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Sparse-view x-ray computed tomography (CT) imaging is an interesting topic in CT field and can efficiently decrease
radiation dose. Compared with spatial reconstruction, a Fourier-based algorithm has advantages in reconstruction speed and
memory usage. A novel Fourier-based iterative reconstruction technique that utilizes non-uniform fast Fourier transform
(NUFFT) is presented in this work along with advanced total variation (TV) regularization for a fan sparse-view CT. The
proposition of a selective matrix contributes to improve reconstruction quality. The new method employs the NUFFT and
its adjoin to iterate back and forth between the Fourier and image space. The performance of the proposed algorithm is
demonstrated through a series of digital simulations and experimental phantom studies. Results of the proposed algorithm
are compared with those of existing TV-regularized techniques based on compressed sensing method, as well as basic
algebraic reconstruction technique. Compared with the existing TV-regularized techniques, the proposed Fourier-based
technique significantly improves convergence rate and reduces memory allocation, respectively.
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1. Introduction

Nowadays, x-ray computed tomography (CT) has been
widely used in clinical and industrial applications.!!l The in-
volved x-ray radiation has also attracted increasing concern.
Low-dose imaging has become a major challenge in the CT
field.[>*! The radiation dose in the data acquisition process
can be reduced in two ways: by decreasing the current of the
x-ray source and by reducing the number of projections. How-
ever, the details of an imaging object may be ignored with
decreased scanning current. Therefore, the sparse scanning
imaging process has become popular on the premise that it en-
sures reconstruction quality.

Research on sparse scanning has been conducted over
decades. Given the low number of projections for the Tuy—
Smith condition,>®! which prescribes a number limit for an
accurate reconstruction. Hence, to obtain ideal results through
analytic reconstruction methods is difficult, such as the filtered
back-projection (FBP)[7! algorithms, which creates numerous
artifacts because of the data inconsistency of sparse-view CT
measurements. In fact, to the ill-posed problem, iterative re-
constructions are currently the primary, widely used method of
solving sparse projections. However, tolerating these methods
is difficult because of their time-consuming and high-memory
allocation in the spatial domain.

By contrast, the Fourier-based reconstruction method has
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advantages, such as high computational efficiency and low
memory usage. These excellent properties are mainly due to
fast Fourier transform (FFT). Various methods have been de-
veloped in accordance with central slice theorem.®! In 1987,
Peng et al.l”! derived fan-beam direct Fourier method by re-
binning a fan to a parallel projection; this method has fewer
operations than filtered convolution back-projection. In 2006,
Fessler et al.!'% presented a projection method for fan-beam
tomography based on non-uniform FFT (NUFFT), which sig-
nificantly improves the speed of iterative reconstruction. In
2014, Zhao et al.!'' developed the generalized Fourier slice
theorem and avoided the interpolation for fan beam rebinning.

Howeyver, the aforementioned Fourier methods are aimed
at all angle projection data, and sparse-view reconstruction re-
mains a challenge in the Fourier domain. Fortunately, CS-

based iterative reconstruction2-

141 draws significant interest
because of its beneficial potential in under-sampled CT recon-
struction. This relatively recent innovation in signal process-
ing allows image recovery from projections fewer than those
required by the Nyquist sampling theorem. Reconstruction re-
search on compressed sensing mainly focuses on the devel-
opment in the spatial domain. In 2008, Pan et al.l" pro-
posed adaptive decent methods via a projection onto convex
sets (POCS), which is conventionally used for algebraic re-

construction techniques (ART). Afterwards, the simultaneous

*Projected supported by the National High Technology Research and Development Program of China (Grant No. 2012AA011603) and the National Natural

Science Foundation of China (Grant No. 61372172).
Corresponding author. E-mail: ybspace @hotmail.com
© 2016 Chinese Physical Society and IOP Publishing Ltd

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

038701-1


http://dx.doi.org/10.1088/1674-1056/25/3/038701
mailto:ybspace@hotmail.com
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn

Chin. Phys. B Vol. 25, No. 3 (2016) 038701

ART (SART)['0! that is combined with total variation (TV)
regularization, namely SART-TV,!!”! improves reconstruction
image quality and accelerates convergence. In 2013, the idea
of alternating direction method (ADM) to solve constrained
TV minimization was introduced by Zhang et al.,[' which is
superior to other spatial algorithms in image quality. In 2014,
Wang et al.!'! reviewed basic conclusions and classical algo-
rithms in sparse optimization in few-view reconstruction and
predicted the future research direction of sparse optimization
based few-view reconstruction for CT image reconstruction.

