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Fig.4 The pseudo-label learning based framework of domain adaptation learning methods
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TEdF— LR P e T — P TR REA, AT
o AR bR AR AR B ALY SR 2 TRAEAS, I
DEEIRIIPR A0 o WAL, T RIE AT JiE
B AR TN [ M o) R A E O A
ISR SS o Horb, TR AR R T A M ey
AL SR IR AN H AR s B AT e R IR
AL 2% o JAG I X R 1Y ] AR B o R ELALE il
DN o T A 55 M0 P ol AR T 2 B A 7
T B 3T 2 A A s B P R A, gE TR
e R B R o 2O T F 2D T B 5 R
& TR RO bR 2 X LB B 520, e i Rl A 55
RsR Az AR Ty, (HE ARG EH — LS
PhbRaE o .
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Liang 55 (2022) FIH A P25 2 1 7 Xk 8T
SERY EARBRREAS R A R A X N Y S
B BHARFEAR R PR, JFf R 2 98 /iy B A
FEAS () Db 2 W B BRI 25 . [RIB, 298 b i
T T — AN B AT 55 ok B iR A A vz Ak RE T . AT
55 Wi B8 4 T Sl = B P A 3 X I, SR A
3 38 AT AT AR (T SR AR R R R A
B ) | BRI A A BRI ke TN X Sk 5 44

FanF (2022) #& 7 —F8E %, A B
WA BT SE PR A, IR T AR SR &
Se, e SRR 2 ] e R AP I A YR R AR 4 5
B3 BB B PR 2 . AR, AR R BRI
FEAS (1) b 25— B0 18 HOGHR 43 B AR AR AR Sl AT 1Y
YIREE . e grad B, H S L R R
AIRER ISR, DT SBR[ 3 AT 55 Ik Ah,
R T — AN BT 5, BB 3 T R4 4l
PR m ARG o AT 55 38 1 KR BRI — A
A B 1 S AR AR 1 Ok B FROR, RS R
Al TR A AN AR 14 24 3 Sh T IR

Yoo Fl Jun (2023) KILGAST (Zou%s, 2021)
B PAR 2 A2 T TR AR — AN R 2 AL, BVEES &
2 07 M AT AR R A AR . R R P AR A Rt B
A f e AR BE SR BN B T 45 SR Y, 2
T HABTOMEE R . A T R X — g, ST —
P 3T [ e Rt 8 RMP - (Recycling Max Pooling)
Bk (Chen%F, 2022) WA k. ZHk
NERA iy A I 2 S R A A PR A .
h, B AR 0 D bR 20 T B AR A S
WA, @RI T ORI E U T, KRR
x—z B y—z J7 [0] b 53 R A3, SRS SN 7 - T
Z IR ), N2 ) 2 B LT RRAE

PAAR 22 ] 6 = B 8 2 > ol 5 A
WIS, EACE B AR 28 5 R SR s
gi/NEIS HbRZ [ FE B . fEDhbRsEs: 2],
o H B R DA A I A DA BRI . AR R R
PIARZEAE R T —Fe 26 AR W B Bt , 2 v 1)
25 I 245 ) DR SR TR 2
34 ETHIEBXFHAE

B X S — AL G 0 B A A N A 2 T
R FEUARUJR 3 o o e R B sl 1 O =, AR R B
i 35 ) BOHE o3 A S T BRI, I 45 AE AR AN 1] 5
TN o BUAERE TR LA A RS AY R S AL

i 5 HSCBHE IR S, 3 — R AR 5
SRR RO XS 5 BT RIS AR A B AU
AL, AT LA T AR B, 2 5 B 457 1k HEA TR A 5F 5
Ja A PR AR ZE S ORI — L7 vk
55 A AR UM SRR . N PR T4 R
AT RS T B =2 SR E N D T ik

