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Abstract In the field of computer vision. visual segmentation is a fundamental task that
categorizes pixels in an image or video frame into distinct regions. Thanks to the significant
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development of visual segmentation techniques, it plays a key role in various applications such as
autonomous driving, aerial remote sensing, and video scene understanding. In recent years,
Transformer-based visual segmentation has attracted much attention because of its long-range
dependency modeling capability. With the continuous optimization and updating of Transformer’s
model architecture. there is an urgent need to more comprehensively understand and recognize the
existing progress and development trend of Transformer in field of visual segmentation, and to
find out the deficiencies and challenges, so as to explore the core theory of Transformer in a
deeper way. To this end, this paper organizes, reviews, analyzes and explores the recent
advances in Transformer-based visual segmentation techniques from two visual pipelines of image/
video, not only summarizing the theoretical framework of Transformer. but also giving some
application examples and research hotspots, so as to make a summary and overlook. Specifically,
the background of the Transformer is initially reviewed, including problem definition, datasets,
indicators, and the basic structure, in which the problem definition describes the expected goals
and results of visual segmentation in image/video tasks; the dataset and indicators respond to the
specific application scenarios of the model as well as the performance measures; the basic
structure describes the core modules of the algorithm, the implementation process, and the
relationship between the individual module. Then, the four methodologies of Transformer are
highlighted in detail in terms of image semantic and instance segmentation, as well as the video
semantic and instance segmentation, and current research hotspots are discussed. For the task
of image semantic segmentation, the representative structures of Transformer are analyzed,
including pure Transformer and dual-branch structures, and the motivation and application
effect of Transformer’s improvement are exhibited and the visual results are shown with the
practical application cases of unpaved road segmentation of UAV images and semantic
segmentation of remote sensing images, while image instance segmentation summarizes the
typical structure of Transformer without/with end-to-end framework. Video semantic
segmentation is mainly categorized into accuracy-oriented and efficiency-oriented Transformer
structures, while video instance segmentation includes frame-by-frame and segment-by-
segment Transformer structure. Notably, video instance segmentation takes livestreaming
video instance segmentation as an application example, and not only discusses the available
datasets, experimental parameters and indicators, but also evaluates and analyzes the
performance of the mainstream methods for livestreaming video instance segmentation, and
shows some visual results. Subsequently, for segment anything (SAM) . open vocabulary
segmentation, and referring segmentation, which are widely concerned in the field of visual
segmentation, this paper traces and reviews these hotspots, with a view to colliding new ideas
and inspirations in visual segmentation. Finally, although Transformer-based visual
segmentation has received widespread attention, the scientific problems have gradually
emerged, limiting the further improvement of model performance and efficiency. Finally, this
paper summarizes the changeable issues that still need to be addressed in terms of image/video
semantic/instance segmentation tasks using Transformer, and looks forward to the potential

future development directions to provide some insights for reference.
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Networks, SENet) " H1 {14 18 i 45 Ul B A2 25 BR R 1E
EITP A TUAEIE . 205 5 PVT B AN 1Y)
J& CGVT fif B SENet {4 8 738 3 58 £ 118 A
B0 T REALEIMR R ST S BN Bk .
B ot = A i i B 1 0 T 31 T Transformer 24
L, AZHE R E T I L] (Interlaced Sparse Self-
Attention, ISSAY™ ZH A HEA TN TIEZ
— IR TAER T BEAR B EE LG BT R R
A (14 5 B AR R R R it Ay T S R B ) e AR .
B R ] DL A BRAE SR ST ER . DT R K 2
FEGf 23 [ RIS SR A /oK . AL T REER 7
2% o R R PR A SRR I AT L B o b b
R B A 1) 3 55 % T R S FIA R
Bl A2 AT RS HESE L 78 [ 1 B I HLE
HR AT LIRS R RRAE B 1 3 S5 8 AT PRIE AR
SRR I 1) [ i REEAI T35 AR 2 Transformer 521
TEEUGIE o3 FIE 55 i g 44t 1 AT sk

