
RSR-NF: Neural Field Regularization by 
Static Restoration Priors for Dynamic 

Imaging

Berk Iskender1,3,*, Sushan Nakarni4, Nitin Daphalapurkar4,

Marc L. Klasky4, Yoram Bresler1,2,3

Depts. of 1ECE, 2BioE, and 3Coordinated Science Lab
University of Illinois, Urbana-Champaign, IL, US

4Los Alamos National Laboratory, NM, US

Email: berki2@illinois.edu

*Currently at Analog Garage, Analog Devices, Inc., Boston, MA, US
This research was supported in part by Los Alamos National Labs under Subcontract No. 599416/CW13995

mailto:berki2@illinois.edu


Problem: Dynamic object recovery from projections acquired sequentially in time

• Applications: medical imaging [1], imaging of fluid flow processes [2,3], micro-CT [4], 

materials science experiments [5]… 

Challenge:

• ~𝑁 projections are required to reconstruct an 𝑁 × 𝑁 static object

• Dynamic object → only 𝑛 ≪ 𝑁 projections (𝑛 = 1 in the extreme case) are acquired at any time 
instant

Highly ill-posed: too few projections to reconstruct the object at any time

Introduction: Dynamic Tomography

Beating heart

Commercial CT scanner

Imaging 
geometry @ 𝑡1

Synthetic piecewise  warp of a walnut

Compressed Polymer
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• Goal: To reconstruct a time-varying object                              , from its projections
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ℛ𝜃: The Radon transform operator at angle 𝜃

𝑠: Offset of the line of integration from the origin

𝑃: Total number of projections (and temporal samples)

Δ𝑡:  Time-difference between consecutive projections



• Goal: To reconstruct a time-varying object                              , from its projections

• Assumption: Uniform time-sequential sampling of a single angle 𝜃𝑝 at each 𝑡𝑝 with sampling scheme                 .

• Filtered backprojection (FBP) for reconstruction leads to severe artifacts

Severe 
motion
artifact*

Problem Statement
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ℛ𝜃: The Radon transform operator at angle 𝜃

𝑠: Offset of the line of integration from the origin

𝑃: Total number of projections (and temporal samples)

Δ𝑡:  Time-difference between consecutive projections

*Case courtesy of Dr David Cuete, Radiopaedia.org, rID: 25637

Synthetically warped 
walnut reconstructed using a 

single projection at a time

FBP Recon

Axial Coronal

Static

Brain
CT

𝑓
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• Joint estimation of the motion field & object1

• PDE-based motion field estimation2

➢ Assume fixed total density at different times

➢ Unable to represent topological changes

Prior Works
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• Low-rank, partially separable models (PSM)3

➢ Simple spatio-temporal priors

➢ Memory requirement & number of free 

parameters scale with the object resolution

➢ Hard-constraint low-rank prior not sufficiently 

expressive for highly dynamic objects
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• Low-rank, partially separable models (PSM)3

➢ Simple spatio-temporal priors

➢ Memory requirement & number of free 

parameters scale with the object resolution

➢ Hard-constraint low-rank prior not sufficiently 

expressive for highly dynamic objects

• Implicit LR promoting methods4

➢ Require full-rank representation

➢ Memory requirement & number of free 

parameters scale with the object resolution 1 [Jailin and Roux, 2018, Jailin et al., 2021, Zang et al., 2018, Capostagno et al., 2021], 2 [Burger et al., 2017, Hahn et al., 2022], 3 [Liang, 2007, 
Haldar and Liang, 2010, Zhao et al., 2012, Lingala and Jacob, 2013], 4 [Gao et al., 2011, Lingala et al., 2011, Otazo et al., 2015, Ravishankar et al., 
2017, Babu et al., 2023]
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• Deep image prior (DIP)-based algorithms5

➢ Overfitting

➢ May require early stopping or additional 

regularization

5 [Zou et al., 2021, Yoo et al., 2021], 6 [Ahmed et al., 2022] 
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• PSM with pre-learned spatial priors8

➢ Improves over previous PSM-based methods 

and DIP-based generative techniques

➢ May not be sufficiently expressive for high-rank 

objects

Prior Works
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• PSM with pre-learned spatial priors8

