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Domain adaptation for semantic segmentation
based on adaption learning rate

Zhang Guimei', Pan Guofeng', Liu Jianxin®
1. Institute of Computer Vision, Nanchang Hangkong University, Nanchang 330063, China;
2. School of Mechanical Engineering, Xihua University, Chengdu 610039, China

Abstract: Objective Semantic segmentation is a core computer vision task where one aims to densely assign labels to each
pixel in the input image, such as person, car, road, pole, traffic light, or tree. Convolutional neural network-based
approaches achieve state-of-the-art performance on various semantic segmentation tasks with applications for autonomous
driving, image editing, and video monitoring. Despite such progress, these models often rely on massive amounts of pixel-
level labels. However, for a real urban scene task, large amounts of labeled data are unavailable because of the high labor

of annotating segmentation ground truth. When the labeled dataset is difficult to obtain, adversarial-training-based methods
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are preferred. These methods seek to adapt by confusing the domain discriminator with domain alignment standalone from
task-specific learning under a separate loss. Another challenge is that a large difference exists between source data and tar-
get data in real scenarios. For instance, the distribution of appearance for objects and scenes may vary in different places,
and even weather and lighting conditions can change significantly at the same place. In particular, such differences are

4

often called as “domain gaps” and could cause significantly decreased performance. Unsupervised domain adaptation seeks
to overcome such problems without target domain labels. Domain adaption aims to bridge the source and target domains by
learning domain-invariant feature representations without using target labels. Such efforts have been made by using a deep
learning network like AdaptSegNet, which has gained good results in the semantic segmentation of urban scenes. However,
the network is trained directly using the synthetic dataset GTAS and the real urban scene dataset Cityscapes, which exhibit
a domain gap in gray, structure, and edge information. The fixed learning rate is employed in the model during the adver-
sarial learning of different feature layers. In sum, segmentation accuracy needs to be improved. Method To handle these
problems, a new domain adaptation method is proposed for urban scene semantic segmentation. To reduce the domain gap
between source and target datasets, knowledge transfer or domain adaption is proposed to close the gap between source and
target domains. This work is based on adversarial learning. First, the semantic-aware grad-generative adversarial network
(GAN) (SG-GAN) is introduced to pre-process the synthetic dataset of GTAS. As a result, a new dataset SG-GTAS5 is
generated, which brings the newly dataset SG-GTAS considerably closer to the urban scene dataset Cityscapes in gray,
structure, and edge information. It is also suitable to substitute the original dataset GTAS in AdaptSegNet. Second, the
newly dataset SG-GTAS is used as input of our network. To further enhance the adapted model and handle the fixed learning
rate of AdaptSegNet, a multi-level adversarial network is constructed to effectively perform output space domain adaptation
at different feature levels. Third, an adaptive learning rate is introduced in different feature levels of the network. Fourth,
the loss value of different levels is adjusted by the proposed adaptive learning rate. Thus, the network’ s parameters can be
updated dynamically. Fifth, a new convolution layer is added into the discriminator of GAN. As a result, the discriminant
ability of the network is enhanced. For the discriminator, we use an architecture that uses fully convolutional layers to
replace all fully connected layers to retain the spatial information. This architecture is composed of six convolution layers
with 4 x4 kernel and a stride of 2 for the first four kernels, a stride of 1 for the fifth kernel and channel numbers of 64,
128, 256, 512, 1 024, and 1, respectively. Except for the last layer, each convolution layer is followed by a leaky ReLLU
parameterized by 0. 2. An up-sampling layer is added to the last convolution layer for re-scaling the output to the input size.
No batch-normalization layers are used because we jointly train the discriminator with the segmentation network using a
small batch size. For the segmentation network, it is essential to build upon a good baseline model to achieve high-quality
segmentation results. We adopt the DeepLab-v2 framework with ResNet-101 model pre-trained on ImageNet as our segmen-
tation baseline network. Similar to the recent work on semantic segmentation, we remove the last classification layer and
modify the stride of the last two convolution layers from 2 to 1, making the resolution of the output feature maps effectively
1/8 times the input image size. To enlarge the receptive field, we apply dilated convolution layers in conv4 and convS lay-
ers with a stride of 2 and 4, respectively. After the last layer, we use the atrous spatial pyramid pooling ( ASPP) as the
final classifier. Finally, the batch normalization (BN) layers are removed because the discriminator network is trained with
small batch generator network. Furthermore, we implement our network using the PyTorch toolbox on a single GTX1080Ti
GPU with 11 GB memory. Result The new model is verified using the Cityscapes dataset. Experimental results demonstrate
that the presented model is capable of segmenting more complex targets in the urban traffic scene precisely. The model also
performs well against existing state-of-the-art segmentation model in terms of accuracy and visual quality. The segmentation
accuracy of sidewalk, wall, pole, car and sky are improved by 9. 6% , 5.9% , 4.9% , 5.5% , and 4. 8% , respectively.