The theory of compressed sensing also offers new per-
spectives for Fourier-based iterative reconstruction. The re-
lated studies have also inspired the flourishing research in the
compressive sensing area. In 2014, Choi et al.?"! presented
a Fourier-based CS technique, which provides a fast conver-
gence rate for parallel beam CT reconstruction in sparse view.
In 2015, Yan et al.>! proposed a reconstruction method of
NUFFT-based iterative image reconstruction via alternating
direction TV minimization (ADTVM) for sparse-view paral-
lel beam CT. The above work concentrated on sparse view for
parallel beam due to the central slice theorem which directly
derived from parallel beam geometry.

For Fourier-based fan reconstruction, the process of re-
binning is necessary because of the limit of central slice the-
orem. In general, because the number of angular sampling is
smaller than full scanning, the missing data cannot be inter-
polated without aliasing.!*?! Therefore, the rebinning of fan
sparse views is not straightforward suitable, and it needs to
combine with other methods.

Inspired by previous work, we aim to present a promis-
ing contribution to the task of image reconstruction from fan
sparse views in Fourier domain. To conveniently record the
rebinning data between Fourier domain and image space, the
selective matrix is presented to keep the known data constant.
Combining the alternating direction total variation minimiza-
tion (ADTVM) technique with NUFFT, a new method is pro-
posed which is suitable for large-scale reconstruction because
of high computational efficiency of FFT. The advantages of
the proposed algorithm are identified based on the results of
several group experiments.

This paper is organized as follows. Section 1 briefly re-
views the basic CT reconstruction and the current research
state of fan sparse-view image reconstruction. Section 2 de-
scribes the basic principles of the proposed method, which
mainly include a selective matrix and a constrained TV min-
imization model. Section 3 demonstrates groups of typical
experiment results, including numerical and real-data simu-
lations. Finally, Section 4 presents the discussion and conclu-

sion.

2. Methods and materials

In this section, the new method is described in detail,
which mainly includes the methods of central slice theo-
rem, fan projection data rebinning, selective matrix, and con-

strained TV minimization reconstruction via NUFFT.

2.1. Central slice theorem

Central slice theorem (also called projection theorem) is
outlined to review the foundation of Fourier reconstruction in
the following. The basic geometry is shown in Fig. 1. In a
compact support of spatial domain, the general formation for
the line integral, known as the Radon transform of f(x,y) (ob-

jection function), is

pel(t) = //:Of(x,y)5(xcos9 +ysin@ —z)dxdy. (1)

Then, in the Fourier domain, the integral is expressed as fol-
lows:

Py (p) = /:cpe(t)e’jp’dt

- [Z[i[if(an)5(xcose

+ysin @ —r)dxdye P! dr
_ /w \/Do f(x,y)efj (xp cos B+yp sin9)dxdy7 )

where Py (p) is observed with the Fourier transform of the
measured projection data Py (p), and p is the frequency vari-
able of the Fourier transform. On the other hand, the two-

dimensional (2D) Fourier transform of objection is denoted as

Fuv)=[ [ fayeemag. o)

Combined with Egs. (2) and (3), the following relation-
ship can be obtained for the projection and frequency spectrum
of objection:

Py(p)=F (pcosH,psinb). )

Namely, the one-dimensional (1D) FFT Py (p) of the par-
allel projection is equal to 2D FFT F (u,v) of reconstruction
objection in the direction perpendicular to the projection. In
addition, the polar coordinate data cannot be directly trans-
formed to spatial domain by IFFT and it needs transform to
Cartesian coordinate which make plenty of streak artifacts
due to the introduction of the interpolation. The adjoint of
NUFFT can realize reconstruction from polar coordinate data
and avoid interpolation form polar coordinate to Cartesian co-
ordinate. Based on the latest NUFFT, we can design the fol-
lowing efficiency reconstruction.
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Fig. 1. Related Fourier transform of objection and projection.

