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Semantic segmentation of Martian surface images based on dynamic
ternary attention network

Meng Xiangyuan Wu Xinyue Zhang Yanhao Gao Runze Shan Huilin
(School of Electronic and Information Engineering, Wuxi College, Wuxi 214105, China)

Abstract: As an adjacent planet with profound connections to the Earth in cosmic evolution. the semantic segmentation
of Martian surface geomorphological features not only facilitates the construction of a cognitive framework for
understanding the dynamic formation and evolutionary mechanisms at the planetary scale but also establishes a
multifaceted research paradigm in the field of planetary science. This holds particular significance in refining the
theoretical framework of planetary evolution and validating astrophysical models, thereby possessing critical scientific
value. However, the analysis of Martian surface imagery encounters multifaceted technical challenges primarily
characterized by complex and variable lighting conditions, low structural degree of topographical features, and
pronounced heterogeneity in target scale distribution. Collectively, these characteristics form key technological
bottlenecks in the intelligent interpretation of planetary surfaces. To address these issues, this paper proposes a Mars
surface image segmentation algorithm based on dynamic ternary attention mechanism. Our approach synergistically
optimizes adaptive feature fusion and dynamic attention mechanisms to enhance segmentation accuracy. First, we
develop a dynamic ternary attention module that automatically adjusts branch significance weights, enabling dynamic
focus on local and global features for typical Martian landforms like rocks and dunes. Second, an adaptive bidirectional
feature fusion module is designed to reconcile spatial and semantic information conflicts across scales. Moreover, a
channel-attentive separable convolution is proposed to reduce parameter complexity while enhancing model
generalization capabilities. Experimental results demonstrate that the proposed algorithm achieves 89.06% accuracy
and 72.33% mean intersection over union on the S°Mars dataset, effectively extracting and integrating multi-scale
features to significantly enhance segmentation precision for Martian surface imagery.

Keywords: Martian surface images;semantic segmentation;dynamic ternary attention;adaptive fusion;channel-attentive
separable convolution
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1, HHTERE #5730 RAFEH AN R KRB 5% 45 3
R S T R 2l A g 9 Ol 2K R S L kR Y R T A By
B4l T £ 5 ER IS 1 5 iE 2. IR AJE R KR
b 2 M B 53 A B T 8 AR T Y Ml SR T L b R L M B Y
BEFR.

SR KB MO TR (R 25 ) 1 43 S 7%, 40 e R BE b 3R TR L 43
Pk TE R PEE B ST 4> By e EoR B EH A4
Ll P S TR D R IO S5 BERRRAIE 33 T 1 Y 3
10 PRI AE 5 A R Xk A Ry X 52 2 2278 1) S B g A 3 5

VTAE SR R BE 2% S B R 3 R 0 S 43 F) BB R T
RGP R R, B B A 4L M 4% (convolutional neural
networks, CNN) 2% B2 > oy BA QR M 1) 28 454 , 7
THEALILSEAT 55 v e BLiL L MR R e . 72 MR EE S0 H1
B T R 2 W 45 AT R 22 R FHAR LB B T R & 42
24 /i 3R R T 45 4L AlexNet | VGGNet'™ |
ResNet'" .GoogLeNet'"! Ll } MobileNet "' % 25 8 25 ¥y ,
Long %M 2 M B9 4 & M £ (fully convolutional
networks, FCN) i# iz vy 1) 3 1) 15 - G HOM AE 7, S i A7
FIBEE T B K B MR EMRAHER T A ARG, AR
T 25 F B AN AR, HLB TR H AR i RS 22 57 10 35 S5 4 1, iR
e AR TR e JUL JRy B 4 W R B Rl A 2 ROBEE B R SUME B
Badrinarayanan LA ) SegNet % T i 15 a5 15 2%
BEAY AR g 5 it B 4 5 B0 HE R B K . Ronneberger 451"
$2 Y U-Net FEA5 BEER % 3 SC R B AT 5 IR EE X
PSR R G R B A U ) BB AR AR T AR T , X S AR A
TERHEE S B AR E AR R AR IR R 2 2 RO (S
BAEEA RS, 48 TR 1E 1 ) 51 58 77, AIF 58 3 114
Ak $ 2Bl 2 RO [ 45 A0, Lin 575 42 1 T FPN W
g, e AT b Y AR FORE AR 2 N, B SRR AT 4 5
B LA R AR B3 0 i 40 B M RFAE . Zhao 1 4R
i PSPNet i i 4 78 b AL BB (pyramid pooling module,
PPM) R & £ %% I F SCHHAE , Chen 217 2 H (9 DeepLabV3
+ 0 51 25 W 23 8] 4 5 3 3t fb Catrous spatial pyramid
pooling , ASPP) , 7E47 gk 37 BF 1y W] B AR 15 ¢ AF 23 B 2, (A
B2 R RRIEAE B 6 KORUEE H AR 4r BIACR AN R . T ] 52
IHPERR SR, Yu 0 4 1 BiSeNet A1 3 74 M 44 7 25 7] 41
TG SR SO AR R 2% HE TR B S AR AL IE A R
WP RS RS AR IE, S BURB Y 5 & 2 E LA
NI, HeAh A BT I 2 il G i o L 5] =
FFAEZEHE , Chen 5542 T — FOBT (14 7 28 1 LRI i AL )
RENS Ry B R R A E 5 2T A B R AL, O X 22 ROBE R AIE 3
RO, S HRmy, Li 88k 7 —Fh IR T M
% ZMEKERE G S S HEFESESGTE R, Fu
SR T MO EEE MY, LI T SR EL
0o 2 ) P R D ML R ZR - m my B SURBISC R . RE
LB R I L O R A M BE L SR I AE R SCR A MRCE I
A TeE—

