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Abstract: Semantic segmentation is a fundamental task in the field of computer vision, which aims to assign a category
label to each pixel in the input image. Many semantic segmentation networks have complex structures, high computational
costs, and massive parameters. As a result, they introduce considerable latency when performing pixel-level scene under-
standing on high-resolution images. These limitations greatly restrict the applicability of these methods in resource-
constrained scenarios, such as autonomous driving, medical applications, and mobile devices. Therefore, real-time
semantic segmentation methods, which produce high-precision segmentation masks with fast inference speeds, receive

widespread attention. This study provides a systematic and critical review of real-time semantic segmentation algorithms
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based on deep learning techniques to explore the development of real-time semantic segmentation in recent years. More-
over, it covers three key aspects of real-time semantic segmentation: real-time semantic segmentation networks, main-
stream datasets, and common evaluation indicators. In addition, this study conducts a quantitative evaluation of the real-
time semantic segmentation methods discussed and provides some insights into the future development in this field. First,
semantic segmentation and real-time semantic segmentation tasks and their application scenarios and challenges are intro-
duced. The key challenge in real-time semantic segmentation mainly lies on how to extract high-quality semantic informa-
tion with high efficiency. Second, some preliminary knowledge for studying real-time semantic segmentation algorithms is
introduced in detail. Specifically, this study introduces four kinds of general model compression methods: network prun-
ing, neural architecture search, knowledge distillation, and parameter quantification. It also introduces some popular effi-
cient CNN modules in real-time semantic segmentation networks, such as MobileNet, ShuffleNet, EfficientNet, and effi-
cient Transformer modules, such as external attention, SeaFormer, and MobileViT. Then, existing real-time semantic seg-
mentation algorithms are organized and summarized. In accordance with the characteristics of the overall network struc-
ture, existing works are categorized into five categories: single-branch, two-branch, multibranch, U-shaped, and neural
architecture search networks. Specifically, the encoder of a single-branch network is a single-branch hierarchical backbone
network , and its decoder is usually lightweight and does not involve complex fusion of multiscale features. The two-branch
network adopts a two-branch encoder structure, using one branch to capture spatial detail information and the other branch
to model semantic context information. Multibranch networks are characterized by a multibranch structure in the encoder
part of the network or a network with multiresolution inputs, where the input of each resolution passes through a different
subnetwork. The U-shaped network has a contracting encoder and an expansive decoder, which are roughly symmetrical to
the encoder. Most works of these aforementioned four categories are manually designed, while the neural architecture
search networks are obtained using network architecture search technology based on the four types of architectures. These
five categories of real-time semantic segmentation methods cover almost all real-time semantic segmentation algorithms
based on deep learning, including CNN-based, Transformer-based, and hybrid-architecture-based segmentation networks.
Moreover, commonly used datasets and evaluation indicators of accuracy, speed, and model size are introduced for real-
time segmentation. We divided popular datasets into the autonomous driving scene and general scene datasets, and the
evaluation indicators are divided into accuracy indicators and efficiency descriptors. In addition, this study quantita-
tively evaluates various real-time semantic segmentation algorithms mentioned on multiple datasets by using relevant
evaluation indicators. To avoid the interference of different devices when conducting a quantitative comparison between
real-time semantic segmentation algorithms, this study compares the performance of advanced methods of each category
with the same devices and configuration and establishes a fair and integral real-time semantic segmentation evaluation
system for subsequent research, thereby contributing to a unified standard for comparison. Finally, current challenges
in real-time semantic segmentation are discussed , and possible future directions for improvements are envisioned
(e. g. , utilization of Transformers , applications on edge devices, knowledge transfer of visual foundation models , diver-
sity of evaluation indicators, variety of datasets, utilization of multimodal data and weakly supervised methods, combi-
nation with incremental learning ). The algorithms, datasets, and evaluation indicators mentioned in this paper are sum-
marized at https://github. com/xzz777/Awesome-Real-time-Semantic-Segmentation for the convenience of subsequent
researchers.

Key words: real-time semantic segmentation; lightweight model design; efficient module design; computer vision; deep
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((a) single-scale light-weight decoder; (b) multi-scale light-weight decoder; (c¢) without decoder)
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(%) Transformer i i % , R MY 1) 4 i B, 48 2 4 HH
Transformer B AN T RAFBIHAES 9254 . 558
Transformer A~ [A] f¥) J& , SegFormer i FH 1) A HE = S
R R 1 Key Fl Value /& 2853 T RAERT . BIAEAE—
N RFE F R, i 15 Key Fll Value B 4 & A B
N x CZEH (NR) x €, Kt , V3 1 52 2% 5 A
O(N)IE/NA O(N/R) o SegFormer [ fift i %5 143 4%
i, UM E AU 2 Z AL, gt
4B BRI 38 2ok S M 2 R A G B S e — R
i A BRI 14, 8 5 &l B PHE s B
L ME 2 4 038 J5 73 K4 1 o SegFormer BES {11
T 1 AT 8% 52 2 T G BT 4 AH L CNIN R0 2%
T R A SR SZ R T 5 () AP A RE D

SegNext (Guo 55 , 2022 ) [ % 14 [ 45 42 44 5 Seg-
Former JE 5 AL, EZAFFEF SegNext HAH HFr Bt 2
— P Be 4 BRHIEBEAT I IE B . Guo %5 A (2022) 1A

BB 1 AR AL & R 20t TR JZE BRHIE , 2 X0 6
BT B U R . 55 b, SegNext A ZH AR He 2 A AH
Lt Transformer B3 il R 24 1) 22 KRR 46 AR ) (multi-
scale convolutional attention, MSCA ) , H:Z5#4 41 [E 6 fir
o fER 6(a) T, MSCAN (multi-scale convolutional
attention network ) 554> B Bt 1 45 #4 5 Transformer [
SRR, AN TR B9 02, H — b R R fel T Y 2 BN IR
LN, H 5 12 MSCA. MSCA (255 4n 151 6 (b) BiF
N, FEAALSS  — D RIBUR R B AIRE S
2 SRR REE (IR BE AR BB B — MR G TE 5 R
MR ARl R U R IR B T
JIE A6 R E AT 0 R LR . Guo N
(2022) UEM 1 X B B AT 2 RUEE 52 B 45 TR L AE
S AR GF M AU TR T 35 B ok B Y R Lo
SegNext 7E AN [A] FLAEL () #58Y [ AR T SegFormer,
R BT RE B TS 1 B0 SO o B 2 22—

 ERuERD
1x1
N4

WEIRE
P mvtn
(a1 ) [ duxt ) [ d2rx ] =
i f X sErE i
(a7 ) [ drxa ) [ db2l ]
f )

(a) MSCAN

——d’3 e

[
(b) MSCAZEH

6  SegNext T MSCAN BY4EH) (Xie %, 2021)
Fig. 6 The structure of the MSCAN in SegNext (Xie et al. , 2021)((a)MSCAN; (b)MSCA )

Z BRI S T T AR R B RHE , fE
U AT RAE AR AR . SRS I Z R HHIE
23 P RO R AE IR A5G0, AH 22 RO 55 ffp ) 8 0
FA b B RO R 5% S ik B 4 AT S S v ) R — N
-

3) Jofihas . &5 (e) BTz 0 Al it a0 25 )
HEEEFE T EE A RS B 2 k1S
2 By b g5 R, o g LR M 48 O DABNet Al
AFFormer,

DABNet (Li &, 2019¢ ) 4 4 1t fiff i g 4k 1a] 1 4
o B, Li 58 A (2019¢) A 5 AR A F

THETIRG B (A1 19X 2% 4 FH 03 1) 200 U B
P 5 R, A H B DABNet S8 20030 1 s #8445
F o g —A 1 x 1B BRI LSRR BN AS 5 43
K. DABNet HiEAT T 3K F RAE, S/ HER R 5
TP 18, X A5 BRI AL TN 25 5y , JC 75 itk
e, 7o, Wil T HA 3 T RAE, DABNet
o 8 TR K R HOR A T R A B2 BT, DI R
B L F 3¢, Mk, DABNet i% i T DAB #i e
DABARHRH Z M HES R 3 x 34 3 x 1Al x 3/
ROBCBERMFLE TG x 1 BN, =
T 45 FUl DAB A BB A AT 2L K IR AZ BT, [l i) 25 ¢
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BRI AR — P . Ak, DABNet
ok bk 5 n 5 BB % it A AR 8 3 DF
ey R G LA A (8] B SOWU3 SCRIRCR

