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Table 2 LF module effectiveness
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Table 3 Encoder validity
1%

RA ToU F1 P R
N 71.29 83.24 84.04 82.45
Y 71.58 83.44 84.37 82.52
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Fig. 7  Supervised learning method
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Table 4 Selection of supervised learning

1%
Deep supervision loU F1 P R
Rty 72.92 84.34 84.66 84.02
R R 73.27 84.57 84.98 84.17
TR 73.12 84.47 84.82 84.13
T RAREUE TR IZ bR 1 P 4
*5 MEBEEXEF
Table 5 Network channel selection
1%
Channel ToU F1 Precision Recall
16 73.27 84.57 84.98 84.17
32 7474 85.54 85.88 85.19
64 75.47 86.02 86.47 85.58
128 73.81 84.93 85.87 84.02
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Table 6 Quantitative analysis of different networks on

the Massachusetts dataset

1%

Network loU F1 Precision Recall
U2Net 74.78 85.57 86.21 84.94
Swin-T 74.65 85.48 85.97 85.01
MANet 73.66 84.83 84.99 84.68
HD-Net 74.81 85.59 86.11 85.07
RS-Mamba 74.98 85.70 86.34 85.10
FLGF-UNet 7547 86.02 86.47 85.58
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Fig. 8 Visual analysis of different networks on the Massachusetts dataset
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Table 7 Quantitative analysis of different networks on

the WHU dataset
1%

Network ToU F1 Precision Recall
U2Net 90.46 94.99 95.13 94.85
Swin-T 90.07 94.78 95.16 94.79
MANet 89.54 94.48 93.92 95.05
HD-Net 90.43 94.97 95.16 94.79
RS-Mamba 90.77 95.16 94.78 95.55
FLGF-UNet 91.33 95.47 95.26 95.68
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Fig.9 Visual analysis of different networks on the WHU dataset
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Table 8 Quantitative analysis of different networks in

typical urban building instance datasets in China

1%

Network ToU F1 Precision Recall
U2Net 76.07 86.41 86.02 86.80
Swin=T 76.01 86.37 85.95 86.68
MANet 74.88 85.63 85.51 85.75
HD-Net 75.69 86.17 85.95 86.35
RS-Mamba 76.23 86.51 86.11 86.92
FLGF-UNet 76.93 86.96 86.42 87.51
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Fig. 10 Visualization analysis of different networks in typical urban building instance datasets in China
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Fig. 11 Visual comparison of building extraction under tree

occlusion and similar object interference scenes
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Table 10 Analysis of different network complexities in

the WHU dataset

Model FLOPS/G  Parameters’™M  loU/% F1%
U2Net 37.8 44.0 90.46 94.99
Swin=T 66.8 66.0 90.07 94.78
MANet 13.5 35.9 89.54 94.48
HD-Net 50.3 14.7 90.43 94.97
RS—-Mamba 94.2 27.9 90.77 95.16
FLGF-UNet 105.9 54.4 91.33 95.47
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FLGF UNet: Remote sensing building extraction network for optical
remote sensing images that integrates local-global features

LI Guoyan, LIU Tao, WANG Li, LIU Yi

School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300384, China

Abstract: Semantic segmentation of remote sensing images plays a crucial role in fields such as urban change detection, environmental
protection, and geological disaster identification. Addressing issues in current remote sensing building extraction, such as missed detections,
false positives, and incomplete extractions due to tree obstruction or similar object interference, this paper proposes an improved building
extraction network based on the U-Net architecture—the Fusion of Local Global Features Network (FLGF-UNet). This model integrates
local and global information, acquiring features in parallel through multiscale local and global modeling. This step ensures that the feature
representation at each stage of the network incorporates both local and global information, enabling a more natural and comprehensive
integration of information across different scales and levels during the feature extraction process.

The parallel feature fusion method of FLGF-UNet ensures that the features of each stage contain fine-grained local information and
global dependencies so that the network has both local and global information in the feature representation of each stage. As a result, it
effectively overcomes the shortcomings of transformer in local information exchange and at the same time outperforms traditional CNN in
global information modeling. The LF module is introduced to extract local information and global context information of different scales to
ensure the integrity of feature dependencies, thereby making up for the shortcomings of a single module in feature extraction. In addition,
the semantic gap between the encoder and decoder is bridged by adding an interactive fusion module between the encoder and decoder to
enhance the fusion effect of spatial details, global context, and semantic features. The superiority and versatility of FLGF-UNet are verified
by comparing it with networks such as U2Net, Swin transformer, MA-Net, HD-Net, and RS-Mamba on the WHU dataset, the Massachusetts
dataset, and typical urban building instance datasets in China. Results show that FLGF-UNet outperforms other SOTA networks in
performance and has high practical application value.

In conclusion, FLGF-UNet is an innovative network for extracting buildings from high-resolution remote sensing images. It takes
parallel multiscale local-global modeling as its core, so that features at all levels can simultaneously have local details and long-range
semantics, effectively bridging the gap between spatial dependence and local details and significantly improving extraction accuracy.
Extensive experiments across datasets verified that its performance is significantly better than that of existing methods, providing a reliable
solution for high-precision building extraction from high-resolution remote sensing images. FLGF-UNet brings together cutting-edge
methods and technological innovations, marking an important leap forward in remote sensing image analysis, and will continue to drive the
in-depth development of this field in terms of accuracy improvement, scene expansion, and practical applications.

In the future, the breakthrough results of FLGF-UNet will inspire the academic community to continue to delve deeper into the local-
global structure. Migrating and expanding this fusion strategy to more remote sensing interpretation tasks has great potential and promising
prospects. At the same time, in view of the diverse scale and complexity of urban scenes, further optimizing the model architecture and
improving adaptive capabilities are natural evolutionary paths. Subsequent research should focus on the implementation of technology and
effectively transform the advantages of the algorithm into perceptible, quantifiable, and sustainable socioeconomic benefits for urban
planners and disaster emergency decision-makers.

Key words: remote sensing images, building extraction, fusion of local-global feature networks, feature fusion, interactive fusion module
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