(2) W3 K45t

Transformer K FEHL 4 R {5 B, — 28 T AE24K
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454 CNN 5 Transformer 52 U [R5 (1915 SUAH
B VIR TR o EI e . B an, 8 1 HEE 5k 22 5
He A Transformer %) @l & 42 4 (Fusion Architecture
via Stacked Residual Convolution Blocks and
Transformer, SRCBTFusion-Net) ' 7¢ 43% i £
fift 5% 256 FOME B BIHORSE BURAE , TR FE R
WU R ZRHIE , S 17 R SR 4t fn 2 Jsy i Sy
FRAF AR T 3= FRZ B i SCIRIE X 4351 25
WY 52 i . Transformer-UNet @l & M 4% (Fusion
TransUNet, FTransUNet) % FH 21 4 % 45 1]
20 B2 FRIE RN LT SCIR JZ R AR AR X {4
2 X B RN RE T, B T RS E Lo EITERE . 2R
LB . £ R E Transformerd.CNN El & M %%
(Multiscale Fusion of Transformer and CNN,
TCNeO ™R T IH474r 454, 45 A 20
Hl ResNet kB4 J/y F s (5 B M T —4 8 1
A A RIS LR S AT 43 ) X 38 2 [6]
M X 2200 . AN E RS | 519 CNN-Transformer J&
& M %% (Uncertainty-Guided CNN-Transformer
Hybrid Networks, UCTNet) ' 5] & CNN Fi
Transformer 73 HIBI AN 7] 435 X B0, DLFE 70 R4S
H AL S K PR Ml R AR TUAY . R iR
CNN TEH AR SRy B A ik FN 23 [l 5 2 7 TR L 5=, i
Transformer 7£ 40 3 B 14 Jm) 7 25T
80 56 PR RE FT 43 A CNINZE Jag A B HP g i RS
fie 71 Al Transformer 7 42 Jiy (A5 1 A O 55, DI T
RIS 5 53 B ) S AR PR B

(3) 18 Lo BITEAAASEAZR B

TEMUAA SEAR AL FR TR K 1) H A 53 F1 A (7]
14 DX 38, A L) R KA AT | A Ry 3 N A 45
I FH A T 0 B SRR R — A B PR Y
% .

WA AR 0 B bR RE 20 650 B e A 4

SR V7 22 TARE 23R A BRI FE A [R] RUBE T 1y 43

EIPERE . a0, CNN £ RE J58 - 3C Transformer
(CNN and Multi-Scale Local-Context Transformer,
CMLFormer)"* ¥ 2 RUEE /KPR B AR A
Transformer 73 HIHEZE A8 i TR 22 R
RS, vRAh T o B A 2 R fE Bk . CNN
% ] Transformer &l & [ 4% (CNN and Multiscale
Transformer Fusion Network, CMTFNet)""'7£ 43 %
dEhH R ERFLMEEFILES T
Transformer 7 HIFESL T, IFAEEE T 2 RBEE R Il G
B L B I8 Y Hb A 2 R 2 RHE . sefb 2 R

fiE. Transformer (Enhancing Multiscale Representations
with Transformer, EMRT) ™22 7E fi# i By B 3R HL
Z R F R UE S 385 5 Fad B8 i A [ R
RNV

I 4h s Transformer K #5195 R 1EH
HRT LU 05 B H bR SR SR 1Y R R A S RE
RO RN GATERE . R R 2 TAESIAE G R
S I o I I S N 735 ) o i3 o/ [K o= R e
Transformer(Clusterformer )" | F IR J2 -5 45 1E
Hh ke A R AL 2 SR B AR 42 T T 1R R AR
S3FUKS BE . R R A2 R BT Transformer 12 8% K4
/1 #| (Efficient Remote Sensing Segmentation with
Generative Adversarial Transformer, Efficient
GATrans) 765 H L T vh g A A BT I 28 S 4l
P24 R AE B IFRG G A AR ALY 401 2% Rt Bt P4 2k
(8 H bR RR AR SE T RS B TR S A ) A PR AR A
mRCE . 454 Swiny B, L 4 )R Transformer
B 32 J8% EZ 38 S 43 #) (Swin-Conv-Dspp and Global
Local Transformer for Remote Sensing Image
Semantic Segmentation, SCG-TransNet) ™45 45 T
Swin Fl Deeplabv3-+ 5% 8 E 4 3 #1 , B 58 T Ry 45
S ERICRE T, AR AR 43 H0 A v ] L7 43 0]
PI AR A BRAZ 2 A AT X 3 i R (5 B A %%
fife A E AR P 1 B DR A L R A S O . TR G
Transformer (Mixed Mask Transformer, MMT) “*
2 P F o R 0 T 5 B B B A AR
FIAEARNE: | A1 I 0T 5 5% DXl P DO A% SR R D e K
FELEE b B (IR TT AR A5 S5 T3

