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Application of CG-Res2UNet network model in road extraction
from remote sensing images

LI Dongpo, YU Miao, YU Xiaopeng

(College of Mathematics and Computer, Jilin Normal University, Siping 136000, Jilin, China)

Abstract: Road extraction is an important topic in high—resolution remote sensing image processing. Ensuring the connectivity and
integrity of the extracted roads is crucial for many applications. However, road information in complex remote sensing images is
often affected by occlusion and shadow, which makes it difficult to effectively express comprehensive features from a single view.
In order to solve the above problems, this paper proposes a network model CG—Res2UNet combining CBAM attention mechanism
and improved residual bottleneck structure. Firstly, the ResNet101 deep convolutional neural network is used to enhance the multi—
level features of the extracted image in the encoder part, where residual connections are incorporated to alleviate the problem of
gradient disappearance. Secondly, an attention mechanism is added at the interface between the encoder and the decoder, so that the
model adaptively weights the channel and spatial dimensions of the features, which enhances the model “s attention to key
information. Finally, the GeLU activation function is used to replace the ReLU activation function, which introduces a certain
degree of nonlinearity and could effectively capture the complex relationships in the input data. In order to verify the effectiveness of
the proposed method, the paper conducts comparative experiments on the public datasets Massachusetts Roads Dataset and
DeepGlobe Roads Dataset, and compares with a variety of traditional and advanced road extraction methods. The results show that
the proposed method has achieved significant improvement in multiple indicators, and the accuracy reaches 80. 23% and 76. 87%
respectively. Especially in complex scenes, such as shadow, vegetation cover and building occlusion area, this method can still
accurately extract road information.
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Table 2 Evaluation results of different models on the DeepGlobe
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Table 3  Ablation study of CG —Res2UNet on the Massachusetts
dataset %
Models Precision Recall F1 ToU
Baseline 77.69 75.22 76.43 61.86

Baseline+GeLLU 77.28 76.49 76. 88 62.45
Baseline+CBAM 79. 49 77.00 78.23 64.24

CG—Res2UNet 80.23 77.05 78. 60 64.75
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Table 4 Ablation study of CG—Res2UNet on the DeepGlobe dataset
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