ﬁﬁgﬁﬁﬁ%mﬁ e
A —2

MR gty e
e R T

5 SEFH X 35 Ay I A 2] 7 R RE e
Fig.5 The data alignment—based framework of domain

adaptation learning methods

H T 5 REUE 5 BB o A 22 5, BT
B ISR VI 2 A S Y 5 X DA ) L A
R T RPEEAREL, Wu s (2019) 7E SqueezeSeg
(Wu%§, 2018) MAEAfF, $&H T —E S A
iti . SRDA  (Simulation—to—real Domain Adaptation )
HEZE SqueezeSegV2, HF =4k 5 = iE L% .
Hirp, SqueezeSeg & — Fi LAERTE #5219 T % 7
B AN A ) 4 R e O AR R e K
K m 8 LA B 45 . SqueezeSegV2 DA 2 Y
25 (1AL bR S A, TR = A A s A, IR
A E G mBE o R B2, B AL
P i 73 A1 22 5 T BE 2 5 i A — 2 1 A 20 A i A%
WM 8 4 A i A% B A 0 285 1 R B b B i R AR, B
K FHMERTE TR, N T X A,
SqueezeSegV2 K T #i it A% 1 PDC (Progressive
Domain Calibration) J5ik, ZJEKME, LA 1340
T TEM 4 P RYIE RS . IeAh, BENBOLHRIRSA S
Bnpg s s (B R MR ) ™ 1 5 1) () 25 1k fiE
R Im) L, BT LR SCR A B CAM (Context
Aggregation Module) ¢ [ (R 582 12 X6 2% 2 M A )
M. SqueezeSegV2 il 1t 2 M) 15 B iR LA, 5
PR BN T SR, R T TR SUR A
B, AR T LS Hh A 2 SRR AR S

JLAE SqueezeSegV 2 TE B — BL S B F 35 N
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SO EUE S5 s B TSI R SR RS, BT A
TE—YE R FRYE . B JE, SqueezeSegV2 K T Z By
Bopb PR, Rk T Pl gk HK, Bk
FIEAF B Z B R R R PR R M 25, A,
T B A G T B X LA I, O HLBE A B
BRI S, I R HERCRAR T HE R
%o HTU, Zhao%E (2021) [AIMEAH FERIE £
W =4k = o s A% R s, JF it
ePointDA HEAL K fifp e b iR [a) i, i HEZR$E T —
AR LR R MR R L, g A ) PRI B
BARERI TR i, LIRALL E AR A0 30 S 4 oy
Ao T30, BRI R HERCRAR T Bk 22
AL, SZREZRAR T ST AN AR A ] 3 Y
FRAEXS 55 05k (1) Jlad Se R Ae S I e 1A
ARUEAE  (Statistics—invariant Features ) (Ulyanov £
2017); (2)id 1 =5 B &6 VT BC (Higher—order Moment
Matching) 75 & 4 %5 5] %) 5% 45 AE Bt 4 (Chen 55
2020) 5 (3) i ek 2 ) {38 N FRABE Bk SAC
(Spatially—adaptive Convolution) A= sk A28 1Y 25 [i]
EREIE (XufE, 2020). ZIENMA B TIRE
23 [AVRAIE Y 25 0, T HOANTS 2R e AR U 8 1) L
SRR AR GETHE B, I RES B4 b b P
Y £ O 1G IRTT R, DATI G BEEE A SE
P o %X SqueezeSeg V2 A7 FE 1) — &6 [n] 35
TR, 2D A A o0 A T EL SR
FEAE P GETE AN S 23 (8] [ 355 0 A 4R X 5% 7 vk
SRR A

DL 1 0 A 5 2 A P 2 B R L IR
H AR 8 22 B e 2R 52 0 55 07 12 00 555 LB S5
ELHE o SRNT, TEXS SR B R, B
Z A A REAF AR 22 57, B An a8 X 3 5 A T
G iy b R e B 22 S o BEXPIX AP SO, Luo 5%
(2020) =% PoiniNet (Charles 28, 2017) 7284 [
2% (Tnet) MJEA, R T —FhiZ R U AR
(PW-ATM) . 24 B 38 i 25~ H A R R B 4
AR, A3 S BT bR ORI S ) E A %
o [, ZITERGIAT R T R OR I Kb 2 5
(MCD) HXSfiss I HESR b — 2D X0 SR -8 O
IREUERAPE, S TIRT AOH M R a1 X
73 JC e B e A T o 32O07 VR TR H 2
R T B A e o A DA [ A0 4R b (6] 28 H A
o B 25 S B AE TC (), 22 T O [ SCHiE 4R v [ 2
HAR HAAEIUIER . SBEESR . A%z

SREEN (XuE, 2021).