Conclusion The effectiveness of the proposed model is validated by using the real urban scene Cityscapes. The segmenta-
tion precision is improved through the presented dataset preprocessing scheme on the synthetic dataset of GTAS by using the
SG-GAN model, which makes the newly dataset SG-GTAS much closer to the urban scene dataset Cityscapes on gray,
structure, and edge information. The presented data preprocessing method also reduces the adversarial loss value effectively
and avoids gradient explosion during the back propagation process. The network ’ s learning capability is also further

strengthened and the model’ s segmentation precision is improved through the presented adaptive learning rate, which is

© b [H F G KR AR
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used for different adversarial layers to adjust the loss value of each layer. The learning rate can also update network parame-

ters dynamically and optimize the performance of the generator and discriminator network. Finally, the discrimination capa-

bility of the proposed model is further improved by adding a new convolution layer in the discriminator, which enables the

model to learn high layer semantic information. The domain shift is also alleviated to some extent.

Key words: urban scene; semantic segmentation; generative adversarial network ( GAN); domain adaptation; adapt

learning rate
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[A] &, Chen 55 A (2018 ) 42t} T DeepLab Z 41 % 2% 45
HA) BEXT R RAE S S A Z3 PR e ), 22 4 SR I3
I B R AR R A5 TR B AN 1, S 7R
G H B Je I S BRI LA it 8 701 25
oL .

Deeplab-v2 7F Deeplab-vl [t Fgrie 725
T 28 8] 4 73 4k (atrous spatial pyramid poo-
ling, ASPP) , 5% FHAN [ %) 25 1) 0 R B BT RE & o
ASPP ¢ FIA ) 1) 28 1] B AR T AT RAE , BRRER A
ML RS e — 2, AT DUSR T4 I BE 5 R XA
] RO RN M ARATI REAG 1 73 1. HAUK, DeepLab-v2
i A T A5 B 8 AR TR B 5 BARR 2 W 2%, 1R 2
HER RS AR 15 2 B A TERE .

2 ARXEE

2.1 AXHEBEIER

ASCHRINER AN 1 iR . i ACK B TR &
B I ik A A R 1, & 5k R B I
ATH ) T15E, A 43 F P26 15 B RRAE Y, F3FF DR
A AR S G5 9K AR A5 2 Y X 2% T H A
BUR I, 15380 0 B S R R 25 ] Yoo S T R EMS
MAFHE Y F1H A5 B AR Yo #2200, [T Y F
Y, VERHGIES D By DL B ARk B TR SE
S HARE W H AR XA O AR A
FEI D I Iaf&4E3) 6 30k 5 6 i HAniiny B4
O3 WG FAE TR 3 a5 R, B, Ty FoR ik
BRI ground truth (BRI , L, s HIH0 & 4 1)
FIRIIR o Lo, 275 F00 85 28 X BT i 2%, L, &
NI ground truth 5573 T P& ) 58 SRR
2.2 E-T SG-GAN FiRig £ #5 & 1T K& Fr e

Chen Z¢ A (2017 ) $2 5 (9 56 T3 3 38 L 1) X478

——{ e () (Heeons)