T KRR IR R R 22 278 IR FRE 45 4
PR AR LA K H AR RS 43 A 7 0T 1 I 385 55 R 1 1% 498 114 11
QL B T5 1 TT kX R 3R RIMR AT HE R 1 43 ) R e, AR
RN -METFHEZCEE NS B IE NS W%
(dynamic ternary attention adaptive fusion network,
DTAFNet) I Tk B R ER 5 # . FEEAH A4

DS Z U I, 3k BCBAMRE R 2R W
[ R, AF 32 T M 2% vp 42 3 2 = o0 3 = 7 HLEI (dynamic
ternary attention, DTA) , il i £ 2 i 14 & J1 Wb A 5 S 4 ik
B 28 R AL O IR0, SR BOCHERR A A b
He 7 (8] A1 Joy 1 AR B8

2) FIE N R FRAE RS . Xk B b 3R b TR R AE 45 44
TR BEAR A A D Fr 28 TR 45 T8 25 BE AL B , 340 SR A50R0 1 )
AU TER S B b, B — RS W T A E S A
(adaptive bidirectional fusion module, ABFM) , il i H i& Jij
2R BN R RE I TR, SR SR XE R 5 &
()45 2 0 S0 [ L0 3 S A 5 A5 B B R S B % A H
B

3k R R G b B AR RUBE 43 A 7 o v W 2 () I A
1E B B SRR AE 5 N BEARRRAE B0 LA b ] R, A SCHR i
WA E B A 4y B & B (channel-attentive separable
convolution, CASConv) , i 38 1 11 B J1 5 IR E W] 43 & & M
ARG o ) T3 T8 3 25 0 %o 25 () R A R AT S 28 0 20 , i 4 T
B 554 BT R AR AR 3 R /N B AR U E B R L B
TSI OCHE 1 T8 iy w7, i B )2 s AR ) I 3 AL A ) R
HA5.

1 HEERITFOIER

AR S mars B4 5 X% DTAFNet #F 47 k& H
FEMGIE X E 1 B A . S mars B F 6 000 7K
F 4T 5 R I 4 B R €5 8 AT A BILHA B8 109 ok B s TR IR, 4
AN 1200 pixel X1 200 pixel, TZEHE 4 1 AL T 4> K
P2 .3 000 5K T B AN 3 000 3K 24 % . i BB & o
By LI 2540 B — , 2 g S 4 X I, B — b B 2R R L A,
H BfRASOEW H 5 T RAE I B B 5 RG] AR w
I A R AR R A5 DI 5 T 2 2% RGN AL 5 3k B2 24 1Y)
HIE R Z 28 M7 B P s & W 0, H 8 5 6
o B 10 MR, 4 & R 2 (Sky) L L
(Ridge) . 1 3 (Soil) , ¥b #i (Sand) ., 3 & (Bedrock) . & A
(Rock) . {8 % (Rover) , %3 (Trace) ., %5 Jli (Hole) LA J H:
fth (Background) . E{PEEEHE 8+ 1 ¢+ 1 Ay K/ L0 8k BE ML 4
F G B RS A

AR SR H B9 VE A 8 A5 A 15 #E 36 R (accuracy, Ace)
AT L (QoUD (T A 26 51 (1 - 44 22 3F L (mIoU) (F1 5 4L
(Fl-score, F1) LK B {EF- K5 BE (mAP) .