AN, Kang%§ (2022) #HT—1HTFAS
R LRI M L, B RS E R AR R
25 TR E) H bR B AR e, 4N T e ] [
e N ER N SPIRGIPIZ =2 I d [ W sz A =|
TN %R AE RN A RS L L S
. BEMLERSY . BEML EORAE . BEAL T REE. S
T S A, TR A B 0 2% DT S Rk A A8 B
[FES, b TRt B ZRER, KR
iy A RN AR B0 0 s 22 18] A9 4 £ BE 25 EMD (Earth
Mover’s Distance) (Rubner$, 2000) Y F-I{EAE
SR ARRL: B 2 LA 24 o R 25 )11 o

FEIR B 3G T, R TN S A 8 £
Hb, AT DI IR AR AT AL B, DL SR AR ()
ZALRE S1 . AchituveZE (2021) i 3E TR 2R
IANEE" S o N (1 0SS B SR E = SRy Ay s 7
P TE AR B 00 IX 00, 48 v IR B Y 132 A g
[F i, 52 %] MixUp J5 % (Zhang 55, 2018) 1Y J3
K, ZMEFE P T — BN R R A S B Y A
=“IRA J73 PCM (Point Cloud Mixup) , X i 32 %%
PARTE , HEsR R BB A Az A RE T . SR, TR
FE bR EE 22 R RRET, AUGE A B AR TE
FS IR A Y s B A 197z A e 1A 12 DL AT R T
3 3 R AR

FET R = AR R F R B AR B A 2 0
g2, YidE (2021) 48T RO EF TARE
BHEE W T s B 38 N ) R AR R b A
D 28 32 I 28 1) G E 27 >0 AL TR 8 J 5 ot e iy
AR, LM T AR SR, (e
Jo =4 T A AL > T IR EORT H bR s R 1 L
far 2z 5, FEmE B A &N TR TERE . XM 4
TR T AN RS 2 H BRI 58 15 Dl 19 3
Bem) &, VA EAEE RIS H AR R 28 H AR 22
SERESR (Luo%s, 2021b).

A TP . IR s R AT AF 4 25 1
M BAE S, =4 B AR I #8091 A 5 Ik
Bl RE S @R R, BN, X5 (2021)
P T —FE AN, T =4 s H
Bl 2 7 1k AE TI0 ) i 5 DX A i S
IEWR A RS . RS B R ST 0 4 4 3
A ET 5 B ARBICH o o o OS5 R IR S A 15 2
WSRO S S8, —ERBRE L T S s BiR A
SERE BN (1 In) B, 4w T S AE H ARER L
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T BE -

Huang 55 (2022) fifi Az s BTN 4% (GAN)
NI AE Bl i, DT i e 1 B 4 ARk
ZOTEFTA R T XHPUAE ST AR, FEE A
B 0 R B PR R TR R AR 2 o 2T TR R Y I A A
M AR AR . TRAE AR . F 2R
FVRRIE St 25/ 25 o b, 2R s DS = 1
T AP E RN VS 7E 45 10 ) e B A A R e CRIDVE )
JEIA, T LUE R A AT RR R L DABR R AR
A R G T A A A R A I Gt AR
R, PR R . A, B —
AN A 4 6 ) R BRI 2B A A O Al
FHXF B2 29 00 5 1k e X o 5 Sl R B0 5 o H
BB, A5 B AR H AR, K B AR C
W2 ) AR TR B 2T, 3T T IS PERE .

Luo % (2021a) #2&H T —Fp 3L F IR # 2 W)
LI AT A 2] AR 2% T AT A — A B bRk 5
53 1.2 B I A TR A 05 s R - AT S5
2 W 46l R G2 20 1 7 302 o) — AN T SRR
PEARH, AMFEME RN RS, RO EE X
FE, URBI S AR-EHEMEH M, @A s
Weth-T, Sasas il DA IBOT R Mk 505 1) Jay s 4
Ak, BT A N RS P BE (Alliegro 45
2021) . ZMZEPER B —FP T A WE W H s
WEB B A S A 2R R (SundE, 20195 XufE,
2019; Achituve %5, 2021), JRHUS T AEE IR
2T 5,25 - T AT 55 2 — PRI 10 B H 3
sy, T TR AL Y77 AL RE

FE 5 2 30 38 0 2 2 T T SR 8 B8 X 5%
PAEAE HAE A IR s S s B T s e (Fansb 4
FAAE), HEmE IR B AR R 2 s L
SEMARALYE . BT, Bk BRI 5 AR B
Fratb e, KA RIS B bR R IR 2 (8] B
XF5F, iz ERRE A B R SR BGX 2 AN [R] 2 1
R B %o 55 R A AR AT
3.5 Hthrrik

Br T iR 4aFpri LIS, Ay — S AR
BB AEN % (Luo %, 2021b; Li%E, 2023;
Bian%%, 2022; Yang/gf, 2021b),