/*‘ S S
/o / /o /o
2% }
I , 1l
€200 Y, v )
AN / ;
Lseg p
: =y N
A
Ladv
LD
(k)

Bl1 ARSCRRINESY
Fig.1 Framework of proposed model

P SRR v B A R 5 i) M UK B GTAS
VRS IR (EL2 by U508 T A5 R H Al
IR Z IRIAE KB ZE A4 A5 200 14 1 2 I8, 550 T
PAFAERR 10 22 57, AT 5 S B TR RS PR g
BRI, R Li 48 A (2018) B SG-GAN J5 5%
HEAEE S GTAS HEAT WU FE 45, 15 2155 (1 i s 46
SG-GTAS , Bt e O RFAE IR BE 45 A8 1 30 2% 55
S5 H bR S0 SR R BN, I FB Y SG-
GTAS %t ¥ £ fU 4 AdaptSegNet 1 /Y R 24 45
4 GTA5,

GTAS Ky dhs: 4 AR 405 395 A2 WL A A0 931 1 XK il 47 i
J, AL 24 966 iF LA T AT 45, A 2% L A ot P& 5%
PEAT R RAERF 2 S 000 WE 115, K FLAR g 9 28 454
TR IRIRAAIR SR , Cityscapes HE EHRAE g H AR 8AK
Yo B U 6 A H AR AR 2 S A 2 SG-GAN
FIRSHUUIGR , freJa 7 D0 T ) XURS e A T o P
GTAS Bfn B (9 Ay {5 A A B U R 19 5 4 ik
UL SNIECEIRSRER T80 %4 €118 W/ LR BUAEE 3
SFE B AR IR BB B 5, PR Z 0 SG-GTAS
Bl tk . JFH SG-GTAS fURFJ5tin 1) GTAS Hds £k
AR I 28 A5 8 8 el A dl 4 3 2ok 3 b 7 vk 1
I H AR 22 5945 B4 R0/l , DT s 7 19 265 15
RULE B ) Zhid R o ) BB BE IR AE

N T Bk RS B e 5 0k A R, A3
o3 GTAS Fh i {5 SG-GTAS iy {5 15 K 52
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Y5t Cityscapes H (1 ERBEATARLRE U, R AL
SR RE R AR UL RE AT 0 A R e A, b
A B3 0 59 T 205 A4 AR ABL P 2 4 (structural similarity
index, SSIM) A L5 [ 70 A K ¥y . SSIM 73531
MEESE X HURE A543 A T5 ThT R B AR LT, X
{EYEREY [0, 1] fEBOR, Fon i A PR GO Bl

CIE

S

(a) GTAS

(b) SG-GTAS

AEAZ 4 T P 1 PEL AR (9 B AR B2
ARFHT BN T 3 AR, WE 2 s, A
B2 nf LA, S5 2 (a) AHEL, 18T 2 (b) BT8R
7 SRR AR K AR ML S o A 1 5
P2 (c) BRGSO e ROCR 2 I L e Jm 1T Xt
AEIKBE A5 A 10 2 545 5 H AR IR Cityscapes
LVEIRE ST ST

-

(c) Cityscapes

B2 ML sOR
Fig.2 Visual effect comparsion( (a) GTAS; (b) SG-GTAS; (c) Cityscapes)

SRy itk B R BT AR B B 48 Ty 1 A AR E
TR, LA RNz 1 R, R1 P S, TR
PRAEUEGE GTAS 5 BB di 4k Cityscapes B FH UL
JERE S, R R SG-GAN J5 kA iU B B s 4
HLHHEAE Cityscapes IAAIMEEE &2, B S, .S, 7
MERE2(a) 5B 2(c) E2(b) 5K 2(c) MLE
JEi, MR 1 AT DU BN T RS T, AR SCE
4 SG-GTAS 5 H S 4 95 £ Cityscapes Z [H] Y
SSIM, LR IR £ GATS 5 Cityscapes Z [R] 1) SSIM
PEE T 0.257 2, BUE T AN A SSIM B 433 2 e T
0.4326.,0.384 9 T By [ L, X T4 K%