2 DTAFNet M %& 2544
AT 1 B9 DTAFNet 4% B (& 45 1 an 18 1 fr
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T # K

AN ST AL XA ST UM R AR S BT m R AR R I S A
DTAFNet 3% 45 0] 4 32 . i X4 32 F1H 36 R AE il &
BEH = R . A5 A4 SOR T = 2 W it =URRAE 2
Wy, T 2 2w s U & T SRR IE Rk, X6
TR R SR AE 5 B R B R, R T — N EE S
MLHl DTA,DTA @it 8 AL E 4L, [F] 25 85 17 25 ] L
T BB 3 A RE 0 R AE R B L fE A 4y S R S i
JG—EMA DTA, 3800 T 3 S 4075 5 805 B 5% e
23 [RRAE I A AR F1 . 18 o S MBI R 2 AL B AE K
SRR B S I R R B T ) GOE SORRE B, B S 5
A CASConv, ZEARUE 53 HIKE BE 0 [R) B F 7 3 01 51 3 09 38
T 5 5 T T A3 i 5 UM 45 A, 70 5 IE AR Y R AE 3R B B
Jr TR > S8R I BLRE R S B 1R R LU B 4

FIRE R . Ah R T SR 2 S50, LU TT RER B A B0 i X
FRAE , 8 AR 15 SCRFIE AL FUZ B0 I i AS 238 /b, 285 21K
WA TS CASConv B A Gk AL )5 2R A — ik =T i
T AL X 55 J2 0 SRR E BEAT 42 )R 06 FR AL, LAY 5 X B
b B IR S5 M Y R AL BE 7, Bl a — WROE AL A U
CASConv 4 G445 4 BUR S5 3 % 1 RFAE

A SCR Y E S R WL ) R AE fl A R H ABEM 38 i XU
[o] 25 IR AR AIE A2 LML ) 2 I 25 T 4019 5 0 LA L I R B
G BAEHRSR AT A & AL E A S R T AR R 2 KR
14 BT RK L EAE A L A R AE LA AR A S
FRER KM, @S5 2 RERFER 25—k &R
0 SE T PR 2 R A (X R AT R A B
T — A RS B R 44 B 4

| e |

Attention

&1

Dynamic Triplet  Channel-Attentive RelLU
Separable Convolution

DTAFNet [ % 4 25 ¥y

Adaptive Bidirectional
Fusion Module

Upsample

Fig. 1 The overall framework of DTAFNet

2.1 FHBE=TEEHANE

WA W TE = L 0 4 BRI 2 AR (convolutional
block attention module, CBAM) "™, 7 kb ¥ 5 4 B 45 1iF 32
LA 23 ) 53 R 7 R SR T AR AT HE A TR SR
TEBEZMHERE, RBOTHEE 28 B &8, & 38068
8 7 2 J1#1LH Cefficient channel attention, ECA)™ 4 fE 78
O3 22 YRR AT B B )R8 3 L3 R A ] U2 2 3 S
Ko ARCANET —FsiA =0k ZE L DTA,DTA
it 2 fis .

DTA BEfE I i Ik b A< 1 #2 4E Rl & 224> Jr T 1Y 47 1k
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P, [ B 51 A BT 2 ) 9 Bl 25 AR 43 T 5 W, LA S BRI 4% %o
BYEJEE R STERE A A VR, A, R R 22 g5 22
RN A BN B, DTA B ES RN D iR,

O=2 +7+ 2w B> (1

Hop, O B2y DTA B4R T IR RE S
RAFFIER A A 25 R . ¥ BB ARIEE, v #R0]
2 ) MR 2GR F AR 0. 2, T i B ) AR AE 19 5T
BRAR L . w, R A —1bJE 19 43 SO, 08 U =0 (2)
FOR. B> BRI A IEE NS, B> B
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HEERNK G~ G iR,
T %) S 2
Eexp(a ) o
/E\EP,a FERN] X BUE SR & 1 A 4 S R
WREZEERE., N RRER S WER, LA IE S N
e 30

B, <> = ¢(Convy?, (Conv, (GAP(PERH(F)> ) ) ) )

(3

B, ¥> = ¢(Convy’, (Conv), (GAP(PERW > ) ) ))

(4)

