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Abstract: In order to solve the problem of the distribution differences of visual, spatial, and semantic features between
domains in domain adaptation, an unsupervised domain adaptation multi-level adversarial network for semantic segmen-
tation based on multi-modal features was proposed. Firstly, an attentive fusion semantic segmentation network with
three-layer structure was designed to learn the above three types of features from the source domain and target domain,
respectively. Secondly, a self-supervised learning method jointing distribution confidence and semantic confidence was
introduced into the single-level adversarial learning, so as to achieve the distribution alignment of more target domain
pixels in the process of minimizing the distribution distance of the learnt features between domains. Finally, three adver-
sarial branches and three adaptive sub-networks were jointly optimized by the multi-level adversarial learning method
based on multi-modal features, which could effectively learn the invariant representation between domains for the fea-
tures extracted from each sub-network. The experimental results show that compared with existing state-of-the-art me-
thods, on the datasets of GTAS to Cityscapes, SYNTHIA to Cityscapes, and SUN-RGBD to NYUD-v2 the proposed
network achieves the best mean intersection over union of 62.2%, 66.9%, and 59.7%, respectively.
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Hrh, F= {HVF, SSF, MHF} ¥ /RM% G =%
FHERSEA s | RonTWIRIR, 24 i=HVF B £R1K
ETmM G, ¥ i = SSF B ERTET M
GG, 4 = MHF I % 75 %A W %
GG ITGM Ly L B L AP MFRE i R
SR INE N - Ein N = B = 2= 2B A R PO/
TR dseg s Assl B g’ ST BIERIRER i IR T W
() = SRR RN LR R
IS, NEMZ G o &7 AT RHT, 7EH
& D PRE 3 B, Y RANEE D M E
FREREL Ip N
lD(IS,IT,Z,F)=ZZ£(IS,IT,Z) (15)

Horr, i FORFIRIE 5 XMZ IR, 24 0= HVF B %R
IEF M43 52 DMYF, 24 i = SSF I £ 2
T EIR T3 3 D3SF, 24 = MHF I 7R 54 o 2%
st % DM,

YT B U B R S BIR 2% G RIS EOR R,
UDAMAN-MF W ZZ0Hi ) dfEnadmrt. &
P, BT 293 B IR Loy 1FFHA PRV S
XTI G IEAINZR 100 IR epoch, MTIHIUEA M 2%
G KB G, NFIEMS G IS HTTE G 5%
NG rP RS, XL G ORI 2% 5y S
DMIFSEAR B 6 I 25 200 YK epoch, 7EAERRIEAR
dr, 7T, BT NSRRI M IRt
Py DM X AR RIAE Lo FMEER G(Is) R H bRtk
B XA RMER GADWIRE s 75— 7, T 3
R EER AR 1M UGG G, L% G R
HARIERE 2R GU) AW PR s 3
MR GU)WIHi. BJa, XML G 3 TR
HIEE D H 3 B SRR EZ RPN 200 K
epoch, FERRKIEAF, HEN T GTVFL GTVF+GSF
A GNVHGST G 3 5 xR ) A 4y
DMYEL DY A1 DM AR R AT B LI SR, AT
BRI G &7 EISHL, HE A DN 5540
3] BT 27 = AR R 43 A

2 I

2.1 IGRBERE M REIEMNIRE
N7 IAIE UDAMAN-MF 3838 14 , 23 il 7E % Ak
I NI R E i I 2 gEA T I 2R A0
TEZ AN S Sk 5 & M A, EFE S R
GTAS™El SYNTHIA $#i&=We i, R ik

PEE 52 Cityscapes HHEEPWE Jy H xR, 7614
BB, A FRZM GTAS (SYNTHIA) HdE4EM
TekrZE) Cityscapes Y ZRE £ 31T 2 x0T HLil
Y, TEIAR B, i Cityscapes IeriF £ SE 347
WA

£ MR I SUN-RGBD i 4 42 1 5 H 7 5
NYUD-v2 ot 42O 5 p 37 5400 & v b, il
T SUN-RGBD ##f % i NYUD-v2. Berkeley
B3BO. SUN3D LAGHT hil/E HEcHs DU 7 2R, N
R A ) 1) 2 S, B R B NYUD-v2 )
SUN-RGBD ##i 8 /E it . fEUIZMEL, (A
b %5 1) SUN-RGBD illl Z5 % 45 £ 1 TG A 25 (1)
NYUD-v2 YIZE 31T 2 2ot bl gk, N
BB, 8 NYUD-v2 MRS s 3047 501 .

