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Tomographic Image Reconstruction
from a Sparse Projection Data
Using Sinogram Interpolation
Catur Edi Widodo, Kus Kusminarto, Gede Bayu Suparta
Abstract - In this paper we propose a new approach
of tomographic image reconstruction using sinogram
interpolation for a sparse projection data. In this term,
sinogram interpolation is a process of converting a
sampled projection to a higher sampling rate projection.
By using interpolation, we construct a new projections
within the range of set of projection, then we apply a
filtered backprojection reconstruction to get the
tomographic
image.
This
proposed
approach
reconstruction is applied to simulated half full angle
projection data of the Shepp-Logan phantom with
sparse angular sampling. The result are better than
those given by filtered backprojection reconstruction
without sinogram interpolation.
Keyword - tomography, projection, sinogram,
interpolation, backprojection
I.
INTRODUCTION
In tomography, the inner structure of object is
reconstructed from a collection of projection data. The
widely used computerized tomography (CT) imaging uses
an extensive set of projections acquired from all around the
body. Reconstruction from such complete data is by now
well understood, most popular method being filtered backprojection