Luo %% (2021b) & 3 JLAa] A DT e 2 5% W) — 4k
HARR s B Rt pe g SR 2=, It T2 )2
W— Bk M 4% i 4 R X 1 00 v o

(Tarvainen 1 Valpola, 2018) 4l HiEN ), 1] 4E
A ONAR A o BUMB BRI A BT b o 2 A A5 R g i [1] £
B, BT Y Y 2500 3 X Z BT R AR Y A A
WS BOBCGE ST IR . A, ML T
M SRR A G 3G — B, (e
A BRI FOMBE R ) 48 3 R 2 T A SRR,
73285 W JChR 2 ) H bRl 7RIz M 2 rpr, S A il
LTS 3 A i O A 2 S e B A R AT I 25
SRNT,  HY T A A A 0 bR 25 AT BE AR TE R 1R
XA] BB B AR AR A PERERE A

LidE (2023) [AFEGEH THEAOTR, JF
P T — T =4 s S S AT 55 6 s B i
HAE MM 4 o IR, IZ M EER T A 4
2, RO AL HE T SE A BhR 2, AT 5230
FAEBRI IR, T BAREh, MR T —
B, PRI TR A A A AR Y S 2 2R
— 2, T R S I B AR . I K 2L
Uil Y i A PRI AR PR 4, O [ PSR 28 LA,
AT T DA Y ) R, — e R B AR T T
FOMBAY L R AOWARZE 1Y Bt . SR, PR AR 5
H b SRS A7 R BOR 22 5, 3 3 I S A A
ORI N RE A 4 PR UE H A B PR A 2 1)
JFdE .

Y — 5T, BianZE (2022) T —4PET
el ) HE Bk S I3 2 ) 1 Ry PR RRAE X 5F 7R Sl
N3 AR O B T IO 2R i SR R B Aok
Ud, S AR R AR Y 7 AU OB i, O
P RS BT s T B 2 Sy AR 1R, AR HBCHL S 7
JUE R RJE, BT FEBERRIER, ik
T RHE EIC A PR A AR TE N 2R B B A2 L Y5
WAHEE . 2, ZE M SULE (Yew F Lee,
2020) HYIE K, SRR O A% S A A Ok o N A7 %
5 B bR ] EIARBLRE , DT AR A5 7T 5 i) 43 e
FE AR S AR IR L e 2] H RSB, Heoh,
TP PR ICR XA R HARBURRAE , BRI T
X 51 2R Ok DX A [ 28 50 R AR 181 23 A, AT i
ST 252 ) H BRI R

HI T8 AL A A )t , AR 2220 W) HL 4R it
PRI, MIARMEE P EE . B RE D,
Yang %% (2021b) &I H bRl Joik gl o 248 B
53 28 1 () JERE AT FRAE 23 (8] TP AT SR A AE 43 A B vh
M4 K, A4l 7R E ERK I,
ok 5l BT FE Y bR 2 T — B0k 58 LT IR A
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WA~ o 7 TR E SCE PR A A
Bt 55 FLAR e Z ] ) SCHRREE L (0 el 4R Jlf
BB R R H) iz MRS, IR —Fh A
T D] b £14 7 5 Sh Ul 2 9 A Mg P A0 s ) L THT R T
X GRS G, 0 R R T A A H AR
PREEBIHERG L, DI TH R A PR RE -

4 LER 50T
41 Z=HfESRZERSZE

4.1.1 iEMIEER

16 = e 1 EER AP 0, 39 R
K O(ACC) fENBAEIVEREIL & PR 8 b, TH5E
N

TP + TN

ACC = T T P + TN + FN M

;TP (True Positive) /R FEA T F -5 H 52
AT HI A IEFHEASL; FP (False Positive) 3R
A A FIUI B Sy T T LS R SRR AR R FN
(False Negative) K FEAS TN A Ay £ 1M L 52 {F N
IERFEARE; TN (True Negative) F7nFEAS TN AE
HEIAEMRT BB A RREARL
412 BIEE

S W2 NG 3D L= B VA A o
PointDA-10 (Qin %, 2019) ¥difE [ gEiTii .
PBHE S 3 T EHESE, 432 ModelNet-10
(M) . ShapeNet—-10 (S) # ScanNet-10 (S*), iX
LRV e (A VR W/ I I D I o = B

