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ABSTRACT X-ray computed tomography (CT) is an important noninvasive medical imaging modality for studying the
structural details of internal organs. Image reconstruction in CT is an inverse problem of recovering an object’s internal
structure from the absorption profile of X-ray beams (sinogram) measured using a detector. The classical variational
approach for CT reconstruction minimizes an energy functional using an appropriate iterative algorithm. Motivated by the
success of deep learning (DL), researchers have begun to leverage training data and enhanced computing capabilities in
recent years to produce high-fidelity reconstructed images. Nonetheless, much of the academic research in DL algorithms
for CT has focused primarily on the two-dimensional setting (with simplified forward operators and noise model) for
proofs-of-concept, and a comprehensive benchmarking of various classical and data-driven CT reconstruction approaches
has not beenundertaken. The key objective of our CT reconstruction grand challenge was to promote methodological
advancements for both classical and DL-based approaches for clinical CT with a reasonably accurately simulated 3D CT
forward operator and noise model. We have utilized the publicly available LIDC-IDRI dataset and simulated sinograms
and FDK images corresponding to two dose levels (clinical- and low-dose, constituting two tracks of the challenge)
starting from the normal-dose images as the ground truth. In this paper, we summarize the motivation, context, and
results of our challenge, and highlight the future research directions in DL for clinical CT.

INDEX TERMS X-ray tomography, inverse problems, cone-beam CT, deep learning.
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I. INTRODUCTION

Image reconstruction in X-ray CT is an inverse problem of recovering
an image from its projections along lines in the 3D space. The
forward model in CT (without noise) can be expressed using the
Beer-Lamberts law T (x)(£) = exp(—u [, x(z)dz), £ € L, where x
represents the function (i.e., the image) to be reconstructed, and p de-
notes the mass attenuation coefficient. The set of lines £ along which
the projections are taken is determined by the acquisition geometry,
often chosen as the 3D helical cone-beam geometry in clinical appli-
cations. By considering the measurement in the log domain, the CT
reconstruction problem can be reasonably approximated as a linear
inverse problem of recovering a function x : Q@ — R, Q@ C R, from
its line integrals y(¢) = flx(z) dz, ¢ € L (also called the sinogram).
After discretizing and taking into account noise in the data, the
measurement equation can be expressed as

y=Ax+ w, (1)

where x € R” is the discretized 3D volume to be reconstructed (with
n voxels), A € R™*" represents the discrete counterpart of the CT
forward operator, and w denotes noise in the data. Without any prior
knowledge about x, the reconstruction problem is ill-posed, since A is
either not invertible or does not have a stable inverse. In other words,
there could be many possible solutions x that are consistent with the
operator (1), and a small amount of noise in the data can drastically
alter the solution (instability).

Traditionally, variational regularization (VR) [1] has been
the most successful framework for addressing this inherent ill-
posedness. In VR, one formulates an optimization

x,.(y) € argmin f(y, Ax) + 2 g(x), (@)

where f measures data fidelity (typically using the squared ¢, dis-
tance), g is a regularizer promoting certain smoothness properties
(such as a piecewise constant structure or sparsity in the wavelet
basis), and the penalty parameter A > O trades off data fidelity with
regularization. For a large class of fidelity and regularizers, (2) is a
convex program and can be solved using gradient-based algorithms,
e.g., proximal gradient-descent (PGD) [2], alternating directions
method of multipliers (ADMM) [2], and primal-dual techniques [3].

Despite theoretical guarantees, purely optimization-based ap-
proaches with handcrafted regularizers are limited in their ability to
adapt to the images over a wide range of CT reconstruction tasks,
which might lead to reconstructed images with suboptimal objective
quality metrics, thereby affecting subsequent diagnostic accuracy.
Moreover, iterative algorithms such as PGD or ADMM can take a
few thousand iterations to converge, which could be unacceptably
slow where the sinogram has a large number of projections and the
image has a large number of voxels.

By training powerful deep neural networks (DNNs) on large
corpora of data, researchers in recent years have developed faster
and more efficient data-driven reconstruction methods that produce
higher-quality reconstruction as compared to their classical coun-
terparts. However, regularization approaches based on generative
machine learning techniques [4], [S], [6] have the propensity of
hallucinating undesirable artifacts, having serious consequences for
clinical diagnosis. Further, the deep learning (DL)-based CT recon-
struction techniques in the academic literature are often applied to
highly pre-processed simulated data (primarily in the 2D setting)
with highly simplistic simulations of forward operators and noise
models. This can often lead to overly optimistic results, a phe-
nomenon known as implicit data crime [7].

