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Abstract Image semantic segmentation is one of the most important fundamental technologies for visual intelligence.
Semantic segmentation can greatly enable intelligent systems to understand their surrounding scenarios,so it has enor-
mous value in application domains such as unmanned vehicles, robot cognition and navigation, video surveillance and
drone landing systems. Great challenges also exist in the semantic segmentation of images,due to various interfering fac-
tors of targets in complex environments,such as unstructured targets,diversity of objectives,irregular shapes,illumina-
tion changes,different viewing angles,scale variation,object occlusion,etc. In recent years,benefiting from the great ad-
vancements in deep learning techniques,a large number of research approaches with practical significance emerge in ima-
ge semantic segmentation. For having a comprehensive survey and inspiring the academic research, this paper extensive-
ly discussed the existing state-of-the-art image semantic segmentation methods,and further classified them into the tra-
ditional image semantic segmentation ones,the ones combining traditional and deep learning techniques,and those based
purely on deep learning. In order to address these problems in complex environments, various semantic segmentation
methods for complex environment emerged in recent years were analyzed and compared in detail, including the mo-
dels,algorithms and performance with the category of strong supervised, weak supervised and unsupervised semantic
segmentation methods. Furthermore, the current main datasets such as PASCAL VOC, Cityscape. SUN RGB-D, which
contains various complex environments and 3 evaluation indicators of PA, mPA, mloU were summarized. Finally, the
existing research of image semantic segmentation for complex environment was summarized,and its future trends were
prospected such as optimization in real-time video, 3d scene reconstruction and unsupervised semantic segmentation
techniques.

Keywords Semantic segmentation, Visual intelligence, Deep learning, Image segmentation, Convolutional neural net-
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Fig. 1 Examples of semantic segmentation challenges
ASSCER 1A X R SO B BOR BEAT T REA 5 2 iR
TR ) 5 A BREE YRR R SCAr B BRI TS 5 R R TR
FAs HAR U3 53 A% BE TR Lo &1 05 1 Va5 6 T IR 2 T Bk
B A G S 53 B 7 I B TR A ST TR U EL T 3 AN B
B A Be MR T LA AL 5 7 R ST AT A s 5 3 1 A

X4 R B F T8 AT T UR B A ST R SOy BN AT T 0
B VI TF55 %0 L B2 R B AT o S A L S M S TR 3
2500 I X B A S BT T JLAP AR T Ty 1 X T 4% 25
F L R J B A RIS L S T TR AT PR s 5 4 WA S HT 7
TR SE R 58 IR RO BB LD SPR AR AR AR R AT T IR X —
RO FEROTE M ERRRE S TARMEREEAT TINIT 50K 8
G5 s dJm o AR SCR ST 7 1) (9 A R St AT TR,

2 BEBRIEXSBEZRTHRE

EURIE AT B AR R R R AT T 3 A8,

(DAL G o0 7 it ), R0z 2SR Tl 2
PG 430 75 1 R AR T R B0 6, L SRR R 55 8 2009 v
JEARAES PRt 43 BORG BER v L A3 B0 45 R A 1 SObR

(OEGETT 1k 5 R B 2 3 M5 A 00 18 X4 %0 07 1 i 1.
A E 7 15 E ARAG DU AR R0, B S ) A 5 04 T A% 43 E) O
AT AL B, A5 5 patch G014 #1455 L 4R 5 TR 4 B 2
KN — AR 235 X5 B S (9 patch #4743 28, AT 1%
BB LSRR, W R R Z 2GS B ik
H2y,

() HeFURBE 2 2 W8 U B 7t 1, i TR
BAREG BN A E¥I 5 RE RS THRAM
fie 7, NI B R B R 2 W 2% (Convolution Neural Net-
work, CNN) P YN 2 15 431 45 5 3% 1 R 24 10 09 8 3 7
P 0 BBAS T R m 2 r I A ORI R kR A
SCHE AT N A
2.1 EEEKREXSE

