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Soil CT Image Segmentation Based on Improved UNet Method
SONG Zhonglin, YAN Jiao, MA Yuntao, LI Baoguo, ZHOU Hu"
(College of Land Science and Technology, China Agricultural University, Beijing 100080, China)

Abstract: X-ray tomography (CT) has become the main means of soil pore structure research, and CT image segmentation, as one
of the key links, is directly related to the accuracy of pore analysis. Traditional image segmentation methods have limited
accuracy, and in recent years deep learning techniques have been widely used in soil CT image segmentation. NAM
(Normalization-based attention module) is an efficient attention mechanism that improves the design of spatial attention and
channel attention sub-modules and can enhance the effect of deep learning model segmentation. In this study, four deep learning
models, UNet, UNet++, DeepLabV3, and AttentionUNet with the addition of the NAM attention mechanism, were used to
segment CT images of northeastern black soil and compared with traditional segmentation methods. The results showed that
AttentionUNet achieved evaluation values of 88.08%, 0.96, 96.02%, 96.64% in the four indexes of intersection and concurrency
ratio, F1 score, precision, and recall, respectively, and the precision was improved by 1.46 and 0.21 percentage points relative to
UNet and UNet++, respectively, and compared with the traditional Watershed method, the precision and recall rate were increased
by 101.13% and 33.54%. In conclusion, AttentionUNet model proposed in this paper can effectively improve the efficiency and
precision of soil CT image segmentation, and provide a more efficient method for pore segmentation of soil CT images.

Key words: UNet; NAM; Soil CT; Image segmentation; Attention mechanism
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