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Abstract

Model-Based Iterative Reconstruction (MBIR) is important
because direct methods, such as Filtered Back-Projection (FBP)
can introduce significant noise and artifacts in sparse-angle to-
mography, especially for time-evolving samples. Although MBIR
produces high-quality reconstructions through prior-informed op-
timization, its computational cost has traditionally limited its
broader adoption. In previous work, we addressed this limita-
tion by expressing the Radon transform and its adjoint using non-
uniform fast Fourier transforms (NUFFTs), reducing computa-
tional complexity relative to conventional projection-based meth-
ods. We further accelerated computation by employing a multi-
GPU system for parallel processing.

In this work, we further accelerate our Fourier-domain
framework, by introducing four main strategies: (1) a reformula-
tion of the MBIR forward and adjoint operators that exploits their
multi-level Toeplitz structure for efficient Fourier-domain com-
putation; (2) an improved initialization strategy that uses back-
projected data filtered with a standard ramp filter as the starting
estimate; (3) a hierarchical multi-resolution reconstruction ap-
proach that first solves the problem on coarse grids and progres-
sively transitions to finer grids using Lanczos interpolation; and
(4) a distributed-memory implementation using MPI that enables
near-linear scaling on large high-performance computing (HPC)
systems.

Together, these innovations significantly reduce iteration
counts, improve parallel efficiency, and make high-quality MBIR
reconstruction practical for large-scale tomographic imaging.
These advances open the door to near-real-time MBIR for ap-
plications such as in situ, in operando, and time-evolving experi-
ments.

Introduction

Synchrotron micro- and nano-computed tomography (micro-
CT and nano-CT) [14} 18l |6] have become indispensable tools
across a wide range of scientific fields, including materials sci-
ence, geoscience, and energy research. These techniques enable
non-destructive three-dimensional imaging of the internal struc-
ture of materials with high spatial resolution. Recent advances in
synchrotron instrumentation and detector technology have signif-
icantly increased acquisition speeds, enabling new experimental
modalities such as time-resolved tomography.

Time-resolved tomography allows researchers to observe
the evolution of microstructural processes within materials. Ex-
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amples include crack propagation under mechanical stress [[13],
degradation of polymer electrolytes during battery operation [[11],
and fluid transport through porous media [1]. Capturing these
dynamic processes requires rapid acquisition of projection data,
often under strict dose or time constraints. As a result, the col-
lected datasets frequently contain limited angular sampling and
increased measurement noise, making accurate image reconstruc-
tion significantly more challenging. Another application that
would benefit from MBIR is laminography which is inherently
limited-angle with a missing-wedge because of sample geometry
[LL5].

Model-based iterative reconstruction (MBIR) has emerged
as a powerful framework for addressing these challenges. By in-
corporating prior knowledge and accurate physical models into
the reconstruction process, MBIR can produce higher-quality re-
constructions from noisy or incomplete data compared to conven-
tional analytical approaches [20} 16} 12]. However, these benefits
come at the cost of substantial computational expense. Traditional
MBIR implementations rely on ray-tracing methods for evalua-
tions of forward and adjoint projection operators, which makes
reconstruction prohibitively slow for large-scale or time-resolved
tomography experiments.

To address this limitation, the TomoCAM framework [[12]
was developed as a GPU-accelerated platform for tomographic
reconstruction. TomoCAM implements the Radon transform and
its adjoint using non-uniform fast Fourier transforms (NUFFTs)
[91 4], enabling significantly faster computation compared to con-
ventional ray-tracing methods. In addition, the framework lever-
ages multi-GPU architectures to parallelize the reconstruction
process, allowing large datasets to be processed more efficiently.

In this work, we present several strategies that further im-
prove the performance and scalability of the TomoCAM frame-
work. The main contributions of this work are:

* Reformulating the gradient operator using a multi-level
Toeplitz structure enables the use of FFT-based fast convo-
lutions

* A hierarchical multi-resolution optimization strategy that
accelerates convergence by progressively refining the recon-
struction grid.

* A filtered backprojection-based initialization that signifi-
cantly reduces the number of iterations required for conver-
gence.

* A hybrid distributed MPI and multi-GPU implementation
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that enables large-scale tomographic reconstruction on mod-
ern HPC systems.

The code is available under an open-source license at
https://github.com/1bl-camera/tomocam.

