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Industrial vs Info/Intelligence Techniques



Pre-cursor for Data-driven Recon (2012)



Data-driven Radiomics (Yu & Wang, 2013)



AAAS Meeting (Feb. 2016)



AI Talk at AAAS



Roadmap for Deep Recon
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Smart Precision Imaging/Medicine



IEEE Trans. Medical Imaging Special Issue



Strong Momentum of AI/ML



Major Players of AI/ML



Book on AI/ML Tomography

15https://physicsworld.com/a/a-machine-learning-revolution



AI/ML Tomography Book from IOP Publishing
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New Algorithmic Category





Progress Through Questioning

o Analytic Reconstruction

Given a finite number of projections, the tomographic reconstruction is not

uniquely determined (ghosts).

o Statistical Reconstruction

A reconstructed image is strongly influenced by the penalty term, and what you

see is what you want to see!

o Compressed Sensing

There is a chance that a sparse solution is not the truth. For example,

physiological texture and/or pathological plaques incorrectly eliminated

o Machine Learning

No Maxwell equations for machine learning, and a neural network as a black box

is trained to work with big data through parameter adjustment



Machine Learning to Dominate

In Principle, Machine Learning (ML) Can Outperform Analytic

Reconstruction (AR), Iterative Reconstruction (IR) /

Compressed Sensing (CS)

AR/IR/CS Used as

 Component (Such as in the “LEARN” Network)

 Baseline (Such as for Image Denoising)

 IR/CS Enhanced/Replaced by Neural Networks (As Extensive 

Priors & Powerful Non-learning Mapping, Driven by Big Data)
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Can New Dog be Better in Old Tricks



Spiral Single-slice CT



Theoretical Superiority

“For a given X-ray dose, helical CT allows 
substantially better longitudinal resolution than 
conventional CT due to its inherent retrospective 
reconstruction capability.”

Wang and Vannier
Medical Physics 21:429-433, 1994

Wang, Brink, Vannier
Medical Physics 21:753-754, 1994



Retrospective Reconstruction

Scanning Loci Slices Scanning Locus Slices

Direct
Reconstruction

Retrospective
Reconstruction

Incremental (Left) vs Spiral (Right) Scans Define Imaging Planes Differently.

The Former Specifies Imaging Planes Physically/Prospectively, while the Latter

Does so Computationally/Retrospectively.



Superior Detectability

Direct
Reconstruction

Retrospective
Reconstruction

Retrospective Reconstruction Gives Better Lesion Detectability If There Are

Sufficiently Many Slices Reconstructed!



Top Level Comparison in LDCT Performance



IR Methods vs MAP DL for Low-dose CT

Commercial Iterative 

Recon (IR) Algorithms 

in This Study 

Our MAP Network-based 

Deep Learning (DL) with 

Optimized Depth

CLONE CLONE CLONE。。。



Best versus Best

Best Deep Recon (DR) vs Best Iterative Recon (IR) Algorithms in This Study across Vendors, Body Regions, & Readers
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Low-dose CT Denoising: FBP + Network

IEEE Trans. Medical Imaging 37:1522-1534, 2018 (for details, see https://arxiv.org/abs/1802.05656 

or https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=8353466)

Low-quality CT Scan

(1/4 Radiation Dose)

High-quality CT Scan

(Standard Radiation Dose)
Machine Learning Turns Low-quality 

CT Image into High-quality 

Counterpart

CT Denoising Neural Network by RPI,

Sichuan University, & Harvard University 



GE Medical CT Denoising (RSNA’18)



Low-cost CT Deblurring: GAN–CIRCLE

34

Truth Low-resolution

Supervised Semi-supervised

You CY, Zhang Y, Zhang XL, Ju SH, Zhang ZY, Zhao Z, Cong WX, Saha PK, 

Wang G: CT Super-resolution GAN Constrained by the Identical, Residual, and 

Cycle Learning Ensemble (GAN-CIRCLE), arXiv, Aug. 2018



Super-resolution for Bone CT

Human Distal Tibia Dataset:

• Low Resolution CT: Siemens FLASH

• Super-resolution CT: GAN-O

• High Resolution CT: Siemens FORCE

With Univ. of Iowa, Dr. Saha’s Group

Low Res Super-Res High Res



Ensemble Learning for MRI Super-resolution

HR image

GAN

GAN

GAN

GAN

GAN

CNN

Ensemble 

learning

LR image Final SR image



Sparse-data CT De-artifacts: “LEARN”
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Chen H, Zhang Y, Chen YJ, Zhang WH, Sun HQ, Lv Y, Liao PX, Zhou JL, Wang G:

LEARN: Learned Experts’ Assessment-based Reconstruction Network for Sparse-data CT. IEEE Trans. Medical Imaging, June 2018



iCT Network

Li, Yinsheng & li, ke & Zhang, Chengzhu & C. Montoya, Juan & Chen, Guang-Hong. (2019). Learning to 

Reconstruct Computed Tomography (CT) Images Directly from Sinogram Data under A Variety of Data 

Acquisition Conditions. IEEE Transactions on Medical Imaging. PP. 10.1109/TMI.2019.2910760. 