2.2. Fan projection data rebinning

Given the limitation of parallel projection, other imaging
geometries, including fan beam imaging geometry, needs a re-
binning process before developing Fourier-based reconstruc-
tion methods. According to their geometric relationship (see
Fig. 2), a straightforward approach would be to rebin every
fan-beam ray into a parallel-beam ray.

Fig. 2. Geometry relationship of a fan beam and a parallel beam geom-
etry for equal spacing.

Fan-beam projection
in an angle

Y

R(s, B)

rebinning

—_— |

From Fig. 2, the following coordinate relationship can be
satisfied for rebinning:

9:y+B:B—|—arctan%, 5)

Ds

V2 + 12

where f3, D, and L denote the rotation angle, the distance from

(6)

=

the source to rotation axis, and the distance from the source to
the linear detector, respectively. Moreover, s is the signed dis-
tance from the isoray along the linear detector. When these
variables satisfy the preceding formula, p(z,0) is equal to
R(s, B).

because rebinning requires data interpolation with involving

However, this rebinning approach is not preferred

coordinate conversion, which introduces error. The idea of
rebinning is feasible, but it requires a combination of other
methods if the reconstruction result is sufficiently accurate.

2.3. Selective matrix

In the background of sparse fan beam view, the process
of rebinning is complicated for a small number of projection
data. A high number of missing data corresponds to a less
precise value after rebinning.

Fig. 3. Rebinning to parallel beam projection from sparse fan beam.
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In this work, we introduce selective matrix, which re-
marks the location of the value after rebinning. In other words,
the selective matrix consists of elements O and 1, in which
the value is 1 when the place is rebinned (these filled dots
are shown in Fig. 3); otherwise, the value is O (these unfilled
dots are shown in Fig. 3). Obviously, the total number of 1 is
quite small in the selective matrix. During the iteration, the
value of these filled dots keeps constant and the value of these
unfilled dots changes with the decrease of iteration number.
For reasons that will become clear as we go along, instead of
the specific interpretation above, we introduce a more abstract
mathematical alternative

s = {S(Ql) = 1,S(Qo) = O},

where s is a matrix with element O and 1. Further, we define
that | represents the rebinning place which stems from the
interpolation position from fan beam geometry to parallel ge-
ometry, and 2 represents other position except the rebinning
location.

The projection can be easily restrained during iterative
Fourier-based reconstruction with the establishment of a se-
lective matrix. The introduction of a selective matrix promotes
reconstruction by remarking these known positions.

2.4. Constrained TV minimization reconstruction via
NUFFT

Let f denote the two-dimensional image, then sparse
model can be linearly expressed as follows:

sFnf =P, 7

where Fy and s represent the NUFFT operator and selective
matrix, respectively. Then, P is the 1D Fourier transform of
the sparse parallel P, which is a result of the rebinning of
sparse fan P;.

The preceding Fourier model can be concisely written as
follows by letting Fy = sF\:

Ff=P. ®)

To solve this linear and underdetermined equation, we
specify a TV minimization algorithm that considers the recon-
struction a task of finding the best solution to the following
optimization problem:

F* =argmin || f|lry, subjectto(s.t) Ff=P, f>0, (9)

where || flly = L[| D; f|| denotes the discrete gradient of f

at pixel i, and Dl,- represents the differential operator along
the direction i of the image. Instead of minimizing the men-
tioned TV model directly, we consider an equivalent variant of
Eq. (9),

ngWMH—HFf P|2, st.w;=Dif, £>0, (10)

where A is the fidelity parameter to control the data consis-
tency in the object function.

Its corresponding augmented Lagrangian function of
Eq. (10) is

Liwnf) = X (i~ (Dif ~w)+F |Dig ~ w13

A .
2 e P an

Given that equation (10) remains a convex problem, the
global convergence theorem can guarantee convergence, while
applying the augmented Lagrangian method to deal with it. By
letting w; and f* represent the true minimizers of Eq. (11),

[23,24]

the following update formula of multipliers is obtained:

B = vi — Bi(D; f —w;) forall i. (12)

The task of solving Eq. (9) is equal to minimizing
L(w;, f) efficiently at each iteration. In this study, the ADM
is used to solve the minimization of Eq. (11). The ADM ap-
proach decouples the augmented Lagrange function into two
subproblems, namely, w;-subproblem and f-subproblem.