TS5 N (2022) FE T 45 0 A BRI R
T —Fh ) ST A S T oy RIS, T
AT bR S, A A S s iE
RV 2 Ry B AR g 5 bR SCfE B Rl %
JTERI 23 A AR, R34 B RSz B B4 [ i,
TRFEREGE K B8R R EK,

Dong 4 N (2023) #2 /Y 45 R [ 3E B Trans-
former (adaptive frequency Transformer, AFFormer) ,
ST IR Y By S SN o R 4% . AFFormer 1Y ) 2%
45445 DABNet AL, 24945 57 1 M hh o , HUOR B g o
3282, HIEG I B HE B A R 178,
AFFormer [ &A™ B B A 45 R 25 4 4F L PL (prototype
learning) 1 PD (pixel descriptor) o PL ¥ #5 #f Trans-
former HYAY I 1 T8 SBR[ 3 IO AR 0 0 4
(adaptive frequency filter, AFF) , H AR UL, AFF 4
AR AL E N A | 2l 25 I8 I 2 28 v i D IR
i 3AULE B ARRIE I A 3 A2 A i A 225
1B PR 15 3] AFF 5% o PLASAE 2 3h A b 4
WCRAE I B 7R SCE L 100 PD AAE R R A7 s A&
P CRZEHT) 0y R F 23 [ 4015, 5 PL Y i 4 2R 17 e
B, DT 3 3 [+] B AR 25 () 4155 F1E R SCfE 2 B
(9 A PLANPD BUECHY 2K, AFFormer (9 2 % 7
AEAS 19 38 1 b ARSI Ry R 3] 42 Jmy 75 6L L AT
K B FUT A ] R 53 28 Sk B AT 58 i SCor
P THERSOR,

TG i B 45 B 53 323 ) T 465 ) A T 45 45 A
B, RIS T IO T ORARRNR o B RE S A fR B
FGRa5 8 . Ed b TR REE RN, 3
AR BRI IR 3 BEAER , 7 B A T 2%
BT R B e Al A5 e LAl /N SEE 3R ] i R
FHEE 8 A B B 15 S AR IRk
2.1.2 WM

B S FIE SRy — TG R 0 A 18 8 0T 55
Br 1 ZHAT KR bR SCHh W 2R 40 Y SR iR
23 NAE o a3 F AR i SC o3 R 2% v, 339 5 THT 1Y)
T KB TE 2 RS BYRAE Y 52 B Rl a hAl & S By
XFPHE G 9 92T REIF AR AR BRSO eSS, Pl
WFFEE TR T X5 S o W53 3 o 245 U
— AN SCHEAT A3 (A 20 AR R AR 10T 53 b —A>

O3 SCHEAT TR SC TR SUE R, LAZRAS S 47 A 43
N JEE R B (- . IR 7 B, U3 S
T S5 00 268 R T LU A A 728000 1) A
X3 32 W46 5 2) P AL B0 S 2%

HNEIGL LN

PR

P

(a) FEREILS3 3% (b) FHIEFE 53 S 4%
BT X3 S SOy 28 S5 A 7R R
Fig. 7 Schematic diagram of the two-branch real-time
semantic segmentation networks ((a) decoupled two-branch

network ; (b) feature sharing two-branch network )

1) fFEFEALSR S & . &l 7(a) FiR , R ALY
BATEYIN TN SIE CINER: 2wl MW N CE S N
S B IBCE G ) = alE B R SCFE B JFTE M 48 1Y
IR CARBt 28 58 53 ) HEAT WA S YRR AR A 5
fift K 1) B 43 S ) 45 B BiSeNet 1 582 1, Z J5 (1
BiSeNetV2, STDC U J& 7& BiSeNet [ 2% 2 filli I
[ 67i

Yu 245 A (2018) 1 U 2 H Xk 43 #1945 (bilat-
eral segmentation network , BiSeNet) . BiSeNet A9 ) 2%
SEF S (B AR 3 305 R SCERAR S ST AN T T 43
SCHLRG, Fov a3 1) AR 73 SO 2 2540 DR A
FRAEZXBE, DUOR B 6 IR 2 4075 (5 2, 0 B R 3
AR 3 SV R 2 45 4 55 Rz B X R AR 1A 7 1
BN RAE, VBRI RAC A S R Y bR S0 X

G TR SR IO R AR 22 TR OK 22 S 1
BRI B 18 DF 4 TCE A SR =& 4 B TS iAE
B, K BiSeNet 1% i1 T 4k Al 5 45 B (feature fusion
module , FFM) X — & AT HEAN AL

7E BiSeNet (1) 5 fifli I+, BiSeNetV2 (Yu 45, 2021)
b RSO AR AT BT T Stem B A0 R B
5 ETRSCRIEBIS . Ho Stem fEHE Sy 1 F SCEE
03 SRS 1B B, A AR e R A P A 5 =X
Ai/NRRIESM R O —E R DRSS G . RE R
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I PR 4 AR JRe i il it . IR T
3 x 3B BN 5 x 5B, 1045 252 B 1 ] 1 5
AR A AAFUTRSAS . R SR S
Ja i BAT—A> B SCRAERI S, {f 1] 4 R it Ak 3k A5
BRIz P AR G U5 B o 7351, BiSeNetV2
B T 5 R R G E AU Rl P4 SORHE

9K BiSeNet 5 BiSeNetV2 T 7 52 i 43 %1 451 ik
MEHE X3 SCESA IS 1 35 RS 1 3 S i 4
Tt ABAHLE B3 34 b, Fg A 73 52, T2 45 1]
P A3 SO0 S [ B RFIE SR T8 I TR 20
M5 I3 oh, =5 (Rl PR AR 4 SO IR AR B 2 i 245
BB . TR DL b R, Fan 55 A(2021) $2 1
4 W1 9% 42 2 BE (short-term dense concatenate, STDC)
W%, STDC W46 32 iy STDC AT HR 2 AL , 1A B
T o VR A BRI TR B2 RSB, 79 A [) 52 B
AR AR (BT, 3 U AR PR 28 0o 3 0 4 J R P4, ] 5240
MR B 5 2 R R A B R Ak
J35h, STDC {25 [ A% 73 S AU stage 3 BORHAE,
I X IZ AR AE SN AR T 2k (detailed head) #E47 11
SRIINAT 55 1 s AL TP A 25 TR 15 R .
AT 55 FEAE R B BOAS HEATHARD, STDC 1Y 25 [ #4243
SCUR /N AN S At T O e Y S RE B R OR
T XU S S5 R R R AT

2) FRAEIL XSRS 2% o Ak 3L T X3 S
ZRAR T TR SRR R S I 4% 1) — b et R p Ak, 3L
SEk 7R AR 7 (b) 7R o R R 50000 3 1 4%
FEAS DA 28 36 0 i B 5000 190 288 0 oK 1 A AN T) S B
TS AE S AL SRR K], 2 LA B0 ST 254 5 2 R 4%
IR 2 3 R s TR AL B SOBU 32 . AERPERYRFAESE
TERLGY S M 24 41135 Fast-SCNN (fast segmentation con-
volutional neural network ) , DDRNet (deep dual-resolution
networks) . RTFormer (real-time Transformer) I Sea-
Former,

52 31| BiSeNet $1 H A fiff #3 XLp 32 I 46 2544 14 )
7% , Fast-SCNN (Poudel 55,2019 ) $2 T — F 2t #E 49
XUy S 28 SR [ AR XL 3 52 19 2% T3 o 52 ) 1 5 i
B, Poudel % A (2019) Ay, TR JEE 1 28 I 28 7
HLI) T ER BUR JZ AL , AN 2 FI A 5 B3 S ) 2%
T I A5 6] 43 3038 g b 3003, HAi JLZ B
SR TE & HUIX T RS 2 RRAE A BEAT R ORAE . BRI
Fast-SCNN B 373 32 [0 24 XU 3 9 101 L2 46 ARl
B RS RS 2T R s 15 T S IR J2 00 R

S S g 17 o P - A N ol N S
JRRFAE SR IR | 25 18] 73 S0 7 B PR B AR AR s B 2 A
K5 SV FFIEHEA TR o Fast-SCNN $2 1 i) o 25 25
P R IE AL ZE R0 S W 28 B 4T