B, <¥> = 6 (Conv,?, (Conviy, (GAPCE> ) ) ) 5
Hrr, 6 IR Sigmod HIE PREL, Convy, BRE L ES
FUERDN T b X ks AL R = 7.5 —E2HEBRBERET
#it & 13 — 4k BN (batch normalizaion) Pl & ReLU i 75,
GAP £78 2 Jr) P ¥l AL 54 . PERH 378 18 5 B2 J7 1] | 3k
ATYE B B ARAE  PERW RORTE S8 B U5 1] b AT 4 % &

FRAE T 3 X A RRAE BT HE AT R BE AN 98 B R [ O 1) B Y i
B LA A SR OR [F 4k B b 2 MVRRAE , 58 3 Sk 14
YT &R TR, A % £ 5y SCRUE 1 & H
B, SRR 1 B A 1 4%
2.2 BB R W6 FHE AL A R R

EXRMFEERG D, B REZ K LI
ISR YRIAE  BAR r # T W) i A 25 (B) AR 1E 5 42 18
SRR Z B B 6 R . A% 40 09 0 A5 Rl O 2UXE DL 3 AN [
Yo iy 23 (0] 5180 K . 31 B DX 41y R i SUfE BT
REfFAE v, I R 2B S BEm AN E, AR T —
ﬂﬁiﬁfhﬂﬁﬁﬁﬁﬂ/**ﬁﬁé ABFM, 45 % A %5 A 37

25 (6] 5 05 SCRRIE W RlA AL, 22 Mg AR IR 728 . ABFM (19
,nﬁﬂﬂl?é—] 3 Ji/R. ABFM BEH 9 gl A o #2 vl DLl =X (6)
TR,

F..=0(Conv(Conv([F.,F.,]))>) OF, +
(1—06(Conv(Conv([F.,F.,])))) OF, +F, (6)

.

ReLU

1x1 Conv

)

Sigmod

B3 E I N R R AE A AR e 25 )

Fig. 3 Adaptive bidirectional fusion module structure
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H o Fo, w285 i al& FHAE . o &R Sigmod
WE EE F, 5 F . 43 31 380R 25 ] 43 305 1 S5 320 i il
gE . © RARZEICEFIE (Hadamard T . B L b xt =
(] 43 3 5 1 SCA3 34t 0 AR A B HEAT B L T — IR
AR 456 RelLU BUTE B AR BUAR Ze PEARAE L 3 5 — K
B R LB TR B2 Sigmod PREUE —1k A BN E
F3 s FLUNE AN FRAE He T B ) A 3% T R AR T O AT A
s B A W 5 5 TG &S ) 3 St RRAE B HEAT AR
28 VAT B B i D RS R AE o
2.3 BEFEANULSESER

& % 1 T BE T 4 85 4% 1 (depthwise separable
convolution) ™ 8 i fif # 4 ] 45 A1 55 38 18 45 BUR B AR 55
b A G A REE 3 E AL A DA I T 8 o HIE 55 h B 4R
ZBMN BT R, JE SRR AT 2T A I8 U O B
FRAELERERE ) o 0 B 4K b o 3 T R ) B S T IR B
B 2 280 5 B AR SCHR MYl JE R 0 4
BB (CASConv) , HAZ O JEAR S 4 38 18 T 72 J HLAA i A IR
BET] 438 2 AR v ] B B, TR R A AR L SE AR B
(squeeze-and-excitation block) ™", F| FH 3 i ¥ % 1 %f 25 4]
FRAEHEAT B A U 1 , b G T 38 545 BT I R AE DT A%, 2 B
BRI B 14 P15 , CASConv 1945 4 &L 4 FiFR
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T TE VR T O3 S A AR S i A TR s FR AR IR T
2 E B, S8 5 R A B #F A SE B, LLBOTE R B
LeakyReLU fREFJE KA ReLU pR%L., 3T 4/ F H 1k
JERRHMEABGEEEE N MEES 1 X1 B 6HEH
IR EEPSE LR TR VSN E N =R TS TRIEE

3 HESERLESSH

AR SGD Ak 8 X B B kA7 U1 G L 0 3R 2 ) R ik
4 0.05, 8 R 0. 9, AL R A 0. 000 4 ik K/ANH 8, 1%
RRRBCE N 100, 8 T 38— 1 47 Wl 455 75 2 80 A B 55 A 1
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W TE R 3 v U G A Y %R k) R R R
W 38 A K 2 2] A A B A N e IR 5 R B T =
WS ALY i3t A (0 45455 78 7 31 25 1 7L 3 B B T AP
R SR T T T D) ARG 2 30 3R L8 RS 41t R A
SCESEREE IR 1 TR .

