
PR A S S
A KL SO RS 1 BI04
KL(qo(@)llp(wlt, 1)) = / QQ(M)IOQ%CIW (2.7)
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T SO RN R P I RS B A

WEHREHE T FA (ELBO, Evidence Lower BOund) 5E Y4
p(y, wlx)
qo(w)
W24 KL B EIE, Freh ELBO —@E AR TR T logp(ylx), X2 HFRN
ELBO (IEfEHE T ) #EH .
TEFER I LA, ELBO tARYE B H SR K%L oh ELBO BySE—&85115 6 Tk,
Ak 6 PA/IME KL BURESET40 6 PAsR4E ELBO.
Zoxt DU A R0 7283, ELBO (45— Il ASEHT 5 -

ELBO=109(yIX)—KL(qH(w)IIP(wlx,y))=/Cle(w)109 dw (2.8)

ELBO = E (0 [10gP(ylx, )] + Eqy(a) [10gP(w)] = Egy(w) [109q6(w)]
= Eqy(w) [logp(ylx, w)] = KL(qo(w)||p(w))

N2, RAE ELBO, W PAEMFY5. BEAWSE SIS, FOVREBIH 54
SCHHRPEAKR,, AFHEANA .

AR RFEMN R G S T ASE LR, BN T a4 SRR RS
FrRIE R (MCMC, Markov Chain Monte-Carlo). 1R &t (Mixture of Gaussians).
WER T FA (ELBO). “FE¥3g (Mean-field), Aa#5 ET; (Coordinate Ascent) ¥E N
1) 5728 23 AR TR O EEE

AR EWT A — S R RE BB, efFEs € mniE
X, XA e R BRI U 5 ESR R R A BRI W2 . 5oh, JEZRA
AT TSR A B R AL o

(2.9)

2.1.3  HEIRERT 7% R Ein R HkE

B TAT RS A A ik, I HE TR AR T RIS, I KRR HE SR
FIEFE (MCMC), XS0 A PR E MR A4

PR AW 7 VAR DU R L S o e R 2 i, S HR T DL 28 ) 28 A 4
iR, BBBPHEE N 2 Te O o 07 4 A s R A b A7, 35 DU i
# (Bayes by Backprop) , A& TR E AT E [, e — MRS,
PBPUSIHLR T 4R AR, S5 im0 o PR STX o 28 HEA T O A B T B AR 433
BT I RES R R AL, A TARRAL B SR A R AU Y o 20,

BRI HEWTIE N, XRITIRAE TR B A, F Al T2 2%, &
A7) SR 08 P DA 2 AR i A 1 v

1, AT RAfR S T R A

2, EATEAEA



FOE WREA A ENESE

3. AR EUE A FIR A 5L
4. AT DARE AR L P B (6 - B

22 REFITHREIHEERHEER

LI DI Ee Y, T ER 1 S5 AR SR 1, BB A ST
A EE . A S DU B S GO ERIAURT &, 1A 0 B AR e PR
PRI T

TEREF AT E R, — BB EM (Total Uncertainty) , XAR
FMAH E M (Predictive Uncertainty ), FIAERURHG EM: (Model Uncertainty ) 54§
PR E M (Data Uncertainty) B4 4 2%

PA T 2 BAR R P SN R . FESE PRt B M AR R TR F
AW I TR R s AT BAORT e PR, AR A 78R FE
.

221 HIEAHEMNE

¥oEAwaEM: (Data Uncertainty ), N HUESAARHETE (Aleatoric Uncertainty) ,
S SRR HR ) PR FE R RS | TG o B 22 AT R 225 B A s e A i R
WL 222, ANTF SN P 0 A5 R e 7 L DRI S5 5 AR, e Sy
WS, KARIEARIME, RN Z RS RzE, WhRERdRm AR, H
{EAS B AN 5 E 55

BN R T ARE— 2020 4 A (6] 7 22/ (Homoscedastic) FIs 722/ (Het-
eroscedastic )1 24 R BIFEFE XA IS A A — BRI, —BRIERHE
PERITF S AR B AT E P2 5 2210, RIS IR A 2 AN [ 0 B0 AN
M.

TEAr R M, FIEAREE x € R?, HELEHIRE v € {w1, .., 0k}, FATAH
WS O RMELEREG D por(x,y) HREE, R

D = {x(i)’y(i)}ii\il
. (2.10)
{x(l)a y(l)} ~ ptr(x’ y)
BEFRLI, A (entropy) ATDUBET:IE BTG . A A2 T
BE SCHESL A AR Hp.r (ylx)]:

K
HPy (yl)] = = Y. Por(y = 0cx)InPy (y = wlx) (2.11)

c=1
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S U IR SR

. . el ;
Bl 2.1 B EERRA B 2.2 BRAHE /A

mE21, 2.2, WA R, AR E2.1H 60% MR E, 40% 24,
E2.24 90% &4, 10% &, MRIEARX2.11, E2 1098 A E MR 0.673, E2.2(1
B E N 0.325. ik AT DA S B A B i AN 1

REAR B EIH AN 78 1 W] AR E SR 25 H [ per (yloe) | BRI EE -

)

By o [H [P (9)]] (2.12)
W] PAE A HAE B (mutual information) 6 &8 44 1 B s A i 8 1k -

Iy, x] = KL[p#(x, DI per(x)pir(y)]

(2.13)
= H[per (W] = Ep,, 0 [H e (y1)]]
Hr, G pir(y) & SCH:
tr = tri%s d 14
pir(y) /RDP (x,y)dx (2.14)

HAF BB R ESCHIREG DA po(x,y) SHEDA pir(x),p0 (y) FIFFRY
KL HU#, Wik x 5 y pordEor, B ACEks 2 E BN, SaRrAmE
PERRR, BAFGBMBUN, [RZINA.