FAh, ERMG R R (PA, pixel accuracy )+
SEYJHERZE (MA, mean accuracy) FI-FI3EIELL
(mIoU, mean intersection over union) 1E N [A]1E X
Sy BT, 1 3 N X 2% R B TN B AL,

22 EWRIMEMSHIRE

FET TP TR 22 STHESE Py Torch® 4w i sz E)
UDAMAN-MF, J7E—& 2 /> 2.4 GHz Intel Xeon
Silver 4214R CPU (2x12 Cores)~ 24 GB NVIDIA
GeForce GTX 3090 GPU A & 128 GB W A£ )1 5AL
AT IR AR .

221 FIR B LM

HHIEE D 3 B DM DY 1 pMTF
MR, WS S ERRS N 4x4, K21
LREAEN L, SERZEERE A leaky ReLU
BOE BREL, SR R R 453 1 R 64 128,
256+ 512 M1 1o 534b, A& H A 70 A 70 A8
EESMABGRS A, ERE—EEREEE
IIM—A LR FERAE
2.2.2 UDAMAN-MF #9| %

UDAMAN-MF #JIlZ-3L 004 3 BB &5k,
HET 2R XIEHRINGMN LS G 2R)5, XML
G MHHE D Hi5 s DM HET B B2
e, XHHEE D 3 Mo E5M% G 3 AT
WREAT 2 Pl Zs.

WZRMT B 1, 8 R e R AT 2% G &
EECA AL, TERHEIRIUZ, %, @it A B
resnet vl 101 2016 08 28°WJia1LiZE I Z4; A
Ji, LRFEFFZ IR ResNet-101 %25 HAFE, %2
60 H AREAE R E 5003 1N 6425651241 024 F1 2 048;
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FFETE T ZRESRER LI S0 B & R 2 ZO0 Hil o B 2R <165

W5, KRIREIAN 3 2 1x1 BRSEYE, %=
i AR 4E R0 ) 2 048 1024 R 512. fE4S
M2, B, A 4 B3R E 5 A
LSTM #70, I E % LSTM Stk 2R A 14k
By AN 5122564128256 F 512; SR )&, 7E[-0.05,
0.05111 35123 73 A T BEHLIAIEEAL, 4 B85 SCHI 24
ERHMER S =, BEEE 3 = 1x1 BRH 2 400
AR 4 A7 [ b 1 25 1) 5 AL A AR AAE B3 4
B2 AR IR R0 512256 A 2565 SR,
FIH softmax BRI T 4 ANT7 A) L FRAEFRFIER]
TR R, FERE 4 ST 1) R B ERFAE INALR AN 5
wJa, MR HEN A 2 ESR AR IEZ G R
PRETE 0 SiAh, ERMEDN 0. ARAEZEDN 0.05
HIIER 7T IR ZE S H . FE5E R G 2%
ZHRE G, WE GMIIGSEUT: leaming_rate =
5x10* . batch size = 8. momentum = 0.9 .
weight_decay = 10* L} epoch = 100, 3HIBEHL
B RE R BREEDAL G B HL.

IR BL 2, WSS G AIxt 4ty 3¢ DMYF R4 T
G FTINGR. RSN, Bk, ET20E
A XFHR O 4% Gs ARG, FET 00 A8 M
BRI Gy DM B, A H AR bR
2, JFET H BB IBURIAMN S G B, [
SEXHLA S DM IS, TR TR R
M G

WIZRMT B 3, X2 G FIHA 8 D 347 2 00t
P, RIABIEE D i 3 #sr DML DR
DMHF ,fzgyj—(]_ﬁlmé% G EPE,(J 3 4\%@ GHVF\ GHVF+GSSF
A1 GG -GN AT E ST

