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Abstract: Farmland non-agriculturalization is a serious threat to global food security and ecological stability. Remote sens-
ing change detection technology has become a core tool for identifying the process of farmland non-agriculturalization by vir-
tue of its advantage of large-scale dynamic monitoring. However, existing methods face challenges in balancing the extraction
of fine edge details in fragmented farmland with the maintenance of global semantic consistency in large-scale fields, often re-
sulting in blurred edges and lost local features. To address these issues, a farmland change detection algorithm based on im-
proved BIT, named Far-CDNet, is proposed. Firstly, a detail enhancement convolution module that connects ordinary convolu-
tion and multiple differential convolutions in parallel is introduced, and the edge detail representation capability of the feature
extraction network is enhanced through dynamic weighting and residual connection. Secondly, the ordinary convolution of the
semantic tokenizer in the BIT module is replaced by a deep separable convolution to enhance the local feature capture ability
and generate output features with higher-level semantics, so as to improve the overall feature expression ability of the model.
Finally, a residual branch is added to further integrate the local and global information before and after the Transformer. The
experimental results show that the improved model F1 score is 79.18%, and loU is 69.32%. Compared with the BIT model,
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the F'1 score is increased by 4.17%, and IoU is increased by 4.24%.
Key words: change detection; non-agriculturalization; bitemporal image Transformer; detail feature enhancement convolu-

tion module; Transformer

0 5| 5§

felb Ay R AR L MR R . SR, 52 N FPOEIE R R S AR A 52, B A SR ARl 3 3 i AR
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] (Change Detection, CD ) A E 2L .

BUA B A VE 32, it N T SE b o A SR ISR b s 25 AR L RE 2% 00 SURERT . FE A RARI T 12 i
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1545 CD Jy ik R B 3L T G A8 #1355 %3 1 (Principal Component Analysis, PCA )" AZ fk 1] & 43 #7
(Change Vector Analysis, CVA) "' Fll 245 it A8 ALKl 745 | 33X S8 75 I AEZE G- 25 RV RRIE R B MAS J2 30 SR
e M S U A S, TEAE BB b A7 5ot By AEAE T B AT K RS T R R e A (R BEAIL A% 2 ) I r 2
R BT 43 J A PR L AR 18 B - b S5 A A I o) V2 R . Bai S5 S 6] LUBEH AR SRR AL IR
FEA 2 2% Fl AdaBoost 7E i 73 5% TR LG AR rh M RE , & 0 SCHRF 10 S MLAE / NMEAR S5 IR DS
i, T FEALARARBERE A S 38 e SO0 1) SR MER % . Devries 55" 5 T REHLARAMI J5 70 2 AL 4L CVA T8
SERERE AR AL I . X S8 S VR R B T S AR 0 S LR S AR ARSI, (R AR 2R A R ) 32 PR, LA
fr ST A SR 5 OB SR AR, SO T AR 5

Bl G TR 27 2T )2 0 T 18 AU, DATAR 2 21 M IRR I TR BB B Z v 5 | A B AR AR AT 55
o R UREE A ) B AR ARSI i AT DAAT O 4 B 2 1 B 2R, i 2D AR IO [R] E AR 9 23 [R1RRAE , ARG
LESLHMIERS . IEIA L 2% (Recurrent Neural Network , RNN) ZE4# 3R 751 3¢ 22 07 AR B4, B 12 i H
T H5FIVEHRASCH L. Ly 55511 T —Fh EAT P RS 0 A R AR, ARSI + M7 55 — e o0
RN H AT AR R R F Btk 8 311012 (Long Short-Term Memory , LSTM )R s 4% Uy ic A2 5T
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work, CNN) , 1% J7 ¥ 2 6T UG A s ] e 9045 B A T B T 0 A i 45 21, SR HO AR 58 70 5 IR IS
FEZS [ TR A RRIEAS 2.
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B Rgam RS ERME BRIV G AT BES N . EFXF Fal Rl A SC LA BIT B RS R $2 1 T —Fhek
TR b A A AG I /9 26 4575 ( Farmland Change Detection Network , Far-CDNet) .
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CDC) i & 2243 4:F1 (Angle Difference Convolution, ADC) | 7K~ 2243 #:F1 (Horizontal Difference Convolution,
HDC) 13 B 22434 F1 ( Vertical Difference Convolution, VDC ) 417y 8 5 ¥ FUEH | F58 o sh S kUi sk 22 1%
UL 5R AL R TE $E B 2% ResNet1 8 (931 2% 41 15 R AERE
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A 2 O RRE
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REHZE A, 4300 A A BRRRAE BRI | M0 ()1 SUPRIC AR | Transformer BB | 58 25 7 A He 5 UM BLEL . Far-
CDNet 158 >R FH P 2 47 A AREAE A B0 %, 55 38 00 5% 25 0 SOWs — B ml A o - 1) Ai s DRl CE R . Al
JH ResNet18 S4F J A2 B 5 451k (Feature Extraction Enhancement Module , FEEM ) %73 T #2: B [ 3 | [ B
A R LRI, B OB b 8 0 1) 5 eV RSS9 UL IR 2 (a) 52) 22 Ry iy S % (Transformer i) . F11H
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Figure 1 Far-CDNet model structure
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Conv)F JH HAEFIFAT4H , 42 VC .CDC \ADC \HDC 5 VDC 5 B EHEBGH %, W&l 3 (a) iz . SR, 35
FB ST ERZ I TR IS S ESHO R [RI30. DEConv A G FUZ vl intk KA T3 E 106
RN B — (R SR, AN 3 (b) iR . B8 & i ABRE F,, DEConv 1] LR FH B S50 L AR HA AR
A FNHERRIS ] ) P B B RS AUZE . R0 Ch T ik, & s m 225010 .

