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[ Abstract] Objective To construct a prior based on the inherent properties of PET to accurately
segment the lesion areas. Methods A network framework for PET tumor segmentation driven by geodesic
priors was proposed ( geodesic network for short). Specifically, partial differential equations were constructed
to characterize the geodesic distances between different regions in PET images. Tumor marker points identified
by CT labeling were used as the initial conditions for the equations. To enhance the contrast between areas of
lung or breast tumors and normal tissues, a smooth Heaviside function was utilized to map the geodesic dis-
tances. The network framework adopted a dual-branch architecture, using geodesic priors to assist in PET
image segmentation. Results The proposed method achieved a Dice coefficient of 94.92% in lung cancer
segmentation and 90.12% in breast cancer segmentation. With the addition of geodesic priors in the Unet,
the Dice coefficient for breast cancer increased by 32.37% (from 42.50% to 74.87% ). Conclusion Geo-
desic priors can significantly improve segmentation outcomes and enhance the generalization capability of the
network.
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