Pan % A (2023) # i 1) DDRNet MK BiSeNet
X3 ARG R T2 X 3 HE R 263X — 1 2
HE— AR T Fast-SCNN(Poudel % ,2019) 142 Hi 1
FLIPRRIE L 2 1 R 45 4544 . R DDRNet 75 9 45 (19
J2 (1/8 73 AR Z 117 ) felt FH =2 4 B0 3, T 7 IO 465 114
WIZ 5 e ARSI BRIy 32, 43 S s 8] B RN
ERSCUE R X AR R E AR TR
IR £8 A A3 S R A HERRAESR o [R]A, 55 BiSeNet {X
TEdR 5 FEAT AU SCRFIERE S AH LG, DDRNet 645 1 78
X3 B0 3B B B BOHEAT R Rl X T ) 255
FIR LI o A L J 00 18 B i RE A8 36 3 B 4 28
A BT S 0 EIRTE . R, DDRNet (190014 fil
BB A TR R R I | 1T SRAE R N 45 fRf B
ERAEA L, JS W RERRAR T HEREGEIR . A1, DDRNet
T2 BN S0 SO R A TR R A AL & IR
(deep aggregation pyramid pooling module, DAPPM )
B R Z B M S Z RE EF 3. DAPPM
W FEAE T AT 22 RUBE B b AL, 2R A5 S IR 2 A AN AR
FEMARAE , I3 73K SRR ] Y Rl B Bl 22 RUBE R
fiEo T DAPPM fd HI7E 1/32 /3 BEA 118 L, HLb
fegs itk — P4/ N HE DRIt DAPPM 7 > 1 42 3R AR,
PN ABA B I ) 0 FORS B2 AR

RTFormer(Wang %5, 2022 ) 4 % DDRNet [/ —Ff
R R R A8 H A T DDRNet 19 I 26 854, &2
B HITE L B GRZ B X 53 3 44 RTFormer
il . RTFormer fH 1 J& —FP XU BER (L 43
N i 73 B (178 73 B3 MR B R (1/32 7 B¢ )
O3 3o HP AR Aoy ST AR T, BV A By
FRAE EAE M query  key Fil value ; T 155 3 R 0 S
M EETT, A S REEAERN query , IR7F BF3 1Y
FRAE (BT 3 B A 2 T SR S B9 AR N key
Fl value. RTFormer {8 %) 13 B J1 A H A AP0 13
TR (Guo % ,2023) AHABL, AEKE AR 13 28 0 19 532k
PRAEFRL B 1S pRC (5 R Sfe v i AT £ BR
56 R I R [ 5 XA 1Y T B T 6 GPU 52 45 3 hn Ak
Ak, i BRAE R B, 9% RTFormer R A GPU A I B9 7
#1534 RTFormer ¥ DDRNet i 5 il 5 7 28
BUCHZE A RE T2, B e FRm G 2w
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PRI 3, G0 3 i o BRI B FE AT AR O3 B
RRHER LG, Z 5 FRHE R B AR fe m T
IrEIREE

SeaFormer (Wan 55 , 2023) #& i T — Fff i &
Transformer-CNN [ X3 3 52 B i SC 7351 28 4514
HCEVAR 1) I 25 25 K 475 9K 5% F DDRNet S B4 434 3
TERG S R ZERHESE  (H A [R] Y /2 SeaFormer >R
AR R RS R, B U AR B B Bl 1 S0
SCHYFRRAIE Rl 30 23 1) 23 3, AR R S0 S As [a]
I SCHIR R A 32 H. . SeaFormer Y R S0 S A
JH SeaFormer 2 , iX J& — il 2 & 419 4% it AL Trans-
former BiHR 76 1. 3 W NN G it . 5 Fk, Sea-
Former 71 K & {8 FH T MobileNetV2 #5 He 25 52 & {k
CNNBEH , {1753 SeaFormer 76 #% 5 Ui 1) 318 58 52 i 25
A Transformer HA 58 KA FE 29 7H SO R
B AR A, I CNN B R 9 R 3 A5 R
T3 B AU A AL H 5 SeaFormer [A] I F ] T Trans-
former A1 CNN (4 # , HAT 417 7% 3 i S B 5331 4
25 v i i ) RE— R R A

X3 32 IO 248 3 1o Xof L% 140 RO i R A2, B 4%
e R R T SO i s 1Y s[RI A MR ER 5 R
BEEPSIE = L& S (ERE R TP IR S DY &3
] A2 HARA Sk 1AM TR M FIHE R AE IR |
2.1.3 253K

2245 3 46 (A R I I 2% ) R e i o LR 2
AN B 3 SCAE R, Bl 2D AN S8 R E S T R4
AL H R 28 45 F A2 O 2 R 200 SO ) i 45
P R A AR PG AS ) J2 R R AR AR B L 808 A AN )
Oy BER UG R R SO BT B A3l 1M, LA B4
R AL RE SO0 S P DL Y 22 03 S 2 i U3
W 2% 4 $5 ICNet (image cascade network) . ESPNet
(efficient spatial pyramid net) . DFANet (deep feature
aggregation net) F1 PIDNet (proportional integral

derivative net) , 1% 88 5 15 08 25 #4458 05 DA -4 52

P P A SR R Lk 2.

ICNet(Zhao 55 ,2018) B UCK H 1 200 3L 45 H K
P S Lo #EI M4 . ICNet A I /0 R S
T 1) SR AR R | v 0 3 PR I Jo kA v P A
W 200 M R BEAR (174 73 BER) BUR 25
T2 0 25 AR A REURE 10 T 45 5%, vh o3 BE AR (172 93 B
) 5 R HER (IR 73 PR USR5 | A LB
TSI 45 ) 4071 Bt . ICNet 48 M T ZUBRRAE
4 25T (cascaded fusion unit, CCF Unit) , 5% 2 ¢
UG A DR IE FoRAE 5 EGS 2r PER A RRIEAH
fill . 5380, ICNet Rt ELAEAR 2 RAE = 2 Fh 3 PEA,
Xof [6) 43 B 3 8 T Ay H B A T M

ESPNet (Mehta 45, 2018) 5] A & 30 %5 4] 4 7 9%
(efficient spatial pyramid, ESP) . Joffi F 1 x 1 j54&
TR R L AT B 4E , PR B 4E 5 1 5 i A A [+]
23 ) R B 2 T A B kg T ke s T A R Y TR A%
v, ESPNet fifi H 1 73 )22 % fill & (hierarchical fea-
ture fusion, HFF) , B4 24 A [A] 25 1 25 1) 25 i 45 X
8y i R AR N I 1] T A% 32, i i 7 T 4 B A Y
i EA T8 38 PR% . ESPNet 78 M 45 454 R
T 20y LA BR T IR 2 BRI R A L 172
I3 BRI 174 53 B A IR A 25 78 0 28 %8 0 A3 5
AFUVRHE BT IE PF . X Fg s | AN [6] 53 B
R G LARRE T 1000 25 S J53 155 1) 5 125 Fl ICNet R ]
M AL . AR 2 , ICNet (AN [R] 43 BER A 5
PR B2 AN (] B4 Bk ) 100 26 53 S b P T ESPNet f K
I3 PR EUR AN/ Ny B R R P J5 2 dR 2L e A
HIRIZHF ML . BT ESPNet 19 &5 W 45 dh =2
HoAb 26 19 1 J2 50 23 O 2 BOM 454, A IE ESPNet (19
W 2 ZH BN

DFANet (Li 55, 2019a) i I 1 %1501 9 4% 1) 45
Fy, fil G 22 RO HRRAE X 5 2 5 E BEA 7K 5 (refine) o
HH 6T ICNet H1 ESPNet i J 22 73 B3 104 A {5,
DFANet ] K 454> 1~ 190 it 10 22 ROBE A =057

K2 BAXKMENSTEIF RN

Table 2 Overview of multi-branch real-time semantic segmentation methods

TES SERLR G331 T g A
ICNet(Zhao % ,2018) LAV E AN S &L 1 Z o Bk A K1
ESPNet(Mehta %,2018) AT 0y =S TN
DFANet(Li%,2019a) ZAMST T Z REZFHIER
PIDNet(Xu %,2023) 2L RZ T I AN A Z RJEFHER
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NHF MBI . R T 7 1k B — A Rk
2 MF RN R B o A FRAE S/ 23 [ 4005 {5 BT RE 2
SRS T R, DFANet iR 75 i 2550 4 120 )2 (8
BRI PRARAHIE TR R R E AT R RS 5, e 2
PRAEAF BN R HA a2 S5 540755 B
FRIE .

