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Abstract

Semantic segmentation is one of the most challenging tasks in computer vision. However, lack of
marked images is a common problem in many applications due to the high cost of pixel-level
marking. This greatly hinders widespread application in some fields where annotating large
numbers of images is costly or even unfeasible. In order to alleviate this problem, semi-supervised
semantic segmentation has been proposed and received widespread attention, in which both la-
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beled and unlabeled images are fully utilized. This paper first introduces semantic segmentation
technology and introduces semi-supervised semantic segmentation, then classifies common me-
thods of deep learning in semi-supervised semantic segmentation, then focuses on each method
and its classical network structure in detail and compares its advantages and disadvantages, puts
forward several feasible improvement strategies for existing methods, and finally summarizes and
looks forward to the future development.

Keywords

Deep Learning, Semantic Segmentation, Semi-Supervised Learning

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 51§

Bt T SONLOL S AR P 2 > DU A JE - BB SO BN T N TR A — > 4% 52 R B T
JrT) e 1 SCoRE AR T SCRXT MR R HEAT 7098, T B b g T 2RI i ) Sl X 38 7 4
[l SRARZE, B AR IR D 52 N1 A U X ITEEoRkiE X BIFE R 22 AR [1]. B3 3E[2].
fitdr37 57 0 A [3] B AR R [4] 55 A [RI USRS 1) 1 5 22 F[5] [6] -

BGIE SO BN ATIREAS R 4R , MR Hh T SO AR 28 (R A Dy IR R ) B0 PR 4R P L AR 1D A
A5 P AT B GBI L], AT R IR AN 35 e iiB . ssiEs. FRE A
T B 5. BT EBRERIONTRCEIGRE KA A TAR &, He T B o 2J (SSL) I VA 7132 # kbl
B, HPEATA D EARCEGAN KRR C R XL BT A R8s b DU 7 (R U
W, IF TRt b BLOE I B 7 AR BURIR, s> 1 e e i 5 P T AR L AR, JF3Res
W8T B M S A 4

PG e (o F1 7 iR H OB T KR A R R I 2580, X AL Ry KR CL M 2
FFFHAT I . AR, FRAF A e T B I K B I AR AR A RE TR N ) BRI B, PR 7 IX
SERARL TRVERISEPR N o O T SOIRIX BRI, R X FI(SSS)MAsT A, BRI A B AR
Hdle 5 REARPCEER MG, AAREEE T B 250, e Fn2E 8l U A T8 i A Rz A g

AR SO BRI B AT B 22 ) T AR A A B AE i, B R EIT 2 EIREOR
PRiilo Bln, PRRERIRHERIE . Bl oA A — BUEAT ROb A AT BRARZEAS DA 75 ZE AR D 1), LAt
BT SO B A Th S FH A 75 2255 FEAN [ A0 ) SE2 B 75 SR A PR A1 o

AR BAEA TRV W EHE X BIHAZ 0 S DI J7%. milm R Pk B R A e 7 . AR
RN TE W 2 ST I BEA AR, R VR 4R EE— SRR P 22 S R HEZE . [, BRATTREAST
B SO B RIBORBRR, IR 75 MR R R AT B A S R .

2. BX5E

B IR P REAE AR KRR B B IGR TP T 0 I B ) RGP % A AN ZR. R, A
Trp, AT I L B BB T

DOI: 10.12677/airr.2023.124036 329 PNER ST IR YN


https://doi.org/10.12677/airr.2023.124036
http://creativecommons.org/licenses/by/4.0/

F, KKkt

B, EIREESSIEOR T, 0 B Z 2% (CNN) [818 #2315 T B 2 8l j, AR T2
AT AL G R (W BEHLARAR[9] SZHFMEML[10]%F), KA T HI KK, HFRE 7 RIEFIORUR, XL
HARY A 2 CV 1AM, I kbR & e FIR 2R 0 Il /L, H A [11] 0 43 %0 [12] [13]

2014 4%, Long %5 A\ [14]8 M G NS BOR R T BUGAE LU SIS, R T BG4 M 24
(FCN). FCN ¥ MG 2000 AT 55 h (B AR 4 M 25 [12] [151H9 442 2 B o BAUE, IRl L RAE iRk
W T &5 R 2 S5 UG OR/N,  ANTTT A5 S8 R PR 045 2 20 53 28 Tl

B FCN ML, VF 2N RIFAE X T G A W28 IR GRS BRI T . a2
T BE ARG HOAE U BB, 2015 4, Ronneberger 25 A [1210F 78 42 0 1 3& FH T2 2237 5 RS 20 %1
M2% UNet, 128K FHImig s - MR 25 2% 2840, gt 2% FH T4 IORME IR, a2 I A Tk 2 I
By ¥, Zhou S5 N[16]#2H T UNet++, 8 B2 AN FITR FE 1) UNet FH] FH IR FE B S S SR At 1 DX 286 U
JEEHECAR 2 B IR A . 2016 4, Milletari 25 A\ [17]32 H T 3& FF = 4E MG/ B N 4% VNet.

