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Abstract Image instance segmentation is an important part of image processing and computer vision technology about image un-
derstanding. With the development of deep learning and deep convolutional neural network,image instance segmentation method
based on deep convolutional neural network has made great progress. Instance segmentation task is actually the combination of
target detection and semantic segmentation, which can complete the task of recognizing the target contour in the image at the
pixel level. Instance segmentation can not only locate the position of the object in the image,segment all the objects from the pixel
level, but also mark different individuals of the same category in the image,which is not only the pixel level segmentation of the
image,but also the instance level understanding. Firstly, the reason of image segmentation and the function of deep convolution
neural network are described. Then,according to the process and characteristics of image instance segmentation methods, the re-
search progress of image instance segmentation is introduced from two-stage and single-stage perspectives,and the advantages
and disadvantages of the two methods are described in detail. Then, the design ideas of region, feature extraction and mask are

summarized. In addition, the performance evaluation criteria and common public data sets of image instance segmentation methods
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are summarized,and on this basis,the segmentation accuracy of mainstream image instance segmentation models is compared and

evaluated. Finally,it points out the problems and solutions of the current image instance segmentation,summarizes the develop-

ment of image instance segmentation and prospects for the future.
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Fig. 2 Representative instance segmentation algorithm of each time node

R T P 4%

2 WHEEGEOSETTE

PG S 451 4 50 B RIE 5 1389 AR AR T 52 o B2 2% 1) T B
B it AR SO 1 B B 11 1 A 43 1 el st R 4 A i D7
N 0 Bt 7 1 20 A I 6 B T A 0 ) S 48] 1 5 3
Tor BB S 73 8 T7 i .
2.1 ETHNHSEESE T E

TR Y 5 R S5 S A T AR R R A 2 R oz

B A

AL

I PR VA B2 R 7 7 0 X B A 0 385 S 4 0 T sai enfl P
KB R D LB S 14 1 R RO 4 B L A AR 5

X o ) B S R S 004 1 B F
ST 0 o R TTTBG R B AR 975 0 7 T Xk 1 7 2 B B3 EFRHEOTRAGEAIHGBAER

Fig. 3 General framework for instance segmentation based on sliding

SR S T S T A ) S A ) 5k Sl B T )
TR 7 3 T DI B B9 07 vk R T S g T R T ik

window method

S G 010 51 43 380 0 O A O 00 A A 2L 9 Pinheiro %173 T # # DeepMask A4 it . ## ti Sharp-
ELTE R WE A 65 55 9130 T AT e G 45 S0 T 9580 Mask STk DeepMask fFIl T — A1k 4 1 50 19 i 15 9 44 ok
WS, 7R 0 RS I 0 S 10 2 90 0 M 4 0 L
211 ATHAEG 08Tk {9143 360 52 4 2 LR 90195 000 055 8 ELJ2 % T i

TG 9 B Sz 91 43 1 9 = 75 AR K I [ B 2 S8 A R 1k T IX I 26 S Uk 25 BRI 4% R R AR T R Ay A RIE S L T
B 9K IR AR AR XN AT B AR U R 4, AR BRI By B bR KOF 115 BB, AR B AN E A8 AR IR R ik SR
W EEEN T EREE G, B AARR AN OEEg  HEIRCR . SharpMask M RJZE Z AR PG E) B ARR 66 89 4 2
ATV B Ok T4k H RR . OF 6 A e S B s shHE P R AE H G R . 5MERZHN BIrE B E e85 8] LB 1 1Y
FRIGAESE B 3 45 0 T 360 sh B 1 05wk k47 55 i) 4 1 1 58 % . %IrikS DeepMask 4545 &, R AT A LT B 404677
FHAEZE B i 2 R 200 B0 B ARG A B AR S S F A T B AR A REAE AN 5 A1 SUf5 ARG & 3w 1 Se il A B RE
O AT SE 4 T S E TR — 2 51 09 AN TR B AR AN A DX 4 B2 S ] 43