5
F,,=DEConv(F,)= > F,*K,
i=1

= Fin*(jKi) = Fin*Kcvt
i=1

X : DEConv () A A ST DEConv #8:4E ,K, = 1: 543515 VC .CDC \ADC .HDC H1 VDC [ #% , % A A5 P4,
K HEAS R F I T B RREEA

, (1)

Ix)

y=Ix)+x  (F
IReLU

LA 1R

2 (a)ResNetl8_S4F,(b)FEEM, (c)Fk ZE M4 LEH)
Figure 2 (a) ResNet18 S4F, (b) FEEM, (¢) Residual block network structure
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% B AR Bl = X 2243 SCRRIE A S A TR RE 7, ME LA I G R A B I s R v 22 5. S S iR R Inl R
ARWF5EE SeR B I DFHE S 11 BRI 205 0 B AR AR SE B, Az a2 4 R B 5 Jm) B AU Y il 5
P, QN3 () . ZELEERT b, 38 5 AU A PS5 5 Sigmoid [ 147 pREICH &2 3 I IAHIL ] , 15 1 24 fig
AR DX Al A 25 2l 285 8 5 AN [ 1 i B A2 1) T LU 9], DR BR DR 15 . (B 22 40 ) 1 Rt , AR e o A A s 4o 0%
THNTCAINE . T ISR A B Rk Ah

a = sigmoid (res1 + res2). ()
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TE R AL 4G, Transformer 2244 5 R HIE 15 8 3 B (0 i A SRS , RIDRE G AR 53 %0 R [ 5E ROT b T
Jo T HAG R K BE (B AR Jl — 2 , v B S #h T X 0> Token. 53k b 15 4545 (8] B BAL Y 5 AN ] , BIT
D) £ A1) 5 P 3 1ok 4 R R A A 2 AL (L RR IR A AR A Transformer $ A . SRR “ AR b7 i A2 i DL iR 2%
BB A MR I LG, 50— 2 JR A AT B 2k 8 R S w5 . CK G TR bR 2R T AR
FEAS R, 7842 X Transformer 119 Token FiT SG#E1 7 Jm # AO 4HRL BERFIE SR, B7 1R INVEE Ak BARTE 2 R i F v
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K 4 Bl TE SUPRIC S , BERT— 3 B A R TR X e R, A BRVR ARAU & LUR Sk b iy
J6 R AR B BB U A RFAE 2 1] 4 32 1) 007 2R AIE , 308 2 2k 7 A B4 i A0 3 199 4 TR S 1 L A8 R0 3R )
T SCFE B HR s D) BB s Y B LA RS X e R BV T A R R A5 E
X' e R™t A HW 4 BEJifi N Softmax Az B IF: 2 11K p e R™ 15 [ iR JE AR HFAE X 4438 38 JESF- R R € R™ €
Il AR ) Transformer 4 A T e R* ¢, Kikxlhy:

= (o) R (605w, )| ) e, 5

00 Softmax BREL, ¢, R HIw, € RV MIZERIE I, ¢, WRHIERE w, e RO BYTRE S PURAE (&
= [EERERGE).
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Figure 3 Improved (a) DEConv, (b) Reparametrisation, (¢) Channel concatenation followed by re-convolution compression
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Figure 4 Improved semantic labeller
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1.3 Transformer f23R

