ARCHIVIO ISTITUZIONALE
ONIVERSITA DI BOLOGNA DELLA RICERCA

Alma Mater Studiorum Universita di Bologna
Archivio istituzionale della ricerca

RISING: A new framework for model-based few-view CT image reconstruction with deep learning

This is the final peer-reviewed author’s accepted manuscript (postprint) of the following publication:

Published Version:

Evangelista, D., Morotti, E., Loli Piccolomini, E. (2023). RISING: A new framework for model-based few-

view CT image reconstruction with deep learning. COMPUTERIZED MEDICAL IMAGING AND GRAPHICS,
103, 1-8[10.1016/j.compmedimag.2022.102156].

Availability:
This version is available at: https://hdl.handle.net/11585/917493 since: 2023-02-24
Published:

DOI: http://doi.org/10.1016/j.compmedimag.2022.102156

Terms of use:

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's website.

This item was downloaded from IRIS Universita di Bologna (https://cris.unibo.it/).
When citing, please refer to the published version.

(Article begins on next page)

26 June 2026


http://doi.org/10.1016/j.compmedimag.2022.102156
https://hdl.handle.net/11585/917493

This is the final peer-reviewed accepted manuscript of:

Davide Evangelista, Elena Morotti, Elena Loli Piccolomini, RISING: A new framework
for model-based few-view CT image reconstruction with deep learning, Computerized
Medical Imaging and Graphics, Volume 103, 2023, 102156, ISSN 0895-6111.

The final published version is available online at:
https://doi.org/10.1016/j.compmedimag.2022.102156

Terms of use:

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's
website.

This item was downloaded from IRIS Universita di Bologna (https.//cris.unibo.it/)

When citing, please refer to the published version.



https://cris.unibo.it/
https://doi.org/10.1016/j.compmedimag.2022.102156

RISING: a new framework for model-based few-view
CT image reconstruction with deep learning

Davide Evangelista?, Elena Morotti®*, Elena Loli Piccolomini®

@Department of Mathematics, University of Bologna, Italy.
bDepartment of Political and Social Sciences, University of Bologna, Italy.
¢ Department of Computer Science and Engineering, University of Bologna, Italy.

Abstract

Medical image reconstruction from low-dose tomographic data is an active

research field, recently revolutionized by the advent of deep learning. In fact,
deep learning typically yields superior results than classical optimization ap-
proaches, but unstable results have been reported both numerically and the-
oretically in the literature. This paper proposes RISING, a new framework
for sparse-view tomographic image reconstruction combining an early-stopped
Rapid Iterative Solver with a subsequent Iteration Network-based Gaining step.
In our two-step approach, the first phase executes very few iterations of a regu-
larized model-based algorithm, whereas the second step completes the missing
iterations by means of a convolutional neural network.
The proposed method is ground-truth free; it exploits the computational speed
and flexibility of a data-driven approach, but it also imposes sparsity constraints
to the solution as in the model-based setting. Experiments performed both on a
digitally created and on a real abdomen data set confirm the numerical and vi-
sual accuracy of the reconstructed RISING images in short computational times.
These features make the framework promising to be used on real systems for
clinical exams.

Keywords: Sparse tomography, Tomographic imaging, Deep Learning,
Model-based iterative solver, Few-view tomography.

1. Introduction

Combining healthy protocols with high quality images is one of the most
important component of medical imaging and a crucial target for researchers
involved in minimal invasive Computed Tomography (CT). Radiologists, manu-
facturers and medical physicists have implemented many examination protocols
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as well as software and hardware modifications to reduce the harmful ioniz-
ing radiations and pave the way to X-ray imaging for screening tests, pediatric
cases, or pre-surgical exams. There are two main techniques allowing for a sig-
nificant reduction of the total radiation exposure per patient. The first one
consists in reducing the X-ray tube current at each scan (low-dose CT), with-
out changing the traditionally used CT full geometry. The resulting measured
data is very noisy, due to excessive quantum noise. The second practical way
to lower the radiation per person consists in reducing the number of X-ray pro-
jections (few-view CT), which leads to incomplete tomographic data, but very
fast examinations.

