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B, B SBREER. ML, SRBERHILY
(Benedek 5%, 2015) . ZAFRiHL (Lv 4, 2018)
SENE AR BRIz I AR A i s . B
AR RSP , “FEET g
Y” R IE, S BUR R RE AR TE 2 A AR
BOR AR EAZER . ik, BFREA DR X4
PRI ITVE o %7 SR BUN AH 28 0
CE AN RN S, SEMTAR X R PCRIE 52
P RPRE A iR RIEF AR, 2017) 5053
HIFHEr (MR 45, 2023; &I 55, 2015),
SRS, X R A J5 2k ] 78 53 F] 25 1)
B SCFE R R S A R R, B
TR O3 PR B AR ARSI A B P A AT S
SRT,  H T MWy ) 22 IR RGO B i 25 A Y 52 2%
PE, B RBEETEEXE LU AE

AR, T 5RO A IR B R 2R fE ) AR
LML RLRE ), R TR E A i
GUBIRAT SRV, IF ) 2 5 | A B SR,
W E ARG (Zhao 57, 2019) . B2 502 (Wang
4, 2021), EAEE (DongdF, 2022b) 5. 5
1R Ge ARG I T AR LG, TR BE 27 > A AR I )y vk
A A ) e DD SR RRAE SRS HL A Sh bR T
TENG B FRCR Ty UG 1% 587 i 0 vk L i it
P, FEIHL, R TG S AR AR N T ¥ AT A
B Z )R RA B RE RN, B BEE DL v 2 i
B R S N TE N AR S 7
IFJE B B OL R & e e g iz ALRE o HARY
TRBE 2 2] S A AG IN J7 A AR Bl 2R 46 R ph 28
2% CNN (convolutional neural network) $ B &
FRAE DA 22 5 8 (El Amin %5, 2017; Zhang 55,
2016), HETAR Y B (E 73 ) B8R 28 5 22 AR e b
TrEA B A o Ry 52 AR AR A IS i 3 i 2
Daudt 55 (2018) 4t} 3 3L F UNet 4544 19 25 B
ARSI ) 4%, Bl FC-EF (Fully Convolutional Early
Fusion) . FC—Siam—Conc (Fully Convolutional Siamese
Concatenation) HI FC-Siam-Diff (Fully Convolutional
Siamese Difference) . .71, FC-Siam—Conc 1 FC-
Siam—Diff R JH 28 BLAYZR A4 4000, TERRIE 42 BT Be
I S = AR A e 0 A S I 2 I AR AR RRAE . SR
Ji 43 S P R AE 0 N 22 4 O Sl G 22 B AH AR
fiE. 25U, ZhengdF (2021) $2iH T —FBiiy B
246 M 4% CLNet (cross—layer convolutional neural
network ) , %453 1 5] A B 2 FRIE R AR B i

b #E Z2 REERAIE S 2 )2 B SCfE B Peng
8 (2019) TEARALAGIN 9 28 v g | 85 B 7 AL
Al E ] Z AL, RS 24
[i] J2 H H0 DA A5l 4 2 ROBE AR5 8. 2R,
THREAERA A REAZE,  FiR 7 ot DL g
B BE B iy 4/ bR SO . ik, 1AL
BT S A LUSE SR BT SOURAIEE S (RTE
4, 2022; X|FE 4, 2024; Chen il Shi, 2020) .
U Dong 55 (2022a) A8 18 128 [A] 33 & 1L
LML RE LR UFE RS Linde (2022) 424
JR TR AR E 4 IS RO A R 2 () I L, B
U b T 22 I AR S AR A W] RS S SR 1 A2 AL
FFAE; Chen 5§ (2021) 2 T —Fh e T IR B A &
2 RO 22 I L B 22 ARG I I 45, A R
TRHER A

HAETEWE, ETATEIH
Transformer 7] A4 UM 25 LT XEE, FEMRE
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PR 2%, T e R B R 22 RO K HE B 40 19 15 S,
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25 SERRAE il 1) 22 AL RS 27 CTDFFNet  (Cross—
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S = GAP(Conv,, (X)) + GAP(Conv, (X)) (10)
S = Softmax(ConVIXl(go(Coan(S)))) (11)
AP, GAP(-) R 2R ALRAE, o(-) Fom
ReLU i R
WA, NEBGEIE R S B IOC AR, RAHIE X
11 x 1 BRI SHRGE S ke, wm, FIHZ
JH—4k LN (layer normalization) 5 Sigmoid J{ 1 PRI
BOHE IS A= A W, TR HRAE X R4 T A8
B, DUy 1 9 A X
W = Sigmoid (LN(S'OConv, (X))  (12)
X' =XOW (13)

