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Introduction: Dynamic Tomography 5
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Commercial CT scanner

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 X 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
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* Goal: To reconstruct a time-varying object f(x,t), x € R? , from its projections

g('a Hvt) — RQ{f(Xﬂ t)}
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Problem Statement

* Goal: To reconstruct a time-varying object f(x,t), x € R? , from its projections

g('a Q,t) — RQ{f(Xﬂ t)}

: : : : : . : : P-1
* Assumption: Uniform time-sequential sampling of a single angle 8, at each t,, with sampling scheme {Gp}pzo.

{9(s,0p,1p) 11)5’:—01? Vs, ty = pAy

Rg: The Radon transform operator at angle 6
s: Offset of the line of integration from the origin

P: Total number of projections (and temporal samples)
A;: Time-difference between consecutive projections
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Problem Statement

* Goal: To reconstruct a time-varying object f(x,t), x € R? , from its projections

g('a 97 t) — Re{f(xa t)}
* Assumption: Uniform time-sequential sampling of a single angle 8, at each t,, with sampling scheme {0, }f—_]

{9(s,0p,tp) Y=g Vs, tp = DA

Rg: The Radon transform operator at angle 6
* Filtered backprojection (FBP) for reconstruction leads to severe artifacts | 5 Offsetof theline of integration from the origin
P: Total number of projections (and temporal samples)

A;: Time-difference between consecutive projections

Axial Coronal

Severe
mc?tlon* Synthetically warped
artifact walnut reconstructed using a
Brain single projection at a time
CT
Static f FBP Recon

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

* Joint estimation of the motion field & object?

* PDE-based motion field estimation?

» Assume fixed total density at different times

» Unable to represent topological changes

1 [Jailin and Roux, 2018, Jailin et al., 2021, Zang et al., 2018, Capostagno et dl., 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 dl., 2011, Lingala et al., 201 1, Otazo et al., 2015, Ravishankar et al.,

2017, Babuetal., 2023]
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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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* Joint estimation of the motion field & object? ’ Low-ranAk, parAtiaIIy separable models (PSM)?

* PDE-based motion field estimation?

v | [ V | VA Y |
0 200 0 200 0 200 0 200 0 200 0 200
t t t t t t

» 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

» Assume fixed total density at different times

* Implicit LR promoting methods#

» Unable to represent topological changes
» Require full-rank representation

» Memory requirement & number of free

1 [Jailin and Roux, 2018, Jailin et al., 2021, Zang et al., 2018, Capostagno et dl., 2021], 2 [Burger et al, 2017, Hahn et al,, 2022], 3 [Liang, 2007, 1 H H
Haldar and Liang, 2010, Zhao et al., 2012, Lingala and Jacob, 2013], 4 [Gao et dl., 2011, Lingala et al., 201 1, Otazo et al., 2015, Ravishankar et al., pa rameters sca le Wlth the ObJ ect reSOI ution 9
2017, Babu etal., 2023]
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* Deep image prior (DIP)-based algorithms®
» Overfitting

» May require early stopping or additional

regularization

xt()
MapNet CNNs Xt = fo(zx)—
g ¢ hw Image space
ZK 1 ;
9 latent mapping } :[I H,
* Optimization objective k-space Reconstructed
Given Yk, find #* = arg mm || Vi — Hk fe(zk) ||§ image sequence

5 [Zouetal., 2021, Yoo et al., 2021], ¢ [Ahmed et dl., 2022]
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* Deep image prior (DIP)-based algorithms® * Combination of PSM and generative models®
» Overfitting » May not be easily scalable
» May require early stopping or additional » Overfitting

regularization

Data
CNN1 Loss
MapNet CNNs Up—>| U= Qe() —
g¢ hw
latent mapping

------------------------------------ - : CNN 2
* Optimization objective -space Reconstructed : V=64()
| |2 image sequence

Given Yk, find §* = arg m1n || Vi — Hk fe(Zk) 5

5 [Zouetal., 2021, Yoo et al., 2021], ¢ [Ahmed et dl., 2022]
11
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* PSM with pre-learned spatial priors®