Pinheiro 2 #2 1t DeepMask , 1% 77 1 5% H1 ¥ 2 57 0 4% FHF EARZ B X AN TR WY B AR AS 5] 0 B, PR Dai 58050 £
A K AL 2 A T T R 09 2407 B R0 2 A RUBE 78 AR IE K] H T InstanceFCN, f&45 10 46 UM 4 (FCNO P i, 4 4~ ]
B EA BB E LA — D ERRR GBI s 28 B NETE R EER 518 (Score Map) , AR RIER R LB R
T HBRUBEERGZELHATES ., EAMEREMHILE  BEETHFUMBE, 78 InstanceFCN H1, 24 ik Xk 17
SHLESRZHIE G MG WA . — gy rERCENMRENHERRNZBRETE TR KA HEX
W B AR A BB, 5 — A A B RR A B, Deep-  DIEAIBER . B0 T A HAR KB K 9 0 B AN
Mask fili FH R e/ 0 6 B 22 M4 O A B &7 — A 26 F AR XA B AR [FIALE, 7= A 9 ASHRAE &L, A1 AE BT
I3l A S 0 S R SR 24 i R B 4 A — A R R T RE PR AR T iy A e S DA ORI W & SN A DG OVA: SR A
A TG R A% & AT MR WRZ R RO T, % 0P 8 AR R A SR S TR AT A
e DGR RS B0 27 20 7= Az 4 B e ik, e X BB 8 18 31 o8 & InstanceFCN R I B9 J& 32 4 # /2% 45 43 &l (Instance-Sensitive
PERCIR: SDWS iR s8R P; IR 1 (E: Score Map) , U T B 47 AR .



BRI, 45 < T BE 45 B 28 0 246 PRI 52 401) 43 1) J s AT 5 0

13

2.1.2 RATFREBIELGF %

TR T 26 X R F K G AT R R, — i)
B R84 F X O BEA BAn. Wk TIRITR R,
Al AR P DX 3ok A 3 199 ok AR A i T X, RO R R IR
AT REAL A B bR 0 XCEE AT R . 4% B 0 4 JAG% e AT 1Y 1k 2
TEFEPE 8 & (Selective Search) 1, {H J& L B AE B, 2017 4F
Faster RCNN %5 04 2 1 X Jef % 16 B 2% (Region Proposal
Network, RPN) , il s RPN 2 B 5% 326 HE A= i J8% 2% 8K X 35 (Re-
gion of Interest, RoD) , FE#E A7 4 2 Al 15, 5 3] 43 51 WU 58 2
RPN [X 431 5 F1#5 5 , T 30E 47 10 509 B bR 43 %1, RPN 1 fi
FA AR R b A2 33 T V9 A B S B o S Y R R R DX A% 3 1) 4%
B ST 51 43 381 7 1 WL

Li PRI T — A2 8 o 21 0 00 9 45 HEQR FCIS, %
9 2% 3 37 7 InstanceFCN™™ ) 2 il I, 2 F Faster RCNNEY
HE ZR 3047 530 5 A7 0 R ) AR AE i O v a0 AT R AR 4R B
ARALIE 52 4 BURRAE , th 3L 4G40 . B 4010 &% UM 455
TR AR ARV A5 K37 ¥ A UK, AT o] o7 R EL A AR [ Y
WAL o AR o S ] 3 1 B SR I] — 8 3R AR S [ 0 35 IX 358 17 %
AARF R XAER AR RHE— 2 B A0S gURE., B,
FCIS 5l AT X 43 [al — 1% 2 7E B 45 561 7 & 10 8 5C R b iy iy
H /NS4 &, 5 RPN W 45 3 [ 1 F 9% 0 47 45 fF 8l 4
FCIS M4 LA 5 50, 3 i 45 BURRAE 38R R 43 55 8] 58 42
25 %t G G BRI 4T 55 T 4% 445 vy v 3 4 i L w3 20, B A A
COCO 2016 EI& o #ITEFE T RA T —4

