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Review on Semantic Segmentation of Road Scenes

Wang Longfei, Yan Chunman®

School of Physics and Electronic Engineering, Northwest Normal University, Lanzhou, Gansu 730030, China

Abstract Image semantic segmentation is an important research field of computer vision and also one of the key
technologies for scene understanding. In the field of unmanned driving, high-quality semantic segmentation of road
scenes provides a guarantee for the safe driving of autonomous vehicles. First, this paper starts with the definition
of semantic segmentation of road scenes and discusses the current challenges in this field. Second, this paper divides
the semantic segmentation technology into a traditional segmentation technology, a traditional segmentation
technology combined with deep learning and a segmentation technology based on deep learning, focuses on the
semantic segmentation technology based on deep learning, and elaborates it according to three different network
training methods of strong supervision, weak supervision and unsupervison. Then, the datasets and performance
evaluation indicators related to the semantic segmentation of road scenes are summarized and compared, and the
segmentation results using the common image semantic segmentation methods are analyzed. Finally, the challenges
faced by the road scene semantic segmentation technologies and the future development direction are prospected.
Key words machine vision; computer vision; semantic segmentation; convolutional neural network; automatic
driving; data set
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Fig. 1 Development history of image semantic segmentation
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Table 1 Advantage and disadvantage comparison among strongly supervised, weakly supervised and unsupervised

semantic segmentation methods

Type Advantage

Disadvantage

Strongly supervised

densely annotated datasets

Weakly supervised

required to complete training

Unsupervised

dataset and strongly adaptable to unknown

environment

High segmentation accuracy based on

Only image-level annotated dataset

Being independent on manual intensive annotation

Being excessively dependent on dataset marked by
dense set, inability to migrate, and poor

segmentation accuracy for unknown scenes

Large number of datasets needed, long time, and

lower accuracy than that of strong supervision

Being difficult to adapt and no high

segmentation accuracy at present
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Fig. 2 Structural diagram of fully convolutional network™"
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Fig. 3 Semantic segmentation method based on strong supervision
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Fig. 4 Schematic of expansion convolution™”

. (a) Ordinary convolution; (b) expansion convolution with expansion rate of 2;

(¢) expansion convolution with expansion rate of 4
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Wik 5 PR . SegNet Rl VGG-16 M %% . il % M
26 Kt R % A REAE TR 38 ) A B TR AR Y A BT AR
SCEL X R B R R ZEY . B R, B 5T A XA
SegNet W 4 ) L fili I 48 13 T Bayesian SegNet [¥]
26 JE k51 DU ST ) £ R S R L A R T S A
T o J B B A Y W 1) L SR T T

H92:31 669, Noh % T FON it T 45 4
XFFRE DeconvNet [ 2%, 3% W 4% 5 F FCN 5 & &
TR 2% 1 B 4D, i F FON 32 BB AR T R, R I 6
TR 2 4 JBORS 4 341 5, B BE I X AN ] RUBE R /N 18 )
TR SCRE B 4F R W AR B A0 L B T o E LY

convolutional encoder-decoder

pooling indices

[ Conv-+batch normalization+ReLU

[ pooling [l upsampling [ |softmax

=
)

Bl 5 SegNet P45 ) 45 # 75 11

Fig. 5 Structural diagram of SegNet network"”

5% 3 $2 1 T A AR X 2T R A U-Net %%, %
) 4% P13 2 i R A i 235 44 4R A [R] B AH B E G, kS 3
SERANNT KA B VE . R U-Net i X%
AR ST AR AT 14 5 R U RB AR 3 2D IR .
WHoE B4R I T V-Net 45T %8R J& —Fpofs 3D
PRFR A TR 1 22 I 2% 45 4 1 = 4k o Pk i 40 1
B i e T U b V8 s SR AN 2 A Il 8, 5 A 4
FIRRUAH L, R TSR . A TR s i
P B A5 B R IR, Lin 5% F 2017 4R 42
T RefineNet W%, %M 4% % JH Y 2 4 =% 2% % 4
B RE A5 38 [ A &kl A o % 5k AR ek A5 B
T TR JSCRE Xt 3 WA 0% T P AR . 2R A ORI
REAG &l A 5 2 R A RIS 2 R AE L I 32 T 48 S e
S B 25 S e vk i LAk T 2L B AR B R4 A I 2k
RO . TERIR] 3 55 PR 85 oy L 0 R R BB 4K A5 A X
DR 43 IR . W 58 3 AT 5 F S B 0 At i 25 25
L RAWESE T #0105 i B T — R B R
WFFE AR . iz T i SR AF 8 7 3 s 0/ fit A 4% 11
I F S DA T 1 AR R B9 ENet 45 48] L 52 B I 190 2%
TOAR D SHCR F AR H AR .