FEEE S,y HAESEE, MRS i, 2. L1 R SRS A
M (differential entropy) HJFR

Hlpw(ylx)] = —/ptr(ylx)lnpn(ylx)dy (2.15)

(e = I e ) R A Sl AN B 2 AR T ASAL 0 2R AT 138, AN G iy £
PETERU I PN, (HNHE PR AR 5 R AR IR PR -
BT 2, B AT E M B & SO SRALTE R, WAE TR PRI E N, 78
o] LR BEAELZRAE R, Wl A B a3 AN S b e rp 3R T eI A A LS AT por
HAE 2.3 s 7 FOR AT R AN B E
8
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222 REIAHEM

BTG E M (Model Uncertainty ), N AYIAHIAH EM: (Epistemic Uncertainty ),
APURHAE M (Knowledge Uncertainty ), & SR BE— P38 7= 25 1214 R LI 9 G
P, AT DAGE S 22 BT R P o AR s 1 A B D DR SR A S R Y
s 2223

RN 2 HEHFR 276 A 2 7 (Distributional Uncertainty )22, & F 3538 7 (Do-
main Adaptation) SRR, YAEIER HT—MELER /31 (Distribution) , T
TERZAT55 (W E BB BERAMESS) o, MR IR [F P AE 011, AL
Bt W E T INGEDE >, x4k (00D, Out Of Distribution) % 270
o B, OOD $dli e A BUANRA i M= A ) S 2 s ]

— MBI AR AT R 1 L TR A T2 R — R SRR R
i PEARRE, T AR B A E SO B e th B 30, Rt 2,395 AL brftiot

2.3 REFEIHRHAFHEMEMGIT

Wns—E Pk, W2 25 A E AT AR R, R E PR RLE A
DRIE 7 ) O R BE A AN R B N LA RE AR A ml e AR Y RS, AR B TR i 2.2
TR E PR A . B AR R J5 — Sz th O LR, AT R B T AN
SEVER T ENEAE 2.4 TAER . WA E5 A & M T 323243 A MC Dropout!My
REM VI ERIAE R (Ensemble) SRR DM 7

FESERR I, [l () AR 22 R 2.3.2795 073k, R AR ISR AR A< A1 (1 ) 22
IR SRR PO R 2 R 2.3 3T vk, RN SR Y
AR 5 M B 2 th A R BT

23.1 E4FRBHIKLE

BEALIE (AR Dropout 'OV —Flfigpd 2 W 45k LA 10 & E ML F B &
FEUN LRI AR p BEALE R &R E M & e, WRE IR AgE— REER &
B IR Ok 9 2% i A0 A 2 T AL A U RB IE S AR, Bl 1k I 278 5 bh 2 oA
R, REHEMHAITI.

Dropout g DM HE 5 A 28 M 48 45 G B ZAT B2 o 0T TR 2 ) AN i
EALEIA, Gal 78 16 F IR SCMRIER THA dropout [f4 M 4% S F I Fps
SrHERTI ORI R, i dropout ABINANE, T4 R SZ8 e, DI-rp 4 2%
(BNN, Bayesian Neural Network) [{4E; Gal fE[RI4ERY ICML £33 3 MR 77—
AMERL IR BEAAE M EOE s M 2 M 4, K BHg— MEREHEY T T dropout, HE7E

9



T SO RN R P I RS B A

et FS T —MRE RS R . Gal 78 17 41 ICML 230830 3 g H - Dropout
FNHE — BB Rl AL A6 T B v] AR A A& —Fh s AL AL I

X AT AN E MBI Dropout J7 :UFR A 524F K% Dropout (MC Dropout,
Monte-Carlo Dropout) , 5—f%# Dropout A, MC Dropout Z3R¥E M IT
Dropout JZ, iX ik M ZELEME B EA TR . {XHH MC Dropout, 7] DLREM 453k
USRI 2 (Varg o) (y")) , YEARNE IS RN ) —FhE s

BMTFEZ, A Dropout MBIAYEREE 0F T, ] DAHAR S —Ff DL 42 %)
2 ZUCRFEIL UGB 1T 1 SRR RN T 2 U AREAR T O RS o 1T A S B il
A, —BCE 2SN Dropout )25 HE 4 AT AR 24 55>, AT Dropout ff)
P28 (9 28 AT DATE A% e ) D1 S BV A5 BB o PEAG T

[F]I}, 47 Dropout JZRMIZE M 45, 4 R] AFRM—Fhdt Z SRR 28 8280, 7T
PAFI2.3. 3795 114 4R AR AU 1 503 KA B A B AN I T 2 AN o 12k

232 HHMBEEIT

ESCHREI A TSR E M e T B v O T DL
2%, B Dropout fIFIZRI%.

B A3 H TR R U AT 45 (I, TR 2 AR Bl R o 1)
40 R, BT DAKE T R R A S 7

TR, FATa AL x, TIHTRGHE £, 25 W RHETFELE RS
i a(W), EIFFRS T MC Dropout (%40, RATRI4 245H, Bk M AAEs
W § 10 R R B Iy 2 0

(5,671 = f¥ (x) (2.16)
IR 24 AR B HO!
Loy(6) = 35 3 597~ P + 510007 (2.17)

Hor, 0 gk 9,07 WIMZESE D Al y MLERE . IR A B R R IR Al
i, D OB R RER SR, DAGERE 1 MRER, v R L MBRRINELE, § A i
MERMTIE, 67 2% 1 MEEAT 72
TR RO DA OO BRI y IRAIIER g, J5Zeh 02 i

1 exp(— (yi — 91')2)
NTT R
WCOOWEE, AR2.184 g Sy FAARIBRR ST B/ MR R R AR 2.17
10

p(yilx:, 0) = (2.18)



FOE WREA A ENESE

21THL AT ASAR A - T 7 22 67 BRIy, X4 2% e B0 DTk /)N, SEAVRTII
0 SEAEA M, W TR IEAL B AL AL ER S A KT 2, A T IEWIR $logo? .

VU R AN E L AU iy SCm g . SR A, FENHARY, $79T Dropout,
i T W, BRI SO 2t I S ELAE R B R A ) i AN s 1 -

1o,
Angzleg (2.19)
t=1

SO R EVE BU i T WSk th iy 2058 SRR, TR, 3T
JF Dropout, Hife T ¥, THREAFRIRI T ZAE A EHR R — i A AR AN -

1 1 -
EU(x;) = T Z 9;2, - (f At,i)z (2.20)
t=1 =

o, T ABIEREL, D 02, A, B 9., 02, = fY (), W~ q(W),
MIOARHEMRRE AU 5 EU fF,

T4 U, R ] P A

it 2 42 logits Hiit (HIEA L3 Softmax ) £ (x,)), 1048—25 ¢ 19 logits

CeilW) ~ N(fY(x), (0 (x:))%)
pi(x;) = Softmax(Z;)

Pk R FOE 2K Hh = B U R B3 A logits AT 228 (07 (x:))* Wi s
I E K (Softmax) LISk K%K :

(2.21)

Lxi) = =L0gE Nz 3 (it (o) [Picurue (X0)] (2.22)

A RAE T TR, X 32 AN 4352 26 43 B4 -
Zig = fiW(xi) + O'iW(x,-)e,, & ~N(,T)

K

1 exp(Xik.corue)
L(‘x) - — lo _ SKNHCtrue
Zi: gK ; 25:1 exp (xAi,k,c)

(2.23)

Hor corue HETERAM, Picone NI BAEFIIN] L&, KRS, C
NIHEEL, kN k YORFE, ¢ NE ¢ 351,

KEAHEERAGT OO ST, AL IR B OB R4 .