Suppose that f; and w; , respectively, denote the approx-
imate minimizers at the k-th iteration which refers to the inner
iteration, while solving the subproblem. If f; and w; ; are

available for all j =0,1,...,k, then w; ;4 can be attained by

mmL (w;, f

Z\IwzH — v} (Djfi—wi)

LB

5 1D fi = wil3). (13)

The w-subproblem is separable with respect to w;, and
equation (13) can be efficiently solved with the shrinkage
operator.[>! The closed form solution is expressed as follows:

v;

g (0 ) o

In addition, with the aid of w; 1, the f-subproblem can

*
wi7k+l = max { ‘Difk —

be achieved by solving the following equation:

mfian(f)ZZ( | Dif - ’wzk+1H2 [ (Dif - wzk+1)>

1

+§Hﬂf—Pﬁ7 (15)

where Q(f) is clearly a quadratic function, and its gradient is

di(f) = Z(Bz {(Dif —wigs1) — Dl'vy)
+AﬂWﬂf—P) (16)
Force dj(f) = 0 and the exact solution for Q(f) is

fiv1 = (AF'F, +Zl3iDiTDi)+
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x (AFSMZD?(B@,»,M +vi>>, amn

where M ™ stands for the Moore—Penrose pseudo inverse of
matrix M. In theory, accepting the exact minimizer as the
solution of the f-subproblem is ideal. However, computing
the inverse or pseudoinverse at each iteration is too costly to
implement numerically. In general, we use a robust and ef-
ficient algorithm, namely, nonmonotone alternating direction
algorithm (NADA),[?%! to solve Eq. (17).

The optimized solution for Eq. (11) is attained by circu-
larly applying Egs. (14) and (17) until L(w;, f) is minimized
jointly with respect to (wj, f). The following equations show
the (k+ 1)-th iteration of the proposed method:

Vi

1 v;
Wiy =max | D;fi— —,O}Sgn <Di.fk_l>7
. { Bl B B
fio = AF'F+YBDD;)*
X(AF‘STP+ZD;F(Biwi.k+I +vi)),

(18)

Vikr1 =ik — Bi(Difi ) — W)

2.5. Algorithm of the overall framework

Thus, all issues in the process of handling the subprob-
lems have been settled in the preceding sections. In light of all
the preceding derivations, the new algorithm for fan sparse-
view reconstruction is stated as follows.

Algorithm 1: v; = v; o, w; = w; is initialized for all i, fan sparse
projections P, A, B; > 0 are inputted, and k = 0 is set.
1) Data rebinning is performed, then the selective matrix is built.
2) 1D FFT of P(t,0) is performed with respect to 7 by

Py(p) = |~ pa(t)e " di

While “not achieved maximum iteration loops,” Do
3) Compute f with

fi = AFF +)I:B,-D,.TD,-)+()LF‘STP +)I:D,.T([3,-w,-‘k+1 +v1)).
4) Compute w with

Vi

1 o
Wikt :max{ Difi— A E,O}sgn <D,-fk7 E’)
1 i i
5) Update v; with v; 31 = v — Bi(Dif;fH _ w;‘ik+l ).
6)k+k+1
End Do

It is noticeable that this property of iteration mainly de-
pends on alternating direction method. Therefore, the con-
vergence of algorithm is inevitable for the proof convergence
of ADM.?’l The Fourier-based algorithm here is validated
that the complexity decreases from O(N?) to O(N?logN) for
NUFFT and its adjoint. The proposed non-uniform Fourier re-
construction based on TV regularization algorithm for sparse
fan projection is called NUTVM in this paper.

3. Experimental results

We implement the proposed NUTVM in MATLAB envi-
ronment to demonstrate its excellent performance. It is also

evaluated with both digital simulation data and real CT data.
All experiments are performed on an HP Z820 workstation
with Intel Xeon E5-2620 dual-core CPU (2 GHz) and 24 GB
memory.

3.1. Digital simulation study

We perform the simulation studies with a 2D modified
Shepp—Logan phantom, which is generated according to the
definition of the ellipse phantom image, to validate the perfor-
mance of our proposed method. Circular equally spaced fan
beam geometry is adopted. In the experiment, the detector el-
ements are linearly spaced within the line detector where the
size of one pitch is assumed to be 0.127 mm x 0.127 mm. The
scanning and reconstruction parameters in the experiment are
listed in Table 1. In the following experiments, we perform a
series of comparisons, including ASD-POCS, ADTVM, and
the proposed NUTVM, under the preceding configuration.