FCIS b T M 24 2544 , fife e T 1R — 18 2 78 BHR 1 R A IX.
BT IR TR) o S i) R L R 4 BIOR E AP AR B AT R R
2017 4F He &3 H T — A W By BES2 1) 43 1 HE 42 Mask RC-
NN, &n& 4 7R, %7 ¥ 7E Faster RCNNSY 1) 36 il [ 2% |-
JMAT mask 43 3, F 42 5 B bR AR, R] B 0 Rk 24 R 3t £k
(Rol pooling) & ¥ Rol Align, F T Ab #EAEE 5 J5 & H b5 A
it 55 14 T A0, B P 2 {1 3k A i i X 4 R 35 BRURRAE (9 3 55 8
AL TR 26 15 B . Mask RCNN HE 42 B 55 — [ B 41 41 181 1%
I A 1 DX 3, 45 B 31X 38R 4 2 5 A il S HE
HERE, HE B 53 32 AR AT o 43 0, 2 50 4y 3 f B SR AL T
Mask RCNN B35 iETFT 5 6 81 T H bR A 0 I 4% 1 = 25
XoF S 43 BT 55 A2 20V 5 DRI 35 6 0 9 4 I B 5 48] 43 1
A AH 2k B 5 L 40 PANet™) , MS RCNNP , HTCH 45
X 3 45 32 Y 24

oy
IR i

) ‘ % ' p |
ol Aligr

s Bl & R G
=T 4% HIEE Ea2

____________

4 Mask R-CNN H Ik 1 3 A A 42 2]
Fig. 4 Basic framework of Mask R-CNN algorithm

4 B 15 22 RO R AE , Mask RCNNU7SR HIRRAF 42 7 3

M 2 (FPND il 5 [ 1100 R 19 22 )2 R AE il 26 8% . R 38 n 45
BAEMEEME B 5%l T FPN £ T M4, {32, %A
Do 2 r TG 2 R AR A 1] R 2 R AR I R K F B B R AE
8 N E B D . X n] 8, Liu %07 42 ) PANet
% AT BIE M - (Bottom-up) B %5 £k %, 40 18 5 (b) ff 7 1
B[] 1 1 AR B FE 3 5 4 0 v IR 2 ARAE LA I AR R 3
SRAE BAE M P AL R AR T A TR I Y A, &/ 5
O T AE RN AL AL, 55 FPN # L0 R 36, FPN f
Rol #h Ak 2 M 155 2 FEAFE B L il PANet 76 £ A RUEE 45 1E H ik
THAE. B SCD S THES 30, B 5 (e @ ih T 42 i 3 R AE il
& . ML FE FPNES Hil Mask RONNUE A #D [ JLRE |- 3 47
T e, B M B TR R AE B A I T SE 5 4 £% 1

5 PANet B ikHEHE
Fig. 5 PANet algorithm framework
ik Mask RCNNUT i g 52 451 43 FAE 55, 38 150 43 1) o &
R RISy R EAE R R, AL RN R REEE S

Y REEAGHE WA KK, BRM R SR R — A, (1
194 HUR 5 AR R I Y 1 FURE 2L 5 i, R B E AR X 4
FBFEE 5. TR EMR 4 # R Y T R b —
0, R T- o 790 00 #5519 B =, AT BEAE 7E IR 25 . T 52 Huang
TR H T MS RCNN HEZE, & 1931 43 J7 20 AR fif o, B[] A
2 Ay 2 AT S TR B AL X I Y 43 43 B - MaskloU
head, SZEGIEN . i Fl MS RCNN 4 38 [ 75 42 WA i, 76 4 [7)
FTML AP RARFIE 1.5%,

Chen S5 AR 45 5 4] 43 80 (9 & #2 T MaskLab 553,
R E A T 3 AN H H box AN L T S ) Ry 1) I
MaskLab 3% J Faster RCNNU A by BLRl ARG 10 &5 , 757 00 AE $2 {1t
T X G I HE E , TE RN RS X AR
SCAN o] TR0 oA AT T S R 5t o B, b, iR 4RI BY
F 45 X 0 AL T 52 N R TR I SO X 4 Tﬁluﬁ‘ﬁ(ﬂl
4??1+§:/|\1%?$Hﬁ££$ﬁr“ﬂiﬂ;ué’ﬁim Sy R — 1k X
B S . ek, MaskLab i 253 4 %ﬁﬁxﬁ&*%ﬂ’a%
?ERZI,{Efﬁiﬁﬂ%ﬁuﬁéﬂﬂuﬁffﬁ%%,{Efﬁ%lﬂffﬁﬂé%ﬁ%
) JRUBE 4 5 5t 5 LA BRI AT A% 8 28R B R 8 /N B A AR AR
T 305 B s MaskLab 5135 e A WU T 35. 4 % 1 2985 % .

