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Fig.1 Exemplars of irrelevant changes leading to false detections in remote sensing change detection
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Fig.5 Cross—scale attention feature enhancement module
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Fig.6 Confidence flow guided feature fusion module
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F1 SYSU-CDEHEEARHEMESILLER
Table 1 Quantitative comparison of different
methods on the SYSU-CD Dataset

itk LY OA/% F1/% ToU/% Pre/% Rec/%
FC-EF 2018 89.21 76,79 62.33 77.96 75.66
SNUNet 2022 88.50 76.00 61.29 74.82 77.22
ChangeFormer 2022 9091 79.92 66.56 83.44 76.69
BIT 2022 89.38 77.49 6325 77.49 77.49
ACABFNet 2023 91.19 80.82 67.81 83.09 78.67
DMINet 2023 90.41 79.02 6532 81.62 76.58
SEIFNet 2024 91.57 8124 6841 8546 77.42
ChangeBind 2024 91.41 8139 68.63 83.25 79.62
STFF-GA 2024 91.42 8022 66.97 87.88 73.78
CDNeXt 2024 92.13 82.45 70.17 86.89 7845
STRobustNet 2025 90.70 80.11 66.82 80.80 79.43
AT (SAMFF)  — 92,62 83.83 72.16 86.75 81.11
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Fig.7 Visualization results of comparative algorithms on the SYSU-CD dataset
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Table 2 Quantitative comparison of different
methods on the WHU-CD dataset

itk 4y OAM% F1/% 10U/% Pre/% Recl%
FC-EF 2018 99.10 88.64 79.53 89.51 87.71
SNUNet 2022 99.28 90.52 82.68 93.32 87.89
ChangeFormer 2022 99.14 87.18 77.27 92.70 82.28
BIT 2022 99.24 90.40 82.48 91.38 89.44
ACABFNet 2023 99.28 90.57 8276 94.45 86.99
DMINet 2023 99.19 91.49 8431 92.65 90.35
SEIFNet 2024 99.04 89.99 81.80 90.11 89.88
ChangeBind 2024 99.42 9248 86.01 9476 90.30
STFF-GA 2024 99.41 92.66 86.32 92.03 93.30
CDNeXt 2024 99.47 93.25 87.36 9520 91.38
STRobustNet 2025 9939 9223 8557 93.56 90.94
AT L (SAMFF)  —  99.49 9344 87.69 9548 91.48
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Fig.8 Visualization results of comparative algorithms on the WHU-CD dataset
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Table 3 Quantitative comparison of different
methods on the GZ-CD dataset

Tk LY 0A/% F1/% ToU/% Pre/% Rec/%
FC-EF 2018 94.45 65.67 48.89 73.82 59.14
SNUNet 2022 97.07 8425 7279 86.82 81.82
ChangeFormer 2022 96.70 80.30 67.09 86.51 74.93
BIT 2022 96.81 81.87 69.31 83.46 80.35
ACABFNet 2023 96.72 83.19 7121 87.58 79.21
DMINet 2023 96.93 84.25 7279 88.86 80.10
SEIFNet 2024 96.88 84.33 7290 8691 81.89
ChangeBind 2024 97.58 87.93 78.45 89.16 86.17
STFF-GA 2024 97.50 87.53 77.82 89.44 85.69
CDNeXt 2024 97.46 87.03 77.04 90.01 8324
STRobustNet 2025 97.02 82.88 70.76 84.63 81.20
AT (SAMFF)  —  97.67 88.40 79.23 90.07 86.78

T o (TR R
LR,

L A AMA R L S = T )

G-

wﬂwLLLLLLLLLLL
ENNNNNNNNNVL

I_LI_LI_LL_LL.LL.-_L_LLLE_LL.LE_LL_LL.L

‘ﬁ!!!!!!!!!!!!!