BT B AR UG 11 S BB Rt 70 fUE TR R B R SORMIERIHEHC . 2015 47, Yu 48 A [18]4 H
TAAER, A EERERER IR B KRS, AT SERT T EERRRS R UERR
Ae71. 2017 4F, Zhao S5 A\[19]42H T PSPNet, %ML 1 725 [0 &AL (SPR)FIAR, @it TR
U R AE B A2 I 22 2 IR A5 A5 .. 2017 4E % 2018 4, Google ff 7t iR 2 DeeplLab Z41[20] [21]
AE S B4, Bt T 252 8 4 P ESIBAL(ASPP) 2, 454 T BB M e 7IEa8K, BT
D 4% (14 1 SRR R

SR EATT R D) 2 UK T B i AR W PR R A . 52 ARG R bR E A =
FERF K, TERRAEBE A BRIV DL A S bR N A i — AN OO, vk, $EH T B ERE U EI[22]
[23], FHHERH TAER D ARcE K E AR bR id BEHE g,

3. hEEZREMR

FEARATH, 0f 2 MBS S H0 0] R M BR BEAT T 23 SRR VE AR AT . AR B Lo B STk
B IPERPE U BRE R, JRALEAZE T — MoK, HIREIES N,

H—HAFAL GAN LEFFILE AN W25 2[RI BEAT RSB SR 2, —AMERAERES, 57— MER%
Tl % o

BRI HMEIENME T . X TVEESUR AP S — AN IEN T, DU MR — B AN ]
TR 2 TR 28 5, K A 2 S5 3 0o PR B DRSS 2 18 FH B B 3R A5 1 o

B=RNARLT R — RIS, XL T e B R R 10 B B s B, LA AE bR id
EUNGRIRERL LLSRAF D bR 25

VU NFE TR ST BT 1% 1A PSR A TR A, IR e S R A ) AN ]
TR T,

WJE—RNBRETTE, AR —BWEEN . ARSI L 2 2 5T VR A4 1

R RPAVR VRGN B SRR, I — L 9
3.1 MHtEiNG&s =

e B SO B P B BTN R T5 9208 — AR R B S B JEAR, R AR R R 4% (GANS) [24]800)
Pt R SN R SR BAR 1K Fh 5 7208 5 BINSH PR 4y, A SR AR L RS T 4 MR FH R bR S
S R (R A e DI FIPERE .

— ALY GAN HESE B P28 2 A AR A S0 25 o AR BRGS0 H 12 5 2] HARE 1 40 A1, M

DOI: 10.12677/airr.2023.124036 330 PNER ST IR YN


https://doi.org/10.12677/airr.2023.124036

F, KK

T SO VR BEALE 75 o 2B B BER o 50 8 00 H R X 70 S S MR (J T F0 S8 201 ) VB B (P A R A
F) o X LS ZK I SR R DO B 07 AT I A AR BRIV S 0028, AR RS AR A Bk AR AL
I, ) a3 e L IX 0 FL S AT R (R B R 1 g

3.1.1. XEHAR

AdvSemiSeg [25]2 - I B o EI I R SCRE 2 — o 5 55 B AT R 1) 90 SR b S
RS RBBVRRECAR, LM% S s> B A bR 5 5 KR SR a &, HAZOE T
A B R T AT AR TE AR SR B S R, M IA BRI R i PR A S E

AdvSemiSeg 7E I gk RIS A T 474 it A UG R RARE TG . W R L R, 24060 Fl bni B
I, 381 D0 5% [ k52 380 b T 3 SR8 B 1 58 ST R I Lo F1E T2 31 I 28 RO KT BUPEAR 2R Lagy 23R,
TR NGRS WA AE I ARVE OB o 90 R AR BT, BN 20 2 n B4R, RE
W15 oy B Fr NHI RIS B BE R, BEEEEENEBES, S5 5 145 R ik 17 feg
BEIRVE NS, FH B2 MR Lo VI ZR5>EIN 25 .