VOLUME 6, 2025

The key motivation for our 3D CT challenge was to facilitate
a fair comparison of different data-driven and classical techniques
for realistic 3D clinical CT reconstruction, providing new insights
about their performance limits while indicating the avenues for new
algorithm development. In the following, we briefly review recent
DL approaches for CT reconstruction to put the challenge objectives
in perspective.

Il. DEEP LEARNING FOR CT: RECENT ADVANCES

The impressive success of deep learning in recent years has moti-
vated researchers to go beyond the model-based variational frame-
work for CT and develop data-driven strategies that leverage DNNs.
We summarize some key deep learning-based CT reconstruction
methods in the following. Some of these methods apply to a broader
class of imaging inverse problems apart from CT image reconstruc-
tion.

A. LEARNED POST-PROCESSING

A two-step reconstruction approach (referred to as FBPConvNet)
was proposed in [8], in which the filter back-projection (FBP) images
were enhanced using a convolutional neural network (CNN). The
noise and under-sampling artifacts in the FBP images can be re-
moved using a CNN Ry (0 representing learnable parameters) trained
on pairs of FBP and the corresponding target images to minimize a
supervised mean-squared error (MSE) loss. Another notable method
in this category is the residual encoder—decoder convolutional neural
network (RED-CNN) for low-dose CT proposed by Chen et al. [9].
These methods need more training data to generalize and suffer from
data inconsistency [10].

B. DEEP UNROLLING OF OPTIMIZATION ALGORITHMS

The algorithm unrolling framework [11] achieves data efficiency by
incorporating A and A" into the reconstruction network. In unrolling,
one considers a proximal splitting method (e.g., PGD or ADMM)
for solving (2) and then replaces the proximal operators with a train-
able shallow CNN. The learned primal-dual (LPD) framework [12]
(constructed by unrolling the primal-dual algorithm [3]) is a notable
example of an empirically successful unrolling approach for CT
imaging, offering the flexibility of learning the proximal operators
in both image and data spaces. A trained LPD model is significantly
faster than its model-driven variant, but training an LPD network is
computation-intensive. This is because A and AT need to be com-
puted as many times as the number of layers (typically ~ 10) during
the forward and the backward passes while training, making it infea-
sible for 3D clinical CT. One major shortcoming of unrolling is that
an unrolled network trained for L iterations tends to diverge when
more than L iterations are executed during reconstruction. That is,
the unrolled networks do not inherit the convergence properties of the
corresponding optimization scheme. This problem is alleviated by
the deep equilibrium (DEQ) model [13], which extends the concept
of unrolling up to an infinite number of iterations.

To achieve memory and time efficiency, a promising alterna-
tive is to employ stochastic unrolling [14], wherein each layer
needs to compute only a fraction of the forward operator (and the
corresponding adjoint). The learned stochastic primal-dual (LSPD)
approach [14] leads to a provably convergent unrolling scheme which
is significantly more efficient than LPD while preserving the image
quality.
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C. PLUG-AND-PLAY (PNP) DENOISING

In the PnP framework (proposed in [15], see [16] for a recent
review), off-the-shelf image denoisers are utilized as implicit reg-
ularizers for solving general ill-posed inverse problems. The key
idea of PnP denoising is to replace the proximal operator with a
Gaussian denoiser within a proximal splitting algorithm. This is
motivated by the observation that the MAP denoiser correspond-
ing to Gaussian noise contamination, given by £ = arg min %Hxa -

X

x[3 — o? log p(x), where x, = x + o w is the noisy image and w ~
N (0, I) denotes additive Gaussian noise, is essentially the proximal
operator corresponding to g(x) = —o? log p(x). Another motivation
for using Gaussian denoisers as image priors comes from Tweedie’s
formula [17]: E[x|x,] —x, = 02 V,, log p,(x,), which establishes
a direct relationship between the optimal minimum mean-squared
error (MMSE) Gaussian denoisers and the score function of the noisy
image (that serves as a good proxy for the true image prior). A pop-
ular instance of PnP denoising is PnP-PGD, with an iterative scheme
X1 = D(x® — V£ (v, Ax®)), where D is a Gaussian denoiser.
Besides proximal PnP methods, there exists an alternative class of
PnP techniques, referred to as the regularization-by-denoising (RED)
approach [18], [19], in which a denoiser is used to construct an
explicit regularizer.

