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Abstract

Purpose: To address the mismatch between the slice spatial domain of CT images and the feature
AR

SCEGI A SRR, BREREE, R, KIEA, BR3ER, fTH K., TR R e T B oBREIg) k). Bk
5{jj &, 2025, 14(4): 736-748. DOI: 10.12677/m0s.2025.144325


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2025.144325
https://doi.org/10.12677/mos.2025.144325
https://www.hanspub.org/

Ktk &

extraction range of neural networks. Materials and Methods: A total of 895 CT imaging scans from
patients diagnosed with gastric cancer over a span of 7 years were collected in clinical practice. Af-
ter data cleaning, 689 high-quality sequences were obtained. The maximum cancer load slice was
determined and annotated by the first physician and reviewed by another physician to form the
experimental dataset. A stretching-based image augmentation method was introduced to align the
slice domain of CT with the feature extraction range of neural networks, maximizing the use of the
extra-domain space of CT image sequences for augmentation and improving training efficiency. Re-
sults: After applying the proposed augmentation method, the uniformity of neuronal forward re-
sponses and backward gradients was enhanced. Under the same complexity, fewer iterations were
required to achieve better results. Conclusion: The proposed augmentation method can improve
the computational efficiency of neural networks on CT modality and has potential for application in
clinical cancer detection tasks.
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Figure 1. The definition domain of the HU domain (circle) and the an-
notation domain (square) do not match
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Figure 2. An overview of the proposed stretching augmentation
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Figure 3. The augmented gastric cancer lesions
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Figure 4. Examples of selected cross-sectional sub-regions (green indicates key features)
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Figure 7. Encoder forward activation map
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