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Image generation using Al
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Medical image generation using Al




Medical imaging pipeline

ALGORITHM




CT imaging and reconstruction

X-ray
tube
Reconstruction field

Data Acquisition field

Filtered Back Projection (FBP)



MRI imaging and reconstruction

k-Space MRI image



Al-generated medical image (AIGMI): 2 forms

A
.........

@ Image Recovery @ Image Synthesis



(1) Neural medical image recovery

Patient Medical

signal image

Al RECOVERY P ( I | S)

* adverse condition * perfect condition



Medical image recovery: an inverse problem
N

0 Forward problem - 0 Inverse problem

from object to observations from observations to object

Y=AX arg miny Loss(Y, AX) + Reg(X)



Medical image recovery: a learning perspective
N

Recovery task: Assumption:
* From an acquired signal X, * There exists a set of paired
estimate a ‘better’ image Y= f(X) training examples {(X,Y.)} or

unpaired sets {X:} + {Y:}

(Supervised) Learning:
arg miny, 2; Loss(Y,;, {X; W)) + Reg(W)

Pros: Cons:
* Data-driven or data as regularizer * Need for training data
* Fast estimation * Data bias

* Leverage the ML strength * Knowledge-agnostic



Neural medical image recovery =

Deep learning + imaging knowledge

Input & Ao Algorithm: Output
image S 4‘; - Deep network variable
X S Y = f{(X; W) Y

arg miny, 2; Loss(Y,, {X; W)) + Reg(W)

Key
Challenges

Black box

(Supervised) Learning:

Which knowledge? How to integrate?

Better network architecture
Less supervised




Neural medical image recovery
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ALGORITHM
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Neural medical image recovery
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Dual-domain network (DuDoNet)
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DuDoNet: Dual-domain network for metal artifact reduction
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CT metal artifact
reduction




CBCT artifact
reduction

Liao et al. ADN: Artifact disentanglement network for unsupervised
metal artifact reduction. IEEE TMI 2020.




DuDoRNet: Dual-domain recurrent network for MR recon

kspace
image
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PSNR: 2-7dB better than SOTA

Zhou and Zhou. DuDoRNet: Learning a Dual-Domain Recurrent Network for Fast MRI Reconstruction with Deep T1 Prior. CVPR 2020.




DSA video
denoising

Liu et al. Stabilize, decompose, and denoise: Self supervised fluoroscopy
denoising. MICCAI 2022.




Xray rib
suppression

Li et al. High-resolution chest X-ray bone suppression using unpaired CT
structural priors TMI 2020.

Han et al. GAN-based disentanglement learning for chest X-ray rib
suppression. Medical Image Analysis 2022.
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Xray pelvis
extraction




CT metal artifact reduction using NeRF

p(r) = —In /g n(E) - exp (— / M(x) - (%) + [1 = M(x) -ﬂ(X)dX) dE

——tu [ (E) e (= [ M0 wpax ) dB+ [ 1= ME)- uxax.

r
Nonlinear Metal Effect Linear Integral

p(r)
1 > n(E)- 8 I

n(E)

Ene. Level E ==

Polychromatic CT Forward Model

Q Wu et al. Unsupervised polychromatic neural representation for CT metal artifact reduction. NeurlPS 2023.



3D Gaussian Representation

_ Initialization of Gaussians :
CT scanning (Section 3.1) Adaptive Control

(Section 3.3)
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Optimization of Gaussians
(Section 3.2)

Li et al. 3SDGR-CT: Sparse-view CT reconstruction with a 3D Gaussian representation. MedIA 2025.
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Neural Medical Image Recovery publications

Lin et al. DuDoNet: Dual domain network for CT
metal artifact reduction. CVPR 2019.
Zhouetal. DuDoDR-Net: Dual-domain data
consistent recurrent network for
simultaneous sparse view and MAR in
computed tomography. MedIA 2020.

Zhou & Zhou. DuDuRNet: Learning a dual-
domain recurrent network for fast MRI
reconstruction with deep T1 prior. CVPR 2020.
Lyu et al. U-DuDoNet: Unpaired dual domain
network for CT metal artifact reduction.
MICCAI 2021.

Zhou et al. DuDoUFNet: Dual-domain under-to-
fully-complete progressive restoration
network for simultaneous MAR and low-dose
CT reconstruction. [EEE TMI 2022.

Wang et al. DuDoTrans: Dual-domain

transformer for sparse view CT reconstruction.

MLMIR 2022.

H Liao et al. Adversarial sparse-view CBCT
artifact reduction. MICCAI 2018. (oral)

Liao et al. Artifact disentanglement network
for unsupervised metal artifact reduction.
MICCAI 2019. (oral)

10.
11.

12.
13.
14.
15.
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17.

18.
19.
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22.

23.

Liao et al. ADN: Artifact disentanglement network for unsupervised
metal artifact reduction. IEEE TMI 2020.

Lyu et al. Encoding mask projection for metal artifact reduction in CT. MICCAI 2020.
Peng et al. Towards multi-sequence MR image recovery from
undersampled k-space data, MIDL 2020. (oral)

Peng et al. SAINT: Spatially aware interpolation network for
medical slice synthesis. CVPR 2020.

Wang et al. Generalizable limited-angle CT reconstruction via
sinogram extrapolation. MICCAI 2021.

Peng et al. DA-VSR: Domain adaptable volumetric super-resolution
for medical images. MICCAI 2021.