D. LEARNED DNN-BASED REGULARIZERS

DNNSs can be utilized to directly parameterize and learn the regular-
izer in a data-driven fashion. Adversarial regularization (AR) [20]
and its convex variant (adversarial convex regularizer (ACR)) [21]
are notable approaches in this class. Adversarial regularizers are
trained as critics to discern a set of noise-free images (x?)Y | from
FBP reconstructions (A'y")\_ having under-sampling artifacts and
noise. A regularizer g, trained this way penalizes noise and artifacts
generated by the FBP operator A™ and promotes solutions that are
distributionally close to the clean ground-truth images. The opti-
mal 1-Lipschitz regularizer approximates the Wasserstein-1 distance
between 7, and 4, the distributions of clean and FBP images, re-
spectively. For a new noisy sinogram y, the trained regularizer gg
is incorporated into the variational framework and one minimizes
Jx)= |y — Ax||§ + X go(x) for reconstruction, with an appropri-
ately chosen A > 0.

Constructing the regularizer gy using a generic CNN leads to
a nonconvex variational problem for reconstruction, leading to the
issue of non-uniqueness of the solution and associated algorithmic
complexities to find it. This can be circumvented by modeling gy
such that gy (x) is a convex function of x. This parameterization is
known as input-convex neural networks (ICNNs) [22] and is utilized
in deriving the convex counterpart of AR [21], which is shown to
provide improved robustness for limited-angle CT reconstruction. It
was shown recently that similar convergence results can be obtained
with an input-weakly-convex regularizer gy, thus bridging the gap
between AR and its convex variant [23].

The Network Tikhonov (NETT) framework [24] models the reg-
ularizer as gy(x) = ¢(¢py(x)), where ¢, is an L-layer DNN with
learnable parameters 6, and ¢ is a scalar-valued functional. Specif-
ically, the regularizer in [24] is a nonlinear extension of the ¢,
regularizer: go(x) = >_; Bill¢o (x)];|?, where B; > 0. To ensure that
the regularizer is coercive (which is needed for the theoretical
guarantees), residual connections are added to the layers of ¢.
The parametric model ¢y (x) used in constructing the regularizer is
learned such that gy is small for artifact-free images and large for
images with artifacts (similar to AR, but achieved with an encoder-
decoder-based training approach).
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E. SELF-SUPERVISED METHODS

Learned post-processing and unrolling require supervision, i.e., pairs
of clean images and sinograms (or the FBP images), which might be
difficult to obtain in practice. Self-supervised methods do not rely
on the availability of any target ground-truth images and only make
use of the noisy sinogram data (or FBP) to learn a reconstruction
operator, thus making them more flexible than supervised methods.
Self-supervised approaches for CT are a rapidly expanding area of
research, with several new algorithms proposed in recent years (see,
for instance, [25]). In the following, we review some notable self-
supervised deep learning approaches in the context of CT.

Deep image prior: An empirically successful self-supervised ap-
proach for imaging is the deep image prior (DIP) method [26].
Surprisingly, DIP requires no training data, relying completely on
the regularization effect of the architecture of the deep CNNs and
the implicit regularization of the gradient-based optimizers [27]. Let
Gy be a deep convolutional generator, which can be either untrained
or pretrained. For an arbitrary latent vector z, the DIP scheme seeks
to approximately minimize the data consistency loss [ly — AGs(z) |13
using some first-order methods such as Adam, with early-stopping
to avoid overfitting. The final reconstruction is then computed as
Xx* = Gy« (z), where 6* is the learned parameter. A major disadvan-
tage of DIP is that one needs to train G, to reconstruct for each new y.

Equivariant imaging: Learning a reconstruction operator
Ry, by minimizing the unsupervised training 1oss Juup(0) =
x SN YD — ARy (y?)|I3 directly does not work due to the highly
non-trivial null-space of A. To mitigate this, Chen et al. [28] proposed
the equivariant imaging (EI) framework, utilizing the equivariance
of the forward operator to improve the performance of unsupervised
training. More precisely, for CT reconstruction, the plausible set
of images Z are invariant to a certain group of transformations
G =1{g1,8,...,8¢) with actions 7, such that T,x € Z for all
x € Z. For example, CT images are usually rotation invariant, and
the desired reconstruction operator should approximately satisfy
Ry(ATyx) = T,Ry(Ax), i.e., RyoA should be equivariant under
T,, which is enforced as a penalty to regularize the unsupervised
training loss. Although EI is more expensive to train and requires
more memory, this framework demonstrates remarkable empirical
potential and can closely match the accuracy of fully supervised
approaches [28].