R T A B R A - A ASE TR 25 4 B 9T AT
T 2Nk 1) AN R S T S A3 B S B R L 451 4
iz ] ENet, LEDNet %8, A7 J 4k 5l 5 i 43 %1 H
PRSI 5 2) X 224> 43 B SRR AE HEAT AT 2Rl B
DUpsamling” " #5 , #] J F 5 2 RAEE: 3) R Wi &
JERAZ P 1) AT R L B o EORS B ) A0 GON AR
B, Oxt 2 RE 2 2R 0E BTk, o 44 sk
P B AR E B BN SDN Kk

3.1.5 AR TIARAY 2 M &6 7 ik

W oy — R BT ROCR R4 iz
Ao A 2O R M 4 W 4% (Recurrent Neural
Network, RNN)UOBEAY 2008 A 32 24 34 2 Bk
TE N E R Z A T g is AT A B 1
Hem@BERE DL R EIEE B NEGES R HE,
He T B Visin S5V 28 408 O ONN J7 3K
(9 )r) FA5 BV RNN 5 23k By 42 Jy S5 AE , [6) I £
SR o FIBL AL B T ReSeg M %%, 2 5] K4
53 #1 4% ReNet (9540, Li % 4& 1 T LSTM-CF
(Long Short-Term Memorized Context Fusion) ¥ 2%
BERD 2 AL BE A S8R T BE R ROl BE A ik
AFFAE . SR P I BB A T LSTM 75 =0,
I Ak 38 R 3G PR 2 R PR A B 2. U,
Liang % 42 1 T Graph-LSTM [ %% . 1% [ 4 4 1%
HOBBRBE NS % AT 80T 50 AR A
TOHIE N R M JE % A BN R B T R 2% Y s
i, N g i 20 J2 1Y M i AT T a5 ifb. %
J&F) FCON 5 4% #:#) CRF £ (FC-CRF) 2 Ja] it
ZH MM E B R, Zheng FY BT
CRFasRNN [ £ 5 5, CRF 9 A & 2% 2] |k 31
TR A R RNN iz E

RNN GBS I B A7 A5 2, 52 30 Dy s 540 i 1
Sic A2 8 A Ab B, Be 9% X IR Y 8 AE S
A7 P2 BB AR [) B 4 e X (BT R0E 6 R 317 &
AR AR G5 R . 5 e TR i, 32 9 2% 45 5
RE S B2 A GE & 3l 3 Bl A B 28 ) 2% 25 1)
W, BE T A B2 23 )RR AR o AT A R B, B S
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15 2 FRAE B TR B R,
3.1.6 T AR L Sk

5 4 WA SE R AR LR BT I 45 A —
FEREE W aE X CRE. 58 i R 15 8 R 1E 19 3k
B, AT DAAEASEUA N 38 I 25 B 1] A0 3)1 25 46 B2 9 17 O
T S B ZS R ST R B R S A R AE B —
HE.