MaskLab 5357 R FH Z FpE 15 8L T — 8 R M RE S T,
HJ2 box KM 17 X4 %1 Ay 8] TN 3 A%yt RRAE K BE 78 4
G . LA BTN B T 9k (Cascade) 85 4, &3l i
LW B4R T T 4 BT 55 10 1 L oF 2 i AR A B
L A e W @Y O A R R =1 [ P N (O ]
Ay BIAE AL MNCPY R B 24T 55 5 v o 78 6 52 % 28 R AE 11 36 Al
L BRI A 2 AT 45 S5 . Wen DR — R & £ 1T 55



14

Computer Science FTEMLFI2:  Vol. 49,No. 5, May 2022

BRIk LS R, e 2 TR 45 (FCND P2 2% 3 g | A T R AE ik A 5

ARG T = R AR R RRAE 3808 T MG E SRR I
TXAFHE . Chen S5 2 IR AT 45 S8 (HTO) , Bl 3 75
BB B A I RIE M AL 5 R BCEE B IR AR BT
SO HE— B T A E HE B R . HTC K G T 0 43 E 3 fik 32 41
FE— i DT R0 4 S 4 B S 400 43 b, UEAT BB &2
BB Ab L, EFE COCO Hedfit it i B A T & & i dE e 4R 7.
2.1.3 AT R%BmEeTH ik

B R R A SR [ - s - S ol o o A 1 S
(FCN) B2 A8 Z 904> 25, FON 2 W i /5 T B 1 2. &

W1 b B TR A3 FAE S B T 4 R RS L E 3 A5
W SR AR AT 3 5 A9 AR 3 R ARME 2 S 1B 3R G S AR AR X
TR 0 09 48 M 0 o PR L SR T T A D ) S 4 o R0 D7
TR AT DR BT A 0 S A 1 BE AR B R IR N M. AR Ok
RITERE TEZH .

Hayder 5§ )7 30 51180 92 491 43 1 W) 26 (BAIS) .
o P A T 30 Y B AR AR LI R Gl U R RIR R . ]
HARBI T — AR kR s B B e 4
(OMN) , $ HURRAE F- 4 A 1 il e 28 19 — (L F AR . SRR
BT — A URBE R4 A TR i ) S AR
AT LA S 5 ) 40% 106 HE A S R 9 L DA s B s Y Oy s ) L X
il 5 1 B 422 I A% 9t DX g A6k 3ot v % 2 AE 9 40 Rl R BR L 9 EL X R
05 Yl iy 14 DX Jal A% 1 LA 5 A

{ER 2 G b i b B 3 2 I BATSH 48 J7 158 %
F 5L T S A5 HE FE L 3 BE > 2 PR Xu SR T Rk
T RAIE R 19 ESE-Seg 2] 70 HIMER, & 6 . ©
07 Y 00 57 4 0 ) A LT (DA 32 TR P L b e B 52
I ST R TR N A TE A MEE VAN SN N T g e
SRR RE . AU AR R W T R W B B IR
TR AN i EEA AN B A 45 0 25 kL T LUAR A By 3t S SR R
P B R G I AT A 8 S — U BT AR BT A B R AR
ESE-Seg fEAL 5 T MR FRAE P A0 2 42 FUD 1L 55 5k 2 35
KA BT AR T S E S B AR B B — AP,
SRE AR XA PN O K 58 B R SO AR A bR . O T TR R
G OIS ok 2 AT B BGE T X T DLE
US| SerNC P/ B PN A TR Mﬁﬁ&;&{ﬂﬁ*ﬂ E)
A A 00 ) E

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

____________

||((rr

(@) o

___________________

(b) #1Tﬂ¥5“1

& 6 ESE-Seg FikMiE 42 &
Fig. 6 ESE-Seg algorithm framework

ESE-Seg HEZRU {8 25§12 i85 T 92 41 43 1 % 32 4, {HL2 A

RIHBR . Hit, Cheng " 1H T BMask RCNN fE42, &
A 0 b T TS 481 s B TLJW%E‘/&UHE’J%@J%W%E
AT B g b 30 A7 498 65 2 7 . 5 3 40 A B S 681 4 1 R
R GHEEEA DR SR, B 38 Rl A B M 2 )
1 AHEAS R A 3 FEASE i (37 28 %, W7 Lol 45 5 99000 o G
TELFE, M (6 B bR 388 F5 5 0 i b 38 B0 58 4 14 40 B0 1k g