Stein’s unbiased risk estimation (SURE): A self-supervised ap-
proach based on SURE [29] was proposed by Metzler et al. [30]. The
reconstruction problem considered in [30] was that of recovering an
image x € R” from its linearly degraded measurement y = Ax + w,
where w ~ N(0, aj I). It is shown in [30, equation (5)] that one
can construct a surrogate quantity that depends only on y and the
learnable parameters 0 such that its expectation is equal to the MSE
of reconstruction, which results in a self-supervised learning frame-
work. Notably, the EI framework can be made robust to large noise
by incorporating SURE into the EI loss [31].

Iil. PREVIOUS CT RECONSTRUCTION CHALLENGES
Tomographic reconstruction challenges have been routinely held
in the community (e.g., visit www.aapm.org/GrandChallenge/ for
challenges organized by the American Association of Physicists in
Medicine (AAPM) in recent years). In the interest of brevity, we will
mention below three such representative challenges (which are also
closely related to ours) conducted over the past few years focusing on
(1) low-dose, (ii) sparse-view, and (iii) limited-angle CT. We will also
highlight the main differences between these challenges and ours in
terms of the settings and objectives.
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The AAPM low-dose CT grand challenge was conducted by the
American Association of Physicists in Medicine (AAPM) in 2016
to perform a quantitative evaluation and comparison of denoising
and iterative reconstruction algorithms for low-dose CT.! The overall
dataset consisted of abdominal CT scans of 30 patient cases, of
which 10 were utilized for training. The participants were given
the patient data with full- and quarter-dose sinograms and the FBP
images for algorithm development. The low-dose data were simu-
lated by introducing Poisson noise corresponding to one-fourth of
the clinical dose level. The two best-performing methods utilized a
patch-based similarity constraint with a spatially variant penalty [32]
and a deep CNN on the directional wavelet transform coefficients of
the low-dose images [33]. While this challenge is by far the closest
one in spirit to ours, it was conducted using fewer training scans than
our challenge (thus restricting the generalizability of the methods).
Moreover, DL research for CT has progressed considerably since this
challenge, necessitating the establishment of new benchmarks.

The AAPM sparse-view CT challenge [34] was launched to
gather evidence as to whether deep learning methods outperform
their classical counterparts (in particular, TV minimization) for solv-
ing the sparse-view CT inverse problem in the idealized scenario
(no measurement noise). For training, 4000 simulated 2D phantoms
and their noiseless sinograms (and the FBP images) with projections
along 128 angles were made available to the participants. The eval-
uation metric was the root-mean-squared error (RMSE) on 100 test
images. The winning method [35] (which improved the RMSE of
a previous CNN-based reconstruction by two orders of magnitude),
adopted an approach that first estimated the acquisition geometry
followed by an iterative unrolling strategy. This challenge convinc-
ingly established the promise of deep learning for the CT inverse
problem. However, the reconstruction problem was formulated in 2D
with sparse-view projections and no noise, which are unrealistic from
a clinical point of view.

The Helsinki tomography challenge (HTC), organized by the
Finnish Inverse Problems Society (FIPS), considered the task of
limited-angle tomography, wherein the projection data are recorded
over a limited angular region (instead of the usual full angular
coverage). The HTC also considers the task of 2D object recovery
from their limited-view sinograms. The challenge data consists of
21 phantoms, arranged into seven groups of progressively increasing
difficulty (with a shorter field-of-view). The winning strategy [36]
adopted a data augmentation approach (considering the small amount
of training data) and generated synthetic phantoms and their sino-
grams using the known forward projection. Subsequently, a neural
network was trained to predict the image directly from the sinogram.
The HTC was also conducted for 2D reconstruction with a small
number of training images.

IV. THE OBJECTIVES OF THE CHALLENGE

Besides the postprocessing and unrolling approaches, several novel
data-adaptive methods for regularization have been proposed for
imaging inverse problems (see [37] and references therein), and for
CT reconstruction in particular. Notably, most of the academic papers
demonstrate proof-of-concept for new data-driven reconstruction
methods for the 2D CT imaging problem, and no systematic com-
parison of different deep-learning approaches for clinical cone-beam
CT is available in the literature. This served as the primary moti-
vation behind conducting this challenge, through which we sought

!'See www.aapm.org/GrandChallenge/LowDoseCT for more details on the
objectives, data, and results.
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answers to the following questions: (1) Are deep learning approaches
competitive or superior to model-driven iterative methods for 3D
clinical CT? (2) Do these methods scale well to 3D? (3) How ro-
bust are deep learning-based algorithms when accurate knowledge
of the forward operator is not available? This is crucial as a learned
approach might face operator mismatch when used in practice. We
believe that addressing these issues will bridge the gap between the
methodological advances in deep learning and their application to
real-world 3D clinical CT.