AT HE SRR N b 2 R E G 22 ) A — BT,
Luc %" F 2016 AEE K FIA T GAN HAR 16 BT
TS F B F2 v, 33 ) 591 25 5 w28 R 4 1) 401 s
AT RN AR . FEBE 224, BT U-Net W45 A Rg
ARGy b it AR 2R 28 ) A — B0, AS 349 i iy B0 5 )
Xue Z P T — R I T 2 R | £ )2 R B R
Po L5 ALY, AE B 43 F 2k B v, 3 FH 0 ) 25 X6 43
XF G 0 Jr R A LA R A R R e AT R A 2T DAL
R R AR SRR, BRILZ I GAN
158 AU 3R ELAT R ) B HE AR T 457 22 ™ 2B 0 s 1Y g
J1. HFRRE2E S B — o 0O L, o T 5K
X /INEEA R AR B B2 A 80 > B T P eE 2 A
iz FH 20 55 B 22 ) Bk B 2 S . GAN BRI
fEiz it FE P AR AE — 8 IR B 1 L J0 HL & £ X R
Bt EE 207 2 I B PR ] SE AR MR AEAE N AR
3.2 ETHUENEXDEFZE

I T 0 B 0 o E O TR T R R R Pbn
HINGREA TR R R R bR A AR 2
TH FE R B B ] RIS 77, IF HL 3l 2 18 3R bs AR
AT INEGRA — X 1) Jm PR PRI 3 55 W B 908
S RIFFARIR I . A SO AN [R] 28 20 ) W 15 B
I T 55 W B B MG B LB Tk ar ol 6 25 Tk
FREHARE B T vk T IR HEIRIER T T 4T
BARE L FET RGN Tk R TIRA
T 7 1 DL K 3 F BRI R4 U5 A0 O ik
3.2.1 A FRARAELAFEG F ik

FEF i FAE bR I 00 7 R AR R S R A R
B DX IAE RNt A, R PR A5 2 . B AR IR
HEHEIER PR E TR BN 42— (BRI
e THEZHE UG BUARBAL, 7 IR i dr .

Dai 2% {5 B FCN W 4% , 38 12t 45 P s FH A 8 X
B4 T BoxSup P28 IR, A AL DL BAE AR
A EUGAE R I GRMEAS 38 ) MCG Bk b 1715,
TV IS ek 40 8 DX B, B K 32 2 DA MBS R Y
A FA FCN W&, seiit — 2 e - 9 885
0 TN A 3 DX 8l P A A8 TR S O R i X B AT
RERAT I, B 245 R WS B & # G BN, T X

432K A Hﬁ,DeepCutLM‘Igﬁﬁ}igﬁﬁﬁg1ﬁﬂéﬁ
AR 43 %0, DL A W7 32 & 20 1 o R R R
Uicp A

TEAL G0 1 59 B 2% ) o A8 v, 38 3 ol P £ PR 2%
R AT YN Sk, B 25 AR S L IR AR A
BRMES, Song 55" FE AT MG 4y #1 LW 5T
i, G Bz 30 B 3K 3 43 28 XU i (box-driven
class-wise masking, BCM) &Y, X} A #H T X 5k yf
A7 MM BRHRAE bR SR AR R Y 23 ) XA 5 5
Wi 5 iz F I e R 5] /9 A3 3d N Bt 2K (filling rate
guided adaptive loss , FR-loss) S AR A, X428 p
C 58 bR I 1Y 58 DR AR R R AT 2 I BR . ARG
1 BEARFE i SUAE W B 0 G B HE AT R T A
30T DL fe R RRBE by R A B D% bR R TE L AN R
AN
3.2.2 A ThBEIIENT &

W ETE bR A B b A B e VIR AE AR, SR B
(89 73 0 7 VR AR X B 5 . REAR DLIR A KR O £,
AP IBOME B2 AR X B A 880 2D 1 N AR T AT 55

SCHERL7 142 T I HTBEBL IR 75 04 s VR B A
BEFRTEIE . SO ETE PR B AR o F b, i 5
F O BT AR T BOE IR A O B R R AR
GEAT WBAE B CNN 2% 455 1) ok B pE 3 L 45 5]
TREM RIS R, SCERL72 452 T ScribbleSup
RV A D) — 4 5 TR A R A R S Y
BRI REA  IF DL 39 07 R I bR 1 . 58k REL
A LAGY R WA B B - 55— B By A shdRic B B,
RIE IR LRI A FIE S R R S, R )5 LLiZB
RPN FEA GHEAT A S B, B 2 i A IRk
FrAR i A 3 5 55 — B BN EUR I 2R B, 228 2 54T
S — B Be CIE iUy R AT BRI 25, B K15 &
BHE) 7> F 45 2R
3.2.3 AT EBAFEW T X