FEBRATZH 0 TAER AR T — 2R
Transformer (1% I8 AALAT A 5245 A5l 26 18 26 53 51 5
#: (Global Vision Transformer, GVT), B/ E T
25 28 X H 3 B A (Dilated Cross Window
Attention, DCWin-Attention) , Fi F 7 R 1 [ 1) 28
JE TR 0 2% [0 R s SRS BN T —Fh S 28 L 1
BL il I 45 & DCWin-Attention % 4 8 DCWin-
Attention 3= 1 [ 2% , 4 HUEA 4 Jmy MRS 1 1Y) 22 2 %
JERFIE . R T AN G B T T
b K 27 JE i 2% 38 K 2R 48 (Beijing University of
Technology Unpaved Road Dataset, BJUT-URD)
IR B AR TE B A HERE 5 DeepGlobe ® B #EFT 50
HE SRR R

(D4 . BIUT-URD 4 4 £0.45 161 05 4>
HEA N 60004000 W TE AHLTAATAAR L I 12 16 8+ 2
(49 L A5 4330 F TN AT . I X5 D11 2 4 A i 4
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HEATERIR I O L AE eSS BT PR B A At SIS R IR ] o U,
gy, I 45 R4 CE] 1200 X800 43 HE . HHe 14 5k AL T T AR oU 4553, 1l

Je s PIERAR AN A 43 )4 e 31 8167 & A1 1567 M 141
1%‘( . DeepGlobe & ¥ £ 4 52 th 6226 & YIl 25 K1 1%
1243 W8 56 3F P45 R0 1101 1 03K A% 20 A . 5 i 1
1% 1 4 $E 38 H 10241024 (HIBFE 2. T
DeepGlobe Wl i 48 (1 #5285 A X 8 24 IF A e fiff 1]
DeepGlobe Y Zr 8347125 , S uE AL 4TI
(LB S LI — G B4 16 GB NAE.
2. 1GHz CPU #I NVIDIA 2080Ti GPU {9 g, i I i
7. B EHESE H Python 3. 8 fll PyTorch 1. 7. 1 A &
CUDA 11.1 #1 cuDNN 8.0.5 52 B . 4k, ffi Ji
AdamW EALERFEAT Y25, HOE S50 2% 2 fios

R2 EERSBFEBSY
AUE BRI RERIEOT  AREE L)
160 k 0.01 512512 0.3

6x10°

(DOPFEALFR AR . A S50 2R H 28 I L (Intersection
of Union, IoU) F1 5% G50 Precision Fl {3 [A] %
Recall R VFAL 4 Fh 73 #1715 48 BTUT-URD %4 4k
kR

Y
IoU= YNG] (3
YUG|
TP TP

R(ZCCZZZ — m , Precision — W (4)

Precision X Recall
Fl1=2X (%)

Precision + Recall V

Horpr, Y RTG530 0 000 235 S Rl T SEDC . Precision
H Recall F s AG R F A I3 TPR/RE M, TN
TR B UIPE . FP ROR R BH M - FN 2R & B

DeepGlobe %48 £ $ {1t 15 77 PEAN IRk 55 45 » i TTXE

EfeErES

DeepGlobe ##idE

(a) UAVEIE (b) PVT

& 5

(c) SETR

(d) CSWin
£ /e Transformer [ UAV 8 1§45 %

B4 BT B 16 000 Yk A & I E 9 To U, If:
W IoUE AT AL 3B 30 T fe i » [ Zhod Rl o H:
by 7 TP 3k B e T BT AR A A Sl A 2 I 1
)5 AT RO AT e . 332 R R 43 A A8 XU
A 3 K ST R A B A G 2R A AR AL 4 S
WA R L BUAD B ik 28 A 518 R XA