FER A ARSI A ENE, 5 EIH R

T
AU(x) = % PG HENE (2.24)
t=1

11



T SO RN R P I RS B A

BERUANERE VA NI T M S i 07 22, (EAS TR pic,rea RITZEIFA
AL, ATREM A

L. BEXT logits 2 i tE K722

EU(x) = ZV(ZC )

e (2.25)
RS R 1o, o
_E;(T;Zc,m_(?;zcm))
2, BEXP IR SR
EU(x) = H(= Zplxx»
- (2.26)

ﬂ

C 1 <&
S Z (? Z pi’,’c(x,-))ln(? Z Pic(Xi))
c=1 =1 t=1

)PIt

52, K 2 530 BU 28R 2.3 39 h i BORT E M. R R SR
AL RN PR e R 0, AR SR X X ROy AR R
e e TR, AEHE—Z VY.

HAA—R02, SalsaNextU2 20 =4 5 18 U EUES (5280080 (1 454
B, S5ASCHFIT T ZEL. SalsaNext &4 7T ADF #4208 MC Dropout J7
Y, FRMSEIE T AN AT DA H R AN P AR S 1 R R A

{H/2, SalsaNext i@ &t softmax 25 AR W S 2 S B, BehHi sk
PREIAE Ry - | |

L = o5 llyi = pill* + Flog(5”) (2.27)

HRCEME S, Xy R AR T (one-hot) [, X —TBA SRR/ N7
72 (MSE, Mean Square Error) #12eq% ([n1J5 A MSE 2 s 0n] AR AROK
LR SR ICHERS ) o (EAE 23 2R ML AN B MSE s EA 714k (E?Ilf@ﬁﬁi?f%
PREER™, BT 2000, MR EERE T 2000, A AR ESF ) -
1, FT2.23, XSk AT AERE

FT ALK REL, SalsaNext IAHIEMH Dropout Hife T K, C 251

i-g: T C
DN (2.28)

t=1 c=1

HIH

BRAUAHRE VI logits [T ZEAEA 28Ry, X BLEIPA F AR —, 3(2.26,
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FOE WREA A ENESE

2.3.3 SERUEEEIT

G (Ensemble) MEAYEIA L, A2 K525 UM Rl 5 AR F 06, dld
Pl T B X SRR AR I, ARSI LU PR S (it o X SRR ER A BRI 1f
2, FHNEG T AR ZS 8. $UEE. —H Ok, SERABRHEA N AT DAG 5 B
O TIPERER . At — BAPE TR B LA T SR S BRI i ) ) R i At
BEHRRIEE, Iz HBENE BT AT AT, SR A B 3 2 K.

AU I 46 R FA — SS I, TR A e, S R IR B
3T R SRR Dropout YIRIBEA, WA, —F 6 BRI RBI.

PAF 2% Malinin 4383022 b 56 82 iR B R M i At

0 P(ylx', MO R A . RS s | AR W VT DA £
AR Z e, B y SR M Z I EARE 1 [y, MIx™, D]

Iy MIx", D] = H[Epmo) [P(ylx", M)TT = Epomio) [HIP(ylx™, M)]] (2.29)

Horp, S5 RS — Il AR SR E L, S5 A IRl DARR AR N Rdhs
ANHRETE o AN E PRSI i 2 S SO, R AN E PRI R AR A A5 2R
RN R 1 0 oy BT ) S SO S R AL B, AR ] B9 73 BOTE K

AR, KI5 280t Softma J2 5 H% th 7T DABISRAR o 190 24 T AR 2
ol p(ylx' M), LI B ) [FP (b, M)) TTAGH i SREERER S0, P44 T 1L
3 1

By [Py, M) = 22 3 [p (', M) (2.30)

[BAEA I, BAAR2 20 A, HEPRERBMEA M B, W
BT 45 1 T DATMTE T M, ELX TE 28 Hh AR SR 0 AV P BRI
KA T2 20 B SR B TR 15, 30—k 7 U A 1 2231 T
.

AR SR B (BSOS R, R 2250 (Law of Total

Variance )26 :

VIylx"] = Vyoomo) [Ep i m Y]] +Epmio) [V p i i Y]] (2.31)

b, B722 Viyle'] ATDABRARA SORTENE, w22 (BRAwE
) FIAR ISR v A SR T ) 7 ZE R (BB E T ) -
13
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24 FREFIMERBEFEE
241 REFIEBEEENTEY

LR 5E R O s M VB SR ) (ST, i AR SR TR 4 H
(EFLRE . LESR RV, AT EB T Softmax 5 ORI G 5k 4 L
o 5 % T 1 A 02 SRR A R A TR B B I , LD B MR 2 3
ST B 913, Gal agEid SC0 s T IRk i H T RE AR 1AL

1.0
Il Outputs Il Outputs
0.8 ~1 Gap ~1 Gap
>
e 0.6
—
=]
3 0.4
<
0.2
. Error=44.9 7 Error=30.6
0.0
0.0 0.2 0.4 06 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Confidence

2.3 FNEASE S EIOERAER, A e P

242 BREERNRE

AN ik W EAR AT DAEGET EAGHE (Calibration) FIESCEFE. K23,
He e P 5 X SEREAS RO T BEAR R, SRR ELARREAE [0,1] 39235002 10 s, SARAR2 Tl
A5 B T A% XAV B R AS I LSS R . 2.3 @ KOMER A I O, B
SRIIKEIE (4R Error) A4N2.34 14, (HIRATRERRSE B BB B FIWR A0 4
R H R A fREEMI (Tsotonic Regression, TR, HZ L B 20 JUA
RMGHERELAF 73 BOWU 315 B HER AR B L, AnIR(2.4.