Theory and Mathematical Background

Tomographic reconstruction is fundamentally based on the
inversion of the Radon transform. We briefly review the mathe-
matical background here and refer the reader to standard texts for
additional details [3,[10]. Let f : R? — R. The Radon transform
of f is defined by line-integral

Ro f(1) = 9)f(xvy)df €y

ot

where £(z,0) denotes the line parameterized by the offset ¢ and
projection angle 8. The Radon transform is closely related to
the Central Slice Theorem, which states that the one-dimensional
Fourier transform of a projection acquired at angle 0 corresponds
to a slice of the two-dimensional Fourier transform of the object
f(x,y) taken at the same angle 0, i.e.,

FR f(@) = f(wcos @, wsin O) 2)

where f in two-dimensional Fourier transform of f, and
(wcos B, wsinB) = (ky,ky) the Fourier-domain coordinates.

Traditional iterative tomographic reconstruction methods of-
ten rely on repeatedly applying forward and back-projection oper-
ators, which can be interpreted as large implicit linear systems. In
previous work [12], we implemented these operators using non-
uniform fast Fourier transforms (NUFFTSs), reducing the com-
putational complexity from O(N?) to O(NlogN + Mlog o€~ "),
where N denotes the number of voxels in target reconstruction, M
is the total number of pixels in the projection data, and € is the
desired numerical precision.

The forward projection, i.e., the output of the Radon trans-
form can be calculated as

Rf=F'7F, 3)

where .% denotes the NUFFT Type-2 operation that maps the
Cartesian grid in the object domain to a polar grid in the Fourier
domain, and F~! denotes the one-dimensional inverse FFT ap-
plied along the radial direction for a given projection angle.
Similarly, the adjoint operation, commonly referred to as back-
projection, can be expressed as

R*g = .%*Fg, “4)

where .#* denotes the NUFFT Type-1 operation that maps the
polar grid in the Fourier domain back to the Cartesian grid in the
object domain, and F denotes the one-dimensional FFT along the
radial direction.

When the projection data doesn’t satisfy angular Shannon-
Nyquist criterion, regularization @ is required. The tomographic
reconstruction problem can then be formulated as the following
optimization problem:

A 1
f:argm}nEllRf—gH%Jr?t‘D(lVf\)- ®)
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Here, g denotes the measured projection data, P is a regular-
ization function that enforces prior knowledge, and A is a regu-
larization parameter that balances data fidelity and regularization.
TomoCAM uses an edge-preserving qGGMREF prior for ®; we re-
fer the reader to [20) [16] for details. The formula for the iterative
step is obtained by differentiating (@), i.e.,

PSRRI AR, ©

where L is the Lipchitz constant of the gradient.

It is worth noting that, for 3D reconstruction, the Radon-
based data fidelity term is evaluated slice-by-slice, whereas the
qGGMREF prior enforces spatial coupling across the full 3D vol-
ume. This optimization problem can be solved using various itera-
tive algorithms. In this work, we employ the Fast Iterative Method
with Restart [[7]], an accelerated variant of Nesterov’s method [[17]],
due to its favorable convergence properties for large-scale prob-
lems.

In the following sections, we describe several newly imple-
mented strategies that further improve the convergence rate and
computational efficiency of this framework.

Toeplitz Structure Exploitation

The primary computational bottleneck in solving Eq. (3)
arises from repeated evaluations of R*(Rf — g) in (@), during gra-
dient computation. Each evaluation requires two NUFFTs. Al-
though NUFFTs have log-linear complexity, the gradient calcula-
tion can be further accelerated by exploiting the Toeplitz structure
of operator composition R* R. Specifically, this composition can
be expressed as a convolution between f and a point spread func-
tion (PSF) kernel K, that depends on the coordinates sampled in
the Fourier space.

While Toeplitz acceleration has been explored in MRI re-
construction [5,[19] and cryo-EM [21]], its application to NUFFT
based tomographic formulations has received limited attention.
This observation allows the data fidelity gradient to be computed
using FFT-based convolution.

The data fidelity gradient is given by

Vie=R'(Rf—g) = R'Rf —Rg. @
In (7), we can rewrite
R'Rf=K@®f, ®)

where ® refers to convolution.

The PSF kernel K can be precomputed by applying . * to
a function 1, where 1(x,y) = 1 for all (x,y) sampled in Fourier
space. To accurately recover R*R f, the PSF kernel K must be
sampled on a larger grid with at least 2N — 1 grid points in each di-
mension. Accordingly, to compute the gradient, f is zero-padded
to size 2N — 1 in each dimension, and the resulting convolution is
restricted to an N x N region. The convolution can then be evalu-
ated efficiently using FFTs:

R'Rf = Resyxn(F~ " (FK @ FPadoy—1xon-1f) )

where I denotes the two-dimensional fast Fourier transform, Res
is restriction, Pad is extension, and ® represents element-wise
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multiplication. The reformulated loss and gradient equations are
given as,

1 1
e= EfTK®fffTR*g+ Eng (10
Vie=K®f—R'g (11)

Both FK and R*g are computed once prior to the iterative
reconstruction. This reformulation significantly reduces the com-
putational cost of the data fidelity gradient and loss, as it requires
only two FFTs and one element-wise multiplication instead of a
forward and a backprojection.