é}fJ T8 [ I AS A 28 LB HLEIAHZS & A R A T

S T A B AR L ST TR A E A

32000

160 000 10

18 000

80 000

96 000

—GVT (Our) Cswin GG-Transformer

K4 ARETTER IoUSSR l:l:ﬁ“x

Swin

R T HBGE B FIROR AR SRR T 5%

P FL A 7 v i L IR, Hip S 1247 M B &
£ F LR, 3~4 772 DeepGlobe U645 /) 300
g5 T DLE ARy O B AT T SRR 4y
) AT LAAG A5k A PR O S FEERY . A, 1A
% A AR T B, oAt 5 1k T e 2l A I SRS

"ENANENAVAVAS
L 1 1

(e) Swin  (f) GG-Transformer (g) GVT (Our)
S H R
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AT L B0 e s i o R 25 3L . e, FH
DCWin-Attention X 7K - Fl 2 FL 8 FEAK 81 0C R #E 17
AL, AL T BRI B AR L R Dk 2 T
2 X FALH R T A e b A R AR 15 B &
P B TR RRIE2E 2T RE T T $ 5y 1 18 [ 55
HITERE .

BEAR S X 1 o B AR, FRATTAT R s T
— A3 [ B % Transformer FTE X 43 ) 7 B0,
B 5 involution Al [ 1 B 7 43 3288 A 1 225 )
5+ VE Transformer g it #% , $2 Y H b 2 FAFE 5
SRJE R B 1 s T s i Ak 2 RO R U
B [R5 LA B REAE D 78 53 S 9818 AR B AR
B 22 RUBEFRAE BB I i A o S 28 030 5 01 Je%
AGIVE Lo E) . T A Potsdam F1 Vaihingen %%
Pt LAE T IR, SEES AT AN E -

(D%dELE . Potsdam Z0 888415 K A iz 3244
P B9 38 M REAR L 3 B3R 0y 6000 X 6000. 7 T
VER B 2R 87 1% 600 X 600 43 BER YA T 25, 738 1t
JE s VR /N KTl R e T Tl R A A
5, 315 200 5K F5 L Horb 8004 11 il 254, 20 7%
YE R A . Vaihingen B0 8400 55k B Wi 2S5 S A4 4L
WA 19 33 AR P24 23 B R Oy 2494 X 2064 73 Bt
N TR AR B AR BT A 512X 512 43 Fr it
TN 8 T IR RN KPR
AT R R 5 L 3 2968 5K RIS, Hrh 8024 AE Rl
A, 200 VE RN

()L ZHL . FH 1 Ubuntul6. 04 2 1E &
%5, NVIDIA 2080Ti GPU . 3% | PyTorch 7
IR i SR [ R 5o i 0 - T 4 =1y i)
Transformer ., £E 47 #¥3% 0k 224 X 224 BRI oEF7 70
IR, LA GPU AR . AR5 18 ] AdamW I fk %
Kra i, S8 5% 2 M.

(VAR PR . BRATIA F1 4080, i T -F1y
22 Ff [t (Mean Intersection of Unions mloU) Jf£ £ #E
i % (Pixel Accuracy. PA) 314 2 HER K (Mean
Pixel Accuracy, MPA) fil Kappa Z FLAE K VF Ak
LA

1 K
MMZEEMM (6)
Hodr, KRR 5%
TP+ TN
PA_7P+TN+FP+FN e

Hodr, TP FR EPAM:, TN FR B BAM:, FP 3% A
P FN R BB .

MPA G RN -
sum(P,)
N,
Horpr, PRI BB R E W R, N KRR
%L
Kappa 72500 TR V8 H B4 ke Ay 2 53 2 45 SR 1
e -

MPA = (8

Po— Ppe
1—p.
Horpr, po 1 p, 43 46 A 53 28 HERR R AN IR — Btk
R AN, 28 (Params) Fll 4 B 7 5508 5 L
(Flops) HI T PPAR AL A 52 e

16 LA T AN ) 2t ) i 0o B 25 A 2o B PR 45 1
3 FIPERES ™ ZE S AR ST 1 B ) i fs . BT
PR E T e 9 87. 61% mloU/93.26% F1,
BT 0.19% mloU/0.06% F1. k&b, JLFfirfs 2
SN 7K FRTHT S EHEAR ARATLRIE RIS A 1) 730K B
BB T HE . Bz, R 2 B RS M Transformer
(Spatial-specific Transformer, Spatial-specificT) AJ
LS Bl AR AR N b ) 5 bR AL 2 RO R SO
K T ARAS B 5 1) 22 ROBERFIE 27 2] FI RN BE )