3R R AU IR — (Temperature Scaling, TSP, HAZ U R 2K
[ 265 B 5 2 AR RE R AR E R T — AES RS B AL SO Efel#k (NLL) #6845,
R (Grid Search) 3| T MRAERME. P TS WRBAAR, WEIESET/ERT
TS FIEEBARALR TS JEIFE 59,

— R AR T & 5 IEETR (Dataset Shift) PALEHE2 15 (OOD)
FIRRLE o AEBEFT TR B4R (Toy Dataset) FIVGZBIR S8 5 POI138] T DA
Tk

Lo JUFIrA TiRAE B e Mo 0l R, A0 5 T PR RE RN BEFR Il R 1%

2. AEMSLIR AT I AR BRI AT A A — e 1 b OOD Hfladlesk
Blkf .
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FOE WREA A ENESE

e ¢ Data
— lsotonic Fit
- - Linear Fit

20 40 60 80 100

K24 RPEERE

3. MBS WAL I R B, IR Y A R HE DT VR AN QA TR AN AR E
(EU) #753.
4. BRI R AL B B

243 BEEESTHEMEXER

H B 2 BOCRE RS AR R R AT IEA B E AT (Uncertainty Quantifica-
tion) [T . P IR TTEAREOT X EARFZ Ab, "I ASEA T B LUE . HEXFLL T
{R BEMUANRR & MR ST S, ASSCRIAPRERE T B Z i 95, HELER2.1.

* 2.1 AHENESBEFEERTER

AifaEE (Uncertainty ) EEEE (Confidence)
1. A5 DU S k2R S L, e, 1SS0 EE Y S
(/W 2. AT AL R T AN A DA B2 5 B SR 3 ORI IE
SE TR B L 2. MK ES D, SEREE
L, FFE AR ] ARE P55 1, Bz Hie i
E 2. HHEA AR v 2. RET RS, BORSIKER
Tl S AEAR IR K

15



T SO RN R P I RS B A

FZE ZHRTBUGEESNAE

NI A Zh B B BRI —FMESs, =R miE X R A s b
KAERANE 552 — 7. | 328 BR 4 1 45 P % S R B R R R85 . GPS SRAE R4
(BT S AN A OB R, SRR RS o 4R RGN A Jo] B BRI AR B, MO RR IR
SR MY P BRSBTS AL, =4ElotERk (3D Lidar) BT
AE BRI R R, DA S Bk Iz SO AR AT . R T O ER
BPASL, RGB-D AL al ARG A B (5 B RIS R a8, (RO E B RN
TG, AR FEA SRR, SRS O B S LR EOE R B
REEM E oA BRI T 0 A 5 5 R B A% DT 55

ARE F AN =L BB SO UG5 I EUE L, 3R AR5 M B SE . Bl
RO HEARIEA T B4

3.1 [EBENX

WnE3.L, =HE R BEis R i N AR, B d 4RI . FRATLAE 305
BRAUL S5 M =i o0, BOEHRIEEINRI S — ORI R, B
—HRA R EGE, LR 3 460 xyz A8hs, S BdREA T RURSEHE
FAERE . =48R 1B O I AR N Rz, i a A4
MR RERAE, BIFSEE SRR JEBE . AT NGRS, K AR —
Fl

32 ZHRRIEXSEEE

TERPE 2 22 Al e A =i il LB KA TS X4 iR
T LS RESR O 5, SR AL, BEALARMEE G . s B
AP RN, (Ho2, BEETREETRY) 2, BRI RIRBUS T &4
PR ICIR A R RCR . AR ot (State of the Art) Jrik#RR BT HEZ 1.
NHEPARA R BRI T 28, R R R R T R

321 ETFEGNEZE

WOLE A A A ZRBOCL, FRAIH—H 360°. DA HDL-64E i, H
N 64 ZPOLERIR, BRI PERN 0.35°, RIFRZRZAiE] 1028 4l FIHHEOLHE
16



BB R AR O EES NA

Point input Zk“\ﬁ%ﬁﬂ output
oints (Hﬁ%ﬁﬁg) —1 labels

visualize with

visualize h it
points position

K 3.1 =4 miE X LS BA R R

XM, BE BT DAKE RS T B SRR R IR R SN W, S
A H, FIREBART (xy,2) SERBREAE (u,0) HFAR RN

u| %[1 —arctan(y,x)/x|W
) - ([1 - (arcsin(z/\/m) + FOV4pun)/FOVIH
HHA, FOVaoun ABOCTRIRMERNK AR, FOV MR E N EMWARE.
XFERAL IE Y R R B R EE IR (Range Tmage) o 24 IRIEAEEALEN - AR R 5
JFIGR aMEEGEEER T, ARERX—EE, 2N ER AL (xy, 2) S5
BER, TRATHA (N, d) AR T A SR (Mask) FEE G A (HW,d).

(3.1)

v

/il S
Z G A
H G S y RO
S
v NZ <)
(N4 ° (S
A ) o i)
’ ° &
(RESIDUAL BLOCK - 2 x (CONV + BN + ReLU)] @"
2 &)

O
[DOWNSAMPLE BLOCK (STRIDE 2 IN WIDTH)][ UPSAMPLE CONV. (FACTOR 2 IN WIDTH) ]

K 3.2 ETREGMAEAY: RangeNet++43 i E

ROk, MMM U-nett 8B F REE B FRAERAE, DRI
FAIE, PEATZREDE, BRI THRE BRI B — BB SR <5
KRR, BEATMZEE . TN, SRR 2 Y TR R T RS [ 50 il 2= BT
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T SO RN R P I RS B A

P — 13 FEH, SqueezeSeg V321 B 5 VR FE 5 5 853 P A5 B B AR ]
NEIBEEWT, B AR A BRI S S A WA R R AR, B FERER SR
SRR I 7 AT SRR IR A G T, FTLA SqueezeSegV3 43 A 1|43 [A]
TR ALE, SERFEACE G R T RRETRIT A,

Z WSS, SqueezeSegV3 MENA SR —Fh =4E i 218 U HIRR AL . BAR
X—FVAMRCR S S B BIEA 220, T RRCR K R

HHl, CAARDET BRI S0 BI5E % 8 Soiiiist RangeFormer 145
—UCIE T BT IRE AN AR DU E TR R MET A e k. HAERHERR
B HHER] T TransformerlH b, TRHEH 1 3T R A s 4 A0 5 A L 5K,
H8ifE SemanticKITTI £E4E Fik3| T 73.3% ) mloU,

322 EFHZEMEZE

T A B BRI ASE, b ] ARG BEAS 2 [E) K o AR RS, b7 =4
R RRIE. BT, K (N, d) MR sFAboh (XY, Z, d) iR sk, diraseG
PR, HEEERR, ATz RRRUGRMmEN, KRR hHEASH
Mz, W EAEEBE R R T B, RIS AR B SB#E. =
A Y G AN R QLN W s Ly e [ W o A S P 3 A = Wy B W=D N [ 8