PIDNet (Xu %5, 2023 ) A LR Ay X £ 73 5 1 2%
ICNet £ 53 32 Z5 b AL =2 103 30 By ekcde , dnT LA
A W53 52 2 DDRNet 1953 SZ 45 F i # & o {HA
AR _E SRR, Xu 45 A (2023) DA PID $ il 30325 9 £ )3
K S S I S E 28 (AR A, e A9 31— =
I3 S8 Ly E M 4% PIDNet 1 500K iy A S 5 A —
B SRR B AL T KA R 1/8 73 BERARHIE,
SR T 3443 SR 4 ol i B BV ¥ At 1 5L (1 43
32) BTN SUE B (P43 30O il B B BN SR S
B(D 4332, I AE R Ja B B fili 30 5 5 0 46 Sl
A B (boundary-attention-guided fusion module,
BAG) R AT =3 A5 BBl G . BRI, BAG 73
SR A5 RAE (D A E TR SCRRAE (P) S5 78 5 11 5 43
AVECA DX 3, JHG P 3 5 i M 30 2 1h 10 45 B (D) Y
P HE SRR 0 A 19 . PIDNet 38 8031 T —Fi (R 2 1
=151 509 il A B (pixel-attention-guided fusion
module, Pag module ) , FoAF FH 238 2 {5 2 AL B, i
POy A RN T3 3 b 2 TR 3 SUE B
FE WSV ZR 05 T, PIDNet 348 iff FH B bR 25 LA K BL(E
b2 223t Canny 581 R IKARAE AT IS 09 3 AR %, 43
S0l 25 MR P43 SR D 433 it — 204 T P 4R SORID
I3 SCHRIU BEAFAE R BE JJ o PIDNet £ B 30 HE 17
R Z (B SR T H AT SER T8 o510 28 i e A Al

203 3L M 2 th T RERS 1 T 24> 03 31 M Ak
AN ) 3 B3 00 i A RIS [ RUBE B RRAIE , 78 3 RS B2
I EER e (EE A A e W SR TP L)
I3 S M 23 R IR B LEIR | 5 FE AT R kT
DI P 4, 7 HE 3 B2y T i A3
2.1.4 URIMZ

U A 258 A1 1 2 Bt 25— e B 25 1) 24, L5 4y
WA 8 T o 38 3t A ] ROBE R 19 A UK b SR A il
A, BEHE AT 5 12 WE B SRR RBEAY 1R 3.

L SRR A U RIS R 45, B U Y 4%
BEBZEAE b AT ZE S5 SRR RS A n ko

SwiftNet (Orsic %, 2019) % 5 7 52 i} 43 I 450 45k

NP U B2 A HE AL U BUS5H , SwiftNet I 1

T — A EG R 5 73 B3R 172 KGR 4% , P2
et 2R, T Y [ KRB R i B 7 AT
Rl S BT AT LA [7] 23 5 A P8R 3R A5 AN [
REERESUEE o 5390, SwiftNet i 42 H R FH S 55
AT 55 b R O 0 45 4 1 K TN 0 A A G )
i S (R 1 x 1 4r284%) , e om T 1A 4 i
i SUE S fE

ShelfNet(Zhuang 45,2019 ) $1& th 22 73 37 g i — i
W73 32 KA U BUSERRZ5 A e e, IR AR R 0 R
HRTR] R 5 A T S A Bk J2 i 4 TR A 1 2R 24T )
S0 B REARZERE o X R U LM S S50 ATy 2 T
RS ERIZI SCR ARG, PR gl DR TINS5
SR T IR ShelfNet Jdi /0 T 38 16 8, (HAT fiE
GEAR IHC R IR N 28 S5 M BT I B R B . 53 4h,
ShelfNet 7E5% 22 Jevh i FH A S HCEE 5000  f i 13t
TE AL H 5% 22 (shraed-weight residual block, S-Block) ,
BEATAN[R) JOBE R (6] (9 B3, vl e AN BP0 2 B
8 Ta] i i 20 4 BR = S ) B

SFNet(Li 45, 2020) 75 U BUREfli 2514 1) FE Al |78
B i R 43 SURIAMAS N T — 2R BB IR R AR A, ik
Py SCRAE ] B Rl o X4 SFNet BEAS 725 KU
BB TR U BS FRGEEAT IR UE RS, Ji5h,
T BB R A AN R RUBE ) (1R UE R 32
ST 4% 14 i &, SENet 42 H 175 SCT, # [lEMEOR
[7] 73 B 2R AR ik =2 8] A 56 2 L AR 2K 8] B a3l 7R
WA . PATiE a2l LSRR
SARAEA R R [ 1R i T 5B . BTk
S B R R 55 AR B (flow alignment module,
FAM) AT LA R e J2 08 AR B AL 13 22 mi o
BEREFAE , G R i B 20 R B SR A =
[RIASH A5 B, , 7R B2 TH 0TI B A ) b O 45 e 28 5

Nirkin 45 A (2021) 1A, B T4 4 4k A g 77
TE TR R BT AL, T o3 %) R 46 BEZ B A 3
SR JR) PRI W PE o RLIG, Nirkin 55 A (2021) £2 3 Y
HyperSeg (hypernetwork for real-time semantic segmen-
tation ) B AL 1) U 4 G i 8 4540 , ANt RS M5
KL L HE T G 5 2 I R A AR B0 2 Y R 25 AR
HyperSeg 7E7E4T A [A] ]RUEERF AL il 5, X2 A i 4
WRAEA Rz (B A BT s B . BRI, 1%
Bk patch 251 (S AU 5 i ARHIERES T 25RO 2
SRR, LR TN 46 X6 T AR 6] Ja o i v
AFFHERYIE L 1 ok Al ML) > FIRG EE AR T T
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T ¥ sl e 4 bRy i SCor R 55 A9 W o Top-
Former 4 i | —# U BUZ5Hg 5 AU i 4 , LA A: OA
[ ]RUBE 1) tokens . TopFormer $ 4 17 RUEE B A1E
PR 8 U B S5 K A [6) KU 1Y tokens I SR A 21 iy
A G 5 BE 0 1/64 )5 i 38 38 PRz | 42 6 i
Transformer 471 CRFHIEFE I, T A EREITBA
[i] ]RUBE 1Y token 52 H. 1 AN[] 23 ] A [a] RUBE BA5 &L
HA S JRE Lo TEFERLG 7T, TopFormer #1838
TE K AE I tokens $7 43, 3l 2 1 SCTE AR H 34
AR RUEE tokens (915 B 5 X6 i ROBE B R AIE R 47 48
L PSRN R RO RRIE 018 U B . 25 By
SiR 3 )RR AIE P13 R AT b KB SR AR il B i A )

ko R TopFormer H7EHi A EUZ 1/64 143 HR T
{ifi F Transformer, 1] H. Transformer " #E47 7 — 2511
HEERAE , WNRRAR query key A% ZE 52 RN A R 157 R 4% 114
% Bk % 45 5 X I TopFormer 3% 4 [ 24 5] A Trans-
former M7 2R K it AYAEHE AE IR o TopFormer fix 2415
B T NER S AT FREE AT SRR TE Lo
AR HA B I o —HG A

U 2 [0 £ RE A% $12 ORI Rl 5 221 AN [R] RUBE A RRAIE
5B AL ER e TR K, e A m o BIR  s (H 2
FRUBERFIE B 6 YR Rl T i 2 R TR A e g T
AR T REAER o DRI U B SR S8 I 4% 5 2
BT S O f s il 7 =X, B R TT RE ML L BRUT
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K8 U BSEI i oI 25 454 s T 1A

Fig. 8 Schematic diagram of the U-shape real-time semantic segmentation network

2.1.5 PR LFGH R N 4%

P28 SRR R AR T N T 2 I 4
b, R DAAS 30 48 2 25 [E) b IS A R AT 55 T )
YELERE o YA B AE R A AR A BR B, b 48
P R AR AL T 5L ihE Lo B 4. R
] 1A 34 4 Fh N T8 3 14 0 2 45 0 70 X6 107 28 # r)
S B 3 46 A8 R T T AT R R DTk, ) 4% 48
FHOC TAE R 5Tk 3 22 4R TR 7E 48 R s [ R R oR
S N L (1 5 24~ £ 8 R o N
25 I A5 A8 32 e T AR A (R A A5 A, B I Al
FH 53 FI 25 2540 o Fh T8 I 25 04 i AN ), e ¢