AR SUPRIC A AR FH R R A5 B P 25 000 465 174D v 4 AR A 1T ok 25 ) 3 3 D ML SR o — 41 K0 1
bRl XEEARCREIE ARG R T RE SUF B IS B — P B R A s sl . Transformer Ji
T 248 U] 671 3 7R Sk S A i = [A]EE 37 4 Jmy 138 SCOC R L3l 223k A T B WL RN 22 )22 B i 23 1R S
FERMTER. X RS iCZ BRI SHGOCR IR E & P UERNmc R, &E,
Transformer ff A% & iX £ [ F SCF & AR IC R HOE R R 25 0], 8 o 22 358 SOFE = LS IR IR R FEIE
HEATRLG , TS R AR R IE ()15 LR IRRE
14 FRESZIRR

X Bz FR HX Transformer 3 201 R #F R AR IR AL IR 52 , 7646 FURHIE J2 55 Transformer A5 (] 44) 5 5% 22 7%
FERLT B4 B2 PR EL 0 = 002 [R) 24057 CBF i Y ) BL 4219 A Transformer i HH A9 (E0 18 SCREAE (2846 X 95 32
) o P B S5l A AL D PT A RRE G TR 2 X 45 R b il 2 A B R RO . BRI, 38 ad 51 A ResNet
B 25 S A B BRI R 422 | 1 N7 S B A 1T RRAIE S 2 R il SUCRIE DA TR i 4. 3Rk .

Fapees = R(Fon) + 7(Fon), )
PR () R ZEB A AR AL, T (+) A Transformer )4 i & 1258, 2@ RAE I al S ok e, ffi
W28 TE L B A A2 A A 5 {5 S A TR IS), 7843 Fll 5 Transformer $2 B AR C 5 .
1.5 FMARIR

TERFE S B B, 1155 Transformer i 4 H3 140U AR RRAE [ 18] %) 22 3 5K i AR AR B e AR AL R AIE , B I
V9% 25 5 PR 5 5% 25 7 1 43 S PR AL 19 2 () 20 0 R ik 047 30 1 4 B D T i LA i S R 5 R IR R D B 5
FHIE.

T FIRREEFHIE , TR R FAR f 484 1 1T A 4 AL X 2% (Fully Convolutional Network , FCN ) 52 Hf v
oA . IR B ST 1> 1 AR )= S I AR A8 AT A ) SRS (A 2 17 5 Bt R PR P A {3
Tras ) PR E I S ORI 3x3 B S B E LM WS 5 3 108 B0 A4 5 5 2R ) Sigmoid 340 PR S it
G EBEMNE i T EAR R Rk R

BC = sigmoid ( /{2, ° £V, o Tof,. (X)), (5)
2 : sigmoid ( )k Sigmoid FREL, AL, 5 A2, 248 3x3 BT R RERMARIE L/, ., () B Ix1EBFL X A .

2 KB5S

R Y5 UEAS SCIT 4 Far-CDNet 575 7E B AR AR AS AT 55 Hh 04 BE A AC A B 7 285k L 188 T X HL S i 5
e
2.1 FEFBERBIEEME
2,11 JFEEIREE

A SCHE Ubuntu #4E R 58 T 3T Pytorch HEARIEATIF A& I 25, ELAATE (R i B4R 2R G 4 I T

PEVE R 4 . Ubuntu #24F R 40 ; 4 FH4% (CPU ) Intel (R) Xeon(R) Gold 6152; N7 :30 G; i (GPU) : RTX
3090(24 GB) ; Pytorch:2.1.2; Python:3.8; CUDA: 12.1.
2.1.2 BEERHE

AR SCR A FE A 1 AR LA T o K08l 48 CLCD /Ry B 520 8icdl . 1280 22413 600 ZH AU A 128 Jak
FAZFEAR (2017 vs 2019) 45 6.:2: 2 LRI 43 A I 2R (360 41 ) L BRIEAE (120 2H) AR AR (120 4H) . 218K
PR VR T 4 5 (GF-2) TERAEM) KA AR X 22 6% 5 , 25 0] 0 HER HAT 0.5~2 m i 2 L
FRIE, R RE AR B2 1) 512x512 48 3 B WU AH FCERZ AR s 2) Bk AR e fb” bl bRk 1B . R 4k B 42
FEAR ZRE A R B[R], 7S S R VT V0 48 # 3  J8 A 2EIR 551 5 R 4R LT IX 2020—2023 4[] GF-2 LA
2GR , 2 U BEAE R S OE S FA RS A TR AR A AR T, P38 A % L RS AH ] bR 4 4
FIE ARSI su g 45 . 25 o ShlE B A 2 L & 7 AR b A B G, 0l i e
7 R G T B AE SE A TSR Y e (R A Y A 2 3 250 41, ARLARAE Al ME L R AN & 5 B
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Figure 5 Variable label production process