1 G2 R T Ay AR 46 IR B 0% a5 Im) S0 3L L Ae) TR AR
SRR AR B R ) 43 B T A HOR MBS B X kL [ AT B AR S
BB X — BB AR R T B A4 R T &%
B o0 TR 4 ET TR A E N L R T
DI 43 0T R R R R S R R 4,

fRGETE Loy B — R A S RB RN (Markov
Random Fields, MRFs)™ 1 4 {4 fi #1L #% (Conditional Ran-
dom Fields, CRFs) ™" 3fe 4 g Al % [ 45 A, - fiff Y R1 38 1 7 &
SRR A . MRFs J& 4% G2 H 5 LA 3 w34 i 1 ) 09 B &, )&
T 171 P B4 M 256 PR AR Y, HL o B SEUARUJE: O 3 S R AIE AR 3 4 i
—ABEHL I TR AR R R T A SRR i
AR E M4y, CRFs 7E MRFs 9 2 5ilt b, % Bl AL 1 42 fm A
WEAH , WA T bk, CRFs 245 5€ T M4 A W MRFs,

Bk 22 A o 5 Ge i o3 0 ) 28 3 2 R 38 A 35 “ Normalized
Cut” I HI“Grab Cut”M7 25 2 F 838 19 4> #1 J5 ¥ . N-Cut ¥
PEH RN T e R D A BB E TS AR Ay F e 1 R R EE B
FIBE i . N-Cut % 4 R {5 B #E 47T B2 43, ] 58 2 18 XY
2453 %] . Grab Cut M T ER i SC8E B A5 B .
VLR AT BB/ 19 P 38 BAS BIAC A A o 5 St s R, S
Tl e AT S0 O BSOS W s 2 1 3 2R R ) B O
JE L TR N-Cut J7 vk Az BORURLEE 43 31, 555 k48 BR 52 i
FRAE (8 VR 5 BT A1 fie RS 30 MR A Ak 2 0 45 L 45 B 4 ks
BEAYHEIEE R, XGOSR Grab Cut BYJERE B 51 A S By
T, SR A AR AR A G 1 40715 5 B LA AR R Z 8 eI A5 B, T



38 B N N = R

2019 4F

(CE SR AL O Y = R RS -

2011 4F, Arbeldez 5 4 H T — F & B¢ & W 5 7% GPB-
UCMPY, % 8 1 1 % i il GPB (Globalized Probability of
Boundary) Jy i & — MR EAE B SR 3 4 H
KR B A R R AL S 2 A & X B B R T
UCM (Ultrametric Contour Map) 75 i ¥4 [ & X 32 45 5% 1k 4
EWHB LU A BRE . 2016 4F . Zhang 2542 1 T M AL PR £F
# (Random Decision Forests)™*1 43 %1 J5 3 , 1% 5 3 o Ay 40 2%
#5H Z2 A0 e SR AN 2 A T R, AR DL 1 B RP 5 3, Pont-Tuset
T 2017 AEHE T MCG (Multiscale Combinatorial Grou-
ping) I E 1% 07 ¥ A A GPB-UCM 53645 2 /R 19 £ 4
BB S B, R B B AR AL A A 2 B A ) B Y T
LI G RE Z AE,

2.2 BEAEEREFIHLEENERIENSE T X

A Gt MR I8 4380 75 120 e J2 A0 58 R AiE 64T LR B AR
a3 AR5 N AR R SO B ok 8 MR A ATE 55 . Bl
&R 2 S BRI D4 5T AT T R i VR 2 ST AR 5] A
B LG5 0938 S 7 b, BUFE R AL 52 07 vk 4y #0 ) B AR X
BB L i — 25 R TG B 4 I 4% 45 7 vk 2 20 H R ARAE
IR A3 2 28 6 B AR K EAT 4 25 AT 5230 H AR X 38009
B AR TE

2013 4F , Farabet 55 B IR 223 T 45 & 46 T 28 9 4% 1) 18
SOTEL AR T — A W AR I N T A Ty
ET L Oy AL BT 4 738 (Laplacian Pyramid) ™
Ao th 1 BEUGOAS (6] RBE 1 R A Sk I 2 — A 22 RUBE 45 B 4% [
i 388 2 AR 3R L A A I A TR A e B k22 RO 4 R
W AT W 2% S IR 41t AR R .CRFs. TS 8 £ 9 it
Bt 3 F e Ab 3 A5 A AR .