Initialization Strategy

The choice of initialization can significantly influence the
convergence behavior of iterative reconstruction algorithms.
Starting the optimization from a poor initial estimate may require
many iterations before the algorithm approaches a meaningful so-
lution. To mitigate this issue, we adopt an informed initialization
strategy based on filtered backprojection (FBP), which provides
a fast approximate reconstruction from the measured projection
data [3[10].

Let g denote the measured projection data and R the forward
projection operator. A quick initial estimate can be obtained by
applying the adjoint operator R* to the projection data. However,
an unfiltered backprojection produces a blurred object due to the
frequency response of the Radon transform. To compensate for
this effect, the projection data are first filtered with a ramp filter
prior to backprojection [8].

Let pg(s) denote the projection at angle 6 and sinogram co-
ordinate s. The filtered projection is computed as

Po(s) = (h® pg)(s), (12)

where & denotes convolution and A(s) is the ramp filter kernel. In
the Fourier domain, the ramp filter is defined as

h(o) = |ol, (13)

which amplifies high-frequency components to compensate for
the smoothing introduced by the projection process.

The initial guess is then obtained using filtered backprojec-
tion

fo=R"g, (14)

where & denotes the collection of filtered projections. This initial-
ization provides a computationally inexpensive approximation of
the true solution.

Although the filtered backprojection reconstruction may
contain artifacts due to limited-angle sampling or measurement
noise, it typically captures the dominant low-frequency structure
of the underlying image. Consequently, it serves as an effective
starting point for the iterative optimization. By initializing the re-
construction with fj, the algorithm begins closer to the desired
solution, reducing the number of iterations required for conver-
gence and lowering the overall computational cost.
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Hierarchical Multi-Resolution Reconstruction

To accelerate convergence, we employ a hierarchical multi-
resolution reconstruction strategy. Instead of solving the inverse
problem directly at the target resolution, the reconstruction is per-
formed progressively across a sequence of grids with increasing
spatial resolution. This approach leverages the observation that
the low-frequency components of the solution dominate the early
stages of reconstruction and can be estimated reliably on coarser
grids at significantly lower computational cost.

We define a hierarchy of grids Qg,Q,...,Q, where Qg cor-
responds to the coarsest discretization and € to the desired re-
construction resolution. At each level /, the optimization problem
in Eq. (3) becomes

1
SO = argmin 3 1Rq)f = g3 +AL( V), (15)

where R(;y denotes the forward operator defined on grid €, and
(1) represents projection data that have been downsampled to
match that resolution. For downsampling, we select coarse-grid
points by subsampling the full-resolution projection data.

The optimization is first performed on the coarsest grid g,
producing an estimate f ©), After convergence at this level, the
solution is interpolated to the next finer grid using Lanczos in-
terpolation. Lanczos interpolation is based on a windowed sinc
kernel that provides high-quality band-limited interpolation while
suppressing ringing artifacts.

Let P, denote the interpolation operator mapping grid €; to

Q;41. The initialization for the next level is given by félﬂ) =

Pf (). The Lanczos kernel with window parameter a is defined as

sin(7x) sin(wax)
L(x) = {(mzxzv x| <a,

. (16)
0, otherwise,

In practice, the interpolation operator P, is implemented as a
convolution with a separable Lanczos kernel. For a discrete signal
fli]. the interpolated value at location x is given by

FOo) =Y flILx—1). (17

For multi-dimensional reconstructions, the interpolation is
applied separably along each spatial dimension. The Lanczos
window truncates the sinc kernel to a finite support |x| < a, limit-
ing computational cost while preserving most of the spectral prop-
erties of ideal sinc interpolation. In our implementation, we use
a fixed window size a = 3, which provides a good compromise
between interpolation accuracy and computational efficiency.

The reconstruction is then refined by solving the optimiza-

tion problem on £, using félﬂ) as the initial estimate. This
coarse-to-fine procedure is repeated until the finest grid Qy is
reached.