2.2 IR ESIFMNIERR
22,1 SEERE

BB R 5 Y 3 250 ZHER AR 4% CLCD AR 6:2: 2 Fe il Rl 43 I ZR4E (1 950 4H ) \IIEAE (650 ZH ) Al
AR (65041). HLIZ 754U epochs 1 &k 200 ¥ il ARk 512x512 ; Batchsize iy 85 Bl 158 8 0.99 5 4L
IR FRECH 0.000 552 ) HARPIIREE M 0.01, LM =W R EON 0.
222 TFHriRRR

kA SRS A T S BN RIS AASIN , A SR T 2 1A% F AP bn e, BIDRS R P(Precision) , A [7]
K R(Recall) F1 35 M oU. Fika N

TP

= 1)
P =t < 100%, 6)
7P .
R = o5 * 100%, (7)
Fl = Pf;;if‘*;z x 100%, 8)
— TP 0
U =7p N+ rp < 100% ©)

A TP AT TN 3530 R B F Ry ik A5 B A% R A AR B M (5 B G 25, FP R EN 43530 R A K 21 1)
BEHOAULABAERE PR R B DV FE R B BAR S SCR - PRSI 3R 2 Al A B 7R i LE 4] v B e A 3] 22
D IEBIRIFERR , 52U H A T A RR AR 5o, XA X A7 45 AR R T s A B SR AR 5 R, A TR R A A
AU IE G A A T 68 77, 52 A 280 0 1E (51155 et 52l , TAS s A IR oR 2 BRI s P A0 B0 75 08 1T RS A A 11232
IBCECTF DA 5 Jo U 2 12 TN X $uk 5 052 IX 3l ] 1) A2 4 PG A3, 52 B N2 S0 A Pk S2mme) . A i B2 531 o3 A1
P 25 XA AU TTAR AR 52 0] | A S 50 2 [] (2462 5 AR AR A2 By - Y4 b, DAS A B s AR AU 7E 4 3l 37 55
THIZRE e .
2.3 XfEESKEY

% Far-CDNet [ %% 5 FC-EF'™ | FC-Siam-Diff'"*’ | FC-Siam-Conc!"*’ | Siam-NestedUNet"'* . SwinSUNet!'® .
ChangeFormer'"” | BIT & CGNet(Change Guiding Network )" 45 2= i AR (UGB R I 7 He . 4556 FUAR AL fj A
.

1) FC-EF (2B R G) 56T UG SRl G A m , 38 0 38 18 4k B DHERI DU A AR & B —H AL T
i N KA TRAE SRR 5 4325

2)FC-Siam-Diff( 45 B 22 R N4 ) R FHRRIE S22 S Al A L, 38 23 2L 2 28000 Siamese FCN 2L
GURFIE , R HARAE 5K i 22 4318 55 S OB AR AR ELRL G

3)FC-Siam-Conc (A FAEA HEHE N4 )  FETAAE G B 55X a0 X532 Siamese FCN I 742
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RUEEFFE , 2R FH 8 B2y 2Rl G i 23 R AIE

4)Siam-NestedUNet : 4% & Siamese ¥ 4% 5 NestedUNet A% 22 KB RRAF 4 12 200, 1 1 2 4 BRI 08 8
PR SURMIE . IR RS 2R 45 2 G5 | G TE PR AU, IR R TR BE W B SR me 1 it v (R R AE 1 3 e

5)SwinSUNet: J& F-41i Transformer 2244 1 X1 FK U BRI 25, JLifi a4 R AiE iS5 AR g 48 22921 Swin
Transformer F4 % , 1 47 H 223k A EE LRI SR LR UFE.