AT VRS20 5 B B T 7 5 S — s b 1
177 3, E B o RN B AT B R O AR
ORI, 5 HABFIEA L AR R FEBUE AT T, A
2 B % B SR B A R A RUR T O

T ARG 1 o3 VORI R E A ARG T
SR R R BB AL H AR E— 2D aR Al T X
Pa [iUES & S = i % B DO S Rl U R @i
S5 Maninis 27 DU SE b TR RLSEEE R A
3 4y # B CNN 22 ¥ Bl DeepExtreme Cut
(DEXTR),
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3.2.4 A THEGBAREN S E

XF LK E  EUR G R TE A & 2 AL RRR A AR
T o AR AF O 7 B O R BT R R AR i AR AR R HUR
X455 AR TAE AR BN DR L 32 5 A 34 W
TE 55 W B = > s B b N IR T . R TR
ARG G B 2 S Y A 2] BT X D bR
2 ABR B CTRGE A JEAT R iR A s TR R
ERIEX & RS HAT P EERAE, PR AR
(B I RAL 9 T7 20 08K b 28 R A7 6 B 100 3T
fili s IF LA AR 28 A S I R FE A, Xof 4 452 2 g 47 T
B B KPR B 58 I BB Y B KB AR 3R . B9 35 X
A RAFIE AT T 00 i 884 B 0 T #0280 19 22 3 1
FEAE . AS[R] 38 18 A AS (6] 09 Jmy 38 R A, 28 3 3t Ak 45 4
T B 22 3 38 1) e A R E 1, BE JS X% B 3R AT RRAE A
AR R

58 PR TEAN L BB GObR T 1 J5 v WA A
A 7 ERUOREL B, AR X HRUAR RG4S T A 43 HI AL
B TELBREAE AR T, AT DL B H AR KB
R B A2 0 55 2 A7 2 S B ER 9bs T B i
(A SR 7F. Kolesnikov % 4 T SEC (Seed,
Expand, and Constrain) & %, 22 #7% 8 % 09 52
7R, Huang 287 ffi [} SRG X B384 K 5 i, % A
F X BT B AR BN OGS B B I8 iR & 1R
MR R bR %, 32 3 25 0 & B 52 0 S & . Wang
4790 MDC (multi-dilated convolutional) & ¥ 4
RS2 3 AR 2 e SR, E A B i 2k kB A
Bk A4S O T, Ahn 2577 5@ o A5 %%0iE
AffinityNet W%, 345 T 60 (19 20 F AR 25, LA Ok
PRAME AT B B2, AR 9T A P, Zhou &Y
X W BAR BT T R G B 1 I ) e 7 0
FRel 4 20 o3 B0 . XLk F i B E R
12 B R TR A AR R BUUAS AR 3 A 43 28 A 1 B
CIEe B e LR NN T S Y = I s V& i 1B S
B PRAUR .

BEAL, Wei 57 LGB 25 1 o A R AiF L % 45 1
APUE B AT T A BRI I T —F SCT #
RUGE . 2O R A 0 3 PR R AE ) XS AT T
BN GRS o X RS SRS S S E P S
F B 5 3 A0 HE W R o3 FHE RS, T Dk o
F R EIFE IR
3.2.5 ATFTRAEFENT X

gi Bk, DL B 5 SR AE BEAR A v /b B[] 7 T
HAT 2 DA, 8 M B /D B R DI 1 S B s oK
SR AN AT 200 0 02 o 55 bR T2 7 B A7 16 — 5 1 Jmy FR

P, B — bR T O O S BE IS R4 1Y 2 BIROR .
TESEAT AR B9 3 e v, 0 2R RE il At 28 B 52
PR E D L BB 5 5 20 B RBOR .