{£ 45 . ModelNet-10 Hi 3D CAD £ Bl A4 j, f1 5%
M 83 MY rAEAFN 856 A FEA . ShapeNet—10
WA B, B T 17378 MU A F
2492 MR FEA . ScanNet—10 2 M — %) EL 52 5k 4
R, AT 6110 M YIZRFEAFN 1769 A THAREAS

4.13 LIRS

28 1 LR AL [ 38 N )7 A PointDA-10
B Ery ks R QinSE (2019) KA T
PointDA-10 B4l8 4, JF B WAE IZ £ s 4 b kA7l
ik, 5 PointDANAHIL, TangZs (2021) #2H AL
XL L8 B T — R dE . AT UL, MR T
AAEE HI AN XA, 38 Y 3G sk Hua el LR
AR RE . TR TR SR A AL, Yang &5
(2021b) #& H 1y JC IR [ 35 B B 48 7E PointDA-10
LRI T RAFRITERE, UERH T ARk B R
BRI ATPE . AN, Achituve % (2021) it =
IR IR A PR g T BRIz L g
DR T HER R B S s B 3SR
LT — RINEE G S = U E BB S N ik,
1 GAST (Zou%5, 2021). DFAN (Shi%%, 2022).
GLRV (Fan%%, 2022). (Shen%, 2022) F1MLSP
(Liang %, 2022), X% 75 1E PointDA-10 [ #RHL
15 7 BEMMER RS, Hr, MLSP Jy kil ix
TG TSRS B H (Tl SCF A2 A 40 Ja e 1) 4
) SRR A RN L S A BT 55 A Rl kb
TR S AT B 22 5, 7E PointDA-10 iR E] T
AEMRE

£2 FEFHETE PointDA-10 5B E FHAERZE ACC
Table 2 Accuracy of different methods on the PointDA-10 dataset

1%
Jrik: SRR B
M—S M—S* S—M S—S* S*—M S*—8
w/o Adapt 425 223 39.9 235 342 46.9 349
PointDAN(Qin%%,2019) 64.2 33.0 47.6 339 49.1 64.1 48.7
BADM (Tang%,2021) 66.3 33.7 56.3 333 539 65.8 51.5
NRC(Yang%,2021b) 64.8 25.8 59.8 26.9 70.1 69.1 52.6
DefRec(Achituve %,2021) 82.7 439 79.8 48.0 66.0 67.4 64.6
GAST(Zou % ,2021) 84.8 59.8 80.8 56.7 81.1 74.9 73.0
DFAN(Shi %§,2022) 83.7 60.2 84.0 60.3 75.3 76.3 733
GLRV (Fan4,2022) 85.4 60.4 78.8 57.7 77.8 76.2 72.7
GAI(Shen 4§,2022) 86.2 58.6 81.4 56.9 81.5 74.4 732
MLSP(Liang 5% ,2022) 86.2 59.1 83.5 57.6 81.2 76.4 74.0
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42 Z# S =EWREN

4.2.1 EMIELR
=4t 5= H bR W AT 55K F B8 AP
(Average Precision) {EATFM MRS, H
AP = JII’(r)dr 2)
X, P(r)3/R T PR (Precsion Recall) Hizk, H

B A& Recall FIEN 3 Precsion YA AT .
TP

Recall = TP + FP 3)
L TP
Precision = TP + FN 4)

422 HiEE

SHYE S B ARSI A S 3E Yk A
nuScenes FI KITTI2 4~ 88 48 i 47 90 3 . L,
nuScenes J& 55— M2 [ 3h 2 B B2 R G U 1Y
KECEIGRAE, 05T 28130 I ZREEA 1 6019 4>
MHAREA s KITTLZ —> A 3 2 3 AH G =4 =
HARK B4, 3712 NI ZRREA 1 3769 S5
EFEAR AL AL
4.2.3 LIGERHSW

2% 3 I TE nuScenes— KITTI H F5 46 ) % H 38 L
1E45 LR 7E 250 AR i bEge . AR PE
KITTLCHE SE r 82 (i 15 8., FRATTHS ZE e AT 55
Ay oh TR TR ARE R RE 3 AN, IR T R AEAS
[T 55 0 AP{AL,  JF i H 58 BT A 4 55 19 AP fE
By, i # 3 a0 . SF-UDA i ¥ BE W % T
ST3D, X WA T ST3D £ H 19 D bR 25 A 1l oK
W, S A AR B 1) R AN A
MLC—Net [ ¥ BE W& Ik T ST3D, #17% F SF-UDA.
XL T MLC—Net £ H (9 Y (E 200 8 3% 2 T 1710
His A frok gk, STID++7EIZAT 55 UG T FefEbk
g, BUE T AT HE IR G 0 R = 0T A A
(HQTM) 3y A & .