F1 ZWHE
Table 1 Experimental environment

il & e

CPU Intel i5—12490F

GPU NVIDIA GeForce RTX 4060Ti
ERS Windows 10
iB17 N A 16 G

A7 8 G

B MHESR Python3. 8+ Pytorchl. 13. 1

3.1 DTAFNet 5H &S LL K18 5347

S UEBIAR SCHE 9 DTAFNet By 2 8 2E 68, 8 568 H
50K K5 # M 4% U-Net,PSPNet,FCN, DeeplabV3
+ .SegNet,BiSeNet 7£ S’ mars $ 3% £ 1) a7 2A 58 4> b ik A7
M EG . 452 BT I bl L R B R 2 (E S R
PR L S 25 AN SE 2 R,

i 2 AT, AR SCAT R A DTAFNet [ B2 4 1 1% 4
EI R 2% B WA R4 ElEfE . DTAFNet 78 K45 (A . &
B UM CEAERAR R T BT F M RE, mAP 5
YA It L 8 A A . 5 R T G 1 2 - i 45 4 1 25 L )
%% U-Net #H It DTAFNet ¥ mloU [t U-Net $#£ 5 T
6.61% ,mAP tt U-Net 48/ T 6. 07 %, #i# % b U-Net 42
T 2.5%, 55— F WL G W% A L, i1 FCN,
PSPNet, Deepl.abV3 -+ #1 SegNet, DTAFNet 7£ mloU,
mAP MR 3 A HEER LY R A, A F AL T
BiSeNet M5 A7 B M2 M5 B ARG &, (HR A B E
BBl A R, SR BB ER, TR W T A H 5
H#s R, DTAFNet W38 i [ 3% 0 gl A 0933, 88 5 7 &
HABFREA R M5 B ), T A S A A T R 3 R
B2 RE 2% ERHE. M, DTAFNet 1 mloU #H
5 F BiSeNet £/ T 6. 33% . mAP 5 T 7. 32% . fEHH R
BT 3.21%.

B A SCHE S'mars BU046 48 19 &2 2438 43 64T 17 40 W)
X HE S0, SCIR 25 SR NSRS BT . T ST mars R AR
AR, 2R 2K B I GR R AR B R D, DA E F 0k
PEAT A RO TEAS R 38 b W R A R AP e — 7 &
. MFE 3 T EHE AT A0, DTAFNet B4 4% T 45 #7340 56 T
At A 0, 3y A AR R Rl A 1 X A Sk B 2 1 AR, T g
i e b YU B A LA BT B Rk

5 A SCHE S mars 4 B0 4 AT S, 4
IR ER T R RS 5 B A EARER Ay LR A R
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e 4 prow, NFEHEE AT AT, DTAFNet 76 @ i 4 -
1 mIoU.mAP fEWH 3 3 A48 55 28 F H b AT A, H P
I A E 72. 33 %, A T IR PE B A DeepLabV3 + 2 T
3.65% ., JuH R mAP 4545, DTAFNet ;K8 T 82. 12% . 2
AR i — 8 3 80 %6 AR A

97— B E 4R 9 DTAFNet 43 E1 i 40 8 1,
$iZ A 5 U-Net,PSPNet ,FCN, DeepLabV3+ ., SegNet,
BiSeNet 7€ S"mars (5 4E L 34T T2 b X L5255, & 5
6 X S mars B A (4 187 58 (KR A8 43 F 2 S RS 4 4
BIEAT AT, BB N IE A A E D SR,