WZRBY B 2 FIIZRPTEL 3, WE M G %
ZH U1K : optimizer(G) = SGD, learning_rate =
2.5x10™, batch size = 4, decay policy = Poly,
decay power =0.9, momentum = 0.9, weight decay =
5x10™ LA J% epoch = 200. [FINF, 7ESMEAN 0. FRiEZ
N 0.05 HIIEA AT FHIIRIA & D &7 SCHIM
HBH R E HINZSEU T : optimizer(D) = SGD,
learning_rate =10, batch_size =4, momentum=0.9,
weight_decay = 5x10~* A} epoch = 200.

fEH MBI HUR B IR E T, N3 EE
LT~ WS N )5 O e B R B AR, e, A E
BERIME Tp=0.6, 1K XEFEBET;=07. £%
Uk TR U RBORE P, VRN G
By 4 S 3 ) PR 0T ) 40 K 1 B /N R R R

B, BERBDMEEBNT: Ly =03, AgF =
0.35 Zaay T =10.000 2, A =0.5, o™ =05, Lo
=0.000 65 Aeg " =15 A" =1 K1 2,0, = 0.001
2.3 SSBERSHIT
2.3.1 GTAS %) Cityscapes #9473k f i& &2

1) UDAMAN-MF 5 5k 75 1 (1) 73 Fk BT L

Pk GTAS 31 B A4, Cityscapes I UDAMAN-MF
(BT 3 BE5MIE U EIMg) 505k (EF
ResNet-101) WilZR77E 5 70 FIRSEA03R 1 s,
T, A RRKPLFE T, S KA RE
I, T RN EUR RS #4777 mloU FoR
O FRS FEVEAN AR v o AURR B, BT I 4% 1Y
R ERA 5T IR L 62.2%: MAHFEZS 19 A5
L&, MEHAL %, UDAMAN-MF 7 11 #h3
B LR IR — e R AR T R, BT
PN 28 AAE R H BN B ClnBE A2 FF
AT MR EbR NS B R A IR, T H
TEGIRE RN b (AT NS BEFEEMAAT
B4 WHRE M IR . UDAMAN-MF 3%
HUS I SRR AT A an R 55—, 3 BE5MIE Lo
F) X 48 A BB A A HLJR % G 1) 22 4 A0 i
fiE, T EL AT LAY Af FE B A e 3 S 00 A 1) 45 A bR
fiE,  flG 2R B 22 B2 VR B R AE R 6% 42 T R I Xt
RIVGEETE S B, Sl BB S ik RE
B B PR3 52 H bR 3 4R 10 25 R BT AR AR 2 1
ERPE, TR 5 T 2 4 2558 SO 2k B 4kt
SRR A bR H AR IR AR A A, R
B o Bt 2% 2] Rl iz B YR ) o AR A H bR I 4R
5 YRS R (4 A 22 5, HETT SR H AR b B 245
RN A5 =, ZHNPLFITILREER
SV 3 BSR4 T kb
UK ] BT 2 A0 25 B] DA S SURRAE IR 20 A0 22 57
BETTPE B AR 5t AR SOmi & 5 GO0 58 F0 23 (8] 45
B AR SURFE .

