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Abstract

DeepLabv3+network can effectively solve the challenge of semantic segmentation of high-resolution
remote sensing images. With the support of the ResNet50 backbone network, we have conducted
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in-depth research on the DeepLabv3+ model. Using the Adam gradient descent method and RELU
activation function, we have effectively processed the building roof in remote sensing images, im-
proved the accuracy and speed of semantic segmentation, and can quickly converge to the optimal
solution. At the same time, the common convolution part of the hole space pyramid pooling mod-
ule (ASPP) and the decoder module (decoder) are parallelly weighted to reduce the number of
parameters and improve the performance of the model. The accuracy of IoU reaches 89.2%, which
exceeds the DeepLabv3+ algorithm, reduces the error of feature extraction, and also greatly re-
duces the loss of detail information, bringing significant improvement to the final semantic seg-
mentation.
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Google 1] deeplab T 4 & AR 1 VU MhieAs, A DeepLabv3 %&F DeepLabv2 34 [, FF% i ASPP
BERI12], (HANR 3 x 3 BB IEE BIRE R RST, S S8 < 1 BB RURRL, Aok 58 5
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Figure 1. DeepLabv3+ model structure diagram
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Figure 2. Channel attention structure
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Table 1. Performance comparison of different models
= 1. FEMEEA M REER TR
| ACC IoU Precision Recall F1
a 0.988 0.904 0.948 0.951 0.950
b 0.949 0.792 0.903 0.916 0912
c 0.984 0.901 0.946 0.948 0.949
d 0.978 0.892 0.945 0.943 0.947
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Figure 3. Comparison of segmentation results of various models
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