o&‘d &

2/
C&(& ?’G

gauguuuquuuuuuu

@\“ <’
O@ o) & %‘Q

ek AR I ks SR
E9 £ TR GZ-CD BdR 4 b iy ml il Ak 28 51

Fig.9 Visualization results of comparative algorithms on the GZ-CD dataset
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Table 4 Quantitative ablation study results on three datasets
Iy CTAAM  FADM CSAFE  CFGFFM SYSU-Cb WHU=CD C7=Cb
F1/% 1oU/% F1/% 1oU/% F1/% 1oU/%
BEME R 2% X X x x 80.77 67.74 91.24 83.88 87.01 77.01
SAMFF-1 N x x x 81.51 68.79 91.93 85.07 87.48 77.75
SAMFF-2 x v x x 81.63 68.96 91.85 84.93 87.39 77.60
SAMFF-3 x x v x 81.39 68.62 91.71 84.69 87.18 77.27
SAMFF-4 x x x N 81.42 68.66 91.75 84.76 87.13 77.20
SAMFF-5 v N x x 82.42 70.10 92.43 85.93 87.79 78.24
SAMFF-6 N x J x 81.75 69.13 91.99 85.17 87.57 77.89
SAMFF-7 N x x N 81.79 69.19 91.95 85.11 87.47 77.73
SAMFF-38 x N N x 81.46 68.72 91.92 85.05 87.63 77.98
SAMFF-9 x v x N 81.64 68.98 91.89 85.01 87.51 77.79
SAMFF-10 x x N N 81.58 68.89 91.83 84.89 87.42 77.65
SAMFF-11 x v N N 82.91 70.81 92.32 85.74 87.95 78.49
SAMFF-12 v x v N 83.24 71.29 92.46 85.98 88.19 78.87
SAMFF-13 N N x N 83.56 71.76 92.81 86.58 88.27 79.01
SAMFF-14 N N N x 83.69 71.95 92.93 86.79 88.31 79.07
SAMFF N N N N 83.83 72.16 93.44 87.69 88.40 79.23
T VAR, ORI AT | AR, R R R
x5 CTAAMERAEMEHHAZIRER
Table 5 Ablation study results for different stages of the CTAAM module
. . © < < SYSU-CD WHU-CD GZ-CD
F1/% ToU/% F1/% 1oU/% F1/% 1oU/%
wlo CTAAM-1 x x x x 82.91 70.81 92.32 85.74 87.95 78.49
w/o CTAAM=2 N x x x 83.21 71.25 92.84 86.64 88.07 78.68
w/o CTAAM=3 N N x x 83.54 71.73 93.02 86.95 88.19 78.87
wlo CTAAM—4 v N N x 83.69 71.95 93.21 87.28 88.24 78.95
SAMFF N v v N 83.83 72.16 93.44 87.69 88.40 79.23

e VARERIZH B A CTAAM, “x" R FIZB BRI A CTAAM LB 3w AR 1
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Fig.11  Visualization results of differential feature maps on the WHU-CD Dataset (Red color indicates higher attention values,

while blue color indicates lower attention values )
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Model A" Jy K& 5| A CTA, LCB. CSEB () 5k 4k # B (SAMFF) 784 M #8 fe fE pe . IiE
B, AU CTA (w/o Model B) B i 4R Tk fE, HH R 3 70 6 555 R AR 3 i AL ) LA TR R) EL AR AR
F WIS AE R SRR A o AEDEIERE L, 43 m AT L [ T 48 7 2 4 5 T BT B
ALCB (w/o Model C) 3 CSEB (w/o Model D) #JfiE
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Table 6 Ablation study results for internal mechanisms of the CTAAM module

SYSU-CD WHU-CD GZ-CD

Tk CTA LCB CSEB
F1/% ToU/% F1/% IoU/% F1/% loU/%
w/o Model A x x x 82.91 70.81 92.32 85.74 87.95 78.49
wlo Model B Y x x 83.11 71.12 92.71 86.41 88.15 78.81
wlo Model C J N x 83.32 71.41 92.96 86.85 88.27 78.99
wlo Model D J x N 83.44 71.57 92.82 86.60 88.33 79.11
SAMFF N N N 83.83 72.16 93.44 87.69 88.40 79.23

VARG AR, AR T AR LR AR e e e

(3) FADMAEHAIF L. EUEFADMBLIRAE  REWZMZBRGIA, ML A B By Fl
AFFEZ R PER], ASCEET SAMFF FZ51 5 loURE R BRRER T, mA ML (2
BT BUR A ZBL I AL S, R 4Bl AFADM) FERTA SR 4E LIk R R
WMFETHR . SLHH, “wo FADM-1" F/RR5IA - BB IZBRUN], FADMBREENE /LA [FFFALJZ
FADM HYBEERI 2%, “S1—S4” AR ADNZHRE P AMEBR RIS AL, DT TH U AR
PREUB BL . LI AR Y], BEE FADM BT E  AEAYRS ST 5 A 5 e

R7 FADMIERAFEMERAIHBMKEER
Table 7 Ablation study results for different stages of the FADM module