FIt A B9 HAA 52 10 23 50 1) 246 ) RE SR 5 i ik 4 FoAs
EEE IR

P, EN A T Bk 4 2R 550 ), AR SOR S i
Sy BB R 28 R F I 45 U B D — A2
S AME 2 B . H O R 5 R AR AT S
T SCo3 H M 26 BT Ry 75 vk 32 2L G DF-Seg (dong-
feng segmentation ) , FasterSeg (faster real-time segmen-
tation) ., RT-Seg (real-time segmentation) fll PPB-Seg
(pruning parameterization with bi-level segmentation ) .
IX 4 Tl 9 28 fulf T #9190 45 R R AT B O 1% ekt el
W3R 3,
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Table 3 Overview of neural architecture search networks in real-time segmentation

CES 8 I 25 4y Jr it
DF-Seg UK EIRG A AE R I REGHR T 09 R i/ ME F 2 ]
Faster Seg ICNet(£4332) BiseNet(RL5r %) A AR T 48 2R U A — A R B 5 AR I 25 1
RT-Seg BiSeNet( R4 3) A/ IMB RS ] B VIT B | SE 3R S TE 1 4k
PPB-Seg TopFormer(U &) 7 soft mask 594 Bi-level {1k

FIWHEGE 2 AP I 2008 K8 (floating-point
operations per second, FLOPs) PF-A/i 52 A 451 78 (1) 5% &
PRI, (H FLOPs H B s B R/, A
PR, AN LS S WS R e BEBRE A DL . X T
AP B AR ELA R FLOPs , 27T i
AN TRV BE A BE A DX e R b A R 22
S0 N T AESEBR A b ARAT A A A B A RS
JE, Li%E A (2019b) $2 H 1 AESCPR I 4 AT R4 45
HA) B HE B GE IR AT S I e, O 1 i e 59 A B 0
/MY R AT 8] o 1S [B] AN [R] 25 454 m] LR T
A P90 205 2 A R A O P O R o A T 258 2 B
ZINIR, SIE SR 58 BE R B IE ARG . K VI ZRA
R fi ey ) AR 3 B2 e DA P A 2R ) S IR AR A SiE BT 5
PRETEARE I P 0% 2 25 S0 JEE L5 A0 o A A 2 A A 1
5o MHIZITIEE R Y DF-Seg 15151 B A Ik HE
PHAER , 5 A 7 A0 HE AR AR [ SE T B T e Y
PG

A DF-Seg R R ITIEIUS 1 M2 (HAE BT
18 F 2 (8] B I AR N BT 43 1 R 4% 1Y LB 22
B WA , 00, N T B0 295 A A A ol 0k i
S FIMON EZ N Z AR REE 3285 . Ti5h,
PR g Xt AN TR Rt R AR 2= T SRARAR RO TE 5K e
191 (8 BEURRAR BE R[], NAS D7 VETEAE 25 5 1 31| 4 B AE
BARME R AR RER . O T g LA R
FasterSeg (Chen %5 , 2020) % i1 T 2 R i R =5
] FE o B ICNet 5 BiseNet (0454 « [l i i 11
UL AN [] 4 2R I 48 SRl AR 2 R SRR BB
A A 5K FAIAS A [ B U — A R, kTR
TR0 7 A R SR A B R AR ARG AELRS B R A EE Y
Rz m . 554, FasterSeg 1 B M Hb w5 vk #2 1
A LA — 58 2 b [ i 19 5% 52 2 R LA S 200
PO 265 ARG 4 A OR A0 0 ) 28 A S e A L 2 )
HEAT R 2 08— P R T B e Ak R0 4% Ry g

FKI.

RT-Seg(Li % ,2023) 5 76 H| ] NAS B 15 3| 51
UF I X3 S 2% o HARK L, RT-Seg #4422 25 [ )
BRAE BiSeNet 21 i XU ¢ [0 2% BRI R L F) 48 28 0 19 2%
Vi HYIE AR X S B AR IR HE RS AYIE R AH L (Chen
4% ,2020; Zhang 55,2021 ; Liu %% ,2019) , 154 T A4
KIHE R A . RT-Seg M 4% 5 i 8 2% 2 3 1o 3 1
BRI, MR 18 R AR TR IR S B i e
o BT, X TR, RT-Seg # 2 T —
FPIR A B8, & 9 frs . RGBS S T ViT
(vision Transformer) il CNN B {3, HAG 4 Jay sz By
T A 1 Jm AR, e AR T 46 Transformer 1% 45
T, 7 W3 o B T8 2 1Y gamble softmax SRAESEFT
P2 o RTFormer (14 [ 45 48 J2 oK 1K 300 3Ry
F B s e R R A BB BiSeNet. RT-Seg 3% 47 ff FHAL
PR BB T — PR 19 SE R B T Ak, BT
Ailifige 3 B HRERE T BE/AEIR o 53 Ah , RT-Seg i FIH] A 25
TR Bh A0 2K ZEBOA AN AR R TS 0L R 78002 48
T RS LV D o

Yang 5N (2023) 3 Y T — i o soft mask 3F
Fr RSB I 8] mask BB 7 LRI 25
A P o A b S BT B, (W) A R A T A%
(straight-through estimator, STE) > 1% #% B {5 1L+ 7
BTSRRI o b, E i Bi-level BYPEAL T 5 GiE
B B O B2 i i — B S 80T DL i — B RO S
HWAFE,WAE TR RN . &G, Yang 55 A
(2023) 50 #1 T TopFormer ZE R HRE R L, X Top-
Former G FUZ N b 1 HAR B 08 A vk . W ai%
LN sy 2 NG| TopFormer Ak P 2%, 4 L Top-
Former J5it 0 28 | 75 3 i — K5 B2 - 14531 17 42 18 Y
$ETt  TERL B GPU b Ik B 1 f b 1 18 B —HG 2 1
i FEULITIIE , T Yang 55 A (2023) A& 45 H 42
S o BT AR 44 L O T AR T AR SR L
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PPB-Seg (pruning parameterization with bi-level optim-
ization for efficient semantic segmentation on the edge )
KAGIZTTE

FHHEN B S 3 S o3 %I 26, ph 22 204

FNFFER

LR R REAS A B AR BE /I AR iy A S T
SCo RN P25 0N B AN AR R A i . (HS)
—J7 T, FR 2 A AR W 2 e (I Frd R I AR 2
FERINGRRA

i AL

Patchift \J2 H%%ii%ﬁﬁ%]—{ SRR H PR e

Gambleit$% >

FREER H b J—-[ AR H SR

K9 iRe

B (1 4544 Pl

Fig. 9 An overview of the mix block

2.2 ERHHEZRHEE

BT IRIE 2 2] (R 2 U381 )5 44 RREE Rt HE
ZREAYT LSy CNN HESE | Transformer HE 42 FI T
CNN-Transformer /i 5 HEZL 19 3 Fp 51k o X 3 FftE 4L
S Ay BT AE A BRI DL 10, Hi,
H1 T CNNAHEZLBLA 6 T R B R B 2ot 5 R 2
DL K 28 3o A3 & e B4 1) R AL ke E s
I8 S ) U s KAR 3 T5 1415 9 CNNAESE .
T CNNHEZR B S I SO 1 S M 2k, T 5
LS G A % AN I EZY S E e T

Transformer

E2

SegFormer
AFFormer

CNN 42

ENet DABNet
SegNext  BiSeNet
BiSeNetV2 STDC

RAHESR

RTFormer
SeaFormer

DDRNet  ICNet TopFormer
ESPNet DFANet PPB-Seg
PIDNet SwiftNet

ShelfNet ~ SFNet

HyperSeg DEF-Seg

FasterSeg RT-Seg

Fast-SCNN

FI10  AN[RISERINARE 2R (14 52 S BT R AN
Fig. 10 Overview of different frameworks of real-time

semantic segmentation methods

PAfE Transformer BEHC T RS 3 B 1F-J5 &2
AL R T E R A HELGE R | 35X 7E 5 Lo R
SR MELI 21 . P, HATSE T Transformer HE
AR S B A R 5 ik B AUAT SegFormer Fl
AFFormer, T H., b T I/NERLLEIR | SegFormer F1
AFFormer # i Fi] T %% #& Transformer #5i3 , Jf H H £

N, S AT 7 o

FEF CNN-Transformer 1 5 HE 42 %) SE R 15 S 43
)7 v A% O AR 2 R H CNN AE ZE Al Transformer
HE S84 FH YO0 A, S8 300 47 1Y) ST B 3 S35 R 25
T CNN-Transformer i 75 HE 42 B9 52 B 18 L 43%1 07
38 H HAE M 28 2 i Transformer $2 8 R SCF
K., U Topformer Fl PPB-Seg ; B & fiff FH AL /3 37 /0 45 4%
14 , ¥4 Transformer 58 I F 35332 ¥ CNN 2 fig =3
[6] 4337 , i RTFormer fll SeaFormer, @it FiR KT,
J£F CNN-Transformer J& A HE 22 (1 5315 g % 7] i 1)
H Transformer [ 4 85 2 1T SCEBLEE JJ A1 CNN )
JR T HEBLRE 7, [A]B ke G T Transformer 75 55 53 B %
EUZ b B3R R 1Y R R AE IR
2.3 MABSEER

FETT R A 2] B S T U307 B RS 13
SRR LG o0 [k 55 i it 1) S5 Pf o S0 07 R RS
Bl ) LS 3 H .