A. DATASET PREPARATION

We used an instance of the LIDC-IDRI dataset, which consists of
1010 chest cone-beam CT (CBCT) scans for lung nodule analysis.
These images were used as ground truth to simulate CBCT sino-
grams using the Tomosipo library [38]. Considering the size of the
dataset, simplified (yet reasonably realistic) simulations are produced
(i.e., not using Monte Carlo physics-based simulations), taking into
account first-order approximations of expected noise. The complete
detector model [39] is implemented as

Vi = feonv ) e - P(DQEy - (ai + s)) + N (0, 03,.),
k

y +w= Facross-lalk[ylvy27 e 7yl]T (3)

where i is the pixel index of the full detector /, ¢ is the energy level
at energy k, a;s are the incident photons in the pixel, and s;s are the
detected scattered photons in the same pixel. The detector quantum
efficiency DQE;; is assumed to have a value of one in this work,
and f.o, represents the energy to electron conversion rate, which has
been modeled using an 8-bit ADC. The noise process is described
by P, denoting a Poisson random generator, and N (o .. ) denotes
Gaussian noise with zero mean and variance o3, Finally, [’ is
a D x D matrix that models detector cross-talk, defined as a fraction
of the signal o055k that is shared between adjacent pixels, taken
as 5% shared. In particular, A;; is modeled by clean forward pro-
jection and reverse-log-transformation following the Beer-Lambert
law, assuming 10° and 10* photons in the air for the clinical- and
the low-dose, respectively, followed by a reverse flat-field correction
using only light fields that reflect the cone beam geometry. To model
Sik, a simple scatter simulation is added by thresholding the image at
the bone level Hounsfield Units, such that only the highly scattered
tissues are kept. Then, using only this highly attenuating tissue, a
sinogram is produced, and convolved with a large Gaussian kernel
(size 100 x 100 and o = 45), producing a first-order approximation
of scatter. Finally, the detector information / is log-transformed and
flat-field corrected.

We provided the data corresponding to two doses, one with the
clinical dose and the other for approximately 10% of the clinical
dose. The simulations are divided into 800 training samples, 100
validation samples, and 110 test samples. We provided the train-
ing and validation datasets only, with the ground truth data, two
sinograms, and two noisy reconstructions using the FDK algorithm
corresponding to two levels of noise. The acquisition geometry was
specified, although we did not provide the exact code for simulating
the sinograms and the FDK images. The rationale behind this was
to ensure that the methods were not sensitive to inaccuracies in
the modeling of the forward operator. All data can be accessed at
https://zenodo.org/communities/icassp_2024_cbct_challenge.
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TABLE 1. A Summary of the Top-Five Methods and Their Corresponding
MSE Values for Both Clinical- and Low-Dose Settings

clinical dose low dose
Method MSE Method MSE
%1076 %1076
Postprocessing  FDK | 0770 Singoram PDNet, | 1449
via 3D ResUNet [40] FDK and IDNet
denoiser [40]
Postprocessing  FDK | 0841 Postprocessing FDK | 1476
via SegResNet [41] via SegResNet [41]
Multi-filter and multi- | 0966 3D U-Net for FDK | 1679
scale U-Net for FDK postprocessing [42]
post-processing [42]
3D U-Net for FDK | 1044 multi-filter and multi- | 1706
postprocessing [43] scale U-Net for FDK
post-processing [42]
SwinIR-based 4480 3D U-Net for FDK | 1939
sinogram and image postprocessing [43]
enhancement [44]

TABLE 2. Training and Inference Times With Computational Resources for
Each Submission. Memory Refers to the Final Model At Inference

Submission Training | Inference] Memory | GPU  re-
time time quirement

Postprocessing 53h/47h | 5s 7/2GB 2x NVIDIA

FDK via 3D RTX 4090

ResUNet [40]

Postprocessing 24h S5s 12GB 1x NVIDIA

FDK via A100

SegResNet [41]

Multi-filter and | 120h/96h | 13s/10s 8GB 1x NVIDIA

multi-scale U-Net Quadro

for FDK post- RTX 6000

processing [42]

3D U-Net | 18h/14h | 4s 10.15GB | 8x NVIDIA

for FDK H100

postprocessing

[43]

SwinIR-based 26h 1.7s 0.3GB 1x NVIDIA

sinogram A100

and image

enhancement [44]

V. SUBMISSIONS, EVALUATION, AND RESULTS
We received a total of seven submissions in the clinical dose category
and nine submissions in the low-dose category. The MSEs (between
the reconstructed volume and the corresponding target ground truth)
for the top-five submissions in both categories, along with a short
description of the methods, are provided in Table 1 and Table 2
highlights the computational resources and training times for each
method. The methods mainly comprise deep neural network-based
denoising in the image and sinogram domains (or some combination
thereof). We give a concise summary of the methods in Section VI.
More details on their implementation can be found in the accompa-
nying papers for the respective submissions.