In this paper, we focus on few-view CT images, but we resonably argue that

the proposed algorithm could be also applied with success to low-dose CT. In the
case of sub-sampled data, the image reconstruction is tricky and conventional
filtered backprojection (FBP) algorithms, widely exploited in classical CT, do
not provide stable reconstructions as the recovered images typically suffer from
severe striking artifacts. A widely used alternative approach is represented
by model-based iterative methods. They model the image reconstruction as a
mathematical linear inverse problem which is solved, in the discrete setting, by
minimizing a constrained or unconstrained function combining a data-fitting
term and a regularizer. Due to the lack of projections, the CT discrete in-
verse problem has infinite possible solutions [I]. The embedding of a sparsifying
regularizer mitigates the lack of many projection views, according to the Com-
pressed Sensing theory [2]. An exhaustive review of model-based reconstruction
methods can be found in [3].
Recently, Deep Learning (DL) based methods have emerged over fully conven-
tional and variational approaches for few-view tomographic reconstruction [4].
The two widely used strategies are the so called learnt model-based and the
Learnt Post Processing (LPP) approaches. The learnt model-based schemes are
iterative solvers (as classical optimization algorithms) where a neural network is
used in each iteration to determine the best image update (i.e. the best param-
eters or operators defining it) [5] [6, [7]. On the contrary, the LPP is a two-step
scheme where first a low quality image with artifacts and noise is reconstructed
with a fast method (typically a FBP) and then a neural network suppresses the
artifacts. Usually, the network learns from a set of ground truth images, recon-
structed from full dose acquisitions in a long offline phase, whereas its online
execution is characterized by a very fast performance. The pioneering works by
Han in 2016 and 2018 demonstrated the superiority of LPP strategies over some
model-based iterative algorithms for few-view CT images [8] [9].

Motivation. The main disadvantage of model-based iterative reconstruc-
tion algorithms is their high computational cost, since they typically need several
iterations to achieve high quality results. On real systems, in order to fulfill the
clinical requirements of time per exam, only very few iterations of the algo-
rithms can be performed, leading to a solution which is not the best achievable
one. However, by considering fast iterative methods, the images reconstructed
in few iterations already contain many details of interest of the scanned object
[10, 11].
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Figure 1: Graphical draft of the proposed two-step RISING workflow for tomographic recon-
struction from few-view data.

Focusing on LPP based approaches, the work by Sidky et al. [12] claims and
demonstrates that these schemes do not compute the solution of the CT inverse
problem and they can introduce, in the reconstruction, structures not belonging
to the scanned objects. On the contrary, numerical evidence shows that model-
based methods compute a good solution of the inverse problem, according to
the mathematical sense that will be defined in the next section. In addition,
it is worth noticing that neural networks need to be trained on task-specific
data sets to properly learn both the degradation effects to be removed and the
anatomical details to be preserved, which characterize each typology of medical
imaging; hence a further relevant challenge for medical applications is the lack
of precise training data [4].

Proposal and contribution. Strong of this awareness, this paper proposes
a new iterative and data-driven scheme, which does not require full-dose target
images, for the resolution of the few-view CT inverse problem. We refer to our
proposal as the RISING (Rapid Iterative Solver with Iteration Network-based
Gaining) framework, whose graphical draft is depicted in Figure [l RISING is
conceived as one reconstructing procedure, described by the two following steps,
executed in sequence:

e Starting from the sub-sampled projection data, a rapid model-based iter-
ative algorithm produces a preliminary coarse reconstruction, in few iter-
ations. The execution of only few iterations fits realistic time constraints.

e The computed rough reconstruction is post-processed by a pre-trained
convolutional neural network, providing the RISING solution. By com-
pleting the iterations up to the iterative method convergence, we obtain
images used as target for the neural network training. This ensures a
fully consistent training set with respect to the system geometry, and it is



applicable to all types of medical images and few-view protocols.