6)ChangeFormer: £ i})Z X fk Transformer 2t 5 MLP ff it 5 i 254 I 2%, 38 o 22 RUBE i R Pl
BERARRIOC R , A7 S IR ARSI T 75 (14 5 B 25 4 50 4R

7)CGNet: & TR BE 4 > B2 AL J5 i, 3 th —Fh BT 1 1 22 ROBE R AR A5 SR W, 25 & A8 Ak | e,
DU A% 58 U-Net TR 2R B RRIE F3R B AN . 1 2638 1o A Rl B2 A8 Ak EME S Je 56 A 5L, 348 0 X A8 4 IX Jak
WAL RE T, [T I [ L A BE B AR OC 2R | S 2 B T e T )R R PR S DX sl ) S 3

X L S 06 25 RN 1 it /R, Far-CDNet (985 1 % (81.19% ) . A 11 % (77.45% ) . F1 53 %4 (79.18%) Fil IoU
(69.32% )4 J945 b5 49 08 32 00 5 1% - MHA T 56 TR GE B R 45 1% 5 1% , U0 FC-EF (3L F1 5341k 71.38% ) , Far-
CDNet i if £ B Transformer A AR LS AR 4w {5 Bl &, 528 T F1 o3 407.80% 427t . SRk
K FH Transformer ZE#4 {H % 3 F 2 )2 K B 13 & 1 WL #4821 ChangeFormer (1oU 4 61.80% ) # L. , Far-CDNet
IS A 5% 22 43 SRR AR IS (8 ORI e R B R AR Rl 5 SR, (A5 Lo U 327} 7.52% . THDNF 4545 28 A I
IRLERFELE A 2 R HHE A4 7Y CGNet(ToU M 66.06% ) , Far-CDNet SEAH H 411 75 3% 58 45 AU (FEEM) 1 —
oAl ih G AT FEHERE T, LI DU B A1 K 3.26%. BRI 5 BLmb BIT B AU L, 283 B E i 4k )5 1Y) Far-
CDNet {3 REFEXG A % 451 2.37%. SEER UG HIE T Far-CDNet 764 Jay @A | JRI SR A i il A M i b T - Y 27
A

R 1 OxEER

Table 1 Comparative experiments

sl Pl% RI% F1/% 1oU%
FC-EF 73.06 69.98 71.38 61.43
FC-Siam-Diff 72.95 69.90 71.29 61.35
FC-Siam-Conc 68.02 72.04 69.75 59.51
SwinSUNet 78.37 74.38 75.44 65.53
ChangeFormer 77.75 67.71 72.43 61.80
Siam-NestedUNet 76.87 72.16 74.19 63.16
CGNet 79.32 73.61 75.94 66.06

BIT 78.82 72.24 75.01 65.08
Far-CDNet 81.19 77.45 79.18 69.32

&1 6 B AT AA 25 S UL e AN [ A AR AR b ) AR AR A I 25 5%, FLrp < Tmage ] Fl Image2 43l & [7] —
DI AN [ o A A R SRR, Label J2 N AR A ELSER AR AL X, (4 G 5 FRA SR (1 FC-EF & 51]) i
A S HL A AR At ARG AR 778 0 3 (R TR 5 A B2 () Bt ARG ) DX 3 ) 43 () S o S Pk e . R4
Transformer 2244 1, ChangeFormer & 8L /™ 8 [ F#AF 15t U [0 22, 1717 SwinSUNet B 7] A3 RCHHE 20 W48 AL IX 5k, {2
FEAD B 25 07T I B0 B B AR RAE AR AL IR (B AR R R , LT Siamese M 45 55 NestedUNet f4 2 [ 22 R
JEFRFIEREG 4244 Siam-NestedUNet , 7ER5FE IRAEAS ™ 24 1 B A B X A, 45 A 781k | A
A A R AL A CONet AR 14 KGR J2 6 748 SwinSUNet 8 35 482 T, (AT A7 7 Jmy i . 1Ky
CNN-Transformer 1 5 42 H4 (1) FEHERTAY , BIT 73 i 2% 58 H 320 SR A Jmy S T A s , 3ok 3 B HER B AR A0S
PG B 1) R A U 5 Transformer 42 J5) 1 SCEBLPL SIS . IR 5 AL 15 G5 G AU ek i
SUARIC % B HG N 5% 25 Rl 515 1873 3 1Y Far-CDNet A58 BRHORS B M 1 E00 3 AR i 28 46 Xk, I HL 7R 30 2% IX
SR PR AP = BRI B2
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6 AEFEEMNRE EMTRMLEESR: (adlmagel , (b)Image2, (¢)Label, (d)FC-EF, (¢)FC-Siam-Diff, (f)FC-Siam-Conc,
(g)Siam-NestedUNet, (h) ChangeFormer, (i)SwinSUNet, (j)CGNet, (k)BIT, (1) Far-CDNet
Figure 6 Visualisation results of different methods on the test set: (a) Imagel, (b) Image2, (¢) Label, (d) FC-EF, (e) FC-
Siam-Diff, (f) FC-Siam-Conc, (g) Siam-NestedUNet, (h) ChangeFormer, (i) SwinSUNet, (j) CGNet, (k) BIT, (1) Far-CDNet
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2.4 HRLSCIG