This hierarchical strategy accelerates convergence because
large-scale structures are recovered on coarse grids where the
number of unknowns is small and the optimization landscape is
smoother. The interpolated solution therefore provides a high-
quality initialization for subsequent levels, allowing the opti-
mization on finer grids to focus primarily on recovering high-
frequency details. As a result, high-quality reconstructions can
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be obtained with significantly fewer iterations at the finest resolu-
tion.

Distributed Multi-GPU Implementation

To handle large-scale tomographic datasets and accelerate
computation, the reconstruction framework is implemented using
a hybrid parallel architecture that combines distributed-memory
parallelism with GPU acceleration. Inter-node communication is
handled using the Message Passing Interface (MPI), while GPUs
within each node are coordinated using shared-memory paral-
lelism. This design distributes both the computational workload
and memory footprint across multiple GPUs while maintaining
efficient evaluation of the gradient and regularization terms re-
quired by the iterative reconstruction algorithm.

The reconstruction volume is partitioned along the rotation
axis of the tomography geometry. The domain is first decom-
posed across MPI processes (compute nodes), and each node fur-
ther partitions its assigned sub-volume among the GPUs available
on that node. This hierarchical decomposition enables efficient
scaling across both nodes and GPUs.

The data fidelity gradient depends only on local volume par-
titions and no point-to-point communication between neighboring
processes is required. In contrast, the qGGMREF prior used in this
work relies on interactions between each voxel and its 26 near-
est neighbors in three dimensions. Thus, boundary information
must be exchanged between adjacent sub-volumes during each
iteration. To support this, a halo region is maintained for each
partition that stores boundary voxels from neighboring processes.
After every iteration, halo regions are updated through MPI com-
munication to ensure that the regularization gradient is computed
consistently across partition boundaries.

Within each compute node, GPU execution is orchestrated
using a lightweight scheduling system designed to overlap data
transfers and GPU computation. The scheduler consists of three
cooperating threads connected through thread-safe work queues.
The first thread transfers input data from host memory to GPU
memory and inserts the corresponding work items into a bounded
work queue. The second thread retrieves tasks from this queue
and executes the associated GPU kernels. Completed tasks are
placed into an outgoing queue, from which a third thread asyn-
chronously transfers the results from GPU memory back to host
memory.

The resulting hybrid MPI-GPU framework scales efficiently
on modern multi-GPU HPC systems, enabling reconstruction of
large volumetric datasets that would otherwise exceed the mem-
ory capacity of a single device. By combining distributed com-
putation, shared-memory parallelism, and GPU acceleration, the
proposed implementation makes high-quality model-based itera-
tive reconstruction (MBIR) practical for large-scale tomographic
imaging applications.

Numerical Benchmarks

We used a sparsely sampled nano-CT experimental dataset,
published on the Tomobank data repository [2]], to evaluate the
performance of the proposed methods. The dataset consists of
212 projections with detector size 2048 x 2448 pixels; see Figure
[[] The benchmarks are designed to assess four key aspects of
the method: (i) the computational efficiency of the forward and
adjoint operators, (ii) the impact of the initialization strategy, (iii)
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the effectiveness of the multi-resolution reconstruction scheme,
and (iv) the scalability of the distributed HPC implementation.

2448

0
0 2448

(@ (b)
Figure 1. A Nano-CT projection data from the Tomobank was used for
benchmarking. (a) A projection image from the tomogram. (b) A slice of
reconstructed volume using MBIR.

Toeplitz Acceleration of Forward and Adjoint Op-
erators

The performance of the forward and adjoint operators is crit-
ical for model-based iterative reconstruction since these opera-
tors dominate the computational cost of each iteration. We com-
pare two implementations of the operator, i.e., the direct method
that uses ||Rf — g|l» and R*(R f — g) to calculate loss and gradi-
ent respectively, against the reformulated operators that leverage
multi-level Toeplitz structure (T0) and (TT), across increasing im-
age widths.

Figures [2] report the runtime for evaluating the gradient and
loss. The optimized implementation consistently reduces compu-
tation time while maintaining high numerical accuracy. The rel-
ative difference between the two implementations remains small
across all tested image sizes, indicating that the accelerated oper-
ator preserves the accuracy of the original method. These results
demonstrate that the optimized operator provides a significant per-
formance improvement without compromising reconstruction fi-
delity.

Effect of Initialization

We next evaluate the impact of the proposed filtered back-
projection (FBP) initialization compared with a constant initial-
ization. Figure [3| shows the data fidelity term ||[Rf — gl|» as a
function of iteration for both approaches.