=
S
bt es] ‘
/ Cyli o \ “.‘ Voxel-wise Loss
— S
9 =af
Cylindrical Features

S | T

Asymmetrical DownSample Block H @ Asymmetrical Residual Block H Di ion-D based Context
— |
’ (gt '
0 2D~ a—
________________________________________ I W
@ Asymmetrical UpSample Block -
— p Sigmoid m
DeConvaD \ /
=~ G~ 0 —~0—~ } e
B
................ ) ®

Q

/3.3 HETFHEMREE Cylinder3DU ALK
fEX—idfir, Cylinder3BDMIVERF] THOLE LRI R 2L H a0 R . A1
HF Iy X 2y, Cylinder3D SRAJEIBEARAR AR, FiARE . - B M sy B3] 70 25 1)
e TSGR RAE. AN, Cylinder3D BT HEXIFRERZALSL, 1S (8] 17K -F-36
FMARN S, HE TIAE I R ARAE . 2 ey, Cylinder3D /28 3
18



FoFE SRR SR EUES N

BELANE, BULH AT, HAERCR LU EE .

/K 3.4 Cylinder3D #lakly =, EHEH MY

Hi, EANDETEREN S = BEEESS BfiiTsT SphereFormer®? 2 1
TREBEERNFE, eSS FEHAE O FRE D@, Mk THESR
W WV IR RO AN . ] AIE SemanticKITTI $CiidE [3A51 T 74.8%
] mIoU,

323 EFE=HEE

B TR S T TR E AL B, AR E B EE AR, A RIR KR E R N
/T%I‘AALI\}E[E)B—E)ES] 5

X RRIRI SR A4 TR 27 I TE R 7 IR IT LU 2 AR Pointnet, 55 KA
T, PR, AN, S EE BB, R R S ERET A
=GP RHEReSS . 75X AR, RandLAPTHR 7 BT 23 [8) Y1787 4 R AR AE 2R
EAEEAFAL gD . 22 TR F ML, HACRAICR S SqueezeSegV3 Al Cylinder3D
HALE, HRAETFHE K, ANGE SO X — AT TId 2 558, ARRMFTE Hn] PAZE
— I

Local Spatial Encoding (LocSE) Attentive Pooling

g, w)
Relative Point rk ~|;; 1,{ Aggregated
Input Position Encoding L }-l {fl } {Si } ? features
point features s 6) {pk)x,3) (K, d) ® -_. >® sm:d e ——
—_ ! (rfk K,2d) (K, 2d) (K, 2d) ‘ Ld" (N,d")
i(1,3+d) ¥ i p : ; ,
W3+ay 3L U bk, £4}
(K,3+d) (K, d)
Input Dilated Residual Block ~ Adgregated
point features ?(N. 3) . . EI(N. 3) s - features
Shared | Attentive Attentive Shared | =N
g MLP | s Pooling Logsls Pooling MLP
N, diy) (N, dout/2) (N, dour) (N, dout/2) (N, dour) (N, dour) (N, 2dowe) (N, 2dgur)
Shared

MLP J(N, 2dyc)

==3D coordinates == Point features == Attention scores == Attention features == Aggregated feature
@ Concatenation (O Dot product ® Softmax ® Sum ® K nearest neighbor

B 3.5 ETASmMAEEE RandLAP R
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A S R AN E T ) S g S i

3.3 ZHEIESE

DR B o S B O ol A L B 4R . IR WNdeale bl Meta ZAR GRS —
Yt P8 FUES5 ) Segment Anything #7H, ggst Xk 1 TAKEIE, #id 10 12
AT HE T2 5 KA AP

K 3.6 Segment anything — k& F 475l &

RIAHET —HeE F, S BRSO G EWER, AR A KRBT 4, s HLAY
A= ASTFURIY B 3728 B 5 i = 4 5 i U BB 4R

SemanticKITTIMO 2 p £ ]l BUK2E R IR AN w8l e, Bl
U KE T EAE SR E E 3Tl 5 e . e — s 22 570, Hirs
0-10 K EAEIFHL, —Mers 8 AERESE, Ha 10 ZFAT IS FEATFR et il
T 20 DNYAIRE

SemanticPOSSPOR iy b5 KX 75 AT ZH R 48 10 U R e el DY A 8 3 5t
B S SemanticKITTI 5g 44—k, {HA bl 18 37 55 I 18 6 37 S i 22 A0k
WA TN BATARY & EORIE E T

nuScenes*Jg& i Motional [ BAFF % (7 3 L B0R1HT I R 46 10 B 302 B4 42
B THOGERBIRASL , i GPS. QLS L AR A, IR RE T H Rkl . $
A SFEZFhTaFe . TER B HIZEFE RIS T 17 DGR .

3.4 SRR
FREFE I (mloU, mean Intersection of Union )61 :

|ypd = Cmygt = Cl
|ypd = Cuygt = Cl

1
mloU = c ZC:IOU(C)

loU(c) =

(3.2)

;H;EF“ C yg%—%‘é%u7 C yﬂ%’é%”%’xﬁa ypd jﬂ%ﬁfmu*ﬂ?ﬁ, ygt ygéi@;*ﬁ“%o
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FoFE SRR SR EUES N

BE AR — 2GR DATT R ZE BT ToU, SRIGRIE BT T8 . X —45hr 2
BT R TIE R FU B B B R R AR

iz (Fps, Frames per second):

1 Fb Bt [a] AT A PR -5 ikl PRh B 2728 BT 55 2OR SEmP Pk, R B80T
TEORFHIERA B A D BEEF R AR S, $RTHEIRRCR . X IR TR A (4 o i
R, BRI ET- G0 B RN INEE RS54, PIAERR B FVA S SE 0}, X
LN A S S

2 JEUEREZR (OA, Overall Accuracy):

|ypd = ygt|
OA=—"——" 3.3
- (33)
;H;‘I:F'7 N ﬂ\j)\]—i%;é\@o OA Eﬂ?ﬁ?}uu-{EEﬁ)ﬁﬁlj—:{tto
PRI AL H: . (FwloU, Frequency weighted Intersection of Union) :
= =cnN =
FonU(c) _ |ygt C| * |ypd C UV Ygr Cl (34)