UDAMAN-MF ESRTE K 2 0800 B35S
RIAEIHLL, (HRAEDEST b i, I~ ZEA0
KIS W RIREEEEUR, Wk 1 fos. Ao
DEEEAE IR E N, Bl 4 51 HE BRI
FpE, o, AR ERANG R ERRE, dF
Xof F 2 R AT AR T A S R . RIS
FapErR Rl R S, “HUET SiRION g
A CNATIE”, X FEHT LRI 8
RS 2, “RE” HiIRSEN
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#*=1 iR GTAS E|B#5 Cityscapes £ UDAMAN-MF 5%&# 52500525 7 EIEE
mloU
J5i: {E9:78
i MNTE  BH 1% Bl £ FF EEIT R Y ST
BDL!™! AST 91.0% 44.7% 84.2% 34.6% 27.6% 30.2% 36.0% 36.0% 85.0% 43.6%
CDARY A 91.3% 46.0% 84.5% 34.4% 29.7% 32.6% 35.8% 36.4% 84.5% 43.2%
TPLD!"! AS 94.2% 60.5% 82.8% 36.6% 16.6% 39.3% 29.0% 25.5% 85.6% 44.9%
MetaCorrection® S 92.8% 58.1% 86.2% 39.7% 33.1% 36.3% 42.0% 38.6% 85.5% 37.8%
ISR ST 93.0% 54.0% 86.6% 42.6% 34.7% 35.9% 40.8% 43.3% 86.0% 43.2%
ppLl! AST 92.8% 54.4% 86.2% 41.6% 32.7% 36.4% 49.0% 34.0% 85.8% 41.3%
SAC®! S 90.4% 53.9% 86.6% 42.4% 27.3% 45.1% 48.5% 42.7% 87.4% 40.1%
ProCAP" S 91.9%  48.4% 87.3% 41.5% 31.8% 41.9% 47.9% 36.7% 86.5% 42.3%
UCDAPY ST 92.6% 59.1% 88.5% 45.8% 40.5% 52.9% 53.6% 54.1% 88.0% 41.9%
UDAMAN-MF AS 93.8% 61.7% 87.1%  48.9%  44.0% 54.4% 55.2% 56.5% 87.1%  43.3%
mloU
Jiik WG J7 i
R TA 5%F RE *E ARE KE BEFE % HITE P

BDL!™! AST 83.0% 58.6% 31.6% 83.3% 35.3% 49.7% 3.3% 28.8% 35.6% 48.5%
CDARY A 83.0% 60.0% 32.2% 83.2% 35.0% 46.7% 0.0% 33.7% 42.2% 49.2%
TPLD!"" AS 84.4% 60.6% 27.4% 84.1% 37.0% 47.0% 31.2% 36.1% 50.3% 51.2%
MetaCorrection® S 87.6% 62.8% 31.7% 84.8% 35.7% 50.3% 2.0% 36.8% 48.0% 52.1%
ISR ST 85.4% 61.5% 34.4% 83.7% 29.2% 50.1% 4.0% 36.5% 50.9% 52.4%
ppL™! AST 86.0% 63.2% 34.2% 87.2% 39.3% 44.5% 18.7% 42.6% 43.1% 53.3%
SAC®! S 86.1% 67.5% 29.7% 88.5% 49.1% 54.6% 9.8% 26.6% 45.3% 53.8%
ProCAP" S 84.7% 68.4% 43.1% 88.1% 39.6% 48.8% 40.6% 43.6% 56.9% 56.3%
UCDAP! ST 86.0% 73.5% 44.1% 89.7% 39.3% 53.2% 26.8% 51.6% 61.8% 60.2%
UDAMAN-MF AS 88.7% 762%  463% 88.1%  45.8% 53.9% 33.2% 54.1% 63.4% 62.2%

R, KRBT R AT BMBIRE, BT
MBI B oh, BB “RAE” A “ kB 3K
73] ) HE AR AR e, T 23R S5 64 78 7>

%3],

17

MAFiE o[B8 00 11 05 00 00 14 46 00 15 00 15 00 00 00 00 02
s

00 1.3

Hos raes ts ooz 09 23 04 15 05 01 05 00 02 0.0 00 01

Eeeal
1[21

(Chks 2

Ho0 0z 210307 1004 o]0 0702 0003 00 01 000000

Fe%5 00 00 27 00 00 07 a1 04 21 cofffoo 00 00 00 00 00 00 00
FFNAre v 0e 010z 07000005 11 coffla7 09 00 00 0000 00

05 0.8 0.9 0.5 0.3 26 0.0 0.2 0.4 0.0 0.4 0.0 0.0 0.0 0.0 0.0

80.0%

7.2 1.0 0.4 0.7 6.8 1.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

160.0%

ER(HTES

-40.0%&

{22 07 03 00 00 03 00 01 02 02 04 02 cofffos 00 00 00 00
{84 41 07 00 00 0.6 00 05 08 07 0.3 09 00 2714 12 00 00
- 0,