The FBP initialization begins with a substantially lower
residual and maintains a consistent advantage throughout the op-
timization. This occurs because the FBP estimate captures the
dominant low-frequency structure of the object, placing the iter-
ative solver loser to the optimal solution. Consequently, the re-
construction algorithm requires fewer iterations to reach the same
residual level compared with a constant initialization. FBP-based
initialization significantly reduces the initial residual.

Hierarchical Multi-Resolution Reconstruction

We now evaluate the impact of the hierarchical multi-
resolution reconstruction strategy. While the filtered backprojec-
tion (FBP) initialization described in the previous subsection nat-
urally serves as an effective starting point for the coarse grid, it is
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Figure 2. Runtime comparison between the direct method (A) and the

Toeplitz-based method (B) for gradient and loss, as well as the relative dif-
ference (C) between the two methods, as a function of image width. The op-
timized Toeplitz implementation consistently loss, as well as the relative dif-
ference (C) between the two methods, as a function of image width. The op-
timized Toeplitz implementation consistently reduces computation time while
maintaining high numerical accuracy. The left y-axis represents runtime,
and the right y-axis represents the relative difference between the direct and
Toeplitz-based methods.
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Figure 3. The initial residual is approximately a factor of two lower com-
pared to constant initialization, effectively reducing the optimization effort by
20-25 iterations.

intentionally disabled in this experiment to study the effect of the
hierarchical reconstruction strategy independently.

Figure@compares the convergence behavior of the proposed
coarse-to-fine approach against a single-resolution optimization.
The reconstruction begins on a coarse grid of (611 x 611), where
large-scale structures are recovered efficiently at low computa-
tional cost. The solution is then interpolated onto progressively
finer grids, with the resolution increased by a factor of 2 at each
stage, providing improved initialization for subsequent optimiza-
tion. As shown in Figure [ this strategy substantially reduces
the number of iterations required at the highest resolution. While
the exact performance gains may vary across datasets, in this case
the total runtime is reduced by approximately a factor of 5. The
coarse-to-fine scheme therefore improves convergence while re-
ducing the overall computational effort.
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Figure 4. Convergence behavior of the multi-resolution reconstruction strat-
egy. The coarse-to-fine approach reduces computational cost at the highest
resolution by providing improved initial estimates at each refinement stage.
In this example, three hierarchical grid levels are used, starting from a grid
of size (N/4 x N/4), doubling the resolution at each stage. Numbers next to
arrows indicate iterations at each resolution.

Distributed HPC Performance

Finally, we evaluate the scalability of the distributed imple-
mentation on the Perlmutter supercomputer at the National En-
ergy Research Scientific Computing Center (NERSC). The recon-
struction volume size in this experiment is 2048 x 2447 x 2447
voxels.

Figure [5] shows the reconstruction time as a function of the
number of compute nodes. The results demonstrate scaling as the
number of nodes increases from 16 to 128. The total reconstruc-
tion time decreases from approximately 30 minutes on 16 nodes
to less than 9 minutes using 128 nodes. These results confirm that
the distributed MPI implementation effectively utilizes multiple
GPUs while keeping communication overhead manageable. The
proposed framework therefore enables efficient reconstruction of
large volumetric datasets on modern HPC systems.

Tomocam MPI Scaling on Perlmutter
Recon size: (2048 x 2447 x 2447)

Time (min)

16 2 64 128
Number of nodes

Figure 5.  Performance of the distributed MPI implementation on the Na-
tional Energy Research Scientific Computing Center’s Perlmutter supercom-
puter for a reconstruction volume of size 2048 x 2447 x 2447,

Conclusion

We presented an efficient framework for large-scale model-
based iterative reconstruction (MBIR). By leveraging the multi-
level Toeplitz structure of the Radon transform and its adjoint, we
reformulated the data fidelity term, enabling significant computa-
tional performance improvements. To further accelerate conver-
gence, we introduced a smart initialization strategy based on fil-
tered backprojection and a hierarchical multi-resolution strategy.
This approach captures the low-frequency structure of the object
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early in the optimization process, leading to faster and more stable
convergence. We also developed a distributed multi-GPU imple-
mentation that partitions the volume along the rotation axis and
efficiently manages inter-node inter-GPU communication through
halo exchanges.

Numerical experimental results demonstrate that the pro-
posed strategies achieve significantly faster reconstruction while
maintaining quality for large volumetric datasets. These results
highlight the practical viability of combining operator-efficient
formulations, hierarchical optimization, and distributed comput-
ing for next-generation tomographic reconstruction. The pre-
sented framework opens the door to near-real-time MBIR for ap-
plications such as in situ, in operando, and time-evolving experi-
ments.
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