N # |ypq = c Uyy =
HIKT mloU, FwloU FURARAR BN TR, 72001k BLE S 5
HOMOR . HPM AR E /N 22 T WA, BRI X —Fahn E#R I
FIASR, B AIX—fEhR g A Z
R (Pre, Precision):

|Ygr = ¢ N Ypa = c|

Pre(c) = 3.5
re(c) P (3.5)
#4% (Rec, Recall):
= N —
Rec(c) = |yt = ¢ N Ypa = ] (36)
|ygt = Cl
AL % (wPre, weighted Precision )2
= N = =

wPre(c) = Yor = € N Ypa = cl/|yo = | (37

2 yge =7 N ypa = cl/lyg =rl)
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T SO RN R P I RS B A

FOE Z#oRIEXGEESFHARE MG ITERE

4.1 {EEBtr

Y S SR EDE B S R ERRIML S , AR ARG P S AP E T
AT, ATDAGSER RS SRR, DASRT B sh B 3lpg e rt. Banniirid, H
BIFEIZAT S5 5 IAPIZRANHE PRSI BF TSRk . A SCERETAZ R 1Y Cylinder3D 55
EMET B R SqueezeSegV3 FrikELml b, SR WAL HAH & PRI SRE, 2
BB =4 i 18 S BB ANE R T PP AR -

42 HiEER

AR YR ST T ) 12 = 4R I S FIME S5, BT 2RI, AR s g R
H12.3.3%5 1 73 R MEURE e PEVEAL A . SE R, FRATRINS. 297714319 Cylinder3D
BLBUAN SqueezeSegV3 #AL, SR H fGMA X KZN 0.2 1) Dropout 2. AT
PO R R R AN E MR PP AL 2257, AR TR SR 221U AR I oA [) ) ABE 2R DA
PRGN 2 1

INFIATEME (AU, Aleatoric Uncertainty)

AU = E,mp)(H(p(J|x", M;)))

1 < (4.1)
~ = D Hp (' M). M; ~ p(M|D)
im1
BRI EH: (EU, Epistemic Uncertainty ) :
EU = H(E,(m\p)(p(J1x*, M;))) — Eparipy (H(p(G1x", M;)))
(4.2)

< HE Y phe, M) = 3 3 H(p @', M), M; ~ p(MID)

i=1

4.3 SCIYETY

ARSI K ) =4 55 w1l Uy #R A £ 3 2 Cylinder3D fil SqueezeSegV3 . Squeeze-
SegV3 KM 21 ZA, AhA KNN JFALHE,
YR R B SE 2 SemanticKITTI, SemanticKITTI FJ5A EAE Y4 E 27
F 0-10, FATEBUFH 0-4 VERUIZREE, 51 8 A HRikge . BIPIEALST E 551 0-4
FUIZR 30 AL, BUMBTrBAEFS) 8 FAF 10 miihlii—mt, PEATRALR IS ANHA € TRy o
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BIUE =Y AT SO R 55 P RN E PR S

Bro MBI RIS, PRI H] Dropout J24i i ; FAAAY Dropout PAEANHHE P,
79T Dropout JZZ I HIfE, U415 PIBIANAE PP AT E P, <M Dropout, 4l
Kl 4.2,

Q softmax

logits p(P|x*, M;)

T times softmax . argmax
o ogis PO M) (oo ol o, PG M)
softmax
logits p(@lx", Mr)

Forward T times, Dropout generates M;~p(M|D),i =1, ...,T

Kl 4.1 BgEA Dropout SIATIAR

softmax

logits p(@|x*, M;)
| softmax . argmax
Input logits PUIx", My) oy @I, M)

K 4.2 Witi%l Ensemble & yEm AL

— ORI, T X FIEHR AR N S AFAE— LA R € R, R 0 26,
F T ARIE— WU = ) S BRI, JBT 0 KPS TE g, M ERRA
HEASTA loss (T8, WAL A ToU WitE. BRI 0 250450, Bl h—2
PP 4y, R RS AR LA, WEl4.3, ARIREEERF SemanticKITTI
BRI 26 e M 11 38, Ry XFBdEE R4 1R . Bk, AR 11
AN ERHABIR RN AR s NG REH R - B (road, ro), AH#E (plants, pl),
A% (building, bu), M2 (fence, fe), ZEHH (car, ca); F2E51 M W (trunk, tr),
- (pole, po); /NS (55 (sign, si), HIT4 (bike, bi), 7 A\ (people, pe), W
F (rider, ri).
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441 REHDEMESFRI

1 9.5
0.9 9
08 8.5
0.7
2 8 B
© o
£ 06 =
5 75 o
T 05 £
o 1S
= 7 2
% 0.4 £
6.5 O
203
0.2 6
0.1 5.5
0 5
ro pl bu fe ca tr po si bi pe ri
data number (log) === |o0U (Cylinder3D) e |0U (SqueezeSegV3) = = = = Pre (Cylinder3D)
- = = = Pre (SqueeseSegV3) — - - — Rec (Cylinder3D) — - - — Rec (SqueezeSegV3)

K 4.4 Cylinder3D fI SqueezeSegV3 f 4> EIM:HEFR I

ME4ATTAE ], Cylinder3D FI SqueezeSegV3 W/ MERIFE A5 Y ToU (32
HL), pre (MERHZ), rec (HEIZR) BHERAMUTN . RIFBR THALLASL, B
B ToU #RBFN T 75% LA L, pre Fl rec HRBHN T 80% DA L. PIALELAE 25 EiY
PEREA T T, o/ B EREIE— 2D N . W SUE R 2 X —2 1], BN
RN, HEAEMNANW SRR R, RaaBIRERERR, AR PR
. FIDAMIRIEFEREA.T, 4.8F ), WSR2 st i A, . AR, 1RG5
5l Cylinder3D #1 SqueezeSegV3 U MFEZ I K, HiF mloU h 74.9%, J5# N
49.7%.

K457, PSR R0 Ry PEREA I, (H2 28 ntERE R, /NS
PP REZEIE B R . TR TR |, FRE I SqueezeSegV3 it g Cylinder3D HYPfE. W]
W, SqueezeSegV3 Jjg—MEBEYCRIFAL, Cylinder3D &M EMEREMEIAL.