» Improves over previous PSM-based methods

and DIP-based generative techniques

» May not be sufficiently expressive for high-rank

objects
RED steps are agnostic to
the specific motion J
Noisy static images Clean static images
. Static Supervised Training
Denoiser
Dy
_____________________________________________ O
RED-PSM
:gtl

8 [Iskender et al., 2024],¢ [Reed et al., 2021, Zhang et al., 2023, Shao et al., 202 3]
12
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* PSM with pre-learned spatial priors® * Neural field (NF)-based algorithms?®
» Improves over previous PSM-based methods » Parsimonious representation
and DIP-based generative techniques > Simple regularization
» May not be sufficiently expressive for high-rank > Static template & motion field decomposition
objects
RED steps are agnostic to J
the specific motion
//c'..:ic ‘mges Samgl)eoL[:?nZ;:;ene Warp Template:;zne with Motion Motior;f;;:‘tizifmeter
snﬂcsup‘fv‘s‘d Tm'n'ng - 3 Gpx,y,7) i s it} 304 C e RFxxs 1. Radon Transform Projects
Denoiser N — - ’)
D¢ i i /
Generate Scene Frames r’ Compute !.oss in Sinogram Space!
¢ i N S s Mesemens wesrements.

min || Ry (o(t)) — Roe (G'[‘IH
o, :

S X eoe

__________________________________________________________ R | | ’)

RED-PSM

8 [Iskender et al., 2024],¢ [Reed et al., 2021, Zhang et al., 2023, Shao et al., 202 3]
13



RSR-NF;: Overview

Artifacted static images

Static Supervised Training

Inference

Neural field

Time-sequential
measurements g,

I

[ Restoration priors are } ILLINOIS ECE

Clean static images Static. learned

Restoration Net restoration spatial

D¢ - } | prior

Recovered dynamic object NF representation
f(x,t) for the space-time
object
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* Scarce ground-truth spatio-temporal data == Need for spatial priors
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* Better spatial priors ™ improved reconstruction accuracy
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* Better spatial priors ™ improved reconstruction accuracy

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

19



Neural Fields (NFs) E

* Resolution-free & coordinate-based continuous object representation using DNNs

* Computes output features of an object f at coordinate v € R%

Part I: Techniques

LA o0 :
n \.\_‘l g 5J ‘.. Ix =Tx
Rm - R ] [}‘00-‘0 ® =i
@ f9 » g, L o'e
f (V) = I’L v Conditioning Hybrid Forward Maps Architectures ~ Manipulation
L J L 3 Representations
/ \ Part II: Applications
MLP-based NN [ output features, € R% ] % M‘”ﬂ
]Rdi - Rdo N ” "_
pal’a meters: a 2D and 3D Reconstruction Generative Models Digital Humans
b ﬂ - ¥
903 63 KB h
Compresswn Robotics ..and Beyond!

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

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

20
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Two-stage NF f%(v) forv € [0,1]3:

21



RSR-NF: NF Representation for f I
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Two-stage NF f%(v) forv € [0,1]3:

1. Fourier positional encodings y(v) € RYX6 with L linearly increasing frequency components:

’y(u)l:(sin(glu),cos(glv)) where [ € {1,...,L}

22
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Two-stage NF f%(v) forv € [0,1]3:

1. Fourier positional encodings y(v) € RYX6 with L linearly increasing frequency components:

’y(u)l:(sin(glu),cos(glv)) where [ € {1,...,L}

2. MLP network with ReLU nonlinearity: M,:R*6 > R

* Qverall:

fEW) = Ma(y(v)) = po

-

[ Optimized to represent f ]

23
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- Regularization-by-Denoising (RED): A recovery method using an image denoiser Dy in the

following regularizer:

p(fe) = %ftT(ft — Dy(ft)) Dy : R —» R
ft :f('a'vt)

 Simple gradient rule:’ Vp(ft) = [t — ng(ft)

* 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. 24
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* Restoration priors3: Replaces Dy with a pre-trained deep restoration operator
« Semi-supervised: can be trained on relevant ground-truth static data

- Improved static priors: Dy can be trained to mitigate various types and strengths of artifacts

