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Abstract: The existing remote sensing image segmentation methods lack the coordinated processing of low-
frequency structures and high-frequency details during cross-scale feature fusion, and cannot adaptively respond to
image content, making it difficult to effectively solve the problem of large intra-class variations and small inter-
class variations in high-resolution remote sensing images caused by natural changes, illumination, and shadow
interference. To address these problems, an adaptive frequency-aware network (AFANet) is proposed and
implemented. First, a frequency dynamic fusion module is proposed, which suppresses high-frequency noise
components while retaining low-frequency structures through adaptive low-pass and high-pass filter, and enhancing
high-frequency detail boundary information. Secondly, a dual-domain learning block is constructed to integrate
spatial and frequency information to achieve joint modeling of local details in the spatial domain and global
structures in the frequency domain. Finally, a detail-enhanced module is introduced to enhance the feature
extraction and generalization capabilities of the model using different differential convolutions. The quantitative
analysis and visualization results of the comparative and ablation experiments on the two classic public datasets,
Vaihingen and Potsdam, show that AFANet outperforms seven state-of-the-art segmentation methods in terms of
F1 score, OA and mloU, with the mloU reaching 85.13% and 87.81% respectively, verifying the superior
performance of AFANet.

Key words: remote sensing images; semantic segmentation; feature fusion; adaptive frequency filter; spatial-
frequency Transformer
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Per-class F1

Method — MeanF1 OA mloU
Imp.Sur. Building Low Veg. Tree Car
UNet 89.86 93.41 80.82 86.93 81.50 86.51 87.79 76.55
PSPNet " 91.38 94.20 83.05 88.71 75.02 86.47 89.36 76.78
UNetFormer ' 92.70 95.30 84.90 90.60 88.50 90.40 91.20 82.70
FDNet ¥ 92.87 95.85 85.04 90.35 88.14 90.45 91.59 82.72
Xnet ®Y 92.89 95.48 85.17 91.10 88.22 90.57 91.21 82.95
UperNet-FDAC @2 92.80 95.78 85.50 90.83 89.40 90.86 91.10 83.49
MIFNet * 93.59 96.13 86.34 91.28 90.06 91.48 91.90 84.53
AFANet(#30) 94.15 96.02 86.92 91.80 90.24 91.83 93.15 85.13

— - /| = /. =
Impervious Building Low Tree Car  Background
surface vegetation

PSPNet

UnetFormer

PSPNet UnetFormer

UperNet-FDAC  MIFNet AFANet
b. 25K R

5 Vaihingen #5488 b0 AT ALALNT LL &

GT
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FDNet Xnet

23 HRRSCIE

N T HIE AFANet W26 o &AL 1A 24k, AR
AR AR FdHT TiHRsEES, BAREHE Ik 3 o
N, AL EE SR LE 6.

%3 AFANet jHRESEIOER %

Dataset Method MeanFI  OA  mloU
Baseline(ConvNext) 90.21 92.38 82.49
. Baseline+FDFM 91.01  92.71 83.26
Vaihingen .

Baseline+FDFM +DDLB 91.63 9294 84.76
Baseline+ FDFM +DDLB+DEM  91.83  93.15 85.13
Baseline(ConvNext) 92.15 91.08 85.69
Baseline+ FDFM 9292  91.53 86.78

Potsdam
Baseline+ FDFM +DDLB 93.15  92.10 87.56

Baseline+ FDFM +DDLB+DEM ~ 93.38  92.35 87.81
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F ConvNext-tiny /43T W %%, 7EBkERIEBAL N

NI A A (FDFM) 5 feS A 1= T) .
7£ Vaihingen 3(#54E E F1 8427 T 0.8%, ik
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THT 0.77%; 7 Potsdam E¥E 4 b F1 2> IR T+
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#w<mw0%ﬁ71w%°“1@@¢5@%
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B E Sl T B R E.
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Main Loss Aux Loss

Dataset - mloU
Cross Entropy ~ Dice  Edge Cross Entropy
v — — — 86.45
Potsdam v v B B 8743
v — v — 86.75
3 J — J 87.81
R6 AEIEFENRRAIIELLER v
Dataset (75N MeanF1 OA mloU
+CBAM 93.26 9224  87.71
+ECA P 93.14 91.95 87.63
Potsdam .
+ Shuffle Attention ! 93.23 92.17  87.62
+ CSSM(A ) 93.38 92.35 87.81

3
=
Baseline +FDFM&DDLB +DEM
K8 Mt Grad-CAM # 1K
R4 TRBERSHAENITELER o
Dataset Method MeanF1 OA mloU
Fourier Transform 91.61 89.82 85.72
Wavelet Transform 92.58 90.76 86.51
Potsdam
Average Pool 92.36 90.64 86.02
FDFM(430) 93.38 92.35 87.81
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