BT B A ST 1 g3 I 5 YR TR RSO0 T il
FH b v R H b 8O Ry A R b 8 R il
A X B 2, WFoE A 4RI T OB ML RS N B
(stochastic gradient descent , SGD)"®/ 8 yk 45 7, i
TE X PR R S R IR T B 2R R R R
Al b Bl B M fE. Hong NV T
DecoupledNet 2f Wi B (1) 43 ) HE 28 45 70 92 4 AU X
I3 E) o3 R IUE AT DO ERAE  H b 2K R 48 AR A
Rl2E ) b fE v B GE A T BRSO BE S
WIS 0T o3 0 9 2 BEATARAR AT 2. th T AN AF
TEH G BRI 7 A AR B A 8
JEAE
3.2.6 AT WA IR Gk

SO T R RS AR SRR TN
— N R B AR R A B AR, R AR BN T
LHITAABRRG . SBRWTENEMIL, &3
P T AR L 1 2R UM BE A X 85 /N L 4R T S i 5 W
S NN E R = WSS RNV - 5 R A N Y
Ho, FrLLLBESE N Gl H 2 g1 AR o B B
iR CO I gL NG A = I SN i U U NG
bRk

5 LR RGO LG BUARAR S, 50 3R JBOME J32 A X 45
/N L H A A 9 T O B AR AT
TR R SEAR B AE S SCHER], DL web JEAE NI R
Wiz T4 A s iR R 5 R BUR S BE kL, )
I A Bz 1] 5328 2 X AR JC AL DX 8] 2547 P 1k Ak 3
AR AL R R A5 SR . L Ah  AIF 5 35 70 87 B 2 i
MR R I AT T HLR B8 X 0 AR G 19 1R
HEAT IS 48 A (1 08 5% 3] 55 U5 B 0 4R AR
i,
3.3 ETFRUREMIESEIAE

PN R €I I SO R TR T SN
IR B 3% W 46 15 18 B A A X R B B
FrIm e . 7892 B # b, fn 2R 5 5E — E ML Y 2R
P, o BRI SR 00 90 2% 50 O 23 A R R
B AR A e O 202 SR IBORH X %85 46 09 T 3 b 1
Tk B AT MG, T — kg G
FH B 3l bR i i i A7 B R 2 T R A T
JREHE Ik, TE M B b R AR 00 B s S
GroxtE—ERRE b FRAREORE /Y 48 FH M RE N iz 17
ROR . GG kUl f iy Ak Bk 2 51 AT B i

1200002-10



F58%F F 1281/2021 £ 6 B/HAEXBFEHE

FA 75 A6 2 A B e i DX 3R, 457 852 AR AR s 1 0080 1Y)
R,

G T N T % = i W S B VA7 N (B N
i AR AE B Domain Shift & /N k >k #4841 25
B, BFFEEAR N T DCH L A RGE F Zon 4y
KL BN AR, e, & ®RAMHR.
Tzeng &5 — 25 48 1 T 37 (9 4 Bt 0 51 535

(Adversarial Discriminative Domain Adaptation,

method

method

semantic
segmentation
method based on
weak supervision

method

method

data source

semantic
segmentation

boundary box level

annotation method

scribble level annotation

image level annotation

point level annotation

hybrid level annotation

method based on additional

ADDA) o i B 35T G 2 AS W 0 f0 AR A5 A
N P B 3R 4y F) ) L Hoffman 55 2 H
FCNWild 7, Zhang 257 21 T FCAN [ id i
W 28 R HY AR AT S 4 T RS SR R F B
i N 2% A ARG B T T A

o In
feim

P 6 F e T 555 M B A I B ) SO R T Y
SrRMEAT TIE R

BoxSup,DeepCut

WTP,ScribbleSup

DecoupledNet,
wealySemi

FCNWild,ADDA

method based on
unsupervision

FCAN

6 LT g R R MR B B SO T vk

Fig. 6 Semantic segmentation method based on weak supervision and unsupervision

4 T TE B R AR A L S PR RE DT A
fEbs
AR LT B B 5 5 S T O B S
S R P R S B S R
S TR PE AR B SR 504 S 7] 9 SC 23 80 07 kA4
R IRV BOHRAE T 3T HE RERS He o 4307 0 8 2508 FR T30
B SRR T