SR BIE AR AR ) A AR B BE BT T R T ERE BIT BRL(F1 800 75.01%, IoU N 65.08% ) B TH Rl S 56
A AR AT PEREIGAIE , SR 2 AN 2 IR . 1 2, SR Y FEEM i , S RIZE (R R RS B R Fa e
A By RIS, 73 0] 3 0 2 4R T 28 74.92% , B4R A 2.68%. A TN 1k 3G i R AE 2 B 48 T i (BIT+
ResNet18 S5) 1M &8t M it W Z N J5i% , FEEM AT F1 7308271 0.62% , iX ik —HAIESE T H L2 )7 [ #5H
AR Bl A MU SR I G A1 2638 07 T B9 Rtk . ok 7E 5 I AR ERYTE XhRic e In , F1 Bt — 42
TFZ 77.66% , MXTHETF 2.65%. 1% LhRic e R R B RS B A B BN PR, 3850 T SRR A (1 4
FEIRHE S, NI HE 5 17X 2 2B AR AL X Sk AR ADRS FE . FJ= , Far-CDNet 38 i 386 i 5% 22 43 37 SE L sh 28545 B il
A, 55 79.18% ) F1 405U 69.32% 4 IoU , 73 S F 367 BIT MU HE T 4.17% F1 4.24% , H S50 KT A R
T 1.40% F11.09%. BLHHpR] 53 H1 32, FEEM $248 T S ARe ik (5 B, elolt J5 il hRicas s 7R -
SCHARRE T, R 224 R i 42 )R 5 R R E M S ARG, B R T TR R S R R R . L0 Z
FEATIAIE T A5 B B E A A A8 A A I Hh I [R50 B L o

* 2 HRAXE
Table 2 Ablation experiments

Y P/% R/% F1/% 1oU/% Params/M FLOPs/G
BIT 78.82 72.24 75.01 65.08 3.006 34.01
BIT+FEEM 78.52 74.92 76.57 66.56 3.027 34.03
BIT+ResNet18 S5 80.30 72.87 75.95 66.03 11.474 105.24
BIT+FEEM+IGilF i ARic % 79.02 76.44 77.66 67.67 3.027 34.04
Far-CDNet 81.19 77.45 79.18 69.32 3.048 34.38

T R S50 PTG LSS SRANPE 7 Brzs . BIT BERY ) PO 25 AR RS U5 i 3 A 8 A0 X, (R 7R 4
TR TAFAE I 0 SR < A Dl S 52 AR DR A D AR o BN - A BE S . 51 FEEM =, AL
AR DX 3300 5 ) 2 im BE ) K rp A BRGNS B G . AR IRA b P R O A SRR IE A BT
AMLORES T R AP A G0 , 0 EL A 13873 XA R B PETR . o, i ik 5k 22 70 S0 A4 Transformer
HJa AR 5 42 /il U B, LT A5 RAR AR b i 4 FLSCARAE (Label ) . AR RURS iz 2) 8 H R
RS AL DI WA, [ TE RO R R B DR B T 2 A0 4544

7 ERRSZIS AT XTEEEE R : (adImagel , (b)Image2, (¢)Label, (d)BIT, (e)BIT+FEEM,
(DBIT+FEEM+i#1E M #7185 , (g) Far-CDNet
Figure 7 Visualisation comparison of ablation experiments: (a) Imagel, (b) Image2, (¢) Label, (d) BIT, (e) BIT+FEEM,
(f) BIT+FEEM+improved semantic labeller, (g) Far-CDNet
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ARSI GE AR A A AR A o L SHE 20 A4 4 3L 0 S B DR T FH i S — S0P A — S B
¥ 33 T Far-CDNet Z8 ARG IR AY . X6} H 5256 26, Far-CDNet 7R 42 [ HUAS P Ry 81.19% R} 77.45% F1 53¢
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