➢ Improves over previous PSM-based methods 

and DIP-based generative techniques

➢ May not be sufficiently expressive for high-rank 

objects

Prior Works
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• Neural field (NF)-based algorithms9

➢ Parsimonious representation

➢ Simple regularization

➢ Static template & motion field decomposition

8 [Iskender et al., 2024], 9 [Reed et al., 2021, Zhang et al., 2023, Shao et al., 2023] 



RSR-NF: Overview
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Restoration priors are 
agnostic to the specific motion

Static, learned 
restoration spatial 

prior

NF representation 
for the space-time 

object

RSR-NF



Motivation
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• Scarce ground-truth spatio-temporal data            Need for spatial priors
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Motivation
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• Scarce ground-truth spatio-temporal data            Need for spatial priors

• Better spatial priors            improved reconstruction accuracy

• Existing object-domain algorithms are not conveniently scalable for high-res 2D/3D + time objects

• Hard-constraint low-rank prior not sufficient for highly dynamic objects

• Existing NF-based methods suffer from limitations related to motion field estimation



Neural Fields (NFs)
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• Resolution-free & coordinate-based continuous object representation using DNNs

• Computes output features of an object 𝑓 at coordinate 𝝂 ∈ ℝ𝑑𝑖

• Parsimonious: Number of parameters & memory requirements do not directly scale with resolution

MLP-based NN 
ℝ𝑑𝑖 → ℝ𝑑𝑜

parameters: 𝛼

output features, ∈ ℝ𝑑𝑜

Xie, Yiheng, et al. "Neural fields in visual computing and beyond." Computer graphics forum. Vol. 41. No. 2. 2022.



RSR-NF: NF Representation for f
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Two-stage NF 𝑓𝛼 𝝂 for 𝝂 ∈ 0,1 3:
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1. Fourier positional encodings 𝛾 𝝂 ∈ ℝ𝐿×6 with 𝐿 linearly increasing frequency components:

where
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Two-stage NF 𝑓𝛼 𝝂 for 𝝂 ∈ 0,1 3:

1. Fourier positional encodings 𝛾 𝝂 ∈ ℝ𝐿×6 with 𝐿 linearly increasing frequency components:

2. MLP network with ReLU nonlinearity:     𝑀𝛼: ℝ
𝐿 ×6 → ℝ

• Overall:

where

Optimized to represent 𝑓



Static Restoration Priors
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• Regularization-by-Denoising (RED)1: A recovery method using an image denoiser 𝐷𝜙 in the 

following regularizer:

• Simple gradient rule:*

• Semi-supervised: can be trained on relevant ground-truth static data

• Limited by the denoiser performance

1 [Romano et al., 2017], * [Reehorst and Schniter, 2018] provides an alternative score matching-based framework to explain the good performance of RED with denoisers not satisfying original assumptions.



Static Restoration Priors
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• Restoration priors3: Replaces 𝐷𝜙 with a pre-trained deep restoration operator

• Semi-supervised: can be trained on relevant ground-truth static data

• Improved static priors: 𝐷𝜙 can be trained to mitigate various types and strengths of artifacts

in various static restoration scenarios

• Training objective: 

where

Degradation operator: Gaussian blur with kernel size

3 [Hu et al., 2023], [Hu et al., 2024]



RSR-NF: Variational Formulation
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The naïve objective:

𝜆𝜌𝐷𝜙(𝑓𝑡
𝛼): Static learned spatial restoration prior, 𝜆 > 0 𝜉𝜌𝜏(𝑓

𝛼): Temporal smoothness prior

Finite difference approximation to ,  𝜉 > 0
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Problem: Costly NF updates through the deep restoration operator 𝐷𝜙 in 𝜌𝜙 𝑓𝑡
𝛼

Solution: Variable split 𝑓𝛼 = ҧ𝑓



RSR-NF: Variational Formulation
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Problem: Costly NF updates through the deep restoration operator 𝐷𝜙 in 𝜌𝜙 𝑓𝑡
𝛼

Solution: Variable split 𝑓𝛼 = ҧ𝑓

The final objective:

• Estimated reconstruction → 𝑓𝛼



RSR-NF: ADMM Optimization Algorithm
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Single fixed-point iteration to optimize w.r.t ҧ𝑓𝑡
(𝑖)



RSR-NF: Overview
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Restoration priors are 
agnostic to the specific motion

Static, learned 
restoration spatial 

prior

NF representation 
for the space-time 

object

RSR-NF



Experiments: Test Data & Acquisition Scheme
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• Accuracy Benchmark: Ground-truth object at each frame

Acquisition: Bit-reversed angular 
sampling over 0, 𝜋

• Comparison Benchmarks: 
1. Temp-NF: RSR-NF without spatial 

regularization (𝜆 = 0)

2. RED-PSM [7]: PSM objective with pre-
learned denoiser-based prior

3. TD-DIP [8]: a recent deep image prior (DIP)-
based method for MRI recon



Reconstructions from time-sequential projections: Accuracies

33

• Reconstruction accuracies vs. total number of projections 𝑷:

• Reconstruction PSNR vs. 𝒕:

Consistent improvements 
over comparison 

benchmarks



Reconstructions from time-sequential projections: Walnut
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• 𝒙 − 𝒕 slices:

• 𝒙 − 𝒚 slices:

Higher temporal resolution

Improved recovery of high-frequency features and uniform density regions



Reconstructions from time-sequential projections: Compressed Polymer
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• 𝒙 − 𝒕 slices:

• 𝒙 − 𝒚 slices:

Higher temporal resolution

Improved reconstruction accuracies



1. The first NF-based dynamic imaging method with pre-learned spatial priors

Conclusions
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1. The first NF-based dynamic imaging method with pre-learned spatial priors

2. A computationally efficient ADMM algorithm avoiding costly backpropagation through the deep 

regularizer NN for NF updates

3. Improved reconstruction accuracies compared to (i) a recent PSM-based alternative, (ii) a DIP-

based method, (iii) a NF-based method with only temporal regularization

4. Applicable to other dynamic imaging scenarios with scarce ground-truth spatio-temporal data

Conclusions
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Thank you!

G R A I N G E R  E N G I N E E R I N GE L E C T R I C A L  &  C O M P U T E R  E N G I N E E R I N G



Limited number of distinct views
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Physical challenge: Accessing a complete set of distinct view angles in bit-reversed order

Easier to implement: Smaller number of distinct view angles ෠𝑃, repeated periodically s.t. P = 128

RSR-NF is increasingly robust to decrease in # of 
distinct view angles for ෠𝑃 > 8

Both methods robust to decrease for  ෠𝑃 > 8

Temp-NF with sharper decline for ෠𝑃 = 4

෡𝑷 = 𝑷 = 𝟏𝟐𝟖

Acquisition: Bit-reversed angular sampling over 0, 𝜋



Testing the accuracy of the representation: Embedding Experiments
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Comparison on polymer subinterval:

1. The proposed NF

2. Low-rank PSM

Slices represented with similar number of free parameters:

• NF: 7 layers & 64 channels per layer

• rank(PSM) = 3 

PSM leads to over-smoothed representations compared to NFRepresentation PSNRs: NF ≫ PSM



Prior Works
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• Combination of PSM and generative models7

➢ May not be easily scalable

➢ Overfitting

• Manifold models6

➢ Require spatio-temporal training data for reconstruction

• Deep image prior (DIP)-based algorithms5

➢ Overfitting

➢ May require early stopping or additional 

regularization

5 [Zou et al., 2021, Yoo et al., 2021], 6 [Djebra et al., 2022], 7 [Ahmed et al., 2022] 



RSR-NF: Algorithm
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Iterative solution → many forward passes over deep 𝐷𝜙



Experiments: Test Data & Acquisition Scheme
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• Accuracy Benchmark: Ground-truth object at each frame

Acquisition: Bit-reversed angular 
sampling over 0, 𝜋

• Comparison Benchmarks: 
1. Temp-NF: RSR-NF without spatial 

regularization (𝜆 = 0)

2. RED-PSM [7]: PSM objective with pre-
learned denoiser-based prior

3. TD-DIP [8]: a recent deep image prior (DIP)-
based method for MRI recon
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