This work has a dual purpose. On one side, we aim at combining the fast

execution of LPP methods with the stability of model-based iterative algorithms
used in sparse CT reconstruction. The variational robustness can face, in fact,
the lack of projection data and the presence of noise on the projections, thanks
to the use of suitable regularization functions acting as priors onto the solution.
As the execution of a neural network is very fast, the use of DL greatly speeds
up the whole reconstruction.
On the other side, we intend to remedy to the lack of task-specific CT data sets
by using, for networks training, images created by the same system and under
the same geometry used for the reconstruction. This is attainable for every CT
system and makes the RISING framework suitable for real use.

To validate our proposal, we have applied the RISING approach on synthetic
and real CT data sets simulating various few-view geometries. We developed
our RISING workflow in Python and the code is available at https://github.
com/1oibo/RISING.

Organization of the paper. The paper is organized as follows. In Section
2] we present the state-of-art for the CT image reconstruction DL-based methods,
then Section [3] describes the proposed RISING framework. In Section [ we
introduce the experimental settings considered to achieve the results reported
and discussed in Section[5] At last, final conclusions are drawn in Section [6]

2. Deep methods for CT reconstruction

As anticipated, algorithms exploiting deep neural networks have been pro-
posed for few-view CT image reconstruction for few years. Many publications
have focused on learnt model-based approaches, where an iterative solver is un-
folded into the sequence of its iterations [I3] (the so called unrolled or unfolded
approach). Even if they are thought as optimization methods applied to a gen-
eral regularized physical model, since the parameters learnt by the network are
different at each iteration, the final image is not the solution of the original
minimization. Moreover, the neural networks employed for unfolded schemes
suffer from instabilities, such as vanishing gradient [I4]. To reduce these un-
wanted effects only a limited number of unfolded iterations is performed, forcing
to stop the method far before convergence. The proposals in literature differ
for the unrolled iterative scheme and for the block-per-iteration learnt by the
neural network. We give a short overview of the most recent works. In [15],
Adler and Oktem have developed a partially learnt gradient descent algorithm,
whereas they have worked on the Chambolle-Pock scheme in [16]. In [I7] a
CNN is trained to act like a projector in a gradient descent algorithms. In [I8]
both the proximal operator and gradient operator (corresponding to A7 when
it is applied to a problem corrupted with additive Gaussian noise) of an un-
rolled FISTA scheme are learnt, whereas in [I9] the neural network learns the
initial iterate of the inner Conjugate Gradients solver in a splitting scheme for
optimization.
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A different data-driven proposal for CT image reconstruction is represented
by the LPP approach. It consists of a two-step framework where, firstly, a fast
reconstruction algorithm is applied off-line to compute a coarse reconstruction of
the medical image from the projection data, then a pre-trained neural network
is applied as post-processing operator to restore the low-quality image. It is
worth noting that most of the networks used for LPP are applied to corrupted
images provided by the FBP solver (see for example [9] 20] 2], 22] 23] 24] and
the references therein). Ounly in [25] and in [26] the preliminary solutions are
computed by wavelet-based or TV-based iterative solvers, respectively.

3. The RISING framework

In this section we describe the proposed RISING framework by focusing
on the Rapid Iterative Solver (RIS) phase in section and on the Iteration
Network-based Gaining (ING) phase in section For simplicity, we consider
in this paper only the two dimension case. The extension to three dimensions
is straightforward.