I IOA, A G s 5 SG-GTAS 5 1S4
45 Cityscapes Z [H] () 2 (0 B 7 KA LA T GTAS 5
Cityscapes Z[A] (0, 57 W73 4 s 1 0. 271 7

0.357 9.0.498 4, [H e 5 SL 25 Wik — 20 R,
ASCAT B BT B s 4 SG-GTAS 5 H. 524 5t City-
scapes Z [A] A ALLEE 22 K TR 44 48 GTAS 5 City-
scapes [FJFH1LLE o

£1 AMELE

Table 1 Simialrity comparsion

S MIHEMEEE SSIM gt 5y
: S,. 0.098 0 0.260 0
S,.. 0.3552 0.5317
. 0.1358 0.254 6
S,.. 0.568 4 0.612 5
. S,. 0.079 8 0.148 7
S,.. 0.464 7 0.647 1

T LT AR R PR AR LB e DAL
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2.3 MZRBILE

P&t PRSI AL 5 P W28, il DAy A il R 2%
G FH B ER ML D, .

XF T A A P 2%, SR 5 AdaptSegNet 25 B #Y
HEZE, B 1] DeepLab-v2 HEZRAE Jy 73 %) W 4% B
S5, il )a — AR PR Deeplab-v2 i 5
PN GRUZRA KN 2 Bl 1, RNy 79 Rk
B O IHESE 4 BRUZFE 5 BRUZ RS THER,
HA RO I 2 F 4, ] ASPP SRR bR 4
BUWE RN & oy K. o, RAI— FRAER
Softmax A VT ECH A BUR IR N F38k, H TN
b St 1) A= At D00 265 U1 0 1) e P 2%, ASOAS SCAS A8
F BN ( batch normalization) JZ .

XTI S T A IR B S EE R R
MeEtGRERB RSN 2EEZ, AFET Adapt-
SegNet H1 I il 25 W 2% 3 il 5 ADNE B AL, A
SCH R A 6 A BRUZE R S MBI R
Ny 4 x4 (BRT 4 DETUZERK N 2,5 5 M6
BUZREK R 1, 6 4B A2 1 i 8 00 1 o (64,
128,256,512,1 024,1), §j 5 N EHE G iE R
1A BRI Leaky RellU, 5 SCH

x;, %, =0
Yi =
ax;

Kb, o R(0,1) ZMIRY IR SR, 20d S o =
0.2,
2.4 EZMHERMIEBEM
AdaptSegNet 75 [ 28 15 B f) A [7) FEAIE JZ= BE AT X
Pillgrar >, [RIHFEAS [ AR AR 2 (9 27 > oA T 2
2~ 38, 2B b, BEAE 28 2R U R B, X T
I gy 4 (R RAAE S T AN TR AR 5 X i)
S b el e U E PR VAR 2 5k PR b A DN
WIZERETRIES 4 JZ A5 S TR XHTIZR b, XA B 3E
JOLFR 27 ) R A] LSS A BE AR 4 FRAEZ IS S AL
JEXTHTYINZRIN 45 2% 8, M T 3 285 3 B 5 ) 245 A 7
XA SR 4 R B2, 56 4.5 TR IR Ok

x; <0

1
L(ISaIT) = [(1 _Ci) z)‘;egL:eg<Is> +C;:| +
i=0

; b,L,, (1) (2)
A, L, R UERERAE T B bR TE 515 2 1 4 B

IR SR | Lo, SERPURK , ¢, S5 4.5 $F
MEJZPO R AG~E 2] 5 0 =0 i = 1 73R 1 25 Y
A5 R, e BIESH

cizk-(l—L)p (3)

n
Akt ARIERAHL, 5 0 ) YN, &
BHAE D BT ARk = 2 x 107
p RFIE SO SRIRIp = 0.9 5 (2)
10 b, AP L, 12 BRI 0954 /2 56 5
BRI 3% AR