D

Kappa =

100
%@ﬁe& 88.56 95.17 80.25 | 77.39 |83.62 | 85.00 |91.77 '

<> 189.11 19546 91.13 | 78.24 [83.74 | 85.54 |92.09

o> 19013 195.96 8278 79.43 |84.80  86.62 | 92.73
50

$190.07 95.99 82.80 79.57 84.21 86.53 |92.68

> 190.78 196.32 83.89|80.51 [85.61 | 87.43 [93.20

e & 90.94 196.37  84.28 | 81.02 85.47 | 87.61 |93.26

o PN
&x{b\;@o §»/ﬁ@ 1&%’ @@ﬁ' %\% VN)&’ (\(\,0\3 Q\

K6 AR AR A A5 A 1R R PR S IR RE LA

3.1.2 MRS E

AT FEfRERE T EET Transformer FIZ SE 51 53
FIRAESS B bR, H98 1 526 o HI R AL G540 Y 324
BCFR A3 s A28 5 A i XoF it P9 R i XoF i P > L
Y Transformer S5 43 E] X 2% .

PGS A5 3 B SR R LA 3 ) — T 4%
AR BFEMERR X 5 R b B RS BTG, I Ry ix de
MG R IME R S BL IE B 2 IRR2E . aniEl 7 B
$5T Transformer 4 G S5 5351 1) 4% = 2240 45 LA
T =N (D S v T EHRE S R4
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) ALAE— SRR BT CALERAE AR R T R 2RI [R) S 48] 5 (3) S A ik A 2 B S 900 4 AL 1 o
VB, b G B T R SR URAAE s ()RR RS ee 5 U&= 1Y Query, B> Query K78 — A H5 2 55 i 1)
B GiE X B R i es B MR Z5H) . 454 3 X3 IBXNIEE . WIEmias it S8 mmEs . A
AR VRE  FRAEBREATRMER G M S5 g Jr ik 3 293 O 3E o % 3 Transformer F1 3 X I

AR 2B E AL A g i — DR MR, LAUIX 3[Rl —  Transformer.
Sl A% ey AT
o SRR A
T
m e | cwpz |
: + ameim | %5 )
P T
+ —( am )
| Comaxs  fol awmom
X A x
N : B _’ [
y 5
Cmgmne | e IO OO 00
T IR
[ il ]_)[ Cony3 X3 )_ S22 Query

K7 BB EIR AR

(1) JE¥%f v Transformer

] o 3EF Transformer 14 FEZ S 43 12 AE viig
XoF B P o 34 5 S H R R T S A D S 0 B HE
PR, 3 TR MG S A 43 ) X 2% (Remote Sensing
Image Instance Segmentation Network, RSIISN) "
S ) FH 38 FH IR % 8 X 38 (Region of Interest, Rol)#
WS 3K B A H b 1 R 8 R AR B, SR S R
Transformer A1 CNN X J&y #0451 - UEAT 18 X434,
B Ja B IR R BB B 4330 45 5 52 3 EIR 5
151538 . BRI eI XS T ik 0T DU S5 E T
DX 3 AN [m] 8 S 48] i R o A G T X Ja 2 A ] sl
Bt 149 PR TS U4 R AT I0%

— SO T AR ST o3 R Ry e 2T R A
BE AT I35 IR I5 RIS N A [N G 3 1 43 1) 2ot
LN, KL R0 i 1143 %175 ¥ (Clustering for
Universal Segmentation, ClustSeg) ™ ] H Transformer
WL X AR R A5 AR AR R o R AT R 2R
PAIX 53 I 43 AN [G] SE A5 . SR T, A i X st 119 1> A
MR e 531578 S AN G55 W o A A R £ SR
FL o 2% .

