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Abstract: In semantic segmentation tasks, the downsampling process of the encoder can lead to a deerease in resolution,
resulting in the loss of spatial information details in the image. As a result, segmentation di;continuity or incorrect
segmentation may occur at object edges, which can damage overall segmentation performance. To address the above
issues, an image semantic segmentation model EASSNet based on édge features and attention mechanisms is proposed.
Firstly, the edge detection operator is used to calculate the edge map of the original image, and edge features are extracted
through pooling downsampling and convolution operations. Next, edge features are fused into deep semantic features
extracted by the encoder, restoring t"hekspatial detail information of downsampled feature images, and strengthening
meaningful information throﬁgh attention mechanisms to improve the accuracy of object edge segmentation and overall
semantic segmentation performance. Finally, EASSNet achieves the average intersection over the union of 85.9% and
76.7% on the PASCAL VOC 2012 and Cityscapes datasets, respectively. Compared with current popular semantic
segmentation networks, EASSNet has significant advantages in overall segmentation performance and object edge
segmentation.
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T4 T 4543 BURCAR [F] (098 20505 35 3 A sl A
T SR T 3 SR T X AT 14 4%, 45 A B4R
I3 B AN [ ()18 X BEHe. Shelhamer %5 A HY i) 42 %5
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JEE 2 I R R T 1 S5 B U A, 1A AL
LW IR A B R G RR, 2 et i
MEB R WE R, I 5B K —300
SR HRMARBRET — RINEGRRERE, 2HEA
W FRAIC, 25 2 1 i P8 2 T 40 15 45 B I & 2% THRLAL
o AT P — AN B L DR ok B A R U, R
A& U-Net!" 4%, 638 o {f FH 40 oA AD 38 45 by e A
[F) 25 1) () R A0TSR i B N BB AR AT v S 6. B

Jo HILE DeepLab® "5 e iE 4> EI 0 % 5] N 253 &

LRI K g T SR RS2 8T, DLOREREIR 1)
2 1) S04, I L i RO A B4 P B L SR AR £
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B, > TR 2 H R, TR T R
fiE. {HJE ASPP BLHUGIE RIS RS A i) R 615 2, 1R
INF 12 90 2%t R R A DR L 2% T KRR I AR rp 2 (A1 4 19 15
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attentive semantic segmentation network). A< SCHJ 3= E 51
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AE. 4) ASCHR B AE T2 () S R B T
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X5 B 25

1 MR TAE
1.1 BN ENRE

VTAESR, Bl TR JE 5 2] I IEUR R, A6 A 42 I 245
FiARAR H 25443 Bk, I BLpl R 2038 S B4k,
SCHEEI FON SRR 2 ) F 18 S0 #1808 I 1L
S, ZAR AR 20 B R ISR IE BB O W R %
1%, SEE 075 S ERA N ;Eéﬂé anseU-Netm]@ﬁ
INFEEFZ, FIFH U-Net 428 SEBLT AN RS A 1) 5B
B, Wi HE 5 T BRI %) A5 BiSeNet! 42t T —
A B i O B ) 2, S0 R LD 5
BN )53 S i A I AR o, E AR I 405 6 1 R
KRR T ML . DeconvNet! I 7E At % b fi Fi 3
B IR FUZ R 58 i R, B0 T RHAE R
(1539, APCNet M & 2 R, HIEM ARG S
JRFSEM )X 3 B R, BEIRINEEN LT XEE.
DFANet!" i xof 4 fih 2% ' SR AF S5 3R A3 HOHSAE BRI HEAT
ESRFE, ARG BN B A 88 2 R R BURRAE, M TR
2 2 A B Z 8 S BTk 4 . PSPNet ™2
Al & B AR HOR A R S0 /5 B HRNet!™
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W B 2 R SR A R IR 2 1A B RRS
IR FTA VR B T AR 2 I 4 il A e R R
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it LA S PG AR o B A B 2 S R T A URLVE
AT DA Rk I R 0 R (3 2, i 2 U 4 ik
BEIEES N 23 o B W24 v, AT DUA 0 R 25 )
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5 B, FIRHERR AL TS 15 B SENet ™ g T JE
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R FTHUR, T LRI E ) 24 e 5 S S K,
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VB Sy B AL 2 IR 5 TR0 PR AT & 9 LU
N B G 22 24 i [T 15 AR A E TSR AE
fg e {7 41 I 5.