TE 45 78 1 [ VA HE oy 33E 47 B4R 3 4 B A7 72 1 2 IR, Lo
MRS IS AE () 9 B e L TE S R PG, Peng 455 1 S5 1%
Si 1Y snake FIETHR I T Deep snake 5 ik o i3k 5 A 40 5 45
F AL R AE 2 2 K TR B AR IR R A B 2 — i R A%
B PR, XM ST N TSR E U LIRE
e o T L 4% B B AN Sk e B AR A E . AL R
3o E A AT A R A O A B Ak B IR T, SR U Xt LR B AR AT
AT i gt kAR U R R 2% 45 B B AR IR . Deep snake 57k
SR FR 6 I8 R FOE I8 4 AR R AU T T M RE R W T B
PG T STk,
2.2 EFHEMELGISETE

FE T3 B A S AR 43 8 T 1 S R T8 Sy R I 48 0 [
TEATAR F PN B 533, P 5k B2 B A 5T A5 O ol
XL MR FEALE AN E Y B AR S R R 0 4 BRE R, An

AT S 43 1 S AR HE 4

EXEE R

B 7 g5 T B TR o O ik i
S 45 A 2%

ETHE HAEHE A7 2 Bl

7 RETAR SO HI TR 924 43 HIHE 42
Fig. 7 Instance segmentation framework based on semantic

segmentation method

Uhrig %17 ) F 000 14 552 61 o0 AR R O ) 52 1) 5 4
B 2% 34743 41 . Kirillov 2505 #2 4 InstanceCut, 5% 31
TN 15 SUAr B0 43 el 9 430 . Liu 00T H ) 51 43 41
2% SGN A4 92191 53 B 1) 52 2% AT 55 Tl — 2 50 Bl 448 T 6% OF fige o
BP0 25 I 46 it e — A SR S B B T 2R 1), A TG fifE
67 BRL 1) 455 40 3% AL 1 B S

2017 AFEA JLAR 7 1 AR R BE R o 2 5T o A% 30 S 1 ik
NS XHMRE AT 43 4T B2 B 53 #) . De Brabandere %17
K A E SCHIR G BRI S ) 4% 2 3] 3 —Fh L BT AAR
s () ) e 25 2 8] 04 WA T A5 []— S 3] v 45 2K i S B
=4 Zs 8] )5, 45 2 ik A 1) B (Embedding Vector) 2 [8] it 5
AL L S (0 P 3R 28 0 O 0k it S TR) S 58 4 BT 55
Fathi 451 R FIUR B /24 I 10735, 51 AR F AL, 54
BER AR TR R ERRREZY MR R AT 5
e, 4 B 45 3 28 IR 4R BURAE Al T . Kong %M 2 A T 52
Bl o Al 28 AR R A 42 7R BRI AT e A IR &
ZHE BRI R R R WL,



BRI, 45 < T BE 45 B 28 0 246 PRI 52 401) 43 1) J s AT 5 0

Bai 550 25 645 55 1) 43 K W B0 R IR B 2 o ik $R R
FF 92000 53 5 00 R 43 7K 08 A8 9 . %0 vk A e B R g R A
HP ) — A S R — A B R A SRS B RE PR AT U E
B S SR R AL . Herh g SCT — AN AT 55, B
) Re s T BRI )L R R K AR T A B RS T —#
P 2% 2 AT A5 B dpe 2 i B s 1R . %k -4 AN S ), 2 3 H v 4
MR FE 5 Z I B ZAR FE G W R 2 MR . %y
AT LR AT o B0 s 1) Y O AR B EROGE | o R A A B R A
SRAFTE L 43 F1 11 ) 5,

Gao ZFPUHRH T SSAP HERL i ik R TR M & T Ok
X a3 S0 T LA SR R GE SURAR B — B — 1 T W 4%
b e 2 o) LA 2R 07 At B PR R T IR — 52 1 i A
2R, S P AL 2 40 A B H AR SE