(2) ¥ X ¥ Transformer

T XoT i P S A1 3 R AR A7 B R B 2 Y G
T IF W 18R U 3 2 Ty i ) A A
1 Query > X J3 AN [7] 14 S 461 o 52 90 o Xof i 1) 5 £97)
g3 F) . B, 65 B J) Transformer (Masked-
Attention Mask Transformer, Mask2Former) "™ il

o v 32 ] 43 % Transformer (End-to-End Instance
Segmentation with Transformer, ISTR) " 7
Transformer g% % 1 F- s 01 1516 T 100 4~ Query .,
FFE B 3 B I AUHPERRAE B A~ S i U
S LS B FOh Y Query b, SEBT v 4 i 1) S 451 43
# . B A — 28 TAE SR Transformer 4 % &% 42 M
Yy s AR . PR RS 2% 00 16 1R Query H 37 =
AR v e ) S fF R . 1 Query Refinement
BN S R S [ 3 S U RP O O |
Transformer (Segmenting Objects with Instance-
Aware Transformers, SOIT) " | 40 Jifg &% 4 4 il
Transformer (Cell Detection Transformer, Cell-
DETRO"™. i X5 g 19 S 451 43 1 7 1k 1 Ak 1 Ak P38
&, WA 1k Query BEHE 1545242 B A7 43 R 25
R T B BRSSP g P TTE SO T
HA5H Query B FAERE
Ptk Query W1 4R AL S EUE 3 & Transformer [#]
G 3 FIVERE R OCHED IR | X — b BRA T 195
6T FHAS [+) S A AR B 8 I S 481 4544 5 43 A1 R R
B O S S B 2B R a2 8. fldn .
T Query % 52 i 52461 4331 77 ¥ (Query-based Model
for Real-Time Instance Segmentation, FastInst)" 4!
T T S TS 5 | ) Query WIIRAE T .
JEIE A IR R 2 40 28 SR S AR R AR A
1= BREIEAE A Queries. XA IESATE T, g8
Y b 5 3 UG B SRR DX AT A S22 451 3

Transformer
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)P M RS B A RS AL SO BIR 43 #) Translormer
(Document Image Segmentation Transformer, DocSegTr)
CERINY AR A TR R G e B [ R e T
IR | T P 28 5 1 S0 ) o AR, T e b B
fiff S 5] 1) 2 R] 3 A1 o DTG $i 125 43 31 (4R 2 AT
PE RIS 3 65 B A 75 0 2 g i DA — 1> T B 11
YA ST IR AR T 02 20 B A XU, . AT 55
Ak Query I 46 16 2 BT B 455 75 18 S i 45 44
orA . P AR BT B2 B 1 TR AT
SIEAG P 25 A8 R0 3 AT AR P L PRER Qe SE A 0 A T X
SEfE BRI Query BRI 4R 1L .

TS 53 B VP2 A58k Query I7 i T2 71
Sr&IBTRE . BIAN, HERDRE #4528 (Mask Transfiner)™ )
FH 5 904 A5 R 46 26 R RS 1Y) 435 285 51 L 3 ol 45
4 Transformer BEATRH , S T+ FI 45 R B ESEPE R
HERPE . PP T A SRl A T FON B = 2t 5
Transformer f 38 AL BERE Iy, SEI T FEAR AT A
TEEF A E B 0 B AR . AL TR EE 2 E S
71 #| Transformer (Deep Polygon Transformer for
instance segmentation, PolyTransform) "% {4 F 5K
5% B 1 A B RIORS # » R Transformer £ =5 48 56 1)
R 00 B2, e Kb B AT 238 5 o 2 SISO I T A AL
K HR Query BYE 7R 35 48 sy 1 ARG S5 RpAE FR 47
PERE ) R T RIRITE R AR o Y BRI AR S
S FI BRI EORWE T . ARSR I AT BB 30T
T4 K Sy vk RO AR TR IR R R

PIRE X B 2R AL 37 S Ak AR
3.2 WEmsE
3.2.1 HUAsE SLrH

AT E MR T Transformer 75 AT I X 43
SR S5 SIAIL SR o0 B T RS L4y B RY ()
BRI ZE R, 5 i LG T 1A% 0 v i pe) s R ) LA R T
[ 1) Transformer Z5 P58 i .