4.1 HHERGEHIES

K58 N By T 0F 58 3 T 3 I 3 5 B0
IR bR = T 2GRS R 2 4 E B
3 KRR A bR L R TR R K T S I AR 4R L
Kb AR HE T 52 2 T e RS R A Y R R . H
(4 F1 3h 728 BB S S8 I 3% 2 TR, UL B0 52 3 b i g
PR 3 P,
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B 3l 25 B K 4R

Table 2 Common automatic driving datasets

Number of Total amount
Dataset Year ) Area Environment
categories of data
CamVid™* 2009 32 700 Europe Day
KITTI® 2013 10 Germany and America Day
Oxford Robotcar™ 2014 2107 Oxford All weather conditions
’ Germany , Switzerland and Spring, summer , and
Cityscapes ™ 2016 34 20000
France autumn
SYNTHIAM 2016 11 13407 Various scenes
Comma. ai 2016 America
America ,Europe , Africa,
Mapillary Vistas™"] 2017 66 25000 Complex weather
Asia sand Oceania
Apollo Scape M 2018 28 143906 China Complex weather
. Multiple cities around .
BDD100K* 2018 10 10000 Various scenes
the world
) 3, 9420,
Udacity’s Driving™" 2018
8 15000
NuScenes 2019 23 14X 10° Boston and Singapore Day
D*-City 2019 12 China Complex weather
Waymo'™ 2019 3000 America Complex weather
F 3 W IR RS AR A B AR
Table 3 Common traffic sign datasets
Dataset Summary

KUL Belgium Traffic Sign"*"
German Traffic Sign™"
STSDM
LISAM

Tsinghua-Tencent 100K

Dataset of traffic signs in Belgium

German traffic annotated dataset

More than 20,000 images containing 3488 traffic signs
7855 annotations with more than 6610 frames

Dataset with 100000 pictures, including

30000 traffic sign examples

4.2 MHEEEMIER

TE4r B SEE b, O TR R AT IR, 5 BT
HIHE R 10 5 1) J M AN S PR BE EAT A BRIGINT . R
T\ FACAT B[] R A 2 V1 T X 4 ) 1) 8% 1) Pk i
TRARIEAT A .
4.2.1 EATEFIE

i A7 B i) i A B R SR — AN R R A (A Y B
bR FE1F 22 0 s, SR = — A T R M
RE o RIS B2 3 A7 I Ta] 8 2 20 1) 7 | S e
B2 s B TR O o S5 B K P AN [R] 32 4 Bt () AR Hfe
PEAT HRAE . PRI R AE A A 0 S 40, 38 A 2 AT A ]

[ Hl SR S 48 007 0 1 4 O L % T A2
i S B AT 32 17 I [ T

(AN R
4.2.2 BHE

M C A Z R8BS RN R FR TR A e Y
45 AR R WER R (PA) REIR PR R 5 20 1 % R Y
D TS G = N i 3 I (= | BT 7 e i e 8
(mPA), i 7 3¢ I L 2& 48 4r, B 40 7 3% 22 3F L
(mIoU) | Hil #& fin A 22 IF th (FWIoU) &8, % ffi
mloU i i 18 S 43 # B 1 PR BE .

5 2 ME B 22 00 oF B 02 DL 28 ) o A 14
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R BN R R aE o L TR O R R A
W

2P0
22%

K P N B RAET R p J > KRR
ip, NI RECE 0 My AR S G
Fin NRBEBEL.

18 25 30 73 28 B X I 56 AN — s SR AE R AY L [
W38 3 P S A R (mPA) 46 bR R AR WP A
S

P (D

M=t > P (2)
n+1=
ZPU
A M SRR
AT LR A KR

_ 1 Dii
+15 :
" ZPU‘FZP,&*PH
P om AP EEIF L.
BRI AL A I R mloU # it 5 #9538 oF f 45
b R AKX

) (€D

m

) Dbt
— 1 =0
Zzplj o ZPU"’_EP/}*PH

K F B MALZE IF L. mIoU 48 45 i FRAE M
FTRT B R S 1 L 2 AT R SO S Al
%6 i e R AL T A 0 R TN HR A
4.3 HiEMERERTEE

AR SCHIFFE Y 3725 D 45 38 7 S I R R 0
W 28 L B T X6 FLAS ] 43 1) 090 44 %) 43 0 1 o R 40 L R 4
Xof 3 FH T T8 6 37 5 1 SC A3 B 4 N S BURCEE R
BATH R I T AR SR,
4.3.1 ARRAE L 5 7 ik 0y F ATk