20.0%

{4623 1.1 00 00 22 00 09 24 01 09 07 0o 19 o1 a1 00 00

00 0.0

i.zg 21 17 0.0 00 1.4 00 04 23 00 0.7 0.2 0.0 37 3.3 3.7

421 1.8 0.7 0.0 0.0 1.2 0.0 0.0 0.6 0.9 0.0 1.3 59 0.0 0.0 0.0 0.0 4.1

SRR E QAR E <L SR
HoE B pREFRKOErERXRe
< «

iz

==

o

o]

4 B ERIARERE

2) UDAMAN-MF K2 >]

WL 3 JREERE RIS . ok E R
AT 1EU S 2 R i 2 J7iERT UDAMAN-MF
FIERERZ I, 7EYRIR GTAS 3| B #5¥K Cityscapes [
AU &R E AT AL 2], A5 R 2 PR

% 2 Rig GTAS Z|B#F1E Cityscapes FAUERIS S4ER
T3 mloU
G (AL 25 | B 2 ST IR S B 4) 45.9%
GMVTHGSST (LA B B 2 ST IS G BN 4R 49.2%
GMVF+GSTH G (N | W 2 5T (B N 2 50.4%
G™VF+GSSF+ GMIF (5 ot 1 B 2 3T 10 B G L 5) 57.5%
UDAMAN-MF (27 suidk B W 2 31 1) 2 ot il 45) 62.2%

B, AR RETM GV R M
GHVF+GSSF ;FD%/[\W‘%% GHVF+GSSF+GMHF ﬁﬁfm@
B MBI BB A R
G BRI EUZ G KGR, mIoU M
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FFETE T Z RIS LR B S0 B E R 0 il o R LR . 167 -

45. 9% T 5] 49.2%; JAFAER A E GV N F 45
WAL SR GO K, mIoU M 49.2%3 7} %]
50.4%. DEFEERAMERFD N F—, il
O] Z R AETRHEEE XS RATIT 4 N AR
NIAB R, AR, BB 2 AT LAY/ S ] B
SR ARHIE R AT 22 5, MAEMN 2% G 3 N e
HAEER B brdgidg s 4/ R SOE B 3 R g gk
T2 (A G5 M AR R R TR AR 7 2 5 SR AN ke S0 7 R A R
B, EAR AT N7 A BT BAA AR AR S Ak
WL, H 2 BE 5 HR 40 4130 37 5 1) 2 8] 45 M A0 R 12 X 43
R GRE TN . B, RSP SRR E LA
JZRENE I T3 = I HLHI ST EL H bR 3837 55 A Lo A
23 [ RRAE 0 HLRR A, RURR I S ARIT 4 AN X 81
2R ENXERSEA S BT
TNBCR AN, AT & R R A RS2 BRI 4
Mers bR B R, dE B E R AR R 2
BESRAFHERI &, Fla, T “FF7 “A5547”
B IEAR IR S RSFRUMN R A, FETEE I
il ) 1 3 B R BT B R S R S ON , DA G R
SRV GRS B B RER .

WIg, WEANML GGG 5 AT
AN AL o B R 2 ST R B il SR, S
IO 4h LRI AL B B 2 S XS BTl 2R A o Bk
FERFE T 7.1% X VLA A 20 A B B AN L E G
JEE T M 2 ) A el N A3 ) 43 AT 22 e bR B
FUER, 127N IRk LIS o R
B E AR AR A bR, AT AT DA BN 55 ik

‘ . N
ik (b) BLEAT LN ZRGTVE

3 A = Py
/ s
¥ 0 "
i = .

(©) BBXIHINAG (d) HIAT ﬁi)ﬂ%é (e) géﬁﬁﬁﬂlléf*ﬁd (D) B5(e) 5 ELE
(FEEREEYS) (FEEAREES) (BE ALY

o B AR AR B AT, IR 1 A 55 1) H AR
RS, BRI BT P A S SR B Yk A
Tobr%E B AR A0 o0 A, DASEIEE R B ARIs 14
()73 AT X 55

B, AN W28 53 A EAT SR 22 s Bt |
g%, SLIRZERRE, SRITHUIZAEEL, 2900
PO o> BURE B3R TE T 4.7% . X Ui 1 2 il
ZrAee e IRMIE R MGG G i EOT R E T
B GMVE R 2 T GTVEHGSST S, M T AT
/NGRS, B) B 2 A 25 1) DA RV SURFAIE ) 29 AT 22
S, BEMA 202 3] LIk = 2B A3k A AR R,
Rl AR ) 22 AN TR B RE I 8 0% B I 1 b 3 18 %
RV LA TE SURHE -

