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Abstract

Automatic segmentation of target regions in brain CT images provides a foundation for lesion localiza-
tion, volume measurement, and subsequent quantitative analysis. However, brain CT images often ex-
hibit small grayscale differences, unclear boundaries, alow target-area proportion, and a large number
of slices with empty labels. These issues can lead conventional two-dimensional segmentation net-
works to miss targets or produce incomplete boundaries. To address these problems, this study devel-
oped a 2.5D Attention U-Net segmentation model. The model uses the current slice together with its
preceding and following slices as a three-channel input, thereby introducing inter-slice spatial infor-
mation while retaining the computational efficiency of two-dimensional convolution. A combined
channel and spatial attention module is incorporated into the skip connections of U-Net to adaptively
reweight encoder features. Group Normalization is employed to improve training stability under
small-batch conditions. During training, a combination of binary cross-entropy loss and Tversky loss is
used. The prediction threshold is selected on the validation set to reduce the influence of foreground-
background imbalance on model selection. To evaluate the model, a single-slice ResNet34-U-Net is used
as a comparison model. Dice, Intersection over Union, precision, recall, and the false-positive rate on
empty slices are used as evaluation metrics. This study provides an implementation approach for au-
tomatic segmentation of small-target and weak-boundary regions in brain CT images, balancing the
use of inter-slice information with computational efficiency.
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Figure 1. Global comparison of the two models
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Figure 2. Comparison of the two models (1)
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Figure 3. Comparison of the two models (2)
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