TEAG Gt B8 18 4 8 J5 ¥ v, N-Cut #1 Grab
cut FFLE MR R Tz BN (H X L Y
BOR K. 7E Uk % Rl 1, GPB-UCM, Random
Decision Forest Al MCG 55 Pt ik 55 55 W B T 40 330
2 B R A AR B AR 53 ) B B DL e R ik 1 (]
52 B WA AR R R AR R AR G o E O A
FBa o3 IR B2 45 7 T G R R B 5 sl Ly
FI R, AR G R TR 43 5 B 4 B H g
AV PR

F , (D

A A G EMRIE X515 k0 43 0 45

Table 4 Analysis and summary of traditional image semantic segmentation methods

[9]

Method Year

Contribution

Normalized cut 2000

Dividing graph into £ subgraphs and then

minimizing them

Using image texture and boundary information dependent

Grab cut 2004

on small amount of manual intervention to obtain

better foreground and background

segmentation

GPB-UCM 2011

Random Decision Forest 2016

MCG 2017

Using probability of each pixel as an edge, detecting target
contour, generating contour map, and completing
segmentation with complex steps and high

complexity

Combining multiple decision trees

into classifier

On basis of GPS-UCM, using generated multiple contour
segmentation blocks when combined with random

forest classifier to get prediction object

4.3.2 A TG EEL S E ke £k

FE5 R,

T o W B A PR SO 5 1% 69 0 A 9 4
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F 5 H T WUE 0y IR B B A B a9
Table 5 Analysis and summary of image semantic segmentation method based on strong supervision
mloU /
Method Model Year Key technology PGM Dataset y
0
Method Upsampling and PASCAL VOC 2012, 71.6,
o DeepLab vl 2014 pramping CRF
based structure prediction Cityscapes 63.1
Decomposition filter Cityscapes, 58. 3,
on ENet 2016 e ‘ e
dilated and dilated convolution CamVid 51.3
convolution DRN 2017 Dilated convolution
Method Method Deformable 2017 Deformable convolution PASCAL VOC 2012 75.3
based based MobileNet V1~ 2017  Depth separable convolution COCO 70.6
on on MobileNet V2 2018 Improved depth separable COCO 17
. L obileNet :
enlarging  optimizing convolution
receptive  convolution _ Upsampling convolution and
field TuSimple 2018 , PASCAL VOC 2012 83.1
structure mixed dilated convolution
Method DSM 2016  Modeling CRF through CNN  CRF  PASCAL VOC 2012 78.0
based C&G 2016  Embedding CRF into CNN  CRF  PASCAL VOC 2012 78. 1
on
B DPN 2015  Integrating CNN with MRF MRF  PASCAL VOC 2012 77.5
probability
. QO 2016 Quadratic optimization G-CRF PASCAL VOC 2012 80. 2
graphical
model HOCRF+ 2016 Embedding CRF into CNN HOCRF PASCAL VOC 2012 77.9
Improved dilated convolution
Deeplab v3 2017 CRF PASCAL VOC 2012 86.9
and improved ASPP
ASPP module with separable
PASCAL VOC 2012, 89.0,
Deeplab v3+ 2018 convolution and skip join
Cityscapes 82.1
fusion of different level features
Meth Cascaded model and Cityscapes, 70.6,
ethod ICNet 2017 eeep
based feature fusion CamVid 67.1
on ASPP and densely
ASPP DenseASPP 2018 connected networks to Cityscapes 80.6
improve receptive field
Dynamic convolution
Method
DMNet 2019 module and context-aware PASCAL VOC 2012 84.4
based . .
correlation filter
on APCNet 2019 GLA and ACM PASCAL VOC 2012 84.2
feature PASCAL VOC 2012,  85.7,
fusion PSANet 2018 Attention mechanism
Cityscapes 80. 1
Dilated convolution and )
CCNet 2018 ) ) Cityscapes 81.4
feature weighted fusion
Method Spatial path and context Cityscapes, 78.9,
erhe BiseNet 2018
based path CamVid 68.7
Three parallel branch
on
. architecture and attention
attention ACNet 2019 NYUDvz 48.3
mechanism assistant module integrating
attention mechanism
Dilated convolution,
PASCAL VOC 2012, 82.6,
DANet 2019 deconvolution and feature
Cityscapes 81.5