Liu et al. Universal undersampled MRI reconstruction. MICCAI 2021.
(oral)

Lyu et al. A3DSegNet: Anatomy-aware artifact disentanglement and
segmentation network for unpaired segmentation, artifact reduction,
and modality translation. IPMI 2021.

Zhou et al. Limited view tomographic reconstruction using a
cascaded residual dense spatial-channel attention network with
projection data fidelity layer. IEEE TMI 2021.

Liu et al. Undersampled MRI reconstruction with side information
guided normalization. MICCAI 2022.

Peng et al. Towards performant and reliable undersampled MR
reconstruction via diffusion model sampling. MICCAI 2022. (oral)
Liu et al. Stabilize, decompose, and denoise: Self supervised
fluoroscopy denoising. MICCAI 2022.

Q Wu et al. Unsupervised polychromatic neural representation for
CT metal artifact reduction. NeurlPS 2023.

Li et al. 3BDGR-CT: Sparse-view CT reconstruction with a 3D
Gaussian representation. MedlA 2025.

Z Xu et al. NeRF-based CBCT reconstruction needs normalization
and initialization. MICCAI 2025.



(2) Neural medical image synthesis

SCANNER ()

Medical
image

* condition (b)
* scanner (d)

Patient
condition (a)

Al SYNTHESIS
ALGORITHM

P(Ib,d ‘ Sa,c)




(2) Neural medical image synthesis

2.1)

Causal Longitudinal
Image Synthesis (CLIS)

Li et al. Causal longitudinal image synthesis. IEEE Trans. PAMI. (submitted for publication)



(3) Medical Image Generation FM
Causal Longitudinal Image Synthesis (CLIS)

T Multi-covariates Misfolded Protein ~ Factual Brain

Alzheimer’s Disease (AD)

Li et al. Causal longitudinal image synthesis. MedIA 2025. (major rev Causal process




Measurements: Multiple factors and modalities

Demographics Biomarkers

Age Education AB

Gene

Medical Images

T1 T2




Causality between measurements

Demographics Biomarkers

Age Education AB

Gene

Medical Images

- Causal Image Synthesis




A causal model for
brain MRI synthesis




Q1 : How to find
the causal edges?

Integrating multiple
methods

Self-Causality assumption
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LSTM

|

non-causal MLP

non-causal linear

< ©

e

How to

Q2

?

ibe SCM

descr

causal NF

e o

causal linear

causal MLP

real data

Use MLP

@

* SCM - structural causal model



Q3: How to mitigate dimensional gap? GenAl




3D StyleGAN
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Acquired?
Synthesized?




Causal intervention




Brain Image
Time Machine




brain: 1283ml
ventricle: 49ml
GM: 464ml

s = female
a =81
score = 22

AD subject

Acquired image



control age difference map
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control ventricle_volume difference map
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Comparison with ground truth

0.2
0.15
SSIM CIS Mi-GANJ1] cGAN|[2]
0.1
1-yr (N=278) 0.973 0.946 0.944 0.05
4-yr (N=45) 0.963 0.942 0.939 0
All 0.971 0.05
(N=490, avg
1.95yr) -0.1
-0.15
-0.2

ADNI

—o— ventricles WM GM gt

-0.15 -0.1 —O.(VO 0.05 0.1 0.15

Volume intervention

[1] Zhao, Yan, et al. "Prediction of Alzheimer's disease progression with multi-information generative adversarial network." IEEE Journal of Biomedical and Health Informatics 25.3 (2020): 711-719.
[2] Mirza, Mehdi, and Simon Osindero. "Conditional generative adversarial nets." arXiv preprint arXiv:1411.1784 (2014).



Cognition
& Brain

Future
Condition

ADAS13

45

40

35

30

25

20

15

10

prediction: future ADAS13 and diagnosis

(75, 48) o
AD

—— subject A prediction
e subject A gt

- == subject B prediction
v subject B gt

age = 69
(66, 23) clinic: MCI to AD prediction & clinic:
MCI stable MCI
= (83, 12)
(77, 12§ == ==y--_ Y _ ML,
MCI
67.5 70.0 72.5 75.0 77.5 80.0 82.5

Age (years)

* unpublished data



Causal PETS

pGAN

@ Demographic Factor

Brain Structure . .
® Pix2Pix
Biomarker Distribution
@ Biomarker CSF level
. BPGAN
@ T1 MRI
@ PET Image

Causal PETS (ours)

—> Causal Edge
CausalGraph Path

- =-=> Straightfoward path T1 + Tabular

T1 + Tabular +
Causal PETS

PSNR

(dB)
23.19
21.83
24.09

26.74

SUVR MAE
(e-1)
0.23
0.21
0.18

0.10

Li et al. Causal PETS: Causality-informed PET synthesis from multi-modal data. MIDL 2025.

pMCI / AD
classification
accuracy (%)

76.02

85.20



Summary

GenAl Causal Factor+Image Apps

« Time machine

+ DisAl vs Correlational Multi-omics *  Factorintervention
*  Workflow modeling



© Neural Medical image synthesis

2.2) Unified multi-Modal Image Synthesis

Zhang et al. Unified Multi-modal image synthesis for missing modality imputation. IEEE Trans. Medical Imaging 2024.



Summary

AIGC for Creativity

AIGMI for Realness

Recovery
* Dual-domain

Synthesis
e Causal
e Universal