3.1. Rapid Iterative Solver
In the discrete setting, the CT process of X-ray absorption is expressed as:

Az =b (1)

where the unknown vector # € R™ denotes the image to reconstruct, the right-
hand side term b is an m-dimensional vector containing the noisy projection
measurements and the m x n? system matrix A is the discretization of the X-
ray physical process projecting an n x n image onto the detector. We say that a
system of linear equations is solvable in a subset € if it admits a unique solution
in Q. In case of few-view CT protocols, Equation is not solvable in R"2,
since m < n? and the under-determined linear system admits infinite solutions.
According to the Compressed Sensing theory [2], if the desired solution x* of

is sparse in some transform 7'z, then Equation is solvable in the subset
Q = {z € R”| ||Tz|lp < d}, where || - [|o is the £y semi-norm counting the

non-zero elements of the vector argument. Hence the CT inverse problem can
be reformulated as the following minimization:

z* = argmin || Tz||o s.t. Az =b. (2)

which admits a unique solution if A is full-rank.
Equation is usually relaxed in the following, more easily solvable, form:

argmin || Tx||; s.t. Az =, (3)
where || - |1 is the ¢; norm [27]. An unconstrained formulation of can be
stated as:

argmin || Az — b||% + | Tz||; (4)



where X is a suitable positive parameter (also called regularization parameter).
Convergent iterative schemes, such as the lagged diffusivity fixed point algo-
rithm [28] or FISTA [29], are commonly exploited to solve (4)). Sometimes, the
constraint x > 0 is added to or , to preserve the physical non-negativity
property of the attenuation coeflicients [30], [31], [1T].

In the following we will consider the particular minimization problem:

argmin || Az — b||3 + \T'Vs(z). (5)
x>0

where TVp is a a smoothed differentiable version of the Total Variation [32],
obtained by setting T' as the image gradient discretization, to exploit sparsity
in the image gradient domain. It is defined as:

TVs(w) = 30 \/IV2 13 + 52 ()

with g fixed small positive parameter.

Among the wide class of iterative solvers for the problem , we select
the Scaled Gradient Projection (SGP) algorithm, proposed in 2008 for image
deblurring [33]. The SGP has been successfully applied with some acceleration
techniques for few-view CT reconstructions in the papers [34] [10] [I1], showing
that the objects of interest are already distinguishable in the image computed
after very few iterations of the method. Regarding the convergence, it is proved
in [35] that the theoretical convergence rate of the SGP at the unique minimum
of is O(1/k), even if empirical tests reveal that the SGP performances are
closely comparable to the convergence rate of optimal algorithms. For a detailed
presentation of SGP method in tomographic imaging see [34].

The first step of the RISING framework performs a predefined (and relatively
small) number K of iterations of the considered Rapid Iterative Solver (RIS). We
remark that we stop the SGP far before its convergence to meet the constraints
imposed by clinical setting, where very short computational times are admitted
for the reconstruction process. The early solution z(5) is denoted as zprg in
the following and it represents the input of the neural network which enhances
the image in a new perspective.

3.2. Iteration Network-based Gaining

The second step of the RISING framework implements the Iteration Network-
based Gaining (ING) task. From our previous works [34 [I0] we know that, due
to the empirical rapidity of the SGP, in the achieved coarse image reconstruction
the anatomical structures are present but typically more blurred and less visible
than on the x;g image computed at the iterative solver convergence. Hence, we
train a CNN to learn the transformation mapping the early solution zgrs to
the corresponding z;g.
Formally, we denote with 7; the function describing the action of the j-th iter-
ation of the solver:

2D = T (29 p) V> 0.



Thus, the whole iterative process can be expressed as the concatenation of the
following gk and fx functions:

9K = Tic10-+-0Ts (7)

and

fk =Tg«0- - 0Tgy10Tk. (8)

where K™ is the number iterations necessary to achieve the xrg solution. In
fact, it holds:

fr (g (@©5b)) = w15 9)

Since we compute zrrs = g (x(?);b) in the RIS step, in the ING phase we
approximate fx by learning the map from zg;s to x;g with a CNN. Ideally, if
the network would perfectly learn fy, its output zrrs;vg should be equal to
rrg. It is known that this is not provable in practice; nevertheless, we show nu-
merical evidence through very accurate RISING reconstructions on simulations,
in section

4. Experimental design and implementation notes

To numerically verify the feasibility of the RISING workflow, we develop
numerical simulations on a data set of images with geometric elements, where
measures of merits can be computed, as well as real on a data set of medical
images, to properly understand the potential of RISING for clinical applications
and settings. We generate the sinograms by projecting the images of the data
sets according to 2D fan-beam geometries, and by adding white Gaussian noise
to the projections.