43 ZHEARIBXHE

4.3.1 iEMIEER

=Yk S S T 55 A R ORE 28 I ToU
(Inte-rsection over Union) 1E N 1EAM 1 AY1E GE AU 45
bro Z8IFHOITEE T HAS B A 45 SR 5 1 S0 bR 4

ZEIZZESIHEZ R E, THEAF .
XNy TP 5
XUY TP +FP+FN )

Kb, XOABZER, YREShRZ, 5T
(mloU) AR 25 ToU #Y-F- X {E .
®3 ARFEEEHERENBEERES
nuScenes—KITTI - #J#5 & AP
Table 3 AP of different methods on domain adaptation of

ToU =

car detection for nuScenes—KITTI
1%
115559 S
(T L SEC 0 1 4
SF-UDA (Saltori %, 2020) 68.8 49.8 45.0 54.5

Jrik

MLC-Net(Luo%,2021b) 71.3 55.4 49.0 58.6
ST3D(Yang 5% ,2021a) — — — 62.55
ST3D++(YangZ,2023) — — — 65.56

432 HiEE

B N 7 I - B E I VA I £
PointSegDA nuScenes , A2D2 , SemanticKITTI HE 2
BAEtE b T T,

PointSegDA /& Achituve 2% (2021) #2H A9 A1K
B A% B s 4, & 4 T BUE4E . ADOBE
(A). FAUST (F). MIT (M) FISCAPE (S), X414
TEARAERRAL S /RN (. T 3k
), BAEE A B AR A A BT A
TE—ERZE 5

SemanticKITTT /& 1 = 4 H b s i 2 42 KITTI
P RAT BB B A i 1 o BIEE S, BaaH
Fror o T 1925, AR T 1E# .
AHY . WL AT AfTES . A2D2 2R
TR A S B A TR S, (8 T RESR ARS
AL AR o SemanticKITTI 5 A2D2 Z [7]
FAAE 102 B2, AT e A 5 W AFSE o

nuScenes J&— AT B =4k i B An i £ s
£, HARE SRR = 4ESMEHRTEAE . X T4
MRz, WERHALTHEA HARRFEIEREN, W2
B3 BCAH L AR 2, DT S B = 4E 1 oy H) 1) 32
MARE; BN, A SPrIcoh T 5. XA
FRiEF 2L, nuScenes Al T =4 5 = (038 Lo HUE
%o Jidh, FETICEE(E B AT LUK nuScenes #% i
IR | 5 [ R i 3k 94 48 15 R A5 97 4
M1} 75 E] Day—Night #1 USA—Singapore ¥ />3 H
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WAL S5 . EAh, nuScenes 5 SemanticKITTI 22 [H]
A 10 R, AT T8 A & Y

433 LIRS

4 R AR T ¥EAE Z A 5 = B 5 nuScenes
5 SemanticKITTI L3 S #1388 [ 36 WAT: 55 14 5% 2L
55, Hrp, DCF-Net (Yuan %, 2023) Hai%
B TRZM A PR 2EBY 0 F SCAr R 2%, 3
b X LAORT 5 1) S g AR D i g X 5
SRR, BEMTRAN T X > 5 20 R AR B
JaiBR L TEPIAN A 3 AT 55 Bk B e A RE
R4 FEFEELHIEE nuscenes F1 SemanticKITTI _EH)
32 FF Lk mloU
Table 4 The mloU of different methods on the nuScenes
and SemanticKITTI datasets

1%
B 3 AT 55 WIRES mloU
w/o Adapt 23.5
nuScenes— SVCN(Yi4,2021) 33.7

SemanticKITTI GLFA(Bian%§,2022) -

DCF-Net(Yuan%§,2023) 49.2

) 77 YA 7E nuScenes B4 4 FAYTH Lo #1450 19 1L
Bo MARPRINEY R TEER Y L,
3D 12D 535 Z 78 %) 3D 12D P48 AITAG 4551, T
2D&3D F /R X 2D [ 25 Fl 3D [ 45 A k5 09 VF
flhigh . XS, AUDA (Peng %5, 2021)
FIDsCML (Liu 5§, 2021) PIAh 7 i #8% B3 T
xMUDA (Jaritz %, 2020) 5k JmfR1E, JFaEAT
Tk, Hrf, AUDA 7E A2D2—SemanticKITTI £l
Day—Night {F: 55 H 2R IR0 ~J 0877 200/ 1 2k ]
225, I 3 A Hn AR A 28 50 i AR Y 75 A
Yo T RO ), 7R B A 3 VAR 5 A2D2—
SemanticKITTI fil Day—Night [ ik %] T s EPERE .
DsCML fift gkt 7 484 2D FEAE FIRS 07 3D F5R1E 22 [l 5
B SE A R R 3 e A BT A ) T ik 4
INT I ESR, TES A IE N AT 5 USA—Singapore |
KRB T AR

