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Motivation

‘Sophisticated’ Imaging ‘Accessible’ Imaging

How can we get more mileage from more accessible modalities?

X-ray: in Small Clinics CT: Found in Hospitals



Combination of Two Most Valuable Tools



Recent Relevant Work



3D Reconstruction from a Single 2D View

• Translation of 2D to 3D Representations

• Basis on Patient-specific Training & Limitations

Figures from [1]



How to Collect Superior Priors?

• Introduce Additional, 

Complementary 

Information with 

Ultrasound Imaging

• Ultrasound (acoustic 

impedance) & CT (x-ray 

attenuation) images are 

Synergistic



3D Ultrasound Imaging

• Motion-tracked Ultrasound 

Creates 3D Images

• 3D volumes analogous to CT

• Ultrasound May 

be Less Useful 

for Head & Lungs

Acoustic rendering of pelvic floor from midsaggital (left) and crornal (right) planes. Images from [2].



Hybrid Imaging System (Joint Work with MGH)

Visualized imaging studio: Robotic arm with 3D US scanner (orange), x-ray detector 

panels (green), x-ray tubes (red)



Hybrid Reconstruction Network



Preliminary Results

• Captured CT images with 

Corresponding 3D Ultrasound 

Unavailable

• Simulation of Ultrasound from 

CT volumes for Pre-training Preliminary attempts simulating 

ultrasound section (right) from 

section of CT volume (left) using k-

wave toolbox [3]



Project Aspirations

• Affordable, Accessible, & Portable Tomographic Imaging

• Cross-modality Imaging

• Enabled Applications in Special Scenarios
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Pressure & Speed Tomography (Joint with MSU)



Photo-Acoustic Effect

Graham Bell

Step 1: 

Pulse of Light ⇒ Radiation Absorption

Step 2: 

Thermo-Expansion ⇒ Acoustic Waves

https://www.sciencedirect.com/topics/medicine-and-dentistry/photoacoustic-tomography

https://www.sciencedirect.com/topics/medicine-and-dentistry/photoacoustic-tomography


Photo-acoustic Tomography

https://en.wikipedia.org/wiki/Photoacoustic_imaging#/media/File:PASchematics_v2.png

https://en.wikipedia.org/wiki/Photoacoustic_imaging#/media/File:PASchematics_v2.png


Mathematical Model (Known Speed)

Inverse Problem: Recover 𝑝0(𝑟) from { 𝑢 𝑡, 𝑟 : 0 ≤ 𝑡 ≤
𝑇, 𝑟 on the boundary of Ω }

 In homogeneous media 

𝑐(𝑟) is constant  => Filtered back-projection;

 In heterogeneous media 

𝑐(𝑟) is spatially varying but known => Time reversal.

𝜌(𝑟): Mass density 

𝑐 𝑟 : Sound speed

𝑢(𝑟): Acoustic pressure

𝑝0 𝑟 : Initial pressure



Mathematical Model (Unknown Speed)

In reality, 𝒄(𝒓) is unknown! - Two popular solutions:

 Reconstruct 𝒄(𝒓) using other modalities, e.g., ultrasound 

transmission tomography;

 Reconstruct 𝒄(𝒓) and 𝒑𝟎(𝒓) simultaneously.

Matthews, Thomas P., et al. "Parameterized joint reconstruction of the initial pressure and sound speed distributions 

for photoacoustic computed tomography." SIAM journal on imaging sciences 11.2 (2018): 1560-1588.



Iterative Recon Algorithm

Model-based iteration: 

 Repeated selection of step length is 

time-consuming

 Choice of 𝑹 and 𝜷 is empirical

 Turning trade-off parameter is tedious



Simultaneous Recon Network (SR-Net)



Loss Function & Network Structure

Loss Function for k-th Iteration

Network Structure



Simultaneous Recon via Deep Learning



Numerical Phantom

Image size: 64 x 64

# detector: 252

# time step: 652

# training sample: 5,120



Result 1 
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Result 2 
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Result 3
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SPIE Work (in Press, with UC Merced & Clemens U)



X-ray Luminescence Tomography

Pencil-beam/Micro-focused X-rays 

Exciting Nanophosphors 
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Physical Model

𝜱 𝒓 : Photon Fluence Rate 

𝝆 𝒓 : Nanophosphor concentration 

𝑿 𝒓 : X-ray Intensity Distribution

𝜱 𝒓 =ම𝑮 𝒓, 𝒓′ 𝜼𝑿(𝒓)𝝆(𝒓) 𝒅𝒓′ , 𝒓 ∈ 𝝏𝜴



Extended Sinogram 

Neural Network 
Model

Extend Sinogram Few-view Sinogram

• X-ray Luminescence Imaging with Few-view Data

For Fast scanning & Low Radiation Dose

• Extended Sinogram Method for Missing Views

From Measured Data through Deep Learning



Residual Network
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• Residual Network

o 4 Residual Blocks, Each with

3 Conv Layers of 3x3 Filters

o Followed by 4 Conv Layers of 3x3 Filters

• Loss Function: MSE + SSIM 

• GPU: Adam on 1080 Ti GPU of 11 GB



Simulated Training Dataset

• 500 Numerical Phantoms of Different Structures & 

Nanophosphors Distributions 

• Label Sinogram from Full Views of the Phantoms 

• Input Data from Few-views of the Phantoms  



Result 1

(a) Sinogram of 10 views; (b) Sinogram of 30 views; (c) Sinogram reconstructed from 10 views;

(d) Image from 10 views; (e) Ground truth; (f) Image from 30 reconstructed views.

(a)
(b) (c)

(d) (e) (f)



Result 2

(a)

(b) (c)

(d) (e) (f)

(a) Sinogram of 10 views; (b) Sinogram of 40 views; (c) Sinogram reconstructed from 10 views;

(d) Image from 10 views; (e) Ground truth; (f) Image from 40 reconstructed views.



Fluorescence Lifetime + X-ray Photon-Counting



Our ML Tomography Book Published