We believe that the challenge will expedite algorithmic develop-
ments in deep learning tailored for the 3D clinical CT, while more
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efforts will be invested to incorporate robustness to simplistic or im-
precisely simulated imaging operators, noise models, and mismatch
in the prior during training and testing, leading to more sophisticated
and scalable models for clinical practice. It is notable that most
(except two) submissions to the challenge are fully postprocessing
based. This an important observation as in 2D, often unrolled meth-
ods and other variational regularization-based methods outperform
post-processing, yet no submissions that fit these categories exist,
and thus the hypothesys that they would behave similarly in 3D has
not been tested.

Region-of-interest (ROI)-only evaluation: As an alternative evalu-
ation, the CBCT images (both ground truth and the model outputs)
are cropped to only account for the region of Interest (ROI) within
the cylinder that defines the full-view CBCT. This evaluation favors
methods that focus on improving the meaningful areas of the image,
while penalizing methods that focus on cleaning the artifacts in the
areas of the image with no signal. The results are similar to Table 1,
except that the second winner becomes the fourth and the fifth for
clinical and low-dose, respectively.

V1. DETAILS OF THE TOP FIVE METHODS

We outline in descending order the best five methods (in terms of
MSE for both clinical and low-dose. Interested readers may refer
to the respective summary papers for details (model architecture(s),
training hyperparameters, etc.). Notably, the top methods in our
challenge are based on the post-processing/denoising of the FDK
images (and the sinogram), and not based on more advanced deep
reconstruction methods such as algorithm unrolling or plug-and-play
denoising. We believe that this is largely due to their high memory
footprint and computational cost for training and inference, which
restricts the number of iterations and network complexity. To miti-
gate these limitations, several promising strategies, such as stochastic
unrolling and operator sketching [14], invertible unrolling [45], and
deep equilibrium models [13], can be explored. Incorporating such
approaches could enable more effective and scalable 3D reconstruc-
tion frameworks, and we view this as a compelling direction for
future work.

A. DUAL-DOMAIN NETWORKS

For clinical dose CBCT, images were first reconstructed using the
Feldkamp, Davis, and Kress (FDK) algorithm [38], followed by
IDCNN-based denoising. IDCNN is based on a 3D-ResUNet ar-
chitecture, consisting of four encoder-down and four decoder-up
layers. In each encoder (decoder) layer, a residual convolution block
is followed by a down-sampling (up-sampling) block. Additionally,
the model adopts residual learning by adding the input directly to
the output to produce the final reconstruction. For low-dose CBCT,
the low-dose projections were first denoised using the PDNet model,
the output of which is then used to reconstruct images with the FDK
algorithm. The reconstructed images were then refined using the
IDNet model. The PDNet model shares the same architecture as ID-
CNN and is tailored to reduce noise in 3D low-dose projections. The
IDNet architecture, modified from the 2D U-Net model, incorporates
residual learning similar to IDCNN and PDNet, adding the model’s
input directly to its output. The IDNet model focuses on preserving
fine details to improve the quality of 2D reconstructed images.

B. MONAI'S SEGRESNET

MONALI [46] is used to train two separate denoising networks, one
on the clinical dose and the other on low-dose reconstructions. The
reconstructions are created by applying the FDK algorithm [38] to
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FIGURE 1. MONAI-based SegResNet for FDK post-processing.

the sinograms. For both networks, we use the SegResNet architec-
ture [47], with 32 initial filters, (1, 2, 2,4) downsampling blocks, (1,
1, 1) upsampling blocks, and a dropout probability of 0.2. The train-
ing was done with the mean-squared error (MSE) loss, comparing the
ground-truth FDK reconstruction with the network prediction. The
Adam optimizer was used to train both networks, with a learning rate
of 10~* and a batch size of one. The model is trained for 400 epochs,
and the model with the lowest average validation MSE is selected.
The training was augmented with random affine transformations. A
schematic of the proposed solution is shown in Fig. 1. The imple-
mentation will be made available in the MONALI tutorial repository
to facilitate easy experimentation with different architectures and
hyperparameters.

