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Computerized Phantoms

 They are useful in many medical imaging applications:

 Evaluating image reconstruction algorithms [1].

 Calculating patient radiation dosimetry [2].

 Training deep neural networks for segmentation and denoising [3, 4].

 Four-dimensional extended cardiac-torso (XCAT) phantom

 Developed based on anatomical images from real human.

 Allows for simple scaling and stretching of the organ shapes to create 

phantom variations.

 However, the simple scaling of the organ shapes does not 

fully and truly capture anatomical variations seen in 

humans.
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Creating phantom variations via image registration

 Existing methods create new phantom variations by registering 

segmentation labels [2,5].

 Manual delineations are hard to obtain.

 Time-consuming and tedious

 Does not capture anatomical details.
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Fully unsupervised convolutional neural networks

 Directly registering XCAT and patient images.

 A fully unsupervised scheme that does not require a training stage.

 Optimize an energy function for each given image pair.



Experiment Setup

 Network architecture: a slightly modified U-Net

 Loss functions:

 Image similarity: an SSIM-based loss

 Deformation regularity: diffusion regularizer

 Dataset: NaF-prostate PET/CT from TCIA [6]

 Baseline methods:

 Learning-based: VoxelMorph [7]

 Conventional: SyN [8]



Results: Image Similarity Measure Choices



Results: Regularization Choices



Results: Regularization Choices



Quantitative Results



Application: SPECT simulations



Conclusion

 We have developed a method to create anthropomorphic phantoms using an 

unsupervised, ConvNet-based, end-to-end registration technique.

 We produced highly realistic anthropomorphic phantoms with known truth 

that qualitatively matches the appearance of a real patient image.

 Combined with realistic simulations of the image formation process, the 

generated phantoms could serve in many applications of medical imaging 

research.

 This work has been published by Medical Physics:

 Chen, J., Li, Y., Du, Y., & Frey, E. C. (2020). Generating anthropomorphic phantoms 

using fully unsupervised deformable image registration with convolutional neural 

networks. Medical physics.
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