Table 1. Parameters in the simulation of a sparse fan scan.

Parameters Configuration
Detection elements 512
Source to axis distance 400 mm
Source to detection distance 600 mm
Views of projection data 60
Projection data 512 x 60
Reconstruction size 256 x 256 pixels

Pixel size 0.127 mmx 0.127 mm

To further evaluate the reconstruction results, the root
mean square error (RMSE) is introduced, which can be written
as

N
RMSE = \/ %Z[ﬁ(i)—fo(i)]27 (19
i=1
where f; and fj denote the reconstruction and reference image
of N pixels. We performed the experiments to further check
the capability of the proposed algorithm by reconstructing the
images from noisy projections in all tests. In MATLAB, noise
is generated with a Poisson mode][?®]

N = Poisson(Nyexp(—P)), (20)

where Ny denotes the x-ray initial intensity, and P is the nor-
malized projection in real space.

The image was reconstructed with ASD-POCS, ADTVM,
and the proposed method, and their results are presented in
Fig. 4 with N = 5.9 x 10°. Then, 400 iterations are performed
for each algorithm.

In Fig. 4, the corresponding profiles of these images along
the central horizontal and vertical rows are shown for different
algorithms.
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(a) Phantom (b) ASD-POCS (c) ADTVM (d) NUTVM

Fig. 4. Image reconstructions of the Shepp—Logan phantom in 60 view scanning. Display window is (0.1, 0.5). (a) The original image.
(b) The image after applying the SART-TV algorithm at 400 iterations. (c) The reconstructed image via the ADTVM algorithm at 400
iterations. (d) The reconstruction image after using the NUTVM algorithm at 400 iterations.

RMSE is used as an evaluation criterion for three different  is twenty seconds. So are ADTVM and NUTVM algorithm.
algorithms with iteration time. The result is shown in Fig. 6. Moreover, the accuracy and running time of each reconstruc-
It is obvious that the RMSE of ASD-POCS algorithm is zero  tion method at the same iteration number are presented in de-
in the first twenty seconds because the time of each iteration  tail in Table 2 for comparison.

0.5 0.5 0.5
----- ASD-POCS (a) i | veeii: ADTVM (b) - NUTVM (c)
——Phantom — Phantom 1 ——Phantom
0.4 i 1 04 { 04
0.3 0.3 s s {1 0.3
0.2 | B 0.2 e 0.2
0.1 0.1 - - . . - 0.1 - - . - -
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
0.5 0.5 0.5
@/ e ADTVM (e | | e NUTVM (f) ]
...... ASD-POCS ——Phantom ——Phantom
0.4 ——Phantom 1 04 1 04
0.3 1 0.3 { 0.3
0.2 Bt H 1 0.2 ﬂ r 1 0.2 ﬂ
0.1 ~ : : : = 0.1 - - : : = 0.1 ' ' : ' :
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250

Fig. 5. (color online) (a) ASD-POCS of the vertical rows, (b) ADTVM of the vertical rows, (c) new method of the vertical rows, (d)
ASD-POCS of the horizontal rows, (¢) ADTVM of the horizontal rows, (f) new method of the horizontal rows.

Table 2. Accuracy and the running time and memory allocation of different methods.

Iteration number 200 400 800
RMSE 0.0036 0.0045 0.0082
ASD-POCS Running time/s 3455.97 7092.54 19732.58
Memory allocation/GB 15.425
RMSE 0.0018 0.0024 0.0035
ADTVM Running time/s 354.95 843.96 2200.48
Memory allocation/GB 14.889
RMSE 0.0250 0.0020 0.0025
NUTVM Running time/s 42.54 84.23 186.75
Memory allocation/GB 0.134
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From the reconstruction images, the corresponding pro-
files and RMSE, we can see that there is little difference be-
tween the reconstructed image using the NUTVM algorithm
and the reference image, which demonstrate the correctness
of the proposed algorithm. The reconstruction quality of
NUTVM algorithm is an improvement over that of the ASD-
POCS algorithm. In terms of reconstruction time, the new
method is obviously superior to the other two contrastive al-
gorithms. However, the reconstructed quality worsens for the
existence of noise when the iteration number is over a certain
number.