X, O RRBICE TSR
3 AR

3.1 RIRHE

A58 2 H LEVIR-CD  (LEVIR building Change
Detection) X #& 22  (Chen #1 Shi, 2020) . CDD
(Change Detection Dataset) (LebedevZE, 2018) il
WHU-CD (WHU building Change Detection) % ¥
JFE(Ji%F, 2019) 2 3T R IR A A Hidi 4=
Xf 4R 5 1 AT R EAT SR S IR . AR LA
MEHEESHG R B R 1R,

F1 TRZULRNBEESHHEIHER

Table 1 Parameter statistics information for different change detection datasets

AETE S AR AR G R SRR WA X503 UE A X 250/ A X
LEVIR-CD =Y Google Earth  256/% % x 256/%% 0.5m 7120/1024/2048
CDD WY G KT Google Earth  256{42% x 256142 0.03—1'm 10000/3000/3000
WHU-CD IR fizitg 2561%3% x 2561%% 0.3m 6096/762/762

(1) LEVIR-CD##a4E . ZHHERME T 0.5 m
F BRI R AEA, 1 E 637 X RT N
1024183 x 102MFZE RIS AHFEAR B 8] 25 3 oy
S—I144F, WATEAEL 3 AN B SRR S ] . R
A RIYIN L5, K 445 PN ZREERA 1S . 64 XF IR IE

AR 128 XM AE S 18 58— #K BT 256182 &K x
256 2 F AR & E B, A A 7120 XF I 2R 4
1024 X 5 UEEE 5 2048 X 4 .

(2) CDDEUHR4E 120 4 3 28 2 2= 15 ok
Al R 22 5, A LR % (0.03—
1m) 218, WEES . . BS2AER
R, SIS ARG — DTN 256183 x 256 13 %
HISEAR L, IF4 oA B 10000 X5 I ZR4E . 3000 %
IR IEAE 5 3000 X it 4E o

(3) WHU-CD #4550 5% 17 ol
2 B R AT IS S A A, X RR
P (3250714 % x 15354183%) 110.3 m 43 HER 1 i
MG AL, AR ZRREAS SR AN s ik
HELT R 25614 FK x 256 (2R MK, I8 :1:1
() LI BEAILIN 2 N RAE . B UE 4R At 4E .

3.2 BEIEGIER

JPEAR CTDFFNet B R 25 A RE, AR SCR
KW P (Precision) . AR R (Recall) . F143
B F1 (Fl-score) . 223 It ToU (intersection over

union) HLEAREEE OA (overall accuracy) 25 54
JETRAR . P AR A I 25 R h AR R oe Ry T SRR
R B A R0 LSRR OT Y B R RE T, F1OOKS
B35 43 IR A IR A B8, ToU S Al e 00 22 4k
DS AR AR X B ) 25 (A B & B, OA S A Bl
ARSI IEHA LB, F1. ToU R OA {Hilk 7, W]
SR ARG I SR B 5 RS BE R AR Y A 24
V)

p= % (14)

R= % (15)

Fl= ;IjRR (16)

U =157 glf\)l + FP 17
oA TP + TN a18)

" TP + TN + FP + FN
A, TP (True Positive) I TN (True Negative)

53 5 37 T B T AR AR AR AR B R S R AR R A
i, FP (False Positive) F1FN (False Negative)
o3 il R 7 Al R I 1) AR AL A AR S R AR B
33 EUNEEEE

A SCELAYH F PyTorch PR EE 27 SJHEZRSEHE, 5
ARIYI 25 5 43 v 34 ff — 3k 24 GB A7 Y NVIDIA
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GeForce RTX 3090 {2 . Y ZEH i ] AdamW i fk
2 (REFWSHCN 0.001, ¥IEE % 0.0001,
IR M2 2] R kg ), LR/ R4, itk
— IR T Az AR RE ST, IR e i A B E
TP RSB AE, MR- RIS . e . bl
MUBESE . BEBLIR 5T K e O simdl o [RIE, Il 2o
HR o0 s UK R L, AT S 4