K1-4L) =0
b; = o) (4)
50k 1 _%),, =1

FET 2 (2) DAk AR BT R0 4 A5 1Y 1) 5 R e/
j, Bp
max n}}inL(IS,IT) (5)
A s IS IR E RS < 1) (A0 I3 38 15 1Y
Sy ERR REGR B /s 2) AR B AR 2 E)
SR RE R IR F A
531 45 0 4 R A 2K BRI
BP) = (1) - [= 5 (= )log(D(P) ) +
Aog(D(P) ™) ] + b, (6)
A, PR AR AR W 46 1 RRAE L, Ry 5335
TR R IEE R S Y, 2 =0 R AKH T
PRI EESE 2 = 1 Ron i Ak B T H bR 8o 2
b, TN EHARF R VIR X 1 )27 2] R
53] s L 2 A AR o B Bk A TR
Bk g H AR
2.5 M&illZk
FF A B A BRI 0 R AU S AR R T Y
HA B SV ZRA SO 8 R, 1 26, K A bR
A R AR 2 5 A3 01 R0 28 15 B 201593 P, OF
HA(2) Y L, RO 73 B 2%, R R AR T
1 H bR a0 B S A B 0 B R0 2575 BIHERA59) Py
SRIEHE Ps F Py B ASHDN & 2%, I i = (6) Hh
149 Ly A AL 530 X 28, AR T 40 330 19X 86 19 68 590 77 o
e, He EARISCIIOI -0 i A 304051 9 28 75 2 6T
PR L, , S0 A G 28 A A e 0 45
FAN, K BEHLER FE T [ (stochastic gradient
descent, SGD) i Ak A= Jilia I 45, R FH B & )i Adam
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TR AR ML
3 XWRERDH

SR ITREE % > FHESL N PyTorch 0. 3. 1. post2,
PR RN AR PyTorch 58 AL

AAEB I i 5 Cityscapes FXF 42 H Y
BOARHEAT Bk, 2R H1°F- 3 28 9 LU (mean intersection
over union, mloU) fENPEREMIA R PEATHE R

T B IR B AR A R, B Cityscapes
B R4 Y 500 M AR AR B A R A T AR Y 56
WEBHESE , SG-GTAS vy [y G S AR A by T el 8
i , Cityscapes Y BIR (Nl FHAR AR B 1E 0
HPREEHE S . A SCEEI WA I #4172 1) 43 5
Sy BT IR IR B R B N 2 2 A )
D 28 3 11— 2465 )2 XoF A4S S 1) ) 4 A T ) 5 il

2) B4 Hh AR 5 20 BT o B A R AT
F#s

SR 1 O BRSO 3 AUk RO 2 EI R
BRI, R T4 AL AR P 28 B A TR IE
BARGR 1) SO A SCIR B SG-GTAS AU IR
4 GTAS , HoAt A ORAF AL, I ZRAE B 23 b7 Ho o3
AR A SO AR SG-AdptSeg;2) (UK H H iE
PEAEST PR T, HAB PR AN S YRR T o3 B H )
GER AR SCRE AR L-AdaptSeg ;3 ) {FEF 51 X 2% fi
Ja—ZBMERUZ , HALRFF A YN ZRAR T 247
Hor BNEER A SO PR One-AdaptSeg;4) £33 L
i 3 A, BIVRAE B B OB A 21 1) SG-GTAS |
>R 1T L N A5 PR DA B ) ) ) 4% e I — 2 TS
1x 1 BERUZ , I GRB I 500 Hr 20 BIOR , A 308
H45 5 5 L-SG-One-AdaptSeg, 7 5 AdaptSegNet 1]
TIEAT TR . e 2 fis o