F2 Smars WIEEHAMS P AE W ERBHBIELER

Table 2 Verification results under different network models on the easy part of the S’ mars dataset %
Y He RE  WE A Y BEE O OAA BiFE £SO AW Acc mAP mloU
U-Net 84.57 96.98 97.20 49.09 49.74 81.19 23.87 94.00 58.01 52.32 89.12 78.84 69.70
PSPNet 75.82 89.67 90.21 34.30 43.44 70.92 15.77 72.54 37.29 10.86 82.03 68.21 54.08
FCN 82.41 96.97 96.75 44.79 44.37 78.34 16.87 86.34 51.29 21.93 87.65 70.58 62.01
DeepLabV3+ 86.41 96.59 96.26 59.39 66.55 79.30 27.49 91.14 64.08 55.49 89.86 83.48 72.27
SegNet 82.82 97.47 97.47 45.14 51.08 79.18 19.97 85.50 50.89 25.33 88.28 71.82 63.48
BiSeNet 83.45 97.16 97.19 45.77 46.59 79.90 21.63 86.38 61.45 50.31 88.41 77.59 66.98
DTAFNet 87.34 98.09 97.88 60.10 75.80 82.85 40.73 79.93 81.26 59.12 91.62 84.91 76.31
R3 Smars HIEESEBATH AR MEEEWEIELR
Table 3 Verification results under different network models on the hard part of the S*mars dataset %
P A Haw ORsE  iE b v EBE O OAA BFEFE OFE AW Ace mAP mloU
U-Net 79.56 91.32 89.96 30.45 63.15 70.01 20.88 37.98 60.87 — 85.22 63.16 54.42
PSPNet 76.77 93.46 86.96 35.61 65.48 65.91 19.96 38.47 50.63 - 83.55 62.55 53.33
FCN 81.63 88.31 90.09 36.84 60.73 65.24 15.86 15.15 61.16 — 85.04 57.77 51.50
DeeplabV3+ 79.78 91.16 89.16 35.66 64.75 69.68 24.75 34.70 73.30 — 85.42 64.78 56.29
SegNet 77.88 92.42 88.86 30.64 66.09 69.27 18.25 81.20 67.22 - 84.50 66.69 59.18
BiSeNet 79.73 90.98 88.07 32.59 61.53 69.30 22.00 29.70 69.03 — 85.12 61.95 54.29
DTAFNet §0.21 94.13 92.12 36.88 72.35 70.89 24.64 83.84 68.00 — 86.30 69.17 62.31
x4 SmarsHBEFRENEERHWIESER
Table 4 Verification results under different network models on the entire S’ mars dataset %
g0 HHR O ORE  WE bE v EE &0 BFE % AW Acc mAP mloU
U-Net 82.42 94.65 93.90 41.76 62.85 76.42 27.13 81.81 59.12 28.14 87.60 73.82 64.84
PSPNet 78.47 92.48 90.71 44.44 61.89 70.64 26.30 70.85 69.97 52.17 85.11 78.98 65.79
FCN 80.38 93.74 92.60 39.62 57.01 74.67 15.93 77.80 57.61 11.92 86.07 67.99 60.13
DeeplabV3—+ 81.87 95.43 94.55 49.27 65.51 74.86 29.51 85.80 64.42 45.59 87.51 79.58 68.68
SegNet 79.80 91.14 80.63 56.38 43.77 68.95 28.40 63.91 59.74 34.95 84.67 79.57 60.77
BiSeNet 81.63 95.13 93.65 44.09 60.94 74.24 23.44 77.93 58.45 58.01 87.02 75.34 66.75
DTAFNet 83.65 97.26 96.11 55.16 71.35 76.20 36.60 80.22 69.63 27.12 89.06 82.12 72.33

S’ mars F 4 4 A7 503 43 00 15 S 4 E0 45 R x E IR n
&5 BrR .58 1 AT B R LLILE 5 £ 5858 32, PSPNet . FCN,,
SegNet 5 BiSeNet £ 11 X 38§ 1 47 311 X 38k 77 75 2 Ab F 5 5
SrER R B, H A E I g B T U-Net 5
DeepLab V343 HI 45 5% X I 4 0 AR AT 77 A6 38 43 + 1 1) IX.
R TE B4 B R L, DTAFNet 20 %0 M0 2 i, HZAE
XA R EIR Ry e . BB 2 4T 558 5 AT A LS TR
SRy AR SR Y A H) A5 3 i & OB MR, SR B W) A TE i

. EITEAREESERZ. H 55 G MUERE,
R 3E DL o 3t o> B8 B B 3 09 X 0. 3 0 U-Net,
PSPNet,FCN, SegNet 5 BiSeNet 2 W 4%, 75 4b Hl X 46 i
AR RN XS5k B 38 AR PR Y B RRAE E AT . AR
M7 33K 6 D) 4% 78 43 5 B] 9 o 38 43 25 1 4 )RR AF 5 4 Jm) 18 L
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Table 5 Ablation experiments of each module

Ik Acc F1 mAP mloU
Baseline 86. 30 71.23 69.17  62.31
Baseline+DTA 88. 90 74. 86 75.08  65.19
Baseline+ ABFM 88.07 77.37 73.68  69.28
Baseline+CASConv ~ 88. 23 74.05 74.37  64.46
DTAFNet 89. 06 79.21 82.12 72.33
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