This section describes the experimental design, whereas the results are re-
ported and discussed in section

Figure 2: Ground-truth images from the COULE (on the left) and the Low Dose Mayo
(center) data sets, with two zoomed crops (on the right) on regions with different anatomical
structures.

4.1. Data set of synthetic images

To fully exploit the full-reference image quality assessment metrics and val-
idate our experiments, we created synthetic images and built few-view CT sim-
ulations, whose results are analysed in sections [5.1] and 5.2} In particular, the



Constrasted Overlapping Uniform Lines and Ellipses (COULE) data set contains
430 sparse-gradient gray-scale images of size 256 x 256 with many overlying ob-
jects, varying in size and contrast with respect to the background. The left image
of Figure 2] shows one image of the data set as an example. The whole data set
is downloadable from www.kaggle.com/loiboresearchgroup/coule-dataset!.

To address sparse-view CT reconstructions, we considered different proto-
cols: the first one is a full angular acquisition with 1-degree spaced projections
(we call it Psgo 360 in the following); in the others we reduce the number of
acquired projections to 180 (Psg0,180) and 60 (Psgo,60)-

4.2. Data set of real medical images

As real patient images, we have downloaded the widely used AAPM Low
Dose CT Grand Challenge data set by the Mayo Clinic [36]. It contains 512x 512
pixel images of human abdomen, reconstructed from full-dose acquisitions. In
Figure [2| we depict one image with two zooms-in highlighting areas with dif-
ferent anatomical structures, such as pulmonary details, sections of ribs and
low-contrast inter-costal muscles. On this data set we test the Psgo,360 protocol
and a very sparse geometry with only 60 projections in 180 degrees scanning
trajectory (Pigo,60). The corresponding results are presented in sections and
b3l
As observable from Figure [2] real full-dose medical images still present little
noise and slightly visible streaking artifacts. This makes quite difficult to com-
pute reliable metrics on the reconstructions by referencing them as ground truth.

4.8. Network architecture and training

As CNN architecture we use the state-of-the-art ResUNet architecture, de-
picted in Figure|3] To approximate the complex image-to-image transformation
from zgrrs to x5g, we exploit the pooling/unpooling strategies characterizing
the popular U-net architecture by [37], where the addition of residual connec-
tions between the different levels of image resolution helps maintaining stable
the training process. It has already been successfully applied to few-view CT
image enhancement in [9 38]. The activation function is ReLU for each layer,
except for the latter where tanh is used.
For the COULE data set, we use N = 400 images for training and 30 for testing,
whereas for the Mayo Clinic data set we select N = 3306 images (corresponding
to 10 patients) for the training phase and 357 images (one patient) for testing.
Given the data set {(xgrs, ©1s:) }i=1,... N, we denote by Fp«(zgrrs,;) the action
of the neural network on the input zgrs,; and by xrrsing,: = Fo- (Tr1s) the
network output. We estimate the parameters 6* by network training, where the
loss function is set as 5(1‘157171‘31311\/6*71‘) = ||xR[5[NG7¢ — J?js,iH%, so that:

N
0" = arg min - Z X184, TRISING,i)- (10)

i=1

The training is performed by running Adam for 100 and 50 epochs for the
COULE and Mayo datasets, respectively. The batch size is fixed equal to 8 in all
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the experiments (this is the largest batch size usable in our Nvidia RTX A4000
GPU). The step size for the optimization algorithm decreases with polynomial
decay, going from 1072 to 10~°. To increase the stability over the first iterations,
we clip the gradient to 5.