WE4.6fr7, 4% IRIH AL B I BE B W s A TR 4, T BOLE A S
IR R RIS R B S S AR D . R E AT DAE B B A AR e
M o HIMERE FARA T TR, Xt @ R AL Sk
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(%) mloU
1 90
ro
a 80 76.21
ca
" 0.8 pi W L 70
2 bu 62.26
Qo
L} 60
@ 0.6 5250
@
o 50
Ug; tr ri
% 0.4 si f: A 40 35.67
2 A po 30
2 AA 2057
0.2 bi— P& 20 _ 17.14
10
0
0 0.2 0.4 0.6 0.8 1 0
loU of Cylinder3D close(<20m) medium(>=20m,<=50m) far(>=50m)
percentage: 88.2% 11.8% 0.044%
MW big classes middle classes A small classes mCylinder3D  m SqueezeSegV3

B 4.5 1 PREALIERE LR Kl 4.6 BAIPERE SR K AR

442 ZHARIBNSEIZEFEEHES

WME4.7, 4.8, REHEFENITRREE IR A, FIERITNA IS .
FAMELT, BEHEEN AL 1, HEXECS 0, AN =i se 45 5
HAHF . SERRIE oL EX M RBERR, B Lm0 Ao B A AN/ NIEUE. TR
FERATIE SO T BAE A R S a9 o W B2 RO, ——Fhei e, o]
PATTE R —Z R AE R TR 2 (WPR, Wrong Prediction Rate):

WPR(c,i) = Yrd =10 0o = | (4.3)
Ygr = C

o WPR(c,i) fUREE N ¢ ZRAYRBEm s i ZRAIHESR

oT & ro pl bu fe ca tr po si bi pe ri Rec oI O ro pl bu fe ca tr po si bi pe ri Rec
ro 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00| 0.92 ro 0.07 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00| 0.90
pl | 0.02 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00| 0.96 pl | 0.01 0.02 0.03 0.01 0.02 0.01 0.00 0.00 0.00 0.00| 0.89
bu | 0.00 0.02 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00|0.95 bu | 0.00 0.08 0.02 0.02 0.01 0.00 0.00 0.00 0.00 0.00| 0.86
fe |1 0.02 0.10 0.12 0.00 0.00 0.00 0.00 0.00 0.00 0.00|0.75 fe 1 0.01 0.07 0.16 052 0.23 0.00 0.01 0.00 0.00 0.00 0.00 | 0.52
ca [0.01 001 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00| 0.96 ca [0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00| 0.97
tr | 0.01 0.16 0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00| 0.81 tr | 0.01 015 0.02 0.01 0.01 0.01 0.00 0.00 0.00 0.00| 0.79
po | 0.02 0.09 0.02 0.01 0.01 0.07 0.01 0.00 0.00 0.00]|0.76 po | 0.01 0.06 0.02 0.01 0.02 0.14 0.01 0.00 0.00 0.00]|0.74
si [ 0.00 0.07 0.03 0.04 000 0.02 0.27 0.56 0.00 0.00 0.00 | 0.56 si [0.00 0.11 0.02 0.11 0.02 0.09 0.20 043 0.00 0.03 0.00| 0.43
bi | 0.02 0.06 0.01 0.02 0.05 0.00 0.00 0.00 bi | 0.01 0.06 003 0.05 0.26 0.00 0.01 0.00 0.53 0.01 0.03| 0.53
pe | 0.02 0.06 0.05 0.01 0.03 0.00 0.00 0.00 pe | 0.01 0.11 0.11 0.07 0.05 0.12 0.05 0.00 0.01 0.44 0.03|0.44
ri |0.01 0.01 000 0.00 0.02 0.00 0.00 0.00 ri |0.01 003 000 0.01 0.06 0.05 0.03 0.00 0.03 0.18 ' 0.61] 0.61

wPre | 0.87 0.60 0.78 0.86 0.89 0.89 0.73 0.97 wPre | 0.92 0.54 068 0.62 0.59 0.64 069 0.96 0.92 0.67 0.92

K 4.7 Cylinder3D JR &% M4 K 4.8 SqueezeSegV3 JEI1E 4

TEVEHE M ) B4 S e 1 F000 A HE 2 1 7T RE IR LB IR, & —FhgiiRia I, 7T
PATHE A — 2 BRI (BCR, Be Confused Rate):
|ypd =cnN ygt = ll

Ypad = C
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WPR I BCR XIRMERR , il aT A X AR (E14.9) ATAEF], Cylinder3D
TEPERE_ BRI T SqueezeSegV3, Cylinder3D [ (fe) 25125 Bsk 70 2k #k (pl)
R (bu), X2 Cylinder3D FEMLX —REH ERIAHEMERA; M1 (tr) 3£
MR G EIRERE (pl) JE0, EPIDEBIMAIESCH—ERNES: Foh (si) 3£
A WEE D BT (po) K, EPIDIA L AT . SqueezeSegV3 I
FIPUAS /NS G o« WAL AT — 2836 R (pl) BARA B A
YR, (FIEISIRNAEDRAX RG], F9 (si) KAEREZ .
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08 08
07 07
06 06
05 05
BCR: 04 04
N
WREE o o .
02 I 02 ||
0.1 . . l . l I 01 I I
, = B 8B = [ | — = , E N - - =R |
o pl  bu fe ca tr po s bi pe o pl bu fe ca tr po s bi pe
mro mpl Wbu mfe p mbi mpe Wri Mro Mpl Wby Mfe Mca NMtr Mpo Msi Mbi Hp
WPR WPR
07 07
06 06
. 05 05
WPR: I
04 04
HRATE
HIRTUNIER 03 03 I [ |
0.2 — 02 -
L "N I il
01 I I [ [ | I = . I
o M = = - [ I - , 1= N B _ | | =
o pl bu fe ca tr po s bi p o pl b f po bi  pe i
Hro Mpl Wbu Mfe Mca Mtr Mpo Msi Mbi HMpe Mri mro mpl mbu mfe Wca Wtr Mpo Wsi mbi mpe Wri
Cylinder3D SqueezeSegV3

K 4.9 Cylinder3D #iI SqueezeSegV3 i) BCR 5 WPR
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ik R PR AF ) Cylinder3D A2 W 2N @ PETE I St R P 9 28 4k . T
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ME4.10, 411 A, Cylinder3D FEYIZhid A% il d XA XA 2 Y SR AH
EMEMITE2Z TARES, WAk, BRSO AR 2 5k
Gz 20% WS, B2 i LT N a2 R BCA S, RIBIRE 4 R
FMRREE B E .