IR 55 45 i 11 ST 8 SC 53 B0 9 R A A A% R
k5218 GPU, 5] 40 GTX 1080 Ti, RTX2080 Ti, RTX
3090 i . HLIH GPU BA BRI WAF RG], A
XF i IEAT B TR AR R E R AL TR 4. IRt B
Xof 55 16 GPU Sifg 1) S BF i SC 4310 05 vk 38 8 il IR AT
B o = A . RTFormer(Wang 55 ,2022) ¥ Trans-
former Y34 2 7 43 K B E BRI ZE 5 — Ak b, (14508
BRI TR .

B 3 vt 114 52 I 3 Lo #5893 % Bl i GPU
ST 3B AL Bl CPU S I i S 53 1 55
2o Hrp B GPU 5 5 i GPU ZRM 250, B A7
TN DR 5 2 OB R A A R S A o R R A .
1% 3 CPU B T8 AN AFTE /N, B R4 T4
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(SRR 2% , IR I, e i X8 Bl i CPU Y SE I i
SCy RN I7 VR W 75 0 SR H /NI 2 B0 FNE Rs

R AR T A SCHE S Hy 2 i o3 81536 )

OINARER 7 it I E NI PN P D =B & i
T 03 FH 5k 5 1 GPU A% 36 GPU , {7 Top-
Former(Zhang 55 ,2022) 1 SeaFormer( Wan %, 2023)
T REAER B CPU 2R

x4 ZERHEX BTN

Table 4 Overview of real-time semantic segmentation methods

B30 ik FERIHESR 5 RFM T 23
ENet(Paszke % ,2016) CNN Desk/Mobile GPU Arxiv
DABNet(Li%,2019¢) CNN Desk GPU BMVC
LR A SegFormer(Xie %,2021) Transformer Desk GPU NeurIPS
SegNext(Guo % ,2022) CNN Desk GPU NeurIPS
AFFormer(Dong 25,2023 ) Transformer Desk GPU AAAL
BiSeNet(Yu%,2018) CNN Desk GPU ECCV
Fast-SCNN(Poudel 4 ,2019) CNN Desk GPU BMVC
BiSeNetV2(Yu%,2021) CNN Desk GPU jcv
L5332 2% STDC(Fan%,2021) CNN Desk GPU CVPR
DDRNet(Pan%%,2023) CNN Desk GPU TIP
RTFormer( Wang %5 ,2022) Hybrid Desk GPU NeurIPS
SeaFormer(Wan %5,2023) Hybrid Mobile CPU ICLR
ICNet(Zhao %,2018) CNN Desk GPU ECCV
ESPNet(Mehta % ,2018) CNN Desk/Mobile GPU ECCV
EZis i
DFANet(Li%,2019a) CNN Desk GPU CVPR
PIDNet(Xu4%,2023) CNN Desk GPU CVPR
SwiftNet( Orgic % ,2019) CNN Desk/Mobile GPU CVPR
ShelfNet(Zhuang %% ,2019) CNN Desk GPU ICCV (workshop)
U 1 2% SFNet(Li%,2020) CNN Desk GPU ECCV
HyperSeg(Nirkin %5 ,2021) CNN Desk GPU CVPR
TopFormer(Zhang % ,2022) Hybrid Mobile CPU CVPR
DF-Seg(Li%:,2019b) CNN Desk/Mobile GPU CVPR
FasterSeg(Chen %,2020) CNN Desk GPU ICLR
P BEAE R 2%
RT-Seg(Li%%,2023) CNN Mobile GPU AAAIT
PPB-Seg( Yang%¢,2023) Hybrid Mobile GPU CVPR
3. 1.1 Cityscapes

3 EMEER

3.1 HiE&E

T SC o BT 55 it BT K AR TR , 58

8 SCAMHIE 55 3 PRI SR 4 2% 5 T

Cityscapes ( Cordts %5 ,2016) B 4 & — 4> K H
B B T A S OE SCBE AR BCEE 4B (hups:/fwww.
cityscapes-dataset.com/) . Cityscapes £ 5 000 i 4% 4
TR EMR (Horp, 2 975 W& T 11 25, 500 18 T 56
TE, 1525 1 HFI2) A1 20 000 g AL 1 B R 1%, BT


https://www.cityscapes-dataset.com/
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Table 5 Summary of the datasets in real-time semantic segmentation

Bl e W 25 FA IIPERIEER Yk RUEE IR ey
Cityscapes 2012 19 5000 2048 x 1024 2975 500 1525 H 272
CamVid 2009 11 701 960 x 720 367 101 233 A 32 3
ADE20K 2017 150 22210 AN E 20210 2000 - SUINAERZ75
COCOStuff-10K 2018 171 10 000 A E 9000 - 1 000 SHIliERT78
PASCAL VOC 2012 2012 20 13 487 PNEib 10 582 1449 1456 i
PascalContext 2015 59 10 103 AN E 4998 - 5105 SUINiERT75

T =7 RN T IR
A MBI PERIE N2 048 x 1 02448 K W 1301 3.1.4  COCOStuff-10K

AR5, b 19 T8 o3l SEmb il oy
E 7 AR RO AR TR RIR, R D
T3 WA R A 504k 0 0 2% 1 RE AT 0 — 2D B 5
Cityscapes i | 2P Ak il e 5t , A
o3 WA b oL i e RIS 2 5 R P R ) AR
PRI 8 80 5 ) 1 4 e i P O B 4
3.1.2 CamVid

CamVid (Brostow 5%, 2009) J& 55 1 NH8 % b5 14 A9
H 30 72 3 K 3 4E (http://mi. eng. cam. ac. uk/research/
projects/VideoRec/CamVid/) . CamVid %% #% 4 {0 %
701 B -AA T B A Y TR R AL DL SR Y 10 min
IR 4 367 R I ZRIER 101 18 5
EPE 5233 iR I R L 23 B2 960 x 720 1%
%o CamVid 7 3242850, Horb 11 A5 H TiF
o3 CamVid 4 5 25 Z2 A PR HOAR AL
/N T CamVid By W 28 £E 72 75 24T Cityscapes Tl
k.
3.1.3 ADE20K

ADE20K (Zhou %5 , 2017) £ #i% 4E (https://groups.
csail.mit.edu/vision/datasets/ ADE20K/) J& H Hij £z 4 1]
TS 52 A dir A o BB SE 2 — . ADE20K
Bodis 4 — 3405 22 210 IF B (3L b, 20 210 18
T2, 2 000 M@ T 503 ) , H R RSE RANVA
— T TSR R AR E N = AR
G, XEEEURHERA QR YOI TR, BT 1 150128
TOEZ/LE NS €< S YR U INID B 3711 1N B
A, LUK — S5 DL 53], A RHL 4. ADE20K A
A P T SRR R 734 B TR, X T4 Y
ST SC3 R R 2% g — TR AL

COCOStuff (Caesar 25 , 2018) % #& 4& (https://
github.com/eulersantana/cocostuff ) i i 75 R AL 1Y 37
5 PR K B 4E COCO (common objects in context ) fY)
FEAl B AN 0K (Y st 2R 5197 A E] . COCO-
Stuff-10K ( Caesar &% , 2018 ) F 4G £E 5 COCOStuff 47
A7 N T A BRI 10 000 1842 2= &%, b 9 000 i
MFUIZk, 1 000§ H T L. COCOStuff-10K 175
KT 182125, 145 914 thing 25 H1 91 4> stuff 25,
B 114> thing ZEBAARTE , P SEPRAE I B9 A
17142650 o XS i SCor HR U, iX 2 — 4
HA Pt i8R 4R I8 9 B A 552 2% i 2 Sl AT
25t .