C. MULTI-FILTER AND MULTI-SCALE UNET

The initial reconstruction of CBCT projection data (y) is achieved
using the FDK algorithm. If y is undersampled or noisy, the FDK
reconstructions exhibit artifacts. Additionally, the cone-beam geom-
etry introduces further artifacts in areas where only a partial set
of rays passes through the target. One effective method to remove
these artifacts is to use a post-processing network Ay, such as a
CNN with parameters 6, trained to enhance the initial reconstruc-
tions by mitigating artifacts and noise. An approach to enhance
network performance by providing a more informative input to
the post-processing network is proposed, inspired by [48]. This
is achieved by performing a multi-filter FDK reconstruction using
several frequency cut-offs for the frequency filter. Additionally, the
discretization invariance of the ray transform is leveraged to create
initial reconstructions on multiple scales. This approach provides
richer information to the network, simplifying the learning task. The
resulting network uses a set of reconstructions, as illustrated in Fig. 2.
The best performance was achieved by using four filters with de-
creasing frequency cut-offs and two scales (full and half resolution).
The proposed multi-filter and multi-scale U-Net [49] and a baseline
U-Net achieved third place in the challenge. A visual assessment
of results showcased that the multi U-Net could reduce artifacts
and noise more effectively in the clinical dose scenario, while the
baseline U-Net performed better in the low-dose setting.

D. 3D UNET

This approach also utilizes the U-Net architecture, consisting of a
down-sampling block, a bottleneck block, and an up-sampling block.
In the down-sampling block, the input is passed through repeated
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FIGURE 2. The projection data is reconstructed using the FDK algorithm
with four different frequency cut-offs. The multi-filter and multi-scale
U-Net, shown in white font, include processing the input images at both
full-scale (256 x 256 x 256) and downscaled (128 x 128 x 128)
resolutions. The baseline U-Net architecture takes a single reconstruction
(256 x 256 x 256).

applications of two 3 x 3 convolutions, each followed by a rectified
linear unit (ReLU) and a 2 x 2 max-pooling operation with a stride
of two pixels for down-sampling. In each down-sampling step, the
number of feature channels are doubled. The input is then passed
through the bottleneck layer, which does not change the input shape.
From there, the input is passed through the upsampling block that
consists of an upsampling of the feature map followed by a 2 x 2
convolution that halves the number of feature channels, two 3 x 3
convolutions, each followed by ReLU activation. A key component
of these models is the skip connections, which combine deep, seman-
tic, and coarse-grained feature maps from the decoder sub-network
with shallow, low-level, fine-grained features from the encoder sub-
network. For 3D LD-CBCT denoising, the following changes are
made: 3D convolutional layers are used instead of 2D, only three
down- and upsampling layers are used to reduce the memory usage,
use of Leaky ReLU instead of ReLU, and the final output channel
size is one. Separate models for the clinical- and low-dose datasets
are trained, with have 520697 trainable parameters each. The models
are trained using the Adam optimizer with a learning rate of 0.001
with a mini-batch size of two using eight H100 GPUs. Final models
are saved based on the lowest validation error.

E. SWINIR-BASED SINOGRAM AND IMAGE
ENHANCEMENT

The approach differs to an extent from its competitors in that it
integrates the Swin image restoration (SwinlR)-based sinogram and
image enhancement modules (SEM and IEM in short, see Fig.
5 for a block-diagram) for reconstruction. The overall method is
philosophically similar to the approach for low-dose reconstruction
proposed by Xuzhi et al., but differs in the specific ways in which the
sinogram and the image are enhanced. The SEM first denoises the
sinogram while capturing fine details, which is then utilized to solve
a least-squares minimization problem using Nesterov’s accelerated
gradient algorithm to produce a CBCT reconstruction. The IEM acts
on this reconstruction to produce the final output. The SwinIR [50]
architecture comprises three modules: (1) Shallow feature extraction
module: It consists of a convolution layer to extract the low-level
features. (2) Deep feature extraction module: It consists of a series
of residual swin transformer blocks (RSTB) followed by a convo-
lution layer. Each RSTB comprises Swin-transformer layers with a
residual connection. It extracts the high-level features that are not
captured in the earlier module. (3) Image reconstruction module: It
consists of a convolution layer for reconstructing the CT image by
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aggregating both the output of shallow and deep feature extraction
modules. Integrating the sinogram and image enhancement modules
aims to enhance image clarity and preserve fine details (see Fig. 3),
offering a promising solution for low-dose and clinical-dose CBCT
reconstruction. Despite the occurrence of considerable blurring due
to the brute-force least-squares method, the IEM effectively mitigates
this effect by enhancing the image while accentuating sharp features.