TR, 0 S X 4 B 8 e B 0 AR R SRR L
TR 25 5 5 28 IR0 43 B0 1 AT B T, B e
D 1 25 T 43 S T R A TR,
ey EIHERE.

2 AR PGt
2.1 HER R LEH

530 DeepLaby3-+E 9 3L 418 X4 BRI, 3
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(edge feature extraction, EFE) #H b, $RHL H 0 ZAF1E,
B e IR ERL A (edge feature fusion, EFF) f&R,
SEETER TN ASPP i th (1) = T RHIE 5 14 G ARFE
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HSEN AT ZHL, ST 110 Lo EUESS AL RE.
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\ i E
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Bl 1 DeepLabv3-HE 2 (1) 51 4 454
\
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Lo g T 4% T R S RS AE P 5 2 () 4 i £ 2 4

KPR, T BRI B R A RIS B9 L R
AT G . B XIS, A SE T T EFE Mk, FiT L)
SR ELA N EUG H IRL B E, st 3 BiR. 4G
i S GEHH 4 7738 Sobel 557, 8 H 44 %
(R0 B, S8R5 X% EUGHET 16 15 BRIl T RAE.
TSRS 1014 2% R AR 5 R ARG, (EL R e AR (77
T IR AR 1 2 TRV A5 B B S 4 AN A
HoRIRHUA S B H R E U B, BB RE
E— 7x7 R, BatchNorm 1 GELU W0 bk %, 4%
FAEF 11 BB SEE R, BS54 Sigmoid #E
BB IR R B AE

EFE MR HYL () 1 0 HE S — A Bl 8 He A AR,

66 RGi# ¥ System Construction

TG ZEHLE 0-1 2 [0, ZH RS T g R &
HH ) 2 R A 5 B AR ZE UE B, T UA G 8RS
A EUE SR UL ).
2.3 IAGHHER SRR

It EFE BRI IA AR TIRZHRES
(A5 45 5, T il 2 T R AEJ5 1 £ T HRE B B A
F & =R UE B, 2 XA RHE AT R, AT
A GHFHE R ETRHAE A s 4b 7, JF B b &
SRR B AT BRAL. BEXZ R 8, A SC T T BFF
TR, F DAKS 1 R AE il 3k g A 38 T SR IS IR AR
KIfg b, JLas gt 4 Fros. & et gmidas o i
FHRE 5 10 S ARFE BT IZR R AT, /)5 5 561 3
THRFAE AT bk 22 3 4%, 15 28 1) 3 TRHIE. 1250 P
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ASPP

a 1x1 Conv

3x3 Conv
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DCNN

Atrous Conv

QU000 3x3 Conv

< rate 12

3x3 Conv
rate 18

Global
\_ Pooling

Upsample
by 4

Low-level
features

» Sobel

\ 1x1 Conv—‘@-u Concat 4@3 x3 Conv—p» UptS)ample ;
y 4
\,

i 5

K 2 EASSNet ff4E

| | Pooling

: Conv block

| | 1x1 Conv block

Edge image
IxXH*xW
1xH/16xW/16 Max pooling
v
2xH/16xW/16 7x7 Conv+BN
+ReLU
)
4xH/16xW/16 7x7 Conv+BN
+ReLU
8xXH/16xW/16 7x7 Conv+BN
+ReLU
16xH/16xW/16 | 7x7 Conv+BN
+ReLU
IxH/16xW/16 1x1 Conv+BN
+RelLU
¥
IxH/16xW/16 si .oid
Edge feature gm