RS ARAFHERESEEERMES A2D2—SemanticKITTI E

B F 22 FF Lk mIoU
Table 5 The mloU of different methods on domain
adaptation task A2D2—SemanticKITTI

wlo Adapt 27.9 1%
SVCN(Yi%,2021) 31.6 WIRES 204 3DMIZ 2D&3D
SemanticKITTI—nuScenes
GLFA(Bian%,2022) 373 wlo Adapt 36.0 36.6 41.8
DCF-Net(Yuan%,2023)  44.0 xMUDA (Jaritz 2§ ,2020) 43.7 485 49.1
AUDA (Liu%,2021) 46.8 51.8 52.4
225 MR TE 5 e B H IS N AT 55 A2D2— DsCML(Peng %5 ,2021) 46.8 48.1 50.6
SemanticKITTI b i L 7r HI W LS53R . 6 WA T+ 2D&3D F % 2D 13D LA A TR 45
F6 AEFHETEnuScenes #HHEE T2 Ik mIoU
Table 6 The mloU of different methods on the nuScenes dataset
1%
- USA—Singapore Day—Night
2D M2 3D M 4% 2D&3D 2D 4% 3D M2 2D&3D
wlo Adapt 53.4 46.5 61.3 422 412 47.8
XxMUDA (Jaritz % ,2020) 61.1 54.1 63.2 471 46.7 50.8
AUDA (Liu %5 ,2021) 63.9 56.3 65.1 50.1 48.7 53.0
DsCML(Peng%,2021) 61.9 54.8 65.6 50.3 49.7 52.6

T2 2D&3D FaR % 2D F1 3D W25 AR Fl A I ITAG 45 57

7 N LR A 5 Y 5 VA TE PointSegDA
Bl Fagiitss R . Achituve 2 (2021) KA
T PointSegDA, Jf I AL PointSegDA |- 52 i i
Hid WAES, A TEmAEEL, Lids (2023)
P2 19 R SEN 9 M BB L Achituve % (2021)
P& 1) DefRec M A B AL . 3 ¢ B ) 44l B A5

T — il a] LUAT R 8 = 4 5 s b e s R
KAYEREA R B% o Luo 5% (2021a) 48 3 A9 £ Al
ALST 38 i 55 25 B 0 - 3 AT 55 3G o 1 AU 32
L #e J, e A E N AT 55 o BE A T
DefRec. #ATM, T4 IIME 55 09 BdE 22 40K,
HAPEREAR TSR AW SEN B 3% . DFAN (Shi 4,
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2022) R T 22 UK JR R AL X 5 SR g ok
i Jr EAFAE 1) Z R MIEE , JF R TR A5

PRBCH T SR 2 R ARRAE, AR BT T A U T R
HEERE

&7 AEFETE PointSegDA H#EEE A F % Lk mIoU
Table 7 The mloU of different methods on the pointSegDA dataset

1%
PGS
Fik
F—M FoA F—S M—F M—A M—S A—F
wlo Adapt 60.9 78.5 66.5 33.6 26.6 69.9 38.5
DefRec(Achituve %5,2021) 61.8 79.7 67.4 40.1 67.1 726 42.5
SEN(Li%,2023) 63.1 75.9 62.8 56.4 78.7 75.7 51.8
ALST(Luo%,2021a) 61.8 80.3 68.5 56.6 60.8 67.8 52.3
DFAN(Shi%,2022) 63.0 74.9 68.6 64.8 73.9 69.7 54.2
MLSP(Liang % ,2022) 60.0 80.9 65.5 40.4 67.3 70.8 45.4
VIS
Ik RS RE
A—M A—S S—F S—M S—A
wlo Adapt 31.2 30.0 64.5 74.1 68.4 53.6
DefRec( Achituve %5 ,2021) 28.9 32.3 66.2 66.4 722 58.1
SEN(Li%,2023) 43.1 432 67.1 69.5 64.7 64.7
ALST(Luo%,2021a) 38.6 41.0 66.6 67.4 68.0 60.8
DFAN(Shi%,2022) 55.4 51.3 71.7 68.7 732 65.8
MLSP( Liang % ,2022) 31.1 38.4 72.5 66.6 74.8 59.5
A F M.S43510 ADOBE . FAVST \MIT #1 SCAPE 41~ F# a4
TP TR