IN various static restoration scenarios

* Training objective:

~ U0, 1]

[De radation operator: Gaussian blur with kernel size ki ~ UJ0, kmax]

3[Hu et al., 2023], [Hu et al., 2024] 75
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The naive objective:

mmz lg0(t),t — Roy f115 + App, (fi') + Epr (%)
Ap%(ft“) Static learned spatial restoration prior, 1 > 0 £p,(f%): Temporal smoothness prior )

Finite difference approximation to [|8°f/0t%||% , € >0

P—-1
= I = 2f0+ £l
t=2
\_ y

26



RSR-NF:; Variational Formulation

The naive objective:

mmz l90(t),t — Roqe) fe I3 + App, (f) + Ep-(F7)

N\

I

ILLINOIS ECE

Ap%(ft“) Static learned spatial restoration prior, 1 > 0

\_

Ep(f%): Temporal smoothness prior \
Finite difference approximation to [|8°f/0t%||% , € >0
P-1
= > lfe =202 + £l
t=2
J

Problem: Costly NF updates through the deep restoration operator Dy in pp , (f;")

27
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Problem: Costly NF updates through the deep restoration operator Dy in pg(f)

Solution: Variable split f¢ = f

28
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Problem: Costly NF updates through the deep restoration operator Dy in pg(f)

Solution: Variable split f¢ = f

The final objective:

ml}{lz g0+ — Roy [115 + Ao, (fe) + Epr ()
Ty

s.t. f¥=1f

* Estimated reconstruction > [“

29
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input: a(0), f(o) = fc(xo), 'y(o), B8>0,A>0£6£>0
foriec {1,...,1} do
o = argming {3, l9(, 0(8),£) — Rocy FE 112+ SN2 +~071 — FE7D)12 + ¢pr (£2)}
(2 =(z2—1 o1 1—1
vi: F = 2aDe( ) + x5 (170 +47Y)

A = A (i=1) 4 pal) _ F(0)

end for

[ Single fixed-point iteration to optimize w.r.t ft(i) ]

30



RSR-NF;: Overview

Artifacted static images

Static Supervised Training

Inference

Neural field

Time-sequential
measurements g,

I

[ Restoration priors are } ILLINOIS ECE

Clean static images Static. learned

Restoration Net restoration spatial

D¢ - } | prior

Recovered dynamic object NF representation
f(x,t) for the space-time
object




1.

2.

3.

Experiments: Test Data & Acquisition Scheme

* Accuracy Benchmark: Ground-truth object at each frame
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Comparison Benchmarks:

Temp-NF: RSR-NF without spatial
regularization (1 = 0)

RED-PSM [7]: PSM objective with pre-

learned denoiser-based prior

TD-DIP [8]: a recent deep image prior (DIP)-

based method for MRI recon

¢
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440 444
364  dee
DO OGEIED 694
t=T-1

S L
B
t=T7T-1

Acquisition: Bit-reversed angular

sampling over [0, 7] ]




* Reconstruction accuracies vs. total number of projections P:

Reconstructions from time-sequential projections: Accuracies
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Method

PSNR (dB) SSIM MAE (le-3) HFEN

0.0020 1
4 0.0015 1
0.0010
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FBP
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RED-PSM
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RSR-NF

15.1
22.5
22.8
23.7
24.4

0.300
0.882
0.911
0.937
0.946

2.13
0.87
0.78
0.71
0.65

0.030
0.025 .
§ 0.020
0.0154
0.010+

0.005 <,

—— RSR-NF

— Temp-NF
RED-PSM

I TD-DIP

04 06 08
t

FBP
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Consistent improvements
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* x— yslices:

Reconstructed slices Zoomed-in ( box) Zoomed-in ( box)

/N % _J L .. 4 ﬁ

A= s

83

t

o o
+ —
{ I
RSR-NF Temp-NF  RED-PSM -._RSR melemp-NF
[ Improved recovery of high-frequency features and uniform density regions

* x —tslices:

[ Higher temporal resolution ]

34




Reconstructions from time-sequential projections: Compressed Polymer 5

ILLINOIS ECE

* x—yslices:

Reconstructed slices Absolute reconstruction errors
f RSR-NF RSR-NF Temp-NF RED-PSM FBP 1.0
e ® 9 e ¥ 9 ; . - SR P '
O™ énb we - w &b v a PSR A :_S&L 2 2N Wy \#..d‘.‘@.
<t (@) ' ; : . ' o ™ .2
I ' ' '. T:r N s _ e . >, PR P ‘-g— .a\ 'a 0.8
+v
'. ‘. TV PR _’_"‘
| | ' it G 0.6

44’ 4#0’ o .. .. 8 ._._-\;Z'.';,;.;i;--_.,‘_g;',:_’ 0.4
e do& L o o ARA

0.2

t=116

0.0

* x—tslices:

-

y.

Temp-NF RED-PSM

[ Higher temporal resolution ]
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1. The first NF-based dynamic imaging method with pre-learned spatial priors
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regularizer NN for NF updates

37



Conclusions E

ILLINOIS ECE

1. The first NF-based dynamic imaging method with pre-learned spatial priors
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based method, (iii) a NF-based method with only temporal regularization
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Conclusions E
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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

39
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Limited number of distinct views E

ILLINOIS ECE

Accessing a complete set of distinct view angles in bit-reversed order

Smaller number of distinct view angles P, repeated periodically s.t. P = 128

Acquisition: Bit-reversed angular sampling over [0, ]

(1) Walnut (i1) Polymer

w
N

N
(o)]

30

PSNR (dB)
N
o5
PSNR (dB)
NN
NoOB

—¢— RSR-NF
—r— Temp-NF

RSR-NF is increasingly

—¢— RSR-NF
—r— Temp-NF

N
(@)

N
o

Both methods for P> 8

forP > 8 Temp-NF with sharper decline for P = 4



Testing the accuracy of the representation: Embedding Experiments 5

ILLINOIS ECE

_ _ f NF PSM NF PSM
Comparison on polymer subinterval: ¢« v @ . v ® . v @
N- |- - s EE = & -, @ Ea. @ .
1. The proposed NF S L m 1 ! 1V A
”. - s 9 - S e 9 - S W 9 m .
2. Low-rank PSM ~8$ b 0 $ I 0 ! ¥ I
« Y 3 « X 2 1 3 ¥

NF (l/ch) 2 ¢
Ea >4 *od

t=79

(SIices represented with similar number of free parameters: \
* NF: 7 layers & 64 channels per layer

* rank(PSM) =3

num params

Representation PSNRs: NF > PSM ] \ PSM leads to over-smoothed representations compared to NF j




Prior Works i

ILLINOIS ECE

* Deep image prior (DIP)-based algorithms® * Combination of PSM and generative models’
» Overfitting » May not be easily scalable
» May require early stopping or additional » Overfitting

regularization

Data
CNN1 Loss
MapNet CNNs Up=—=¥ U= Qe() —
g¢ hw
latent mapping

------------------------------------ - : CNN 2
* Optimization objective -space Reconstructed : V=64()
| |2 image sequence

Given Yk, find §* = arg m1n || Vi — Hk fe(Zk) 5

* Manifold models®

» Require spatio-temporal training data for reconstruction

5 [Zouetal., 2021, Yoo et al., 2021], ¢ [Djebra et al., 2022],7 [Ahmed et al., 2022]
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RSR-NF: Algorithm i

ILLINOIS ECE

input: (0, 70 = 0 10 850, 1>0¢>0

forie {1,...,1} do
o) = argmina{Y, (-, 0(t),t) — Rocy I3+ 17+~ — B V1% +pr (F)}
\ _t(i) = argminft{)\p(ft) - g”(fo‘(i) 4+ 4=D)e; — ftlI3}

() = 4(i=1) 4 fa(i) _ ()

end for

[ Iterative solution - many forward passes over deep D ]
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Experiments: Test Data & Acquisition Scheme I

ILLINOIS ECE

* Accuracy Benchmark: Ground-truth object at each frame

* Comparison Benchmarks:

1. Temp-NF: RSR-NF without spatial
regularization (1 = 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

Acquisition: Bit-reversed angular
sampling over [0, 7]
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