3) UDAMAN-MF [FJi8 Lo S0 50 R

JE 38, GTAS 2| H #r8 Cityscapes S35 H & M. 1)
Iy BIMSERCR WK S Fros. IWEL S aTRIL, B,
HE 5ttt B 5(e)fiRs G R KRR, N
MUER 3 JZ 25 K I 28 4 R B B 2 L R AIE . 2
T B 2 (W) 45 A AR IE DL S B IS B 2 LA TR
BRHERIRE ST R, 5B S(e)Mtl, B 5(dxt %
SCBRE ST, AT AIE BE X B2 ST RS it B R
2] B 7050 0 55 B bR &8 3 RRAE 2 A YRR
715 Fda, S S(AME, B Se) R R E 0 5%
(15> EAC BRSERE 4, AT UE A 2 X B2 S
A TR HE AT AU AT GE . 25 18] DA B S5 = RRRE
o3 A 7 5 I e

4) UDAMAN-MF 5t 75 i i fa o % b

(2) EAEARZE

(UDAMAN-MF) kR IR

5 J5IR GTAS 2 HArK Cityscapes 4Tk 38 N 7 #5250 R
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il UDAMAN-MF (¥ e, {30 T ph
TR AR B VAR ) 3 A Bl A £ PEAG
JIT R W0 28 0 e P B R RE ), 3 R S 40l el
1§+1) Cityscapes S il 248 £ A A [FHRBNRIEZ e (5
529 0.1,0.25 1 0.5) 1% 75 %1 X PSPNet (pyramid
scene parsing network) =R, JEiR GTAS | H
Frig Cityscapes (IHTSERE IR 3 Fiow, Mo,
mloU F/n 3N H & P 1958 3F EE, mIoU*
FORTFIR G ERFAS IR, mloU drop
Fx mloU . mloU*H) FR#{E, % mloU s H
mloU drop B, U3 B 00 45 F AR g Bk i o

% 3 RIS GTAS ZE|B#xiH Cityscapes I T8EN

J7i € PBEHIZ mloU  mloUdrop  mloU*
BDL!™! — 36.2% 12.3% 48.5%
ppL"! — 41.6% 11.7% 53.3%

ProCAP" 0.1 — 39.9% 16.4% 56.3%
ASSUDAPY v 43.3% 0.6% 43.9%
UDAMAN-MF — 52.0% 10.2% 62.2%
BDL!" — 19.9% 28.6% 48.5%
DPL!™! — 26.4% 26.9% 53.3%
ProCAP% 0.25 — 25.1% 31.2% 56.3%
ASSUDAPY v 39.0% 4.9% 43.9%
UDAMAN-MF — 37.7% 24.5% 62.2%
BDL!™! — 6.5% 42.0% 48.5%
ppL!"! — 12.4% 40.9% 53.3%
ProCAP" 0.5 — 11.6% 44.7% 56.3%
ASSUDAP? v 27.4% 16.5% 43.9%
UDAMAN-MF — 23.6% 38.6% 62.2%

MR 3 kB, B, SERAPIEERIZ
[ 7 VA E, UDAMAN-MF AMYAE 3 43t 30 5 i
£ E1 mloU ¥&AR, 1M H mloU drop 351K,
UL P g W 2% B R AR v, IR B 4
THT 93 /N ST T Pl 2 A0 o 2 1) DA B S5 =R
TIE (R 43 Al 22 7 RE B8 A 25O B e A5 S B I B, 3
117 2R AT M8 75 00 ) %of T A2 i 22 15 245 VR 5 PRP AIE T R 1)
Sy B, BB IZRY ASSUDA (adversarial
self-supervision unsupervised domain adaptation) [
2, BARFTRIM AT 3 HEE4E B mloU 11T
B i ASSUDA, {HJ& mloU drop #1355 T
ASSUDA, XUt b2 Ifa{d b T ASSUDA,