FETF B S R —H USSR R, 55T
G 9 7 T A B X T I I S I e A T, — Tk
from Bl g, 3T 40 B0 7 B AR OR AR TR 4 09 IK 2 R
fE g5 5 BRI B A5 B RS RBCEE R 4%, I Az
fefie 25 T O Z I E 2, HE ENHE TR
D14 7 12 B 17 BRL L 10 B 3B 0 A DN AE A2 FE RO SR B . Tn SR BB S K
G D 43 1 SR AR R R A S A AT I RO

3 BEHMEEGIOISETTE

VB B 52091 43 50 7 1 B ORORS BE R (LR AR M 3k 39 52 A
SRV . BN BB B H AR R U HE S0 B B L LR R R
b RS R A O SR R B R R T S B A E R S . A
BT R B B ARSI L BB B S 451) 4 ) B R K — AN B B R
R i D AN e s DU SN N i S R E Y g DN ]
A S 1 A A B RT SRR B B G 500 [T 054 S 43 2 4 T A T
RN KNI SRy R0 AR M R S /N ] RO R R . il
XA AN [E]  B A 92 ], 2 TR — 28 530 0 AN [ B A 38y
PRI 3

2 2 A 0 B B B S B8] 43 O T AR R A T B AE T 4 Sy
T HE 119 S 451 4380 O 32k AR R 189 S 481 )

3.1 ETFHIENIHENE X

B HE Canchor) & T E SC I AE 5 &, L 56 )3 A0 i 2 5 25040
BP9 E A A B E R0 R R AR D R . A R I B S B B ek b
R 38 DX IR AL T B HE . S 461 43 B0 0k A B B AE 45 ) 1Al A
AN TR RO AN TR 56 B 1 AR o 2 S 430) 44 S ) T

Bolya %502 4 T SRS ) 52 9] 4 HIAE 48 YOLACT, 4
8 T/ s YOLACT 5k 44 AT 55 X 43 WA IRAT Y 43 52
55— A3 A FON R 25 0020 Sk 43 A Gl AlE A i — 20 R K /1
F4 TR R4 I (Prototype Masks) 5 58 AN 43 52 45 R LAY H #5468
U P 46 00T 40 A0 1% A P St T 0 7 A RS v g A Bl AE B
S48 {4 HE AR 2 B (Mask Coefficients) , 48 J5 F F 3E B < (8 41
il (NMS) R i Bk 5 42 19 Rl E , 58 195 40 = 1) i o 44 SR 3k 47 4%
PR A . dw o AR ] U AT 2% B9 130 {E AL 45 3 454> 52461 %
LA B, L P, T BR A I HE SR B 2 AR Y Fast
NMS, H bR NMS B 12 ms, 3 HHEREBI KR/,

15
I A 2
r'(-.s"i 5 # | e Pi
D | 1E
(‘43 d |
el
_____ e
2 %
Cl
_1r
— =
==

&8 YOLACT Fv5k I 4% 2% 4 1%
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Fig. 10 CondInst algorithm network diagram
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Schematic diagram of local mask and global mask

Fig. 11
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Table 1

Summary of commonly used instance segmentation datasets

Dataset name Year Description Main application scenarios
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Fig. 12 Schematic diagram of annotated images of different data sets
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Table 2 Comparison of average accuracy of instance segmentation models on MS COCO dataset

Method Year Backbone AP APs, APg; APg AP wm APy
MNCH?#] 2016 ResNet-101-C4 24.6 44.3 24. 8 4.7 25.9 13.6
FCIst26) 2017 ResNet-101-C5 29.2 49.5 — 7.1 31.3 50.0
Mask RCNNE27T 2017 ResNet-101-FPN 36. 2 58. 6 38.4 16.4 38.4 52.1
I:; PANeth:H 2018 ResNet-50-FPN 36. 6 58.0 39.3 16.3 38.1 53.1
MaskLab 7] 2018 ResNet-101-FPN 35.4 57.4 37.4 16.9 38.3 49.2
HTC35) 2019 ResNet-50-FPN 38.4 60.0 41.5 20. 4 40.7 51.2
MS RCNNH 2019 ResNet-101-FPN 37.5 58.7 10.2 17.2 39.5 53.0
YOLACTE? 2019 ResNet-101-FPN 31.2 50. 6 32.8 12.1 33.3 47.1
TensorMask 7% 2019 ResNet-101-FPN 37.1 59.3 39.4 17.4 39.1 51.6
MEInst-°%] 2020 ResNet-101-FPN 33.9 56.2 35.4 19.8 36.1 42.3
PolarMask-58] 2020 ResNet-101-FPN 32.1 53.7 33.1 14.7 33.8 45.3