E Sigmoid

v

% 3

LGRS HUBEER

F =FpxFp+Fp (1)
Forft, Fy N TR e i L. AT R
99 N7 A T AT T 2 2, X4 B AN S 1
SR S TR R K B, S B0E LA I
REFEAIC. 20 (1) B RIBPHRHEE S A S T R IGE
BHIRZE XS B, T H A 74 G RE R AL 1) 7% (8]
EIREEEISY
A, A0 B LSRR AT A A, A5 0 28 B
2 M OV B PRHE, $) J0 2 U R AE. TR L
il R B AT R — N T R R BRI — AN T A
JIREHLE Fl. FEIRTE VE R I, B S R AE B 4l
HEAT 42 JR P2t AL (global average pooling, GAP) 4
JR i Ktk (global max pooling, GMP) #:1F, 15 %I/
A Cx1x1 KK, S5 R EANTFR A B 1x1 &
FRHR A B PR N T 22 10X % 22 o N TR 22 ) 4% A 1
RIA sk EAR NS, 1# A Sigmoid UiﬁlﬁﬁﬂjLLE
AVRUE M.ty Ja il 7 FE e da 55, R i v AL
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LA BN FRFE B 2 b, 18 23T OGS AE 1, sealiE
B EENBIE. ZPBa LA ) Ak 3) 5k
RN

Mc(F) = o(W; (WO(Fc,avg)) + Wi (Wo(F¢max))) (2)

Branch feature
CxXH*xW

Edge feature
IxHXW

\
cxixr Re

IxXHxW

F =FxXMc(F) 3)
H, Feave B2 R PRI G B TR &, Foma N2
SRR )G K&, W Wi 0 BIRRFEAS 1x1 FHfH
R, oo Sigmoid BUE R

e

Pooling

Conv block

1x1 Conv block

Sigmoid

noood

Concat

® Element-wise product

@ Element-wise add

2xXHXW

) 4
o +§¥+%°enfu IxXHXW \
\
B4 AR A B, P e
N ) ‘."'— d
G5, T IIPERO S S, PUGRPIEIER ) Sigmoid WAL

5 At R P LI 4 AT ST AT S350
LA, BN 1w (3R, KX A TR R
ST B — e, T 77 R IR (T, IF
ELKEEIE RS D9 1, BEEEFR Sigmoid B MG %
I AT M S o A T 0 2 ) 0
AR S ) A B0 G P24 e, 0 O A PR, 9
LA (A1 4EFE I USRS IE. %P5 DL R (@) A1 (5)
KRR:

Ms(F) = U'(f7><7(Fs,avg§Fs,max)) “4)

F = FxMjs(F) 5)
Hor, Fyave R4 180308 45 2 3047 42 J5) ~F 204K 5 1
TR, Fymax 3 /8 VH 5 J0 T8 2 B 30 AT 4 ey e Rt A ) 1

o, SN SRRIEBIEEE N EREE, R
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- &1 EFF il G 5 0 REE B RE 08 G 250K AE I
T8 10 T R e 2 o B R B 479 {5 S, JF B
RV E SR T A B SRR B, B RHE R
BN B 2R AT FORFE, IR BEAT IR B GO BE ) 7 2K
J&, A5 B BV S5y BT AT DA ke AR P AR 1 3
G EARNESTIINE.

24 UHIRKERE

FETE Ui rh, Uk kB 2 Mg, b
w5 FH IR A 58 S A 2K o . 12 iR B30 T A RO 43 A
5 RS0 A AR SR TH AR R, T 4 A ek I
SEAMAT, TSR R BURE R, Sz 8K, HR ik Xz (6)
Fro:

Losscg = —

(6)

N C
Z Z vijlog(pij)
—

1
Nl Jj=1
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Horr, N ZFAME, CRFBEE, yi 2R i BT
B jEIRREE, AN 0 31, pij B RREAS ¢ T
o) j HIRERE, FAETE 0-1 ZIA). 38 U1K bR B JR)
BRPELE T30 5 18 BIRR 2 0 A AT M5 00, A F
F B R B ZE AR, BUR B IIZR 22215
BN, BRAR, 52 SUR5 K% B HOR 2 U T S AR
B BB RAL IR T2, T AN 4 SR 25 18 B i 1 4R
FRIFIINZS SR O 1 53 SO B R B KA A2, 51N Dice
515K bR B0 AR 1A Tanimoto 45125 bR 8, Ha& ik 2053 5l
= (7) M) Frs:

N C
22 Oijpij)
=1

i=1
Losspice = 1— S @)

c
Z()’ij+pij)

J=1

M-

—_

=
Al

CA

Z (vijpij)

1 j=

w

e

®)

LosSTanimoto = 1 =

Al

Oij + pij = yijPij)

H, N RFEAYE, C REMNBE, yi A i BT H
Bl AR, FAER 0 B 1, pj A AU REA @ TR
KA IMESR, FAEAE 0—1 Z 8. Dice 512k b H M
Tanimoto 1 2% B EU/EBUE B RSN, JF HAH BT
iR PR 25 A AN ST A8 R )1 2 TR D il R N H
PREEZ I, AR R B IR, s R
2 HBLRR FE LR A 1R 0. e Ak, AR 456, TR E [

N
=1

J=1

Bt B AT e, oy BE B R T4 K R A B A

Gy ik T £ SR T . R, a4 A g Ok R
#UF1 Tanimoto 53 5% BR BB MR A A4 151 2% bR £, $L
FikKn= (9) s | :

Lossiotal = LosScg + OLOSSTanimoto 9

Horp, o %28 IR 5% BB FUAT Tanimoto 351 2% B8 )
AT PS8, HEETE RN (0, +o).

3 AR50
3.1 HEE

7E PASCAL VOC 2012 # Cityscapes 1X % %45
£ BVPAS T B E X RIBE Y Y 1 RE. Fit PASCAL
VOC 2012 %4 5 A T B8 B Il R A PE BE VRAS, City-

scapes 44 FH T8 192 A0 P g A

PASCAL VOC 2012 /& i+ S HLALSE s gl 32
{ER AL EG IR E. ZBIEEA 21 N8 5,
ALHE 20 MR FREFD 1 AN 5. BIEH 2913 5KA
PR EG, HABEALBRE ) 2 622 7K A 1E 9l 2k
£E, 291 KB PR N IRIESE. S 15 Sy F 25 1) %
R/NBETE N 512%512.

Cityscapes #&3i iT FA 855 H 3072 38 37 5 1) 35 44 50
P — ZBIERA 34 15 LR, RIEAT A8 T
i, R R 19 20, MILH 5000 SR ARIER)
B, R IRIR IR AT 102432048, 79 115 VOC
2012 HHase ORHF — B, R HdE S BE LBk IL 1) 4 500
TRBE R E N IZREE, 500 5K B A VR AT IESE. it NG L
53 B P 45 1R RO /INBE 4 512%1024.

3.2 TN ERR

K H P22 3+t (mean intersection over union,
MIoU) F°F-34 4 & (mean accuracy, MAcc) R IFM S5
gh R, Rk WX (10) A1 (11) Fiw:

N
1 TP
MloU=— ) — (10)
Nl,lePi+FP,'+FN[
N
1 TP;
MAcc= — Y —L 11
ce N;TP,-+FP,» (1)
% \-

o, N R BB TP § TE TR 1% 5 5
i, PP A AR TR A | 1% A, FN 2
AG2A0 i TR FEAD R (115 F B MIoU AT/
VBRI I A O b, SRS T RSP, Mdce
FEXTRRANE S o3 Sl E B RS B2, SRAN S o P 3.
33 LWEE

ASLIGTE PyTorch HE4E S8, FrHEAE R AN
Windows 11 64 fi7#:/FE £4t, AH 254 Intel(R) Xeon(R)
Gold 5218R, &£~ NVIDIA A10, A7~ 128 GB, i
#4 2 TB.

K & B PE Al (adaptive moment estimation,
Adam) FERIE RS, 212 EN 0.9. B H“poly”
S FR N, S ) FR A IR A ER R K T T 2 T R
b, HFRIEA = (12) Fros:

T \Power
= X 1— 12
¥ = I'base ( Tmax) (12)
Horp, r FORBATH 2R, rpase ZoRVIIRF 21, WEN
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5x1074, T FRR U ATIERIKEL, Toax T7n i KIEARIR
$, power TR, BN 0.9. BLAh, KA IR L
HERANEEN 16, IZRFHEE A 200, HH7ERT 100
NGRS ET NS NSH, (EHAS 514, 1
55101200 FE 125 X6 5 T P48 3EAT R