4, Couprie 251 FH P& 5 70 5 1 18 % 28 N 3 5 64T 1 X
Ay IS AR Y Bk 45 R T O B, B SR R R PR
RGB B k17 38 U B 4 BURRAE B2 B0 F R R ) I A9 5 4E
AHRL A S H RS 245 AR5 A oy 2 3B AR R 4 5 5 W
RGB EMR 17402, RTTBAR 2 B 2, M B A i/
By Uk 5l 5 A W) U A TE B O AR AR 2 A BRI
Do SBAh B AR 2240 0 M LA A TS 1 L 1K 8 L DR % O vk LA
AR Joy BR 1
2.3 ETREZINERIBELSE

1998 4F, Lecun iz P32 1 T LeNet M5, I #5317 4%
B % 3 2485 B2 b2 AELW 2. %45
AR B 2 ) R A TG TSR 1 B T B PR B 5 T ST A BHIe
HERl

MR HE T IR A S 0 R E X #) O vk 0 3 AR K
PG 4320 (19 20 B 0 2 A oAy 56 00 2%, AR 40 L {4 1) Bz 3 55 o) 36
90 2% HEAT SRt I B T 1 SO B B L LLIE I 37 5 B AR 1 75 22

B4 2012 4, Hinton MF5E 442 T AlexNet™ , 27 8] T
TREE BB 2 A5 T, % 0 45 /€ LeNet Y Z AL R A% T
2 B IR MR T M 45 TR E . AlexNet 7E 24 4F 1) Image-
Net"" 5% 3 h R F I8 T /%,

2014 4F, A4 Ee AL 5% JU AR BF 9% A1 BA B9 Simonyan 5 32 1 45
M2 M4 VGGE 48 T 2014 4E ImageNet 7% 58 B 75 %2,

VGG K5 AlexNet MLAY 5 2458 K M4 5 41, (il
3 X3 i ik a8, I HA B 1ERN — A& BT 5 AT AL 3,
VGG M % 5 Z Wi BB ) £ BRFAE T VGG M 1ESS 1 2
il T —H/NEZ BT (Receptive field) ™ i) 35 L2 , i 15 4
TR S H0CE D A Sk i, DR ot A5 e 5 ok B L IX 43
BE R T AT 25

Sl 2 A 25 2 1 1T BT S . 2014 4F Szegedy T T
55—~ Inception 8 #4 1) M 4% GoogLeNet™! |
B IR — R PR IE T JE SR R H L T A iE R, X
Y A IEIESE T CNN 2 0] LA B 2 () 3t & 7 =0, i A AL
A HE 1 751 J5 2K

BEAh,2016 4F He %532 H B9 ResNet RI£505 L H ik 152
JE TR EE LA K G| AR BR 22 YL [ 47 . GRE B PE M T
— 2 AT LA [ B 2 402 0 — J2 A DL SR IR A DA R
23] s RBE A 3% 45 T 2 B R TR RE VI R ) A

4 T A 45 5 K () XoF B L N2 1 r gl

# 1 AlexNet,VGG-16,GoogleNet,ResNet %} H 4
Table 1

Inception f¥) /&

Comparison of AlexNet, VGG-16,Googl.eNet and ResNet

W4 # & B # f/”\ ERZ  AEE ‘ Topjf)

Bt [8] B # AN B # EHE/ N
AlexNet 2012 8 5 11,5,3 3 84. 60
VGG-16 2014 19 16 3 3 92.70
Googl.eNet 2014 22 21 7,1.3.5 1 93. 30
ResNet 2016 152 151 7,1,3,5 1 96. 40

YT o M 45 1 P R 3R B 5% 2% 3 4 0y N TR 2 2 ) L
3N 43 403, W 5 3R T FCN (Fully Convolution
Network, FCN)P, SegNet™™, DeepLab™*, RefineNet-*"!,
PSPNet"*!, BiSeNet "/ A i i, Horh FCN RALFF i T 158 %
Gt Lo H L H IR T 2 5 o Al 4 B 4% 1
BB SO B AT AR e Uy vk B BRI L AT £ T )
il

3 ETREFINBEXSEAZX

AN FE 52 2 B 55 v RS 10 b S TR H B 09 58 43 R 2 B
FE R R RIS . FON BRI A5 SE 3 TR R Ryl o 1,
K AR T SOy B0 B R B 4 ) 1758 5 B 3X 2 3% 7 ) B g
IR Z — S BRI DR A S PR A TN R .
Kot AT CNN i 43 07 1 A0 4k 0 8L, B K 63 45 ik T 58
B B T SOy BT 8k T 5 MR AR S O vk DA R SR T
T B B3 R O7 i R B s R R 2 A,
2 TRME 59 B R TC W B S R O 1 0 O R L R
Table 2 Advantages and disadvantages of strong supervision,weak
supervision and unsupervised semantic segmentation methods
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Fig. 2 Encoder-Decoder network structure
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