Residual connection
1/64 64 64 64 64 64 1

> ‘4‘_.‘ —(H)—
512x512 64+ 128 128 128 128 T128
|”I”I I—’IQI
256x256
128+ 256 256 256 256 1256
N N _'IQI skip connection and sum
128x128 —> 3x3 conv. + BN + ReLU
256+ 512 512 512 512 51; —> 2x2 max pooling
6axe4  H-HE-ER | _Bd Bg | —> 353 up-conv 2. + BN
sl 10a 104 *+RelU
32x32 i — w— 1x1 conv.

Figure 3: Draft of the ResUNet architecture, implementing the ING task. It is a fully-
convolutional neural network with a symmetric encoder-decoder structure and pooling-
unpooling operators to enlarge the receptive field.

4.4. Implementation notes

As already presented in section we use SGP as iterative solver. In each
iteration, we use the class OpTomo of ASTRA toolbox [39, [40] to compute the
matrix-vector products Az and ATy, where A is the matrix in equation .
In our experiments, we set the smoothing parameter for the TV regularizer to
B = 1073, the regularization parameter as A = 107> for the Mayo data set and
A =4-107° for the COULE data set.

To generate the images x;g, we consider the following stopping conditions:

{ VT (@D)|2 < 1[[VT (2®)]]2

_ . , 11
|20 — 20=D]||y < 7|20~V (11)

where V.7 is the gradient of our objective function and 1y =7 = 107 in
the experiments. All the SGP inner parameters are taken from [34].

4.4.1. Metrics for image quality assessment

To evaluate the efficiency and the accuracy of the reconstructed images, in
the following we compute some full-reference image quality assessment metrics.
For each considered image z, we consider the relative error (RE) of z with
respect to the ground truth zgr:

lzcrll3

(12)
and the well-known Structural Similarity (SSIM) index, measuring the percep-
tual difference between two images x and y, as defined in [4I]. In our experi-
ments, we compute the SSIM fixing y = zgr.



5. Experimental results and discussion

In this section, we report and discuss the more representative numerical
experiments performed using the proposed workflow for tomographic image re-
construction from few-view data.

5.1. Robustness of RISING with respect to data perturbation

We first analyse the robustness of the proposed RISING framework with
respect to noise on the sinogram. We compare it with a LPP more traditional
algorithm (called FBP-LPP in the following), where the same ResUNet archi-
tecture used in RISING is trained to map low quality FBP reconstructions to
ground truth images [24]. We obtained a noisy projection vector b from the
non-noisy sinogram b, as:

[[Dez ||

b =be, +0.01
[lell

e (13)

where e is white noise with standard deviation equal to one. We trained the
newtorks on reconstructions computed from the data b and, to verify the meth-
ods robustness, we tested them both on sinograms b and b€ corrupted by further
noise:

b =b+ eMe (14)

[lell

Figure [ shows the boxplots of RE and SSIM values drawn from the results
on the COULE data set, with the Psg0,360 geometry and € = 0.05. They show
that the quality of the images by the FBP-LPP method highly decreases (espe-
cially for the SSIM metric) when we consider the noisy data b€, from the best
to the worse values. The results obtained with RISING framework are much
more stable: the RE and SSIM values moderately worsen, and the final scores
outperform the FBP-LPP. Moreover, the RISING boxplot length in presence of
noise is quite smaller, showing that the method performance has not extreme
values on the whole test set. Table [T] reports the mean and standard deviation
(StdDev in the table) computed on the FBP reconstruction zpgp, the zprg low
quality image and on the two final outputs xrgp_rpp and xrrsrnvg. It con-
firms that RISING is much more robust than FBP-LPP with respect to noise
on the data.
The same information on the Mayo test set with geometry Pigg 60 and € = 0.04
is reported in Table We underline that the SSIM values decrease of about
17% for FBP-LPP and only 9.8% for RISING, when applied to high noise data
b¢. This provides on medical images the same outcomes obtained on synthetic
data.

The previous findings confirm that the widely used FBP-LPP approach gives
very good results when applied to images corrupted by the same noise degra-
dating the training samples: in this case it exploits at its best the information
provided by the available ground truth images and it outperforms RISING. On
the contrary, when the sinograms are affected by unseen noise (as it is common
in real applications), the quality of the RISING reconstructions is way better.