Exterior Tomography



Metal Artifact Reduction: Ensemble Learning

Yanbo Zhang and Hengyong Yu; A convolutional neural network base metal artifact reduction in x-ray computed tomography.

IEEE Transactions on Medical Imaging, 37(6):1370-1381, 2018.  

A female with diffused subarachnoid hemorrhage (in the red square). CT angiography demonstrated

a left middle cerebral artery aneurysm, which was clipped. The display window is [-100 200] HU.



Dual-stream Data Processing Flowchart

Phantom derived 

from clinical images 

with metal added

Image with 

major artifacts

Improved image; 

minor artifacts remain

CNN learns to 

correct leftover 

artifacts

FBP NMAR 

Algorithm

(CNN Target)

(CNN Input)

(CNN Input)

Guided 

filtering

Detail image derived 

from filtering

CNN Training



Interior Tomography



iCT Reconstruction



FBP2ADMIRE: Computational Acceleration

Low-dose Sinogram

Iterative Recon

(ADMIRE)

FBP

Deep Learning

(CNN)

Low Quality Image

High Quality Image

High Quality Image

Yanbo Zhang, Robert MacDougall and Hengyong Yu; Convolutional neural network based CT image 

post-processing from FBP to ADMIRE. Proceedings of the 5th CT Meeting, pp.411-414,  2018
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Interpretability Problem



Basic Types of Neurons



New Type of Neurons

OutputInput
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XOR Gate

XOR-like function by the proposed 2nd order neuron after 100 iterations



Double Spirals

Lang and Witbrock reported that the standard backpropagation network cannot classify such spirals, and

made a 2-5-5-5-1 network with shortcuts to solve this problem. With 2nd order neurons, we can do so with a

simpler network without any shortcut.

KJ Lang, MJ Witbrock: Learning to Tell Two Spirals Apart. In Proceedings of the 1988 Connectionist Models

Summer School. San Mateo, CA, 52-59, 1989



Sorting CT & MRI Images



Fuzzy Logic Interpretation



Deep Fuzzy Logic System



Deep Fuzzy Features



Software Engineering Principles

• Divide-Conquer

Modularity, Abstraction, Cohesion & Coupling

• Formality

• Generality

• Scalability

• Reliability

• Adaptability

Iterative Refinement, Anticipation of Change



Approximation with Width



Width- versus Depth-Efficiency





Width: n+4 & Depth: Deep







Universal Approximation Quadratically



Univariate Polynomial of Order N



Algebraic Fundamental Theorem



Particle/Factor Mathematics

Kolmogorov 
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Smart Precision Imaging/Medicine



Rawdiomics

Kalra M, Wang G: Radiomics in Lung Cancer: Its Time Is Here. Med. Phys., DOI: 10.1002/mp.12685, 2017

In Collaboration with Amber Simpson (MSK), Bruno De Man (GE GRC), Pingkun Yan (RPI), Mannudeep Kalra (MGH), et al.



End-to-end CT Imaging

bicmr.pku.edu.cn/~dongbin/Publications/EndToEndMedical.pdf



Direct Sinogram Analysis



Deep Sinogram Analysis



Energy-integrating vs Photon-counting CT
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Photon-counting Spectral CT

A Clinical Trial of 400 Patients in NZ (RPI plans to receive data)

NIH HEI 1S10OD026811 Wang G (PI) 04/01/19 – 03/31/20

Acquisition of MARS Photon-counting Micro-CT Scanner

The goal is to acquire the state of the art  MARS photon-counting micro-CT scanner to support 

major users who work on NIH-funded R01s and other research projects.



Emulation on CT Benchtop (Donated by GE-

GRC)

X-ray Source

60kW GE tube for 64-slice CT

High-V generator, 40-140kVp (JEDI)

Detector/DAS

Partial GE VCT-LightSpeed detector

64-slice (Z) by 128 pixels (X), 1x1 mm2

Motion Stages

Source: X, Y, Z, and φ

Detector: X, Y, and φ

Phantom: Z and φ

http://www.cirsinc.com



Meng B, Yang J, Ai DN, Fu TY, Wang G

Beijing Institute of Technology, Beijing, China; Rensselaer Polytechnic Institute, Troy, NY, USA

Na YH, Zhang B, Zhang J, Caracappa PF, Xu XG: Deformable Adult Human Phantoms for Radiation 

Protection Dosimetry: Anatomical Data for Covering 5th- 95th Percentiles of the Population and 

Software Algorithms. Phys. Med. Biol. 55: 3789-3811, 2010

Simulated Example



Limerick: Lady of Niger



Natural Language Processing (NLP)

Machine   Learning   for   Tomographic   Imaging
Ge Wang,   Yi Zhang,   Xiaojing Ye,   &   Xuanqin Mou



Semantic Tomography

Machine   Learning   for   Tomographic   Imaging
Ge Wang,   Yi Zhang,   Xiaojing Ye,   &   Xuanqin Mou
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