2.2k, BARAFE SRR S TR, BEEK B TR RS, A
BN 5 TR R I ZRA0s A 3 A 2 M BE A TH BB W e (K . BEE A2 A A W 1
%, PEAR B AT E MR IR RS, BB B A RN E VR IR R e, s
F 0 R I R Sl AN MR B AN R VAR DO T e, R I BB i ek . AR
BN AR I AN s S ) B EOLS A 228 . X — IR TR AR 1,
Dropout BN PR T 7 G AS By AR, A Ao s P e 2 Al T
W B AR ISy 5 2. SRR AT A 2. 20 7 i R A2 - A E 2 2R e %,
BRARES TR S RS0 3, ERIAIUN, BEEBAERR R P BT, X B C i
AR A S, ORAER S AR R, ISR E PEERAE PR R
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0.2
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au ey emm|oU

o
5
03 ©
0.2
I 0.1
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pe ri

Bl 4.14 PRSEAHE PSR BEAE 25 S0 _E A B h £k P

ro pl bu fe ca

FARYHE S Y B EOA 2200, (B2 [R]— 20 %A BN ARK P A & B
. PR AR g i ARG R R E R, s RN, a2
e /N o FEVNZR P B TR RIS AR E R A /M B TR (fe) 28
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BB M — B K . X B T = 2R N B 2, LERERAE I 2Rt
MEDAFIWTERR , & SECTAEMME2E B ToU F8pr BB . /NIRRT E
MR, RAT (i) FEAEE AN e A i SRR TR R A — KX
KWL 2 Cylinder3D #E SemanticKITTT 4 B2 2| T B % TR AIFRE, X
WA S TR T LW ToU BhREMR LT

PR E AR ZRE) 10 RZ 58 PR — e, IF B ksh, b THEH
WHILER AT, 1410, 4. TR ARARHF AN 2] o AR SLIR 221028 Zh it L2P (step)
PIRHAE AR A WE4.12, 4.13, BB FENZPIN AU, BEU IR E AT H
(LI A —A epoch 5 2776 4> step, X HUZ A 200 /> step) . MR A fEREZ H-
M LR TRELAIRES, BALR —BA Ly, WEl EU &T 0, AU BT HK.
BEE IS, W& RAERE S . WL AU EU it A B R . 7 HEE
BB A B BRAR A S MR T H S PR S 43 R, B M; ~ P(M|D), UL
AU. EU MhE SR K.

444 FBLEFNAREEMSTT

C3D Dropout SSV3 Dropout Ensemble

B 415 BAHE TS HRAERE LR BN

TERBIYIGRTE IS , FRATRT RAKE P 2 AR BL N A H 1 (ToU) PEREFEATRT L .
WE4.14, Cylinder3D PR E LRSI ZEIER IR . 75 ToU SRIVEZMIE 5.
WA L, BN EYER, 7E IoU R GRS, M. B3N, EYHRTFE
AlE, BRI E NG, PEREFHXS 252811 SqueezeSeg V3 AL 42 B AUR T
TEPERR R —2e . FERIE b, PR MRS T AR AL, WA SR AN
PEEREL o PR AL SR R ZE DY /NE ] | s Cylinder3D FEPYAS/ NS E B
IoU H. SqueezeSegV3 & H—£5%2, SqueezeSegV3 FEPUAS/INE I _E HSE 3 SOARH & M
It Cylinder3D & —f%£.

30



BIUE =Y AT SO R 55 P RN E PR S

Cylinder3D ) mIoU >k 74.9%, SqueezeSegV3 K mloU >k 49.7%, FEf P iz
UG, mloU 2y 69%. IHH AU & PEAZE A S AT/ N3] E &R IE g I, 5%
WA EEBR F— 2R SERATE BT SqueezeSegV3 FIMZEAML.

G 4.15, "] DA B HBE H AT H R 8 P SR PR R S R ¢, SRR
JEE RN A PR S8 AR AL E O AR — e A S

445 ZHSZATFHEHRTTRL

Wrong Prediction High Uncertainty

[

U L,
pole @fence «building «bike ®road

B 4.16 55 100 Ml i s = T oAk &
Her, AhEE (GT, Groundtruth); dgfim (PD, Prediction); #5~ 8 ANHE M
(TU, Total Uncertainty ), HAHH—LHrIRALENE— S, BB A RA & S

Wrong Prediction High Uncertainty

10
'
l' - 5

’mT SR ,5. w. F-‘:ID ) TU

@people o-rider ocar @sign etrunk eplants pole @fence bujilding vbike @ road

0.0

K417 25 150 Wik AR

N E AT E e R s BRI, B SURIFABIBESE (Case Study) . A
K14.16, J& Cylinder3D FAINSE 100 WAL R i) —4EnTdiAk . Al LA BIFELLAE
W R = BARE R IE R, (R MR SR BT, 248 R AR e — 2
TN AR, SRR E AR Sy, SR E PR

IR B F A ET4.17, FEmZOAE R, BAEBIR T IEH- S I U R = 2K
PSR 780 S BN IR o AR I 2 ) [l It 28 T e e (R AN
e
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AV S KA Dropout FIPIAIRER ISR . WE4.18, XT33Py
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{F 5 A 2 5 8 105 B TN S5 R BN G . FEAIE PR TR b, e E
PEAR GRS, SRS ZE DG SR AT E M, HA TR AT EM K. AL E S
R RIBRAT AR R, RIS B Bl AER, RIEIRA SR
MEPLAR

4.4.6 AEEHEBS B LEHAHEERI

AR KITTT Fdise Bl i ByiE 22 5 POSS Fdinde, FEdRSEA G Er
YRR, o5 SO FIR PR RE ML T KR R . Cylinder3D ) mIoU M 72% % 34%,
SqueezeSegV3 M 50% &2 24%, WAPEEIZLY) Ensemble M 69% P& % 34%. BHE4E)R
SPGB Pointnet++, TERSHIM 30% 9 mloU & T 13%. X Hix—
Wels, TRV AR . PR Cylinder3D By#TN &5 R 247 ] W4k I 5 E

K 4.19 Cylinder3D #£ SemanticKITTI |2 )57F SemanticPOSS |3

(EXTEE B, B4R mloU KIE TR, (HAIR RIS Rk I, Kl E s
TR R S o 2R IR o 4. 19T I 2 A DX R B TR AL 2R A iR b T - —
AR AR RERE, AR DR IO TR AR RO AT, B R
THERL. FEE, AT 2EREM RS L 2SRRI R KITTI Bdhfen
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s& Ensemble, AL E IS RN E T, 48X R E AR 4. 1484 K
FEI e = AR AN E PR RS S KITTL B g AR — 2. =Rzl
TEMP= AP A/ N BRI RS, A AR R

4.2, BN BRI E SRR 2 A S
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