Single PointRend%’ 2020 ResNet-50-FPN 36.3 — — — - —
stage SOLOM%] 2020 ResNet-101-FPN 37.8 59.5 40,4 16.4 140.6 54.2
SOLOv2566] 2020 ResNet-101-FPN 39.7 60. 7 42.9 17.3 42.9 57.4
BlendMask ! 2020 ResNet-101-FPN 38.4 60.7  41.3 18.2  41.5 53.3
CondInst-4] 2020 ResNet-101-FPN 39.1 60.9 42.0 21.5 41.7 50. 9
CenterMask(®3] 2020 ResNet-101-FPN 36. 1 58.7 38.0 16.5 38. 4 51.2

F 3G H T Cityscapes B 877 1 43 S5 4] 3 1) 458 Y
IS 25008 BE X M, HoA Cityscapes B iFE FE M ZE R E R N
AP[val],Cityscapes Ml FHE MR LR N AP, FIWH W
MrBEJ7 s . 40 BAISH Al SGNET [ 43 KRS B %2 4IK . T Mask

RCNNE Y #URHT T  5  PANet™ i 45 8 = AL 2 47 1iE
BhA Y B4R, SCEL T BT AU 4> EIOKS B, Deep snake ! Fl
BMask RCNN™# 3L F 30 F g it 34 47 5 451 43 1), G 7 B bR b 4
1943 RGP RE A B R T

# 3 Cityscapes $UHs 4 [ 52 43 E1 4L 50 () S YRS BE X B
Table 3 Comparison of average accuracy of instance segmentation models on Cityscapes dataset
Method Year AP[ val] AP APs, person rider car truck bus train mcycle  bicycle

BAISH0 2017 — 17.4 36.7 — — — — — — — —
SGNL6] 2017 29.2 25.0 44,9 21.8 20.1 39.4 24.8 33.2 30. 8 17.7 12.4
InstanceCut 37 2017 15.8 13.0 27.9 10. 0 8.0 23.7 14.0 19.5 15.2 9.3 4.7
Mask RCNNLZ” 2017 36.4 32.0 58.1 34.8 27.0 49.1 30.1 40. 9 30.9 24.1 18.7
PANet-28) 2018 41.4 36. 4 63.1 41.5 33.6 58.2 3.8 45.3 28.7 28.2 24,1
Deep snaker'l?‘i 2020 37.4 31.7 58.4 37.2 27.0 56.0 29.5 40. 5 28.2 19.0 16.4

PointRend*" 2020 - 35.8 - - - - - - - - -
BMask R(jNN“ﬂ 2020 35.0 29.4 54.7 34.3 25.6 52.6 24.2 35.1 24.5 21.4 17.1

F AP T H A I 4> ERTAE PASCAL VOC 20120
B 45 F0 SBDUO BOHE 4 B AY O T L. Hoh AP,

M mAP;, & ToU BI{E 4> 31 0.5 F0 0. 7 B ¥ 35 4 19 - 3
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# 4 PASCAL VOC 2012 I SBD #5452 ] 4> #IA L f1y
- 2405 B X He
Table 4 Comparison of average accuracy of instance segmentation

models on PASCAL VOC 2012 and SBD datasets

Method Year Datasets mAP, mAP?,
spst!] 2014 PASCAL VOC 2012 49.7 25.3
- b016 PASCAL VOC 2012 59.1 36.0
o SBD 63.5 1.5
InstanceFCNL2%0 2016 PASCAL VOC 2012 61.5 43.0
. PASCAL VOC 2012 65.7 52.1
FCIst?) 2017

SBD 65. 7 52.1

Mask RCNNE27T 2017 PASCAL VOC 2012 68.5 40.2
ESE Seg’1] Y010 PASCAL VOC 2012 69.3 36. 7
s SBD 40.7 12.1
YOLACT-50021 2019 SBD 72.3 56. 2
Deep snakel*? 2020 SBD 62.1 48.3
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