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3D Medical Image Data Augmentation for CT Image Segmentation
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ABSTRACT

Deep learning applications are increasingly being leveraged for disease detection tasks in medical imaging modalities such as X-ray,
Computed Tomography (CT), and Magnetic Resonance Imaging (MRI). Most data-centric deep leaming challenges necessitate the use
of supervised learning methodologies fo affain high accuracy and fo facilitate performance evaluation through comparison with the
ground truth. Supervised learning mandates a substantial amount of image and label setfs, however, procuring an adequate volume
of medical imaging data for fraining is a formidable task. Various data augmentation strategies can mitigate the underfitting issue
inherent in supervised learning-based models that are frained on limited medical image and label setfs. This research investigates the
enhancement of a deep leamning-based rib fracture segmentation model and the efficacy of data augmentation techniques such as
left-right flipping, rotation, and scaling. Augmented dataset with L/R flipping and rotations(30°, 60°) increased model performance,
however, dataset with rotfation(?0°) and x 0.5 rescaling decreased model performance. This indicates the usage of appropriate data
augmentation methods depending on datfasets and tasks.
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(Figure 1) RibFrac dataset and overlay of axial slices
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(Figure 2) Axial CT slice W/o and W/ preprocessing
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