R2 ATRKRBHSEERILR

Table 2 Segmentation results comparsion of different strategies

/%

#51 (A ijitsfegif; L-AdaptSeg SG-AdptSeg One-AdaptSeg L'SG'?;EQC;aptseg
(Chen %, 2017)
Road 86. 5 87.4 87.8 88.2 88. 4
Sidewalk 36.0 39.9 45.5 35.7 46.6
Building 79.9 80. 1 80. 6 81.6 82.6
Wall 23.4 28.1 28.4 26.5 29.3
Fence 23.1 17. 4 19.3 18.2 23.3
Pole 23.9 26.6 29.6 30.4 30.7
Light 35.2 36. 1 34.5 34.3 36.2
Sign 14.8 15.3 15.2 13. 4 15.4
ijeta' 83.4 83.4 83.8 83.6 83.8
Terrain 33.3 33.5 33.5 33.3 33.6
Sky 75.6 79.5 79.0 80.6 80.7
Person 58.5 51.4 48.2 55.0 s5.1
Rider 27.6 26. 1 24.8 27.6 27.8
Car 73.7 81.2 73.9 81.4 81.8
Truck 32.5 33.5 31.2 26.9 33.8
Bus 35.4 30.0 311 31.2 31.4
Train 3.9 3.3 2.4 3.2 3.8
Mbike 30.1 26.8 26.2 26.8 26.9
Bike 28.1 16.2 5.6 5.4 8.9
mloU 4.4 43.0 4.3 41.97 43.2

T L AR R T e U fE
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2 GAt ARSI 3 TS 4> B A5 R, DL
Chen 4§ A (2017) J5 1% 3 T2 Z 2 /) multi-level
Moy EI A0 . TR A SCRBITESS 5 1 3 ik
HESEE J5 ) 0 FNG BE LU A ot SR s XA 4 v, O
HRZHESEH 1 5> HIKE FZ 1 e AdaptSegNet £ %K
PRI FE 52 F B H AR, W1 Road | Sidewalk |
Building ,wall ,Pole , Vegetation , Terrain , Sky , Bus $& T}
B2, XERAARICKM T SG-GAN Xf GTAS

Road Sidewalk Wall
Rider

Building

Fence

Person Car

Pole

Truck

A7 TR Aot 4/ 1 IR 3RS A AR ] 1Y
ZEST X AEAFS PR IALTT 2N A AT, i 1
Oy E TR s FEE R 5B T AT T i
TREMS A 3 10 I BE AN R RR AR 2 A4 38 SR AL, 2 1T 3
BHHAESE BEAN, A SCHEXT BT R 25 1 2531 2
I T — 2 ERUZRAR m 25 1 RE T

TEPERILSE > FIRCRANEL 3 s e 20 il A
[F] B €5 7 7t Cityscapes H1 19 A AN ) 19 28 51, 4n
Bike

Vegetation

Train Motoreycle

(a) FIN KR

(b) bR

(c) SG-AdaptSegNet

(d) L-AdaptSegNet

(e) One-AaptSegNet

() L-SG-One-AdaptSegNet(4~ )
[ 3 ANTm] S 73 BIRCR
Fig.3 Segmentation results of different strategies ( (a) input images; (b) ground truth;
(¢) SG-AdaptSegNet; (d) L-AdaptSegNet; (e) One-AaptSegNet; (f) L-SG-One-AdaptSegNet( ours) )
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Kl 3(a) fim.

P 3 (a) PEEERY B AEA g 3 i 57 b B 58 X
% 10, L-AdaptSegNet 5 SG-AdaptSegNet #B¥% Side-
walk 7% H—F 41, One-AdaptSegNet 7E VX Z- 5 HL 2k
FFAb B4 Sidewalk 43 %] F 4%, 1 L-SG-One-AdaptSeg-
Net #f Sidewalk A< b 58 % (1% 73 ok 5 8 3 (b) ik
PERY UG AS Sy 8 538 5 vh 9 321 S8l B 1
., L-AdaptSegNet 5 Sidewalk %5 4311443 ¥ H3 S {H A7
TE Gt 2%, SG-AdaptSegNet F{I One-AdaptSegNet 7E
Sidewalk S HIZERA BT 15 car 216 B 5
S ERORASHAE 1M L-SG-One-AdaptSegNet ¥4 side-
walk B9 73 R B 3 (o) A 3 (d) Ry 1A
PEREAS Sy T 22 8 3 5 b B - T 2 T8 TE R R
L-AdaptSegNet¥s Sidewalk 43 E H} 5 {H 77 76 ™ 2 Gkt
2% ,SG-AdaptSegNet F11 One-AdaptSegNet 7E road /3%