3.1.5 PASCAL VOC 2012

PASCAL VOC 2012 (pattern analysis, statistical
modeling and computational learning visual object
classes) (Everingham 45 , 2015) % ¥ ££ (http:/host.
robots.ox.ac.uk/pascal/VOC/voc2012/) f & T 20 A~
] B4 iS5 SR 1A 5200, A7 10 582 e Il 2k ]
% 1 449 IR IEEI(R 1 456 I IIE 5 .

3. 1.6 PascalContext

PascalContext ( Mottaghi 55 , 2014 ) Z 4 4E (https:
/Iwww. cs. stanford. edu/~roozbeh/pascal-context/) Gl &
T 4998 R IIZRIEG A5 104 IR, B3 T 5
Pascal VOC AH[R] % 20 %5 G251, {0 B MR R AR BE
3 TC B SRR A0 A 1 SO AT 59 AN i 2 i AN
1A 520
3.2 iFMiERR

AT A I S TR 44885 R
B2 1 R RO R R R S A . A 11
JIrs o D34, BLARER o S 43 B I 40 T 17 05 i
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Fig. 11 Summary of the metrics of real-time segmentation

3.2.1 “FEIZEIfL

3432 3 L (mean ToU, mIoU) 2 —F )32 i [
TR S LS5 PR R bR . ToU Sl 3 T HA P ZHAR
RIS ST LAk B AL FIE S I 5 5
SAEZ A E SRR . mloU &0 4 h T 2511
LoU F°F- 1A, J2 43 RS A A AAC YRt P 114 B
3.2.2 R

BFRPITEL (frames per second , FPS) RfI T %
A 244 A5 7R R0 T L A B PRI T ) e, Kz B
R A PERE RS2 . SEI 43 H1 BRI 26 Y FPS KT
S5 30 Wil/s. 7EFBAE T LR, FPS 7] LI E Wi
iy e TR 2% 1) B E A I
3.2.3  HfEPAER

FEIR (latency ) 42 FPS 15145, 327 0 45 450 U 4b
PR — it G T R ZE I ] 3l TR Bl v S50
BRI i 3 2 . GPU IR A W5 Jy 8o, Hfd
Tensor-RT fill 3# J5 & 48 15 50 P (1%) 4 # 5 1F  iF 2 5K
i 43 %1 9 45 76 GPU L1 FPS 328 8 30 M/ , i B
FERANEUL . T Bl CPU B 7 B8 I A B, #E3R K
T FPS /N A T SE 35 68 55 100 1l L 45 9 2% ) 4 B
M
3.2.4 SHE

Z R0 (parameters ) S 5 7 A5 B I i 72 o 77
BN B SEEE S8 T R A
IR/ TEFRIRZ RS+ b, S50 R —1>
T B TR OGN R

3.3 FiEMREICE

AT A B R ok A RGeS, R T
DS 15 25 RIS 1
3.3.1 Cityscapes TEREIL AL

Cityscapes S48 _F PR RE L B € 6 i /s,
mloU (val) il mloU (test) 73l &7 G itk 4 il i 4 (1)
mloU, JFCr, T ity ik 30 32 B LA ] 1 s R
(38 F A Tensor-RT I ) , I mloU F B IZ I SC H
AR T2 RSB

2% 6 25 I ] 1, XF T Cityscapes 56 IE 52 A1
R TERG BE AR bR b 3R BB U 1 & 23 S M 2% PID-
Net, H: PIDNet-L it 4 7 RTX 3090 |- LS 3817 1Y
F K 7K A (30 Wi/s) 7E Cityscapes B iE£E ik 2] T
80. 9% mloU, 7F Cityscape Ml X £E I i5 2] T 80. 6%
mloU, {E 751 & B2, H AT Cityscapes I 5K FE 4
I (OB & SR 200 1 5 43 B
J& A Internlmage-H (Wang 55, 2023) , HiAE Cityscapes
IUESE 1K E] T 87. 0% mloU, 7£ Cityscape A £E I
KE T 86. 1% mloU, 53— 71, W I R
AR ) ) 2% v A 3 RS A PR Y A& Fast-SCNN,
Tensor-RT Ml J& fe PR 1Y) ) 45 4 FasterSeg. Hi T+
JE 52 BT A AU B s, EE S % 3.4 F
Uit 7 (A B A5 FO T 0 DA A 4 B B b 17 W
AL,
3.3.2 CamVid PEREIL A

CamVid 20454 L PERERIC S NR 7 s, Hirp
RTFormer-B A% T 82. 5% mloU, RTFormer-SiA %] T
81. 4% mloU, i B i e 48 FLA 7 ¥ O RS B2 5 (675 —
PRI, RZEOTIEAE Cam Vid B85 5 I 2k
T Cityscapes £t 4l8 48 I i #il JIl ZR AL E , 1T RTFormer
A dH Cityscapes a8 F YT ZRAL TR , 3X 510
" i T RTFormer 7E CamVid 084 E s stk A
—J7 10, FastSeg W ik 5] 1 fe PR (4 41 22 B, ot 3 %
FPS (3535 398. 1 Wi/s , kL B 45 2 PR A 5 ik STDC -
Seg HYMUH R PIFEZ
3.3.3 ADE20K 1 COCOStuff-10K P4 B

VF£J5 i R4 ADE20K A COCOStuff-10K
f8 FLOPs, 11 A3 WHE 2R FPS. f1 T FLOPs JCk&
ULt 2 e A L ) R/ SO T B
TIEBHERACR . it , ASSCTE RTX 3090 GPU |
1A & 7 5 #E ADE20K il COCOStuff-10K I (1)
FPS %28 i) FPS #E4T T #M 42
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Table 6 Comparison of the performance on Cityscapes dataset

ey Jrik SN IRIRE GpU pes M0 T
ENet 0.4 1024 x 512 TitanX 76.9 - 583
DABNet 0.76 2048 x 1024 GTX 1080Ti 27.7 - 70.1
At SegFormer-BO 3.8 1536 x 768 V100 26.3 75.3 -
SegNext-T 43 1536 x 768 RTX 3090 25.0 78.0 -
AFFormer-B 3.0 2048 x 1024 V100 22 78.7 -
BiSeNet-ResNetR18 49.0 1536 x 768 GTX 1080Ti 65.5 74.8 74.7
Fast-SCNN 1.1 2048 x 1024 TitanXp 123.5 68.6 68.0
BiSeNetV2-1. - 1024 x 512 GTX 1080Ti 47.3% 75.8 75.3
STDC1-Seg75 14.2 1536 x 768 GTX 1080Ti 126.7* 74.5 75.3
L5337 R 2% STDC2-Seg75 222 1536 X 768 GTX 1080Ti 97.0% 77.0 76.8
DDRNet-23-S 5.7 2048 x 1024 RTX 2080Ti 101.6 77.8 77.4
DDRNet-23 20.1 2048 x 1024 RTX 2080Ti 37.1 79.5 79.4
RTFormer-S 4.8 2048 x 1 024 RTX 2080Ti 110.0% 76.3 -
RTFormer-B 16.8 2048 x 1024 RTX 2080Ti 39.1% 79.3 -
ICNet 26.5 2048 x 1024 TitanX 30.3 - 69.5
ESPNet 0.4 1024 x 512 TitanX 113 - 60.3
P— DFANet A 7.8 1024 x 1024 TitanX 100.0 - 71.3
PIDNet-S 7.6 2048 x 1024 RTX 3090 93.2 78.8 78.6
PIDNet-M 34.4 2048 x 1024 RTX 3090 39.8 80.1 80.1
PIDNet-L 36.9 2048 x 1024 RTX 3090 31.1 80.9 80.6
SwiftNetRN-18 11.8 2048 x 1024 GTX 1080Ti 39.9 75.5 75.4
ShelfNet18-lw - 2048 x 1024 GTX 1080Ti 36.9 - 74.8%
U AL £ SFNet-ResNet18 12.9 2048 x 1024 GTX 1080Ti 18 - 78.9
HyperSeg-M 10.1 1024 x 512 GTX 1080Ti 36.9 76.2 75.8
HyperSeg-S 10.2 1536 x 768 GTX 1080Ti 16.1 78.2 78.1
2 DF2-Segl - 1536 x 768 GTX 1080Ti 67.2% 75.9 74.8
EAES DF2-Seg2 - 1536 x 768 GTX 1080Ti 56.3% 76.9 753
FasterSeg 4.4 2048 x 1024 GTX 1080Ti 163.9% 73.1 71.5