1< . .
L. :_NZ(% log () + (1 = y,)log (1 - y)) (19)

A, logfREBARXE (BILLe MIK), NZFRRL
ERRREARBUR, v TR RN BRI,
7, 7NN I PR T AR SR A

3.4 LWERMSWH

Al CTDFFNet 28 IO PEREIL 3, A SCE+%
T 11 Fh e e A IR R A Dy BEHE AT 4 T RS L

(1) FC-EF (fully convolutional early fusion)
(Daudt %, 2018): RJH UNet&5Hy, B3R DU A
SARTE TR IE 2 B PFAE A

(2) FC-Siam—Conc (fully convolutional siamese
concatenation) (Daudt %%, 2018): >R FZ254: 404y
Xf W B 5248 0l S I 22 ROBEARAIE O ad it 9B Ty
ASEPURHE AL

(3) FC-Siam-Diff (fully convolutional siamese
difference) (DaudtZ§, 2018): R HZEA4444 555
P RBERHE, It 22080 7 XS BURHIE Rl

(4) STANet (spatial - temporal attention neural
network ) (Chen FllShi, 2020): FJFf2sEE AL
il AR AR A RRAR A OC &R, A= S HL A ) 1
FHIERR

(5) SNUNet (siamese nested U-Net) (Fang
8, 2022): SRAIZRA G A% 5 W AL i A4S A
EEps el R rR P DA RS S

(6) ChangeFormer (Bandara %, 2022): 484
JZ K AL Transformer 2 5 5 5 MLP f# 548 , A 30
P 22 RUE KR B 2

(7) FTNet (fully transformer network) (Yan
4, 2022): F|H Transformer 4 5y I F SCEALA #
) BA XA B RARE, Sl & IE A i o
W2 B FHE R

(8) BIT (bitemporal image transformer) (Chen
&5 2022): ffi ] Transformer 2 i 8545 3 22 B} AH 52

Bt AE R, #E1 R Transformer fif % 25 3 52 J5
IRRHIE

(9) ICIFNet (intra—scale cross—interaction and
inter—scale feature fusion network) (Feng% , 2022):
T A R N AR TR 4 BEHK S CNN i Transformer
FRAESE L4 SR — R FR AR R 35 .

(10) VeT (visual change transformer) (Jiang
0 2023): 5] ARTM (reliable Token mining) i
oo AEEN—Z X EE IS i — R R
FIWLHI AR PRI 58 JRUIA TR R E R A

(11) BiFA
(Zhang 5§, 2024): 51 ABUNAHFFIERT FFRTH4E &
TREZRFOESLICRE 1, JF A 22 70 D6 i 0 S5 A Aty
W R 22 SRR, o5 e B T R X 28 X060 55 i A
ar A R

Sl ML, RSB RIR O, AR PR
AU BURE B) ON [R] 2E AT 43 41, B4y b CNN 7 ik
Transformer J7 3 Fll CNN-Transformer 77 7% . 3 ~4¢
AR B 5 4 B AN TR) J7 5 1 2 B GE T A5 R NSk 2
B

3.4.1 LEVIR-CD#iE&E

MK 2 A LLEH, MK T FC-EF, FC-Siam-
Conc Fl FC—Siam—-Diff %5 3 P IERl 4, 3L T34 1%
B2 ZE A X 4% SNUNet R FH 24~ T i s LA B 5 Ry
fEAEER e Ty, ARME T B mEE N EEEE
g, dEmid s T AR RS B, L EGRE T
88.79%. WLAL, STANet A FH %5 v & J) 4 B 1 53
TR E AR AR (B AR ), TR T TR
MAPERE . AR He, SR 4L Transformer 254 1Y) FTNet
FIBiFA HUS 7XF At f i R FE 4R A, HFL
I3 %053 5935 5 90.82% F1190.72% ., BIT ., ICTFNet Al
VeT i 13 45 4 CNN 5 Transformer 9403 L G4 J5)
TR AE R 4 Jy R AIE T A A5 AR A A RS
HF138Ur 9355 T 89.43% . 89.96% #190.11%.,
B 15 7E B 1Y &, CTDFFNet 7E F1 /4348 . ToU 1 OA
R PR AR UG (B, X & H T CTDFFNet
B E4E T CNN F Transformer [ 28 4 3. W1
CNN [X £ 38 5 R AiE (51 40 19 {5 B Rk R 1, Rli R
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Table 2 Quantitative statistical results of different methods on three change detection datasets
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Table 3 Comparison of accuracy and complexity of
different models on LEVIR-CD dataset
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Table 5 The effect of the number of CTM on change