SR T 5 pole 1y AN YL T B HIRURA
AR T L-SG-One-AdaptSegNet #% Sidewalk 5 Road
B oy E ok . S 45 R K W L-AdaptSegNet
R i b 22 fift 2 1] J& ¢, SG-AdaptSegNet FI One-
AdaptSegNet BE % 8¢ 4 b $72 JUm) ¥ 5 &, Tl L-SG-
One-AdaptSegNet 4 Wi & (0SB 0F M HEAT 45 5 L o)
FIRCR AR B A BT

FH 2 R TP IR A SO A S
I3 KA SCRERY 55 H i LR S 0 0918 SO B A
7 ( Hoffman 2% A (2016) . Zhang 28 A (2017 ) . Hoff-
man Z& A (2017 ). Chen £ A (2017 ). Luo ¢ A
(2019) ) #4T T XF k., Hoffman %5 A (2017) # Chen
SN (2017 ) PR I7 VL1 00 0 OB T e TRME R S
BRI B &N ROR € BRI A RN 3 B
TN o T3 AN B A ST RLAS B 1 43 ) ] 5 Chen

R3 J[MABEENDRIBET L

Fig.3 Segmentation accuracy comparsion of different methods

/%
e cpa  GYCADA , AdaptSegNet AdaptSegNet  CLAN
LTI 1 VU g 45, Eﬁiﬁﬁz <§§§iff§1§811)7> (feature) (multi-level)  (Luo %, &3¢
% 2016) 2017) % 2017) ’ (Chen %%, 2017) (Chen %, 2017)  2019)

Sidewalk 32.4 22.0 30.7 38.3 27.6 36.0 27.1 45.6
Road 70. 4 74.9 85.6 83.5 83.7 86.5 87.0 88.4
Building 62.1 71. 1 74.7 76. 4 75.5 79.9 79.6 82.6
Pole 10.9 8.4 17.6 22.2 27.4 23.9 28.3 30.4
Wall 14.9 6.0 14.4 20.6 20.3 23.4 27.3 29.3
Sky 64.6 66. 5 69.9 65.7 70. 1 75.6 74.2 80.7
Car 70.4 55.2 72.3 74.6 72.9 73.7 76.2 81.8
Fence 5.4 11.9 13.0 16.5 19.9 23.3 23.3 23.1
Sign 2.7 11.1 5.8 21.9 27.4 14. 8 24.2 15.4
Light 14.2 16.3 13.7 26.2 28.3 35.2 35.5 36.2
Veg 79.2 75.7 74.6 80. 4 79.0 83.4 83.6 83.8
Terrain 21.3 13.3 15.8 28.7 28.4 33.3 27.4 33.6
Rider 4.2 9.3 3.5 4.2 20.2 27.6 28.0 27.8
Truck 8.0 18.8 16.0 16.0 22.5 32.5 33.1 33.8
Person 44. 1 38.0 38.2 49. 4 55.1 58.5 58.6 55.1
Train 0.0 0.0 0.1 2.0 8.3 3.9 6.7 3.8
Bike 0.0 14.6 0.0 0.0 23.0 28. 1 31.4 8.9
Bus 7.3 18.9 5.0 26.6 35.7 35.4 36.7 31.4
Mbike 3.5 16.8 3.6 8.0 20.6 30. 1 31.9 26.9
mloU 27.1 28.9 29.2 34.8 39.3 42. 4 43.2 43.2
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SEN (2017 ) 153 1) o3 FN 25 SR HEAT T LB XT E
WE 4 fin, FEE 4 b, AR TR G 36 3R 3 5
19 AT AR, AIE 4 ] LUR B, A8 SCRL R
B EIVERE G o K 2 T b 40 A AE BB S %)
I, N 4 551 A7, B AR X Sidewalk | Road
Terrain 5525 7] 19 43 51 #5062 30 I X5 B 1) ground
truth; WAL 4 575 2 17, 48 H (B AL X Sidewalk | Road
1 Building #8538 5 HERf , JLIIEZE A1 Building