10
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Figure 4: Results on the COULE synthetic test data set, under the P3g0,360 CT protocol.
On the x-axis the values of the metrics RE (top) and SSIM (bottom). On the y-axis the
framework used from low noise data b (Equation ) and high noise data b¢ (Equation )

Table 1: Results on the COULE synthetic test data set, under the P360,360 CT protocol,
reporting mean and standard deviation (StdDev) for different reconstructions obtained with
low noise data data b (Equation ) and high noise data b¢ (Equation )

TFBP TRIS TFBP-LPP TRISING
Mean  StdDev Mean  StdDev Mean  StdDev Mean  StdDev
b | 0.1027  0.0089 0.2501  0.0319 0.0292  0.0097 0.0574  0.0869
be | 0.2554 0.0132 0.2542  0.0302 0.1294  0.0333 0.0989  0.0128
b 0.8926  0.0252 0.8113  0.0686 0.9969 0.0019 0.9801  0.0093
be | 0.4891 0.0822 0.7916  0.0697 0.7475  0.1537 0.8982  0.0475

5.2. Results on synthetic images

In this paragraph we focus on the synthetic COULE data set.

As first in-depth analysis, we set the geometry Psgp 360 and we compute
the xgrs early solution for K = {3,5,10}. Figure [5| shows the zrrs starting
images in the top row and the xg;srng final reconstructions in the bottom row
(relative to the example image of Figure . They show that the network is able
to almost perfectly restore all three input images. From Table [3| we observe
that the xrrsrve images are very accurate, for K = {3,5,10}, highlighting
that the number K of starting iterations seems not to notably influence the
final results. Moreover, the table shows that the x;g solution is a reliable target
for the network training since it approximates xgr very well.

To understand the behavior of our approach at increasing sparsity in the CT
protocol, we also test RISING at different geometric settings such as Psg0,360,

11



Table 2: Results on the Mayo test data set, under the Pigg,60 CT protocol, reporting mean
and standard deviation (StdDev) for different reconstructions obtained with low noise data b
(Equation (13])) and high noise data b¢ (Equation (14])).

TFBP TRIS TFBP-LPP TRISING
Mean  StdDev Mean  StdDev Mean  StdDev Mean  StdDev
b | 0.4518 0.0264 0.1803  0.0249 0.1004  0.0164 0.1236  0.0294
be | 1.300  0.0609 0.2326  0.0251 0.2026  0.0113 0.2041  0.0229
b | 0.3672 0.0620 0.8730  0.0283 0.9265 0.0148 0.9145  0.0175
be | 0.085  0.0305 0.8016  0.0389 0.7689  0.0681 0.8231  0.0255

Table 3: Mean and standard deviation values of the quality metrics, evaluated on the COULE
test set for different RIS reconstructions under the P3g0,360 protocol.

K=3 K=5 K=10 convergence
Mean  StdDev Mean  StdDev Mean  StdDev Mean  StdDev
TRIS 0.6152  0.0366 0.4996  0.0548 0.2700  0.0239 - -
RE  agrsineg | 0.0681  0.0098 0.0784  0.0844 0.0781  0.0122 - -
xrs - - - - - - 0.0207  0.0051

GQIM  PRIS 0.2264  0.0262 0.3139  0.0919 0.7844  0.0481 - -
rrrsing | 0.9630  0.0133 0.9267  0.0389 0.9674  0.0140 - -
IS - - - - - - 0.9980  0.0010

Table 4: Mean and standard deviation values of the quality metrics, evaluated on the COULE
test set for different geometries.