SYSU-CD WHU-CD GZ-CD

ViRis S1 S2 S3 S4
F1/% loU/% F1/% IoU/% F1/% IoU/%
wlo FADM-1 x x x X 83.24 71.29 92.46 85.98 88.19 78.87
wlo FADM-2 N x x X 83.37 71.48 92.79 86.55 88.24 78.95
wlo FADM-3 v N x X 83.63 71.87 92.97 86.86 88.29 79.04
wlo FADM—4 v N J x 83.71 71.98 93.19 87.25 88.34 79.12
SAMFF v N v N 83.83 72.16 93.44 87.69 88.40 79.23

e VARERIZB B A FADM, X R R LW BoR T A FADM, LB AR (8
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Table 8 Network performance comparison after

replacing different alignment modules

SYSU-CD WHU-CD GZ-CD

Ttk

F1/%  10U/% F1/% 10U/% F1/% 1oU/%

SAMFF-12 8324 7129 9246 8598 88.19 78.87
BTA 8330 7138 92.89 8672 8821 7891
FA-BAFM 8348 71.64 93.07 87.04 8826 78.99
DAF 8359 71.81 9316 8720 8832 79.08
SAMFF  83.83 7216 9344 87.69 8840 79.23
TE: B AR R R AR A s SAMFF-12 S A 51 A FADM 1 3% 19
2% s BTA \FA-BAFM . D*AF Sy 4 4 Sy Xof o Xof 55 52 B 14 42 4% s SAMFF
NEIA FADM 585 [ 4%
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Fig.12  Visual comparison of FADM effectiveness
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Fig.13  Visual comparison of CSAFE effectiveness

FERFAERLA T, CFGFFM 7850 I F A 7] 43 R
FEAE A L AME - 5 20 PR RS A B/ A
VSRR Va0 L (33 7 e S & 1 IS R V2P 1 NS B
BAL . B R FRA, AR LR S
XL H AME S, M H A AR AR R I
ARAEE R (K 14) BE— KW, CFGFFM fE#5
JZ G G SR T kA TR MR AR 1 DX S ) S R
HARE Sy, $RTF T MRS A 2R i N S A
TIASRE

T1 T2
AR RS - -G )
K14 CFGFFM A2k nl LA H
Fig.14  Visual comparison of CFGFFM effectiveness

SAMFF-14 SAMFF i 544

3.6 HEGZEEND

ST LS TR RV 57 9 52 4 PR 5 O W T
P, D PPA 19 28 ok R VRS oA ) 10 fE ) B H
SEPRERE I ), A SCRT TS AU AR TR AS A B
S SRR, T AR I KA S i B e
FAAE 5 22 I A S 5. 45 AAE SYSU-CD %
LG, BERALATATHON, FI%AE WHU-CD %L
e LA I . X — eI A T 4R R,
IR PR (0.5 m 502 m) . FHHHRHE OR
[ £ JE A 5 I AR AR 2R ) L SR AR AR 26 1)
(ZHRIMNEE2 S R —E5AE) .

WMFRIFT7R, FrA R BRI ZBOE M IERERT
PR, (AR SCH H (1 SAMFF [0 46 Ji 30 1 4558 114
PGz AL s, PR 72.81% (£9),
T HART . ATARES R (K15) 203K,
SAMFF 7 WHU-CD ¥#a 4k - i 58 52 & 6 et 3
AL, FEA AN o R S R 2 S S LR Y
AL A aE T HGURN FFA BB B 1%
ZRH I I o B Be b B, SE i b A i g S A 22
SR MOEIE 225, HROE K S PR 5 A A2 Al
SEA UM AL, WA N 45 BE %~ ~) 21 B AL G
RVE R AR ARAE , FEROE 0 A 22 5 T S REAR 53
EPERE.