XK EISOR T W3, 18 4 5 3 4755 4 AT M
%547, B H B AU X Sidewalk |, Road | Pole /43 %]
BORATIER H AdaptSegNet B, X S& KA AdaptSeg-
Net 7 &350 1Y 73 F rh 52 3] Terrain 250 1 T 405
RGA S T 3 BIRCRSETHRY T 2R AT, R
FH T 520 238 A 35 0 77 AT DBl S RN R RRAE J2 1)
PR BRI, 75 A0, AR SCR AT SG-GAN J7ik & A H
PRI 1) PRSI 2 FE T IR Y

(a) FINIEG

(b) bR

(c) AdaptSegNet (d) AL

K4 43R SEaeR
Fig.4 Segmentation results ( (a) input images; (b) ground truth; (c¢) AdaptSegNet; (d) ours))

MFE 3 T LI Y, 4 A B R H R ) 23
K BEHLTHECAT, 1 Sidewalk Road |, Building 25 43 #kg
JEHABEF R 32 TE, 15 Chen 55 A (2017) 143 HI 4
T AdaptSegNet LA, $2 1A R 0) 3L 78 2 551 74 7 1
KEEAAE — E W T, Un Sidewalk , Road , Building .
Pole Wall Sky il Car X $625 5I| - % 43 #IK B 43 5]

BET9.6% .1.9% 2.7% .6.5% .5.9% .5.1% Fl
8. 19% 3 {HXFF/INHAR AN Sign, Truck &5, HArFRCR
PemBUN e TR ATIH T — 7 I, AR SCHE BUET
AR AR SG-GTAS TR K (45K A1 4 %5 {5 8
WARS H bR R 4 Cityscapes BRI, 45/ T
RIE S P T A Y 1 o R RIOR ; 53— 05 1T, AR
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SCH TE R A R R AR JZ (4 45 2% eR A, Dk T
ZRVERE, B 9E T RIAS RS2 T BEST i — B4R T TR
IYFEICR o BEA, 4 H ST A S5 2 90 2% 1) B i B
T — A BRYUZ B0 0 45 19 40 591 RE 145 2134
5o (ELE F T AR 300 4 A5 R 1 ) S i SR 2 BT L A
R, BN TR EHE LI A5 85 25, #H0
BTG SG-GTAS Blla R % /N BRI 40 5 15
B0 0 AAT AR ANEEAT 45 i LAAS SO R S R 2
YIRS 73 FICRA B o
4 & it

ARSCHR T — MR B4 2 T8 38 LAY T
AL I8 7 5% 1 SCo3 B B XS AR L 48 R, — T
T, A 1 /NSO 3 B A H AR SR 4R 22 TR] 1 22
5, ARSCH ook Al SG-GAN X HE UK dle 4 GTAS it
7 XM 5 8, Ao 4538 1) AU K030 56 SG-GTAS i /K
LYY Suk SEYSE = RO N ER TR % €1TE S I
AT, FE—RERESE EHLRE 1 1LY 9 2% 78 B 1] | e )
HH S B E R K D, AR T T M 4s R s 5
— 7T, N T 38 R R AR 2 AR AL, Bh
i BEHT R 28 SR8, S SCTE ) 28 A5 8L A AN [ R AIE )2 F
FERSHLINGR2r 2T HomA B3 B B 2 > 3%, Jl i it 7
LA T 28 APERE 35k 1 RI2% =4 2T BE T, I
AREETE TR 73 FIROCR 5 oS 5 2 9 455 114
BB TG RUZ AR GS S A X R Y
1o JE T SCRIEEF 7592

JE IR FERG L — 2 AL I 2% 254, 2% e TR AR
PRI /N H AR R 2450 H AR5 LR
XERLIIARIE o
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