FEBUR SR 5 T, SKAI[0.5, 21MIBEHLZE L. [—10°,
VI BEALIERE « BEATL I RN B AL s B RSORY 1 44 e, ok
38 5 A 5% (1) R
3.4 jHRhSCIS

T J61E DeepLabv3+IE 2R AT (1 LAl b, 43 il 6
MobileNetv2. ResNet101 1 Xception iX 3 Fhif FF 51
PR LA E T 48 AT SR 50, S5 R aNsE 1 fos. 7]
PLE H, Xception ] MIoU Fl MAcc i, 57 #1808
Ut IRl 4% Xception 1 R A ) = - /01 2%,

K1 AR T ML SETREE R (%)

ANEI R R AT I, S5 Rk 3 FoR. nTLLE H,
i—'l)é\ﬁiifjﬁﬁiE}iﬂLossmalzLossCE-i-%Loss F,

Tanimoto
SRR B, WK FHZ AR R BRACE 5 5 AL S 3
sz .

£ 3 AEBRBEEEE LR (%)

Lossiotal MIoU MAce
Lossce 85.44 9131
Losscg+Losspice 85.62 91.38
Losscg+LossTanimoto 85.65 91.43
! 85.79 91.53
— L A )
Losscg+ 3 ossTanimow . A
1 >
Losscg+ §L0s§ ‘ 85.91 91.62
) Tanimoto
s 1
“I:ossCE-»— —Loss 85.83 91.46

4 Tanimoto

Backbone MloU MAcc
MobileNetv2 ¥ 77.23 86.12
ResNet101 . 80.26 89.03
Xception 82.63 90.39

FER R, AR AL SR FH B AN RIS Hgh A7 V0 b e B, &%
R 2 Fos. WA ER IV, R R ETRAEH
A GFAERATIZB R AT, F5 546 £ T HRAESEAT 5%
FEVEFR A G AR R & BLEPR Y EFF_1, ¥R F 4
B R (squeeze and excitation, SE) VE & ML 114
SHFFAE R A AR FR N EFF 2, % R B BB 2 g
H (convolutional block attention module, CBAM) ¥E &
JIWLHI )30 2 R b & BE AR v EFF_3. 1T EFE

Ho R DU SRR AL i 0 B A R R B (2B 3R, AN

X IR HEEAT BT I RSB T LA H R SR
(3L Ath 50 EFE #LEURT EFF 3 fEERAGIE 0L R, LAY
{1 MloU Fl MAce iéﬁ'?%%, MR FH 12 05 A R 41
RSN

3.5 7£ PASCAL VOC 2012 #iR4& FAIXLE SEIG4E R

7 PASCAL VOC 2012 %4 4E s EASSNet 5
MHTIAT TS X B BRUEEAT X b, 45 SRR 4 Bk,
AT LA H, A SCHEH B EASSNet 7 MIoU Fll MAcc iX
PN FEAR B T B Ar g R SRRk p A
DMNet #H Lt, EASSNet (] MIoU #&£F+ 7 1.32 M H 4
R, MAce #7117 0.87 A~ H 4 &5 M T HRNet Ml
PSPNet, MIoU 3 HI$2F+ T 2.11 A1 3.72 ANE 53 45, MAcce
BT T 2.50 F13.05 ANEH 4 a5, AT L, EASSNet 7F
SRR A L I 0 24 A AT 1 S0y R,

# 4 {E PASCAL VOC 2012 i b

K2 OHBSERER (%)

I3 MIoU MAcc

Baseline 82.63 90.39
Baseline+SE 84.38 90.75
BaselinetCBAM 84.62 90.83
Baselinet+EFE+EFF 1 84.47 90.62
Baseline+EFE+EFF 2 85.67 91.34
Baseline+EFE+EFF_3 (EASSNet) 85.44 91.31