TE L IRL R R 2 A 2R

4% 8 F13E 9 T 7, ADE20K _I= A1 COCOSTuff-
10K @(%%L , RTFormer-B .75 H #8 &k H

) DX 4% P R — A
[i] Fisf 35 @JTEmE’JﬁiHﬁEﬁ
3.4 ERAERIZELR

P T SIS T S 0 246 ) L 2 A LA S

fis S
P 7 4

(Contributors, 2020) FEE 7 A0S, il
o BUE AR R USRS Ay E AT i T )2

B

ARSI ERAE LG R, =" FAR AR PEBERSC B

I T BURUEA S, D 1 S UL B 4 S
T8 SC3 705 B 0 SRS JEE R0 B8 1R B, A SO0
Ry Hp—

S BARMER) BT R T T8 — s L
B 2% 52 B0 ¥4 R FAE & A 5 MM Segmentation

TGRS AN 5
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*£7 CamVid #iEE FHERELLE

Table 7 Comparison of performance on CamVid dataset

FPS/

Tk mloU/% Wi/e) GPU

ENet 68.3 61.2 TitanX
DABNet 66.4 146 GTX 1080Ti
BiSeNet-ResNetR18 ~ 68.7 116 GTX 1080Ti
BiSeNetV2-L 78.6 33% GTX 1080Ti
STDC1-Seg 73.0 197.6%  GTX 1080Ti
STDC2-Seg 73.9 152.2 GTX 1080Ti
DDRNet-23-S 78.6 230 RTX 2080Ti
DDRNet-23 80.6 94 RTX 2080Ti
RTFormer-S 81.4 190.7 RTX 2080Ti
RTFormer-B 82.5 94.0 RTX 2080Ti
ICNet 67.1 34.5 TitanX
DFANet A 64.7 120 TitanX
PIDNet-S 80.1 153.7 RTX 3090
PIDNet-S-Wider 82.0 85.6 RTX 3090
SwiftNetRN-18 726 - GTX 1080Ti
SFNet-ResNet18 73.8 36 GTX 1080Ti
HyperSeg-S 78.4 38 GTX 1080Ti
HyperSeg-L 79.1 16.6 GTX 1080Ti
FasterSeg 71.1 398.1*  GTX 1080Ti
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Table 8 Comparison of performance on ADE20K dataset

WIRZS mloU/% FPS/(1i/s) GPU
SegFormer-B0O 37.4 84.4 RTX 3090
SegNext-T 41.1 60.3 RTX 3090
AFFormer-B 41.8 49.6 RTX 3090
RTFormer-B 42.1 93.4 RTX 3090
SeaFormer-B 41.0 44.5 RTX 3090
TopFormer-B 39.2 96.2 RTX 3090

%9 COCOStuff-10K B4 FRELL B

Table 9 Performance comparison on
COCOStuff-10K dataset

E L R RIZ AT B R R A5 B B AL AR SR

[ Cityscapes
3.4.1 LEIRE

AR SCHE 2 i 45 b X H I AY SOTA (state-of-the-
art) J7 B PEAT HL#L - RTX 3090 GPU . Snapdragon 865

Tk mloU/% FPS/(i/s) GPU
ICNet 29.1 35.7 Titan X
BiSeNetV2-L 28.7 65.1 RTX 3090
AFFormer-B 35.1 46.5 RTX 3090
DDRNet-23 32.1 108.8 RTX 3090
RTFormer-B 35.3 90.9 RTX 3090
SeaFormer-B 34.1 41.9 RTX 3090
TopFormer-B 33.4 94.7 RTX 3090

E VR R R TR FR 5 5 R RS R
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(1 55 10 GPU (AR 55 vy ) R 2% CPU (% 23 ) 1 PR
IV
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A7 0 5, ) A€ 5 AT DL hitps:/github. com/xzz777/
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HIE SRABE YA BRI 8], AN 10 S 122 FBORT T Ak 2 pf
[ o X F Tensor-RT I , A< 3K H MMDeploy (Con-
tributors, 2021) SE ¥ . % FH Tensor-RT 8. 2. 1 #E47m
L HEHLA ] PP 16K BEUEA T

XF T+ CPU 38 , { FF} Mnn (Jiang 25 , 2020 ) HE42
4 Torch #5785 4 Sy Mnn B2 5 | 7E Snapdragon 865
CPU I B4 BEAE IR , 2 AR UL E O 1, 4 BRI 6 FP32
b eI
3.4.2 S GPU [AlBe & s

BAT A Y — S8 55 ST SCor 1 J7 e
RTX 3090 GPU I % 1¥ 41 P4 g [ 4% WL 3% 10, 1
2048 x 1 024123 (1536 x 768 4% F Fl 1 024 x 5121%
2 3P HER T K UFAE mloU 4845 5 51 14 X 465 43 31
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Table 10 Comparison on the same device (RTX 3090 GPU)

FPS (Tensor—RT)

By ik SHEEIM PERNEER (1/s) FPS (Torch) /(1i/s) mloU (val) /% mloU (test) /%
/s
SegFormer-BO 3.8 1536 x 768 60.3 39.6 75.3 -
SegNext-T-75 4.3 1536 x 768 78.3 473 78.0 -
PSS SegNext-T-100 4.3 2048 x 1024 46.5 28.1 79.8 -
2% AFFormer-B-50 3.0 1024 x512 148.4 49.5 73.5 -
AFFormer-B-75 3.0 1536 x 768 96.4 38.6 76.5 -
AFFormer-B-100 3.0 2048 x 1024 58.3 28.4 78.7 -
BiSeNet-ResNetR18 49.0 1536 x 768 182.9 112.3 74.8 74.7
BiSeNetV2-L - 1024 x512 102.3 67.6 75.8 75.3
STDC1-Seg75 14.2 1536 x 768 209.5 101.9 74.5 75.3
STDC2-Seg75 22.2 1536 x 768 139.2 84.3 77.0 76.8
STDC1-Seg50 14.2 1024 x512 397.6 146.2 72.2 71.9
WAy STDC2-Seg50 22.2 1024 x512 279.7 94.6 74.2 73.4
g 2% DDRNet-23-S 5.7 2048 x 1024 138.9 106.7 77.8 77.4
DDRNet-23 20.1 2048 x 1024 101.9 56.7 79.5 79.4
RTFormer-S 4.8 2048 x 1024 - 89.6 76.3 -
RTFormer-B 16.8 2048 x 1024 - 50.2 79.3 -
SealFormer-B-50 8.7 1024 x512 231.6 44.1 72.2 -
SeaFormer-B-100 8.7 2048 x 1024 103.6 37.5 77.7 -
PIDNet-S 7.6 2048 x 1024 127.1 74.2 78.8 78.6
EZi 5
%% PIDNet-M 34.4 2048 x 1024 90.7 41.0 80.1 80.1
PIDNet-L 36.9 2048 x 1024 76.9 31.2 80.9 80.6
U TopFormer-B-50 8.7 1024 x512 410.9 81.4 70.7 -
R%%  TopFormer-B-100 8.7 2048 x 1 024 128.4 95.7 76.3 -
T =" FOR AR PR S
8 ® PIDNet-L ° iy
|
30 i o PIDNet-M ® U
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Fig. 12 Speed and accuracy trade-off on RTX 3090(without acceleration)
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Fig. 13 Speed and accuracy trade-off on RTX 3090 (with Tensor-RT acceleration )
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Table 11 The comparison on the same device

(Snapdragon 865)
; 24 . . ToU
WIRES . DHENGE HEIR /ms o
/M 1%
STDC1-Seg50 14.2 1024 x512 259 72.2
STDC2-Seg50 22.2 1024 X512 340 74.2

TopFormer-B-50 8.7 1024 x 512 118 70.7

SeaFormer-B-50 8.7 1024 x512 142 72.2

BiSeNet-R18 49.0 1536 X 768 907 74.8
STDC1-Seg75 14.2 1 536 x 768 585 74.5
STDC2-Seg75 222 1536 x 768 771 77.0
DDRNet-23-S 57 2048x1024 625 77.8
DDRNet-23 20.1 2048x1024 1780 79.5
RTFormer-S 48 2048x1024 1839 76.3
RTFormer-B 16.8 2048 x1024 3288 79.3
PIDNet-S 7.6 2048x1024 1027 78.8
PIDNet-M 344 2048x1024 2821 80.1
PIDNet-L 36.9 2048x1024 3472 80.9

TopFormer-B-100 87 2048x1024 498 76.3

SealFormer-B-100 8.7 2048 x1024 569 77.7
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