®9 BXHLHEEE WHU-CDHHEE LI
BRI REXT L
Table 9 Comparison of cross—dataset inference performance

of comparative algorithms on WHU-CD Dataset

WiRS 4y OA/% F1/% 10U/% Prel% Recl%
SEIFNet 2024 9541 69.51 5326 7486 64.93

ChangeBind 2024 9639 7036 5427 7640 65.19

STFF-GA 2024 96.19 7072 5470 7591 66.20

CDNeXt 2024 96.69 71.36 5548 7635 66.97
STRobustNet 2025 9591 70.14 5401 7532 65.64
AR (SAMFF)  —  97.96 72.81 5723 77.55 68.59
TE: IR AR SO

37 MEBEHEHST

Ay B TIE A R 452 2 bR ZR 06T I 26 M RE B 52 ]
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Fig.15 Cross—dataset inference visualization results of compared methods on the WHU-CD Dataset
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Table 10 Performance evaluation of the proposed

network under different loss function coefficients

SYSU-CD WHU-CD GZ-CD
Moo FI/%  10U/% F1% 10U/% FU% 1oUi%
1 0 8210 69.64 92.15 8545 8723 77.36
0 1 8152 6880 9185 8492 8695 76.92

0.5 05 83.83 7216 9344 87.69 8340 79.23
0.5 1 8325 7132 93.08 87.05 88.02 78.61
1 05 8318 71.21 9312 87.13 8795 78.49
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Abstract: High-resolution remote sensing image Change Detection (CD) identifies land-cover changes from bi-temporal images of the
same geographic area and is essential for urban monitoring, disaster assessment, ecological surveillance, and land resource management.
However, practical CD remains challenging because real bi-temporal images are often affected simultaneously by temporal appearance
discrepancies and spatial geometric misalignment. Illumination changes, seasonal variations, shadows, and radiometric inconsistencies may
produce spectral pseudo-changes, while viewpoint differences and imperfect registration may introduce building displacement, boundary
distortion, and local spatial offsets. Although these two types of interference are physically different, they become coupled during feature
extraction, differencing, alignment, and fusion, causing error propagation and making it difficult to separate true semantic changes from
irrelevant variations. To address this problem, this study proposes a Spatiotemporal-Aware Multi-scale Feature Flow (SAMFF) network for
robust remote sensing image CD under compound spatiotemporal interference.

The proposed SAMFF follows a cascaded alignment strategy that decomposes compound interference suppression into four stages:
temporally consistent feature representation, spatial geometric correction, multi-scale enhancement, and confidence-guided fusion. First, a
cross-temporal attentional alignment module (CTAAM) is embedded in the feature extraction stage to enable deep interaction between bi-
temporal features. By combining cross-temporal attention with local context-aware and channel semantic enhancement branches, CTAAM
aligns channel semantic and local contextual representations, thereby reducing pseudo-change responses caused by illumination and seasonal
variations. Second, a flow-aligned difference module (FADM) is introduced to handle geometric mismatch. It first enhances temporally
aligned features through multi-scale channel attention and then estimates a dense differential flow field to warp and align bi-temporal
features at multiple scales. This design improves pixel-level correspondence and suppresses false responses caused by registration errors.
Third, a Cross-Scale Attention Feature Enhancement (CSAFE) module aggregates multi-scale contextual information through a dilated
convolution pyramid and top-down attention-based feature interaction, strengthening the discriminative representation of real change
regions. Finally, a Confidence Flow Guided Feature Fusion Module (CFGFFM) acts as the decoder. It estimates confidence-aware flow
fields and adaptively fuses high-level semantic features with low-level spatial details, reducing residual noise in low-confidence regions and
producing a spatially consistent change map.

Experiments are conducted on three public remote sensing CD datasets, namely, SYSU-CD, WHU-CD, and GZ-CD. SAMFF achieves
F1/1oU of 83.83%/72.16%, 93.44%/87.69%, and 88.40%/79.23%, respectively, on the three datasets, outperforming representative CNN-,
Transformer-, and alignment-based comparison methods in overall CD accuracy. Qualitative results further show that SAMFF can better
suppress pseudo-changes caused by roof color differences, shadows, vegetation appearance variations, building parallax, and local
misregistration. Ablation studies verify the effectiveness of CTAAM, FADM, CSAFE, and CFGFFM, demonstrating that the proposed
temporal-to-spatial cascaded alignment design consistently improves performance. In addition, SAMFF achieves a good balance between
accuracy and efficiency, with 14.28 M parameters and 3.65 G FLOPs for 256x256 image inputs.

SAMFF provides an effective cascaded framework for high-resolution remote sensing image CD by explicitly addressing the coupled
influence of temporal appearance discrepancy and spatial geometric misalignment. Instead of directly learning changes from mixed noisy
features, the proposed method progressively suppresses temporal pseudo-changes, corrects geometric offsets, enhances multi-scale change
representations, and fuses features with confidence guidance. Experimental results confirm its robustness, accuracy, and deployment
potential in complex bi-temporal remote sensing scenarios.
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