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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 XCAT Phantom
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.

Algorithm 1 ConvNet Registration

1: procedure CNNREG(I,, If)
|~ — AR 2 fo = Initialize( ConvNet)
,_‘__i ,_; ;q, - @ } HRSS e !§ Spatial 3 while i < iter do
;, ‘ | / jS—— :Eih‘gt ; "___; ; fransformer 4 qb = f@([l'rn; If])
T e O e 5 Iy=1In0¢
Registration Field, ¢ 6 1= ﬁ(Id; [f; 9) + )\R(Qb; 9)
] T fo = BackPropagate( fp, ()
Backpropagation 8 =441
L Similarity 9 return Iy, ¢

> Input 7, and I

> For iter number of iterations
> Predict deformation, ¢

> Deform moving image, I,

> Compute loss

> Update ConvNet

Metric
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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]
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Moving: |, ] Diffusion reg.
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Deformed I,,, with

y-correction Deformed label map Deformed grid

Deformed I,
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Quantitative Results

Method SSIM MSE [J4| <0 (counts) % of |J4| <0 (%)

Affine only 0.83 £+ 0.008 69.2 + 2.7 - -
VoxelMorph (MSE)* 0.88 + 0.003 470 + 24 685 + 185 0.5 £ 0.1
VoxelMorph (CC)* 0.92 + 0.006 43.5 + 4.8 2754 + 370 19 + 03
SyN (MSE)*° 0.88 =+ 0.011 52.0 + 4.1 - -

SyN (MI)*° 0.88 =+ 0.011 55.1 + 4.0 - -~

SyN (CC)* 0.89 + 0.011 52.8 + 4.1 - -
UnsupConvNet (w/o regularization) 0.96 + 0.007 373 =51 21082 + 3938 143327
UnsupConvNet (w/ diffusion regularization) 0.93 + 0.008 426 + 54 1202 =225 0.8 + 0.1
UnsupConvNet (w/ diff. + None-neg. Jac. reg.) 0.92 + 0.009 44.8 + 4.9 518 + 74 04 + 0.1
UnsupConvNet (w/ TV regularization) 0.87 £+ 0.030 54.7 = 9.3 659 + 459 04 +£03
UnsupConvNet (w/ Gaussian filtering) w + 0.008 E + 54 8500 + 1829 57+ 13

P

MIDL

Liibeck 2021

JOHNS HOPKINS  JO

EEEEEEE

WHITING SCHOOL
of ENGINEERING

HNS HOPKINS



Simulated SPECT Simulated SPECT
Original XCAT Patient CT Patient SPECT  Deformed XCAT  without lesions with lesions
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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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