I > Lsemi

L e

Confidence Map

Segmentation Network

Input Image

Label Map

Figure 1. AdvSemiSeg network structure
[ 1. AdvSemiSeg P& £E#y

3.1.2. iEath

XEPUIE N 55 1 AR AAE T8 o] BLd ik 22 sOGHT IR 28 5] AXTPUIEA S 5, e R S, seigfy
RN — S G RN R ME R 5t A St . AR e AR A sE . XTI S kU, B A
T S ORI AR AR IC B, TSI IS BT S A 1A T DU I — ) /. RIS B ISR A E T
Z WA AN 2 AU R E X S

SRR B E N RV E— B I H . HINGIS RN R I, T Bl A B Fl4E il 28 R MR RE,
X TR 2R, ASEIIEEE T e bR, R e A IR T AR as 1A A AR O PERE, RTREXT
RN 2R A e 1 P2 AR B
32. —HMIENMLAZE

Y2 lasa 7k, JUHRIREE AP s, BT LAN I, — ANl s g4,
AR Z BN SIS, TS RS A SRR E . A TR EREISR, A
MBS SR SN — A R I eI B 2, R — M etk 7, Rl —SE E AL .

BpRckul, HETPEERMERRE, BAANFREREEE S % 5 X2, I A EdE

DOI: 10.12677/airr.2023.124036 331 PNER ST IR YN


https://doi.org/10.12677/airr.2023.124036

F, KKkt

AL B4, QRIS — A ARER G REEE N SCBR RSl , A as AR %0k A 3 A2 4L
s B — Bk BT IO A TR T R, AR ERARIRREE, P DL R
RERENH TR B 22 2] Il AERARICEE LG INIal A TS R § 5 IEH LR y Z WKk
B IE LR R0, $ s Y (2 A e

3.2.1. xgHAR

BT FOME IE AR ) 2 W B A3 5 v 2 TR ) 3 B X OAE T e AT P P sh s N BiE 1) 77 K BTk,
PATAT LK £ 7735 3 R DA T 2850

H— RO TR B 1 71 [26]-[31], X 2 B i WL —Fh— SO R G 2 . X e U VR A R AdE
B R T N BN REh . X T4 NG, I R AN R R G s B e, PR AR A
HEEZZANNBNE AL R X IR IR . B, 400G 33). GO, A RAER
AN LR UG AR RN, =X RL R X EIEE R SRE 5l A—BU IRk, S A 7E 1
SeHR N G N B S e, BT A — BB AN R AR AR, BRI S R — B BT
FHEPL AN BB U BITE TR I T 8 s s i AR, Gl e N R 34T 2 Mz, sah iy
AR E . —HMEH, SREEEA I ARE )y . BOTTIX RO IR RSN IR B B EEr, 10 CutMix
[28]411 CutOut [29]# A, Hrh CutMix IR H ARz, B 3 S AR R P sk AN IR B ) — 38
o XSGR T X3 VTR e, SR RX AR A (0 BB AR B N, (R I JR BE AR 25 DU R & UG P 6
AN TURR o 546 RO R 58 T (VR S5 15 B BB bR 8 ) A (1 22 7 5 2 i A R A DU I 7 VR AR ]
Bribz Ah, IR AR 2 SRR T O TR AILE) ERIAIET, ComplexMix [26]4& H T 4561 FH Z HT
B sn AR, R CutMix F1 ClassMix [28].

HUGRETRAEREN I 778, BRI B 2% 938, AT IR A3 98 5 RFE . 28 X — Bt 25
(CCT) [32] i #1& H K fiff v o B 0 S 47 il /o ) FH A B i BIRE A SR I R gm D 25 FDARAD 25, PR FH X A
W RIERSRIN G AFRICHIBEA, i P2 bR . CCT AR 1 — 25 il R 7E I G R AR i R A (s i
S0 Tgmtg A8 s N 2 /N30, 85 R 4 Bh (0 A0 25 (4540t 45 SR 5 - w38 R — Btk . X T
SRR B I N B I — R AEAE 24T % 20 B W 2% P4 545 2 RR AR AT T 4030, @il 2 Frow.

Labeled Example

gt Biad ioa —

§ (S Encod ] Main

. e e Decoder
o ' e e 7 b . 3 g

Main
Unlabeled Example Decoder

& ‘ Encoder
e —n Aux. - E

Decoder 1

Unsupervivsed
/ Loss

Aux. '
Decoder K
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