5 B0 1 AN BRI 5 R TE T S B30 2 B IR R K
S REIE A 22 57, AT A I B 235 AR A (1) 3 )
ABERIN,

2.3.2 SYNTHIA %| Cityscapes #4713 & i& &

J538 SYNTHIA 2| HArI Cityscapes F7) FIF5EE
Wi 4 ivr, mloU N ESEERTEANARME. TEAHAE
2% 13 R4 EE N H , UDAMAN-MF 76 844 E 4y
IS 63.1%I-THF 66.9%; [FINF, 7EAHFZ 16 Ff
AR IE RN, UDAMAN-MF 7E sk F i BASAe
[FIPEEIAE B 58.8%

% 4 R SYNTHIA 2| B 453 Cityscapes B 53 BIHEE

Jiid WETTi% mloU(13) mloU*(16)
BDL!"! AST 51.4% —
LDR™ AST 53.1% —
ppL!'Y AST 54.2% 47.0%

TPLD!"" AS 55.7% 48.1%
ISR ST 57.1% 49.0%
ProCAP” S 59.6% 53.0%
UCDAP! ST 63.1% 56.5%
UDAMAN-MF AS 66.9% 58.8%

B, XFThE R L& AT4285], UDAMAN-
MF 7 EUR A AR, W& 6 fin. XFEHT
IR IR AR AN i, TR AT R T
It4h, HFJEEL SYNTHIA A1 H #58 Cityscapes [A]
TELEBUR AL AR 22 57 (OGO iA Lr 3,
MTTE—E R EE b gm0 i A 22 Rehiilr o
R, JE2: TARMAE Z gon i e 2 h ol N2 9 E1B
RS LT, DTS B PR B XU 22 S e R AR
G AT FE IR o

(@ BAp (b)) UDAMAN-MF (o) %% (d) BEARE
H B

El6 Vsid SYNTHIA | H kg Cityscapes g [ & R ) 43 FIRL 5L RBOR
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2.3.3 SUN-RGBD %| NYUD-v2 #4473% B i& i

o SRl G R O C S U i P N o
SUN-RGBD #I| H b1 NYUD-v2 5 A 37 5H3E AT 4Tk
HIGMNE 2], rEREEWER S Fon, BREFR. F
PIHERf R DL ST 58 H A BRE FE VRN b . B
SRMFRA RN 218 37 T, (SR AR M ZRE_EIR PN AR
He EA B Bt EST, H PAL MA Al mloU 4354
84.9%- 74.6%H1 59.7%, B UHTSeHt A RS
F R 3 BUFARHE S AIHET T 3.6%-4.9%14.5%.
J5d SUN-RGBD #I| H bRl NYUD-v2 4] H 1& R
S ERLE ORI 7 Froc. MW7 AT ULEH, Friem
LEAMN REMSHERA I 422 SR 2R ] (Ui, M
PR Y RARICHREE), T HL ] DA EE AR H AT FLIR
BRI AR FAANEE) . FTEEML /e = 37540
B E BB S R B H D A LT 3 RS
FAIVE: L4381 2 A F- ot B WG B 2 ST B 2 95t
315, T REEAE H ARSI 5o o A st A0t
GABEANZS S BILE A E SURFE

%% 5 iRiZ SUN-RGBD ZIH#5E NYUD-v2 B9 EIFEE

WaRvS WNZRT % PA MA mloU
utAl® AS 71.4% 57.8% 43.6%
BDL!" AST 74.2% 61.0% 46.3%
ppL! AST 77.5% 63.2% 49.8%
SAC®! S 79.6% 66.1% 52.7%

ProCAEY S 81.3% 69.7% 55.2%
UDAMAN-MF AS 84.9% 74.6% 59.7%

(a) BARHE
B

7 Y53k SUN-RGBD 2| H Fr1 NYUD-v2 45k (538 1 (14 43 B0 5 4R

(b) UDAMAN-MF (c) IR%E

(d) FHEAREE

3 HRIB

ARSI 1] T 73 F% 2 T 2 AR AE A

Iy

W B AR 3 N 2 2 PR U B4 . w5, AT
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