VIl. CONCLUSIONS, OUTLOOK, AND FUTURE DIRECTIONS
The CT reconstruction problem in the 3D clinical setting is an ex-
tremely important inverse problem, both theoretically and practically,
and it is imperative to make methodological advances in this area
to improve the reconstruction image quality for facilitating accurate
clinical diagnosis. While deep learning has shown enormous promise
to bring about significant improvement in the image quality for CT,
the algorithmic research in this area has remained somewhat dis-
connected from the requirements on the clinical front. Most of the
deep learning-based approaches for CT are usually tested and bench-
marked in the 2D setting, primarily due to the heavy demands on
data and computation for training these models in 3D. While physics-
aware deep learning algorithms such as unrolling have been demon-
strated to have excellent image recovery performance in 2D, their ap-
plicability for 3D CT is severely restricted due to the presence of the
3D CT forward operator and its adjoint in the reconstruction network.
Further research in strategies such as greedy layer-wise learning,
stochastic unrolling, and operator sketching is needed to unleash the
full power of algorithm unrolling for 3D CT. Post-processing-based
approaches are relatively less computationally demanding in 3D,
as the training process just requires learning the parameters of a
3D CNN in a supervised manner (without having to incorporate A
and AT iteratively). This perhaps explains why most of the top five
methods in our challenge leveraged different variants of a 3D U-net
for FDK post-processing. Nonetheless, it remains to be investigated
how such post-processing schemes generalize to slight variations in
the forward operator (which is inevitable while training on simulated
FDK images) and the image prior when trained on a limited num-
ber of 3D volumes. Different well-known strategies for designing
memory-efficient networks (e.g., using separable convolutions, intro-
ducing invertible layers, etc.) also need to be thoroughly investigated.

This study was motivated by three key questions: whether deep
learning methods are competitive with traditional model-based re-
construction in 3D CT, whether such methods scale effectively
to volumetric settings, and how robust they are to inaccuracies
in the forward model. Our results show that deep learning-based
post-processing approaches, particularly 3D U-Net and SegResNet,
outperform or match classical algorithms like FDK, demonstrat-
ing strong reconstruction quality. These methods also scale well
to 3D, both in terms of computational feasibility and performance.
In contrast, hybrid approaches (such as PnP or iterative unrolling
that combines CT physics with deep learning) were absent among
the top submissions, likely due to their high memory and training
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costs, preventing any firm conclusion on their scalability. Further-
more, as the precise forward and noise models were intentionally
withheld from participants, the observed performance reflects the
methods’ resilience to moderate operator mismatch. In particular,
post-processing models appear robust under these conditions, al-
though thorough validation in clinical environments remains an
important direction for future work.

Interpretability and diagnostic reliability remain critical concerns
in the application of deep learning to medical image reconstruction.
In particular, post-processing methods may introduce hallucinated
structures due to their limited ability to enforce data consistency,
posing risks in clinical settings. While we have not performed a
systematic interpretability analysis or clinical feedback, we acknowl-
edge the importance of evaluating false positives, false negatives,
and perceived diagnostic quality through radiologist assessment.
Techniques such as deep null space learning [10], which explicitly
constrain the learned solution to remain within the data-consistent
manifold, offer promising directions to mitigate hallucination arti-
facts. A thorough clinical evaluation, including qualitative scoring
and expert feedback, is an essential next step and lies beyond the
current study’s scope.

As a final note, one should be careful about the clinical relevance
of the evaluation criteria. While MSE and SSIM are the most com-
monly used parameters for full reference image evaluation (PSNR
in particular, just being a scaled MSE), these metrics do not always
select the best clinical image [51] as they were designed for natural
images, and not medical ones. Recently, a comprehensive study of
image quality metrics performed using clinicians’ input for ‘best’
image [52] and HaarPSI [53] showed the highest correlation with
expert choice. Future challenges should consider this aspect, and
readers should be careful while concluding that the best results for
this (and other) challenges are clinically relevant or generalize to
other experiments.

This challenge posed three big questions that are open for the
learned CBCT reconstruction community. This challenge submission
undoubtedly pushed the frontiers of the field, however we believe that
the question are still open, and further research is required if these
models are going to be used in clinical scenarios.
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