S E 45 T (%)
e ¥ = MioU Mdce
1 SegNet™ 60.82 73.42
FCN 62.39 75.20
DeepLab 67.03 76.61
U-Net 72.94 80.58
DeconvNet 74.35 84.66
BiSeNet 79.86 87.54
APCNet 80.56 87.11
PSPNet 82.19 88.57
HRNet 83.80 89.12
DMNet™"! 84.55 90.75
EASSNet 85.91 91.62

£ B b S 56 rh, RS P (1 45 Ok R B0 e RE
SRR AL 55, £ EASSNet #5284 1354t 1, K H
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EASSNet 5 U-Net. PSPNet fil HRNet [{] ] #14k
sERaPE 5 Fow, Hgg 1 s ANEG, 5 2 5 R
2%, 55 3-6 5173 H2h U-Net. PSPNet. HRNet Fll
EASSNet (173 #4558, fEE 5 R G ER T 73
AR (1) 43 B iR 2 AL, DL R A ST H AR AR AR g gk
Z b K5 55 1 AT AT B H, U-Net. PSPNet 75X}
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452 (BB EAT 7 BR324 L T 4%, HRNet 7E45
(73K 30 H BT S B A BRI S 4, T EASSSNet
B TCIX AR TEER 2 47, U-Net F B 5 76 05 =
AR EINYY K2, PSPNet. HRNet 76 % 4t () 2 34
HBEAT 3 HIF 3 B T B R, 17 EASSNet BN HEffi b 58
BT AR 4 E). FESR 3 47 H, U-Net X1 S 44T
Ay EIF IR T 45, PSPNet. HRNet 78 43 1) () 4 35
DA e MR A B A 3% 42 R o7 BN HH LA 4%, 17 EASSNet 7
IXEEEOAT I IS T RAFHI A BIBER. 7256 4 47, U-Net.
PSPNet. HRNet £EX] KAL) R B AT 73 B #5451

S Hr HRNet FEVH L T 40 BRI %, H
# EASSNet 7E &AL 3 35 58 35 BV H 2 I 5.
352 BRI A A5 SO H Y9 EASSNet B M5 150\ 1%
HR I A, 55 2 B 8 T SRRE 2 H I A 1
QAT RS, R PR R B 8 M 2 25 £
BRIR R XIS B, I LB L v 7 WL R 1A L
5 58, T A 3 i S5y BB A AT 4 2 TR 01 15
NS RIZe 1 TR RE S A AE %24 . AT, EASSNet
WIRTE IR D 2 013 B2 h B AR, B0k ) B
T il th 5 i | e

Image Ground truth U-Net

K5 7€ PASCAL VOC 2012 ##E4E (K mT 44k 45 5 b \ B

ST E 2, 85 M I ORI S OB e A 5 4
ERDE R, A SCH HE ¥ EASSNet i 343 FIA5 2 1) LA
FE— R B R 2 G i 4 T RAE )5 RF IR B R

F 2 (55 U2, SR A G o3 B e ey JRELE

INSRTEA 7 SO 5 . it Ah, 38 3o PO 1 K o, A3
Pt PR 2 45 B 2 B WSO s PR, e 2 A 7 1 S
ﬁj\%ﬂE‘J%%&ﬁl%ﬁiﬁf%ﬁfﬁﬁ‘ﬁ%%. S 25 R,
BT N GR AR 32 UL ) EASSNet FEALTE R X
SrEIERE B T R MR, LRI 2 oy
(431 7 T F2 B0 B B A0 34

3.6 £ Cityscapes ##ES&E _EAIXTEL SLI0 4%

N T BAE EASSNet 5281 (1972 4L B8 77, R City-
scapes AL HEATIZ A0 S5, 45 Rk 5 Fis. EASSNet
£ MIoU Fl MAcc XA H88 BT T 5 if i) 45
B, LR DeepLabv3+43 & T 2.16 A1 2.31 A4

PSPNet HRNet EASSNet

A

EASSNet 5 U-Net. DeepLabv3-+f] ] ¥4k 45 H i
&l 6 i, e p a1 SRR N R, 56 2 B 952 B,
& 345 543 5] j& U-Net. DeepLabv3+#il EASSNet [{]
S EIZE L TTUA th, EASSNet 1T BUEEAVERHL 4 B H1 4
RISy, 45 55 BB A 52 RO, Stk A T AR