WA S 53 B — Rl e T AL S R
S5 1 A BRI B35 X5, B A PR Y 2 B
BIEL N EMRIT A . FEAIE Ay F v, AR 2
DX MR AT e (A5 3 231 3 0 200 2% ot ] 174 B
[i) 2 S RN S . A S4B AR A1 8 i
TSl R 5 A AT T 51 b B IBCREAE » 38 3 G
e 2 RSB DR 24, RO B A [
MIRRAE ) 18 X —B0PE 3 SR 5 R H R AE fi A5 B B 35 B
e 270 s TR 475 2, LA i B g A3 o 1 s A5 78 A
I Ja K A T B RRIE B 6 AR AT A .t A S 25 AR K
B AT P 1 S E G . AR ASEE S B4
358, B T A5 JE A A 2R3 il 2 R 43 B 11 A PR
2. dn ey e A R s PRI S R AT AR
A3 DA S U] Ak B A )RR AT AR AIE 5 R A A
B o Bk T M BS9S] kg 7 % 3 26 4k
0% F9E N B IEAEIR R B8 5 A SUE B AR
PERCRRLG 7 DL RARB A5 B R . [FIE
SR AL B TR B G e, BRI
il 9 2 A AT 9 B OR J AZ 31 G

i e DR 4R f@%
- [ Softnax__|
Eg & ik Softmax
Cmgmoe 1| e
) )RR el !
TR By e )
S 10 o I TR S
Cmwwor U P T e - : )
T | i
b, ! ] =y
WA 51 g j}\-{-» Rt - ]} e
i et £t )Y
e I
S comaxs e

K8 M Lo B A K

(D) T8 ¥ )5 1Y Transformer 4514
TERLI 43 BB AR 0 & v, 20 B b2 5853 Fl
FHI a5 B T e . AR SR BB 9E T 4E E 84k

HTE S A FERSAE B AR S RS b DU AL
5 SR . — L T AR SRR 19 73 S el
B ok [7] Aok 2 it o T £ 50 RT3 5 B g P 5% 4038 LA
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B Uz SRS E SR I (Motion-state Alignment)'*
I 12 1 3R Bk B B (Memory-Augmented
Refinement, MAR)"™. X Fh gl 515 BRlA kA
A T B HERR ME L IR 5E T AN e R )y .
J3E A b BRI ) S A4 . 2L B B A
1Y 5 AiE 42 98 56 1% (Coarse-to-Fine Feature Mining.,
CFFNMD " i L 2 240 i FRAE 3248 07 2% 2D JF iy
ERAS NS LT SUFE B B 0 4 5 s i Y
SRR ST . 53— 7 1l 3T Transformer B []45 8
Ak BT 5 an R B c A2 1 = AL (Local Memory
Attention Networks, LMANet) ™ FlH} 25 i X 4
P28, FFH Transformer (50 K RE L L1 T3 = AL
WL 91 14 3 e R AR — Bkl AR B i
FHIEAR BIT 5 M/ sh 55 B4 6 SE8 T ik
4 I [R5 SRl . I A o | i 7 G R B 1 XL
SR A W 4% (Dual-Branch Hybrid Network of CNN
and  Transformer  with  Adaptive  Keyframe
Scheduling, DHN-AKS)" &3+ T — A3 F8h 47
At R 1) 23 0 5k T A g sk A ot i) 3 285 A
FIASTE SCA5 R o DT B > 1 ot i) Bof ) AR DG 1 . o
J&i » B Token Y Wi [8] {5 2 IK G J7 1%, W01 22 hE
R 3 M 2% (Multi-Granularity Context Network
MGCNet)"™, it 1 A2 BAEWURFAE 9 Token e SEBLA
[ A5 2 A EE S . X Ty v A A PR o ot P R A
SR R AF, {H AT B AE S B T AR AR PR AR . R
AT 55 5 35K S 5 3ok 2ok A (] A B R SR S T S
SN ASAR B ARG o DA 4 T b Al B
A E B A, A SR B TS B e T T
W15 R AR

(2) TH [ RCER ) Transformer 4514

TERARLE X o3 AT v A T 2 AL
A E R T R i — DR TE . Xy
AT DR B3 Ry P - — IS S 3 3 ) e s o o
PEAGTE R FIHLH L 55— il 2 22 RS b PR e
PE AR B O L ok B2 E R B an B B e e
Transformer (Sparse Temporal Transformer, STT)"™
TE A EREYLE A T Key Ml Query B #i 51 45
P A L IR T TR AR B TR R R R LRI O
THRERY [ 2 i S A 7 2 RO AL 3
WEPEPEAS B L Jr ik Z RE R R G R
W RN BE R A LR R R I A LU AR
FAER) TAE . 22 REESRANEE R A FEm i i 7 A [a] R
JE BRGS0 b B A 3 S (0 B AR 4
B e A LR R W 3 ek 25 BR TT AR 1 AR