detection performance
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Fig. 6 Visual results of ablation study
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Table 6 The effect of the number of cross—attention

heads of CTM on change detection performance
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HEN

IAEC FlU%  1oU/%  F1/%  10U/%  F1/%  10U/%
4 91.52 8437 9537 9122 9302 8695
8 91.16 8377 9533 91.14 9143  84.29
16 91.35  84.09 9583 9200 92.06 8534
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Fig. 7 Visual results of intermediate feature maps in CTDFFNet
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Abstract: Deep learning-based Change Detection (CD) methods, especially Convolutional Neural Networks (CNNs), are now widely used
for high-resolution optical remote sensing imagery. Nevertheless, CNN-based architectures retain important structural limitations. Their
restricted receptive fields make it difficult to capture global contextual cues that are essential for modeling long-range spatial dependencies
and interpreting complex geographic scenes. In addition, insufficient interaction among multi-level features weakens the integration of high-
level semantic representations with low-level spatial details, thereby limiting the discrimination of subtle and irregular changes.

To overcome these limitations, this paper presents the Cross-Transformer-based Difference Feature Fusion Network (CTDFFNet), a
unified CD framework that combines global context perception, cross-level feature interaction, and adaptive feature refinement. CTDFFNet
follows an encoder-decoder architecture. In the encoder, a ResNet18 backbone pre-trained on ImageNet extracts multi-scale local feature
representations from bi-temporal remote sensing images. To compensate for the limited receptive field of standard convolutions, a Cross-
Transformer module is designed to learn discriminative difference features. Through a hierarchical cross-attention mechanism, the module
captures long-range spatial dependencies and strengthens interactions across feature levels, thereby improving sensitivity to changes under
complex conditions, including illumination variation, shadow effects, and seasonal differences. In the decoder, dense connections enable
each layer to receive information from all preceding layers, which promotes feature reuse, improves the use of hierarchical information,
alleviates gradient vanishing, and supports more stable training. An Adaptive Channel Enhancement Module (ACEM) is further incorporated
to dynamically recalibrate channel-wise feature responses by learning attention weights, emphasizing change-salient features while suppressing
irrelevant background noise. A Sigmoid layer is then used to produce the final change map.

Extensive experiments on three publicly available CD datasets, namely LEVIR-CD, CDD, and WHU-CD, were conducted to evaluate
the effectiveness and generalization capability of CTDFFNet. Quantitative results demonstrate that CTDFFNet consistently outperforms
state-of-the-art methods on all three datasets, achieving the highest F1 scores of 91.52%, 95.88%, and 93.02% on LEVIR-CD, CDD, and
WHU-CD, respectively. These gains confirm the effectiveness of incorporating Transformer-based mechanisms into CD frameworks. Visual
comparisons further indicate that CTDFFNet effectively suppresses interference caused by complex backgrounds and environmental variations,
producing change maps with substantially fewer false alarms and missed detections while maintaining high precision in delineating changed
objects at different scales.

In summary, CTDFFNet addresses key limitations of CNN-based CD frameworks through three main innovations: (1) the Cross-
Transformer module captures long-range dependencies and promotes cross-level feature interaction, enhancing sensitivity to complex scene
changes; (2) the densely connected decoder improves multi-scale feature use and alleviates gradient vanishing, contributing to stable
training; and (3) ACEM dynamically emphasizes change-salient features and suppresses background interference. Experiments on multiple
datasets demonstrate that CTDFFNet outperforms existing methods and exhibits strong generalization and robustness under challenging
conditions. These findings support its potential for a wide range of remote sensing CD applications. Future work will extend the framework
to multi-modal CD scenarios and investigate label-efficient learning strategies to reduce dependence on large-scale annotated data.
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