#* 5 1t Cityscapes i 4E B 5 AWM LA R (%)

Jiik MloU MAcc

FCN 62.50 70.35

DeepLab 63.07 72.17

U-Net 63.58 71.30

BiSeNet 69.27 76.81
DeepLabv3+ 73.76 79.48
PSPNet 74.61 80.66

EASSNet 75.92 81.79

4 g5k

A AE DeepLabv3+HFEAL EREAT ok, 21 1%
TILGARFAE AN L B9 EASSNet BEAY. 1558,
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T 7 EFE B8, Xt J5UG BR K10 2% B 3EAT T RAE A
BURAE, Al PO I G4, R K, Bt 1 EFF
Rk, ¥ EFE BRI 14 GORpE Rl 6 212 A5 45 $2 B
TR AR, e v = ML A JE BRI
AT AL, A1 2% BN 28 A 1 ORI, B, X4
R R BCHEAT BodE, (AR Y S B R S WS i LA
TR 2 kB R, EASSNet REWE A K & R R A

Image Ground truth

VA5 1R 2 [R5 2 4071, AT 3 5 7 50 P A PR i 0
Vi, BRI AIL S R0 B R, SR R TR TG
SCo FIPERE. KR S8 45 R AR T I Y 1 0T VR AE
I A5 P P 3 370 B ROHE 4 b BAT AR e, GIE

WY St (AT 2. AR R ORI AR AR, R R A XA
BEAT R A G, BT ISR, ST SO E R

JE, AL BT T B 3 2 B A 5 S (1 45K

L\

DeepLabv3+ EASSNet

h %6 1t Cltyscapes B L T AL 45 ST e

v
s
1 ERK, TR, IR L RIgRR
R, 2021, 58(12): 1200002.
2 Jiang HJ, Wang RP, Shan SG, et al. Adaptive metric learning

SOt e T

for zero-shot recognition. IEEE Signal Processing Letters,
2019, 26(9): 1270-1274. [doi: 10.1109/LSP.2019.2917148]

3 Kong YY, Zhang BW, Yan BY, et al. Affiliated fusion
conditional random field for urban UAV image semantic
segmentation. Sensors, 2020, 20(4): 993. [doi: 10.3390/
$20040993]

4 Jiang F, Grigorev A, Rho S, et al. Medical image semantic

segmentation based on deep learning. Neural Computing and

Applications, 2018, 29(5): 1257-1265. [doi: 10.1007/s00521-

017-3158-6] ‘

5 Xiao AR, Yang XF, Lu SJ, et al. FPS-Net: A convolutional
fusion network for large-scale EiD.‘AR point cloud
segmentation. ISPRS Journal of Photogrammetry and
Remote Sensing, 2021 176: 237-249. [doi: 10.1016/.
isprsjprs.2021.04.011]

6 Shelhamer E, Long J, Darrell T. Fully convolutional
networks for semantic segmentation. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017, 39(4):
640-651. [doi: 10.1109/TPAMI.2016.2572683]

7 Ronneberger O, Fischer P, Brox T. U-Net: Convolutional
networks for biomedical image segmentation. Proceedings of
the 18th International Conference on Medical Image
Computing and Computer-assisted Intervention. Munich:
Springer, 2015. 234-241.
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8 Chen LC, Papandreou G, Kokkinos I, ef al. Semantic image
segmentation with deep convolutional nets and fully
connected CRFs. Proceedings of the 3rd International
Conference on Learning Representations. San Diego, 2015.

9 Chen LC, Papandreou G, Kokkinos I, et al. DeepLab:
Semantic image segmentation with deep convolutional nets,
atrous convolution, and fully connected CRFs. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2018, 40(4): 834-848. [doi: 10.1109/ l\QMI 2017.2699184]
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convolution ‘foi semantic image segmentation. arXiv:
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11 Chen LC, Zhu YK, Papandreou G, et al. Encoder-decoder
with atrous separable convolution for semantic image
segmentation. Proceedings of the 15th European Conference
on Computer Vision. Munich: Springer, 2018. 833-851.
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in deep convolutional networks for visual recognition. [IEEE
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