3.2. Reconstruction via real data

We performed the experiments to reconstruct a slice of
the head model from real data to further check the capability
of the NUTVM algorithm. The scanning and reconstruction
parameters are listed in Table 3. The detector elements are
equidistantly spaced (0.148 mm) from one another.

Image reconstructions through ASD-POCS and ADTVM
algorithms and the proposed algorithm are shown in Fig. 7.
The numbers of iterations for the three algorithms are 200 and
400.

Table 3. Parameters in the sparse-view fan scanning.

Parameters Configuration
Detection elements 3286
Source to axis distance 678 mm
Source to detection distance 1610 mm
Views of projection data 90
Projection data 3286 x 90
Reconstruction size 256 x 256 pixels
Pixel size 0.582 mmx0.582 mm
0.25f —— ADTVM 7
—=-ASD-POCS
——-NUTVM
0.20} ]
0.15R E

~
N

\ T _=s=

Root mean square error

\'\

~
0 L L il T SN G Sy SR

20 60 100 140 180

Time/second

Fig. 6. (color online) RMSEs with iteration time for three different al-
gorithms.

Fig. 7. Reconstruction results of ASD-POCS, ADTVM, and NUTVM. (a) ASD-POCS (at 200 iterations), (b) ADTVM (at 200
iterations), (c) New method (at 200 iterations), (d) ASD-POCS (at 400 iterations), (¢) ADTVM (at 400 iterations), (f) New method (at

400 iterations).

Then the running time and memory allocation of each re-
construction method are presented in detail in Table 4 for real
data.

The acquired reconstruction results via real data clearly

show that the quality of the reconstructed image improved as
the number of iterations increased. Under the same number
of iterations, the reconstruction results of ADTVM are supe-
rior to those of ASD-POCS, particularly in terms of the high-
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frequency information showing the image detail or volatile
part. Compared with ADTVM, the results of the new method
are approximate from the view of the image detail.

Table 4. The running time and memory allocation of different methods.

Algorithm ASD-POCS  ADTVM  NUTVM
Running time/s 6676.4 1119.6 169.1
Memory allocation/GB 8.46 6.87 0.16

4. Discussion and conclusion

The simulated data agree well with the theoretical anal-
ysis for the 2D Fourier propriety to the reconstructed object.
According to the preceding results, we examine the proposed
iterative algorithm, which shows potential improvement. Dur-
ing the numerical simulation experiment, we determined that
error from rebinning mainly depends on the choice of interpo-
lation. In general, choosing an intricate interpolation method,
such as polynomial function, helps in improving the quality
of the reconstruction image to full angle scanning. However,
the lack of projection data leads to an increased number of er-
rors because the intricate interpolation method must use global
data. Thus, excellent results must be realized by a simple inter-
polation, such as linear interpolation. According to the RMSE
curve of the three different algorithms in the numerical sim-
ulation, the error stops decreasing when it arrives at the iter-
ation number for the existing noise. This phenomenon is in
accordance with the real reconstruction data because of the
existing irregular noise. In the experiment, memory allocation
by NUTVM is the smallest among the other contrastive algo-
rithms. This preference mainly depends on FFT, encompass-
ing low computation complexity and high computation time.

Due to the lack of sufficient measurements, the recon-
struction procedure can be treated as an ill-posed inverse prob-
lem for sparse view, which generally has no unique solution.
Based on the continuity of piecewise constant, the TV mini-
mization model can uniquely reconstruct object by high prob-
ability. However, it is known that transformation between
different data domains is the most computationally expensive
part of the whole algorithm. Fortunately, NUFFT and adjoint
NUFFT tackle with the transform, which makes this algorithm
In addition, unlike ART-
based algorithms, the new method does not have to model the

highly computationally efficient.

system matrix and the data consistency can be retained. The

proposed method may have a greater capacity for reducing ar-
tifacts and reconstructing better quality images.

A chief contribution of this study is the proposal of a new,
efficient TV minimization scheme with NUFFT for fan sparse
projections. The validity of the proposed algorithm is veri-
fied by conducting numerical simulations and real-data exper-
iments. The advantages of NUTVM indicate that the proposed
algorithm is a good choice for fast, low-dose reconstruction in
fan beam sparse scanning. Furthermore, it has potential in ex-
tending to the cone beam reconstruction in the Fourier domain
because of fan basic properties.
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