weighted fusion
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mloU /
Method Model Year Key technology PGM Dataset Y
0
Deconvolution, upsampling
SegNet 2015 CamVid 55.6
and dropout layer
DeconvNet 2015  Deconvolution and unpooling PASCAL VOC 2012 69. 6
Bilinear interpolation skip
RefineNet 2017 Cityscapes 73.6
join and residual join
Method
based Large kernel convolution and PASCAL VOC 2012, 82.2,
ase GCN-+ 2017 ) )
on global convolution network Cityscapes 76.9
encoding DEANet 2019 Deep feature polymerization Cityscapes, 70. 3,
and network CamVid 64.7
decoding ) )
Fusion of different
DUpsampling 2019 PASCAL VOC 2012 88.1
resolution features
Capturing multi-scale context
information to ensure PASCAL VOC 2012, 86.6,
SDN 2019
fine recovery of target CamVid 71.8
location information
Method rCNN 2014 Multi size input window SIFT Flow
based Four different directions
2D-LSTM 2015 SIFT Flow
on of RNN
RNN ReSeg 2016  Extending of ReNet function CamVid
Method 2016 GAN adversarial training PASCAL VOC 2012 54.3
based
on GAN 2016 GAN domain adaptation Cityscapes 67.8
MFE 5 7T LLFE i, PASCAL VOC 2012 #¥i 4 6 BT
WL O TS B E IR Cityscapes Fll Table 6 Speed analysis of algorithms™
CamVid Fr¥ £ 0 ZH W H T 30 85 37 50 fSZ i) e 45 Model Parameter Time /ms mloU /%
Y s, B XA B R TR X A WL, BT FCN-8 500 63.1
Cityscapes 2 #li %2, DeeplLab v3 + . DenseASPP, DeeplLab 250. 8 4000 63.1
. . . SegNet 29.5 89.2 57
DUC+ HDC, PSPNet, PSANet, CCNet il DANet ue 0 0
CRF-RNN 700 74.7
S H mloU (¥ i T 8000, 7 I K B2 HE A ENet o4 L35 4 .
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Table 7 Analysis and summary of image semantic segmentation method based on weak supervision™

Supervision information Model Year Key technology PGM Dataset mloU /%
. BoxSup Jo1s MOG PASCAL VOC 2012/ 75.2/
PASCAL-CONTEXT  40.5
fevel DeepCut 2016 CRF CRF
Seribble WTP 2016 Objectness PASCAL VOC 2012 49.1
level ScribbleSup 2015 Hyperpixel CRF  PASCAL VOC 2012  71.3
MIL 2015 MCG ImageNet 42.0
CCNN 2015 Class Size PASCAL VOC 2012 42.4
SEC 2016  Saliency detection algorithm  CRF PASCAL VOC 2012 50.7
Image STC 2015  Saliency detection algorithm  CRF PASCAL VOC 2012 49.8
level AugFeed 2016 MCG CRF  PASCAL VOC 2012 54.34
EM 2017  Saliency detection algorithm CRF ~ PASCAL VOC 2012 58.71
Image level and pixel level Decoupled 2015 CRF  PASCAL VOC 2012 66.6
Image level, frame level
WeaklySemi 2015 CRF  PASCAL VOC 2012 73.9

and pixel level
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Table 8 Analysis and summary of image semantic segmentation method based on unsupervision

[9]

Model Year Key technology Dataset mloU /%
FCNWild 2016 Domain adaptive full convolution adversarial training Cityscapes 27.1

ADDA 2017 Adversarial training NYU Depth v2

FCAN 2018 Image domain adaptive network and feature adaptive network Cityscapes 47.75

BTGB 04 PR SOOI ik 32 B T
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