LD TR A P R R ) AE TR L
LA H 5 SRR S AT . B i T e i A R
A3 22 WL A A5 B R B AT AE B 40 AT AEAS
AR 53 R B A T B T A R s D TR R L
ST EIRTH R K . A A — 2 AR o AR
i J7 s A R RG] S IR TR S g ) O
(Vanishing-Point-Guided Video Semantic Segmentation s
VPSeg) ™5t T —AN 4R BN SC- Rt a4y
S HEIRESR , DN [RI 3 F e A Ak v B 4 Jm 1R
SCARRAIE T SRy 5 A 5T REAE B AR A A R Y 3B
A AR B g YT BT Transformer
(Lightweight Convolutional Neural Networks with
Context Broadcast Transformer, LCB Transformer) ™
TERZ N CNN 2R th 5| A Transformer SCEL M & 2
] B DA EL D, LIPS 53 50 A BE 53008 . AR
M B A LRI E AR S S 1
ER AT . b i Se R 1 7k  F 58 N DL RE 8 7
PR PERE Y RIS 2 AT B DR U A T A » 3K Xt
TR A RN G 32 BR A 1 7 s ey d L
3.2.2 MBS 3

AT FE T Transformer A #0555 451 43 ) 32 24
3% W Fr Bt Transformer SE411 01, 8% )5 LA 4%
ELRE AR 51 S 7 A S 48] 0 B g FH 28R . A
1S4 S0 2 LA 0 3 ) — AN WV AR
fia] o FH T DA AT 51) v DX H A ST 1) S5 45 %
% . FEHET Transformer B S 451 731 7 s vh L 38
W W IR A — 2 [ B 1) Query s BT FIE
EFAIA AR ST A SE AR . AN IET 9 iR  ZE AR AR S 5]
3B R S 2 SR g A 2 B B A
PRI IT 0 R AE . $R I R A Bl JS 4 1% 3 i 4
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Background

As one of the tasks in the field of computer vision, visual
segmentation plays a crucial role in understanding and interpreting
visual information. This technique not only helps to recognize and
understand individual objects in a single image, but also reveals
the spatial relationships between these objects. However,
complex backgrounds, lighting variations, occlusions, and other
factors cause visual segmentation tasks to face multiple challenges
in practical applications. To cope with these challenges, scholars
continue to explore new methods and techniques to improve the
accuracy and robustness of segmentation results.

In recent years, a number of visual segmentation methods
have emerged, among which the Transformer model has
attracted much attention that can dynamically capture the
relationships between components in an image or video.
With the rapid development of Transformer—based visual
segmentation techniques, significant progress has been made in
this area of research work. The scholars have systematically
organized and analyzed these works to help other researchers
quickly track the current state of progress, major findings, and

theoretical advances. According to whether labels are used in
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the training data or not, existing Transformer-based visual
segmentation are usually categorized into unsupervised, semi-
supervised, and supervised—based methods. In addition, there
are also some works summarize and analyze the Transformer-
based visual segmentation methods in dedicated fields, such as
autonomous driving, aerial remote sensing, and video scene
understanding. While these surveys provide valuable and
meaningful resources for understanding the application of
Transformer in the field of visual segmentation, there is a lack
of in-depth exploration of trending research issues such as
optimization of model structure. as well as the improvement of
self-attention mechanism for Transformer-based visual
segmentation.

Therefore, it is an urgent need to more comprehensively
understand and recognize the existing progress and development
trend of Transformer in field of visual segmentation, and to
find out the deficiencies and challenges. so as to explore the
core theory of Transformer in a deeper way. This paper
organizes, reviews, analyzes and explores the recent advances
in Transformer—based visual segmentation techniques from two

visual pipelines of image/video, not only summarizing the
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theoretical framework of Transformer, but also giving some
application examples and research hotspots, so as to make a
summary and overlook. Finally, although Transformer-based
visual segmentation has received widespread attention, the
scientific problems have gradually emerged, limiting the further
improvement of model performance and efficiency. Finally,
this paper summarizes the changeable issues that still need to

be addressed in terms of image/video semantic/instance

segmentation tasks using Transformer, and looks forward to
the potential future development directions to provide some
insights for reference.
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