5 45 1E

E @0 P AERTI VA S N VN BN PN
I AL FR) 5 SC LA L% ] A AT BOIR R AT A B 5 A 2
SHRYL, BUA ITE RN L B
A bR AE S 2T LLREAE R 5 44 D7 T JRATSE
—ERREE E AR T A Ak R X R A i o
PRTE RO R ORI, I 75 2 R i 2 A BRAE 55 B
3 TAEERITERE . b, X B o Al DL U o
AR, ER 5 R AR X 57 IR AN [ 2 53] ]
FRAE 22 SRR PR s B AS 2 >J FIHT 2D &R B Y
A IS R A 2 R IR, (R EEA S 0
AT 3D LS 2D B RS AL H.; Dhbna sy > ]
PAAE H AR AU B R Ak S By, (R 28 L4y
B DR RS A2 BT 5 B8CHE X 5 X i i i R Ay Ak
B PR AR s A AL, (E AT
B v AR RIS bR R T LA 254 B AR R
AR BT IR bR R R A s ) AT R S5
HeAh, PHEHOMTE R, P DT A2 R R
JE Pt — 2D WF ST Y B E N 5 ) T

JEEERK, a5 2508 A 027 T 95 R LA LA

(1) A MY 8= A 18 2% S ik R 2 2
Y TR RGP R A 3SR 2 2] T el B X A
=WTIF . ARG AR T =4 s
(AR 13 N 2 > B R R — AT B — P TR A ST
77 0] 5
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Domain adaptation learning for 3D point clouds: A survey

FAN Wenhui',LIN Xi',LUO Huan',GUO Wenzhong', WANG Hanyun’,DAI Chenguang’
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Abstract: Three-dimensional (3D) point cloud data have been widely used in many fields, such as autonomous driving, robotics, and high-
precision mapping. At present, the state-of-the-art deep learning-based methods for 3D point cloud processing are mainly supervised
learning methods. The performance of these methods depends heavily on large-scale, high-quality annotated datasets. However, annotating a
large-scale, high-quality, category-diverse, and scenario-rich dataset is time-consuming and labor-intensive. In particular, obtaining
sufficiently large numbers of samples for model optimization is also quite difficult in some special cases. In addition, 3D point cloud
processing models trained on a single device in a special environment are difficult to generalize to different devices and environments. Their
generalizability to various devices and environments is limited. Thus, how to reduce dependencies on high-quality annotated 3D point cloud
datasets and how to improve the generalizability of current point cloud processing models are important research topics. In recent years,
various kinds of impressive and elaborate technologies, such as meta-learning, few-shot learning, transfer learning, self-supervised learning,
semisupervised learning, and weakly supervised learning, have been proposed to solve this problem. As an important research branch of
transfer learning, domain adaptive learning aims to eliminate differences in feature distributions across domains and promote the
generalization ability of deep learning models, thereby providing a novel solution to address this problem effectively. The academic
community has conducted preliminary research on domain adaptive learning for point cloud processing. However, the domain adaptive
learning field for point clouds still requires in-depth and effective exploration. Consequently, this study systematically summarizes and
classifies recent 3D point cloud domain adaptive learning methods into five categories: adversarial learning, cross-modal learning, pseudo-
label learning, data alignment, and other kinds of methods. First, we present the mathematical definition of the domain adaptive learning task
and depict the chronological overview of the development of different domain adaptive learning methods to provide readers with a clear
understanding. Second, we present the general solution for each category of domain adaptive learning methods and summarize the
advantages and disadvantages of the current methods for each category. Third, we compare the performance of current methods on three-
point cloud processing tasks, including 3D shape classification, 3D object detection, and 3D semantic segmentation. For each task, we also
summarize the commonly used datasets and evaluation metrics for an intuitional comparison. Finally, we conclude the advantages and
disadvantages of these five categories of methods and discuss future research directions about the 3D point cloud domain adaptive learning.
Key words: remote sensing, 3D point cloud, domain adaption learning, adversarial learning, cross-modal learning, pseudo-label learning,
data alignment
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