End-to-End Deep Learning for Reconstructing Segmented 3D
CT Image from Multi-Energy X-ray Projections
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Introduction

Conventional methods
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& Conventional DL-based segmentation needs "reconstructed" CT >-> Propose end-to-end segmentation to eliminate artifacts from
reconstruction algorithms.

¢ High memory demand for inputting 3D CT data =» Implement discrete learning to segment large-scale data.

¢ Limitations in material discrimination with single-energy CT (SECT) ==> Integration of multi-energy CT (MECT) to enhance segmentation
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. Classify the voxels
containing Iso-surfaces
Into two types: connected
and separated.
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Experiment samples Multi-energy vs Single-energy Different energy resolutions
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Reconstruction

Chest-A Chest-B Reference

Dice coefficients and processing time Future plan and related work

SE 20 kV 30 kV 50 kV € Enhance a filtering module to focus more on the varying
(80-100kV) 8 bins 5 bins 3 bins ' contributions of energy bins.
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