P360,360 P360,180 Ps60,60

Mean  StdDev Mean  StdDev Mean  StdDev

TRIS 0.2700 0.0239 0.2706  0.0240 0.2834  0.0282

RE rrising | 0.0781  0.0122 0.0676  0.0123 0.1113  0.0223
Trs 0.0207  0.0051 0.0302  0.0077 0.0668 0.0147

TRIS 0.7844  0.0481 0.7831  0.0485 0.7472  0.0643

SSIM  zgrrsing | 0.9674  0.0140 0.9741  0.0115 0.9493 0.0117
Trs 0.9980 0.0010 0.9951  0.0030 0.9753  0.0141
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Figure 5: Results on a test image from the COULE synthetic data set, under the P3g0,360 CT
protocol. First row, from left to right: xrrs with K = 3, K = 5 and K = 10 respectively;
second row, from left to right: the corresponding zrrsinG-

Ps60,180 and Ps60.60. The number of iterations used to generate zgrg is K = 10
and the K* iterations needed for convergence is in [150, 300] for all the test im-
ages. In Table [d] we report the quality indices evaluated on the test set in terms
of mean and standard deviation. We first interestingly observe that the values
of all the xgrg outputs are very similar, independently from the geometry. Con-
sidering the final reconstructions xrrsrng, we see that halving the number of
angles in Psg0,180 does not affect the mean values of the metrics; when the geom-
etry is very sparse in Ps0,60 the errors slightly increase. However, the values of
the standard deviations are small and very similar in all the tests, showing that
the network has a stable behaviour. As before, the z;g solutions have excellent
metrics, justifying the use of the RISING approach even in the hardest case
with only 60 angles. This shows that the considered compressed sensing-based
model properly describes the reconstruction process independently of the
sparsity of the geometry (at least for the considered ones).

5.3. Results on real medical images

Now we present the results of RISING applied to the Mayo data set. The re-
sults obtained with two sparse-view CT geometries, namely Psg0 360 and Pigo.60,
are shown in Figure [6] The left images are the zrrg = 2(!3) reconstructions.
Even if only a small number of iterations is performed, the main structures of
the abdomen are visible; however, the images are still blurry and few streaking
artifacts are visible in the bottom image.
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Figure 6: Results on a test image from the Mayo data set, under the P3g0,360 (upper row)
and the Pigo,60 (bottom row) CT protocol. Left: zrys; right: zrrsing-

30
Distance in voxels Distance in voxels

Figure 7: Intensity profiles taken on the horizontal red line depicted in[2} on the reconstructions
in Figure@ The black, blue and red lines are the profile relative to 75, xrrs and rrsING,
respectively. Left P360,360; right: P180,60-

Our solutions xrrs;vG are reported on the right. They both appear very accu-
rate, the low-contrast regions are correctly preserved and the noise is not visible.
In case of the more challenging protocol Pigg 0, the thin details are less neat
but still present and discernable. Figure [7]plots the intensity profiles taken over
the red line on the crop of Figure[2] In particular, we compare the unseen target
profile (black line) from x;¢ with the network input zgrs curve (blue line) and
the output xgrsrng curve (red line) for both the geometries. In the left image
(Ps60,360) We observe that, starting from the input profile, quite far from the
black one, we obtain a result faithful to the target, mirroring that the CNN
has accurately learnt a map well approximating fx of . Also in the right
image (P1so,60) the line corresponding to the RISING solution almost overlaps
the target one. At last we underline that the solutions x;g of the regularized
model are very similar in case of Psg0,360 and Pigg 60 geometries.
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6. Conclusions

We have proposed a novel framework, called RISING, for the reconstruction
of a CT image from few-views. RISING is ground truth free, fast and robust
with respect to the noise, hence it is a suitable framework for clinical real usage.

The numerical experiments performed both on synthetic and real medical
images show that the RISING reconstructions are visually accurate, even in a
very sparse geometry with only 60 views in [0, 180] degrees.

At last, we underline that the RISING scheme is flexible, since it can be set
on different model-based iterative reconstruction methods (not limited to the
model in and/or to the SGP algorithm). In the future, we intend to study
more formal properties of RISING as a stable solver for the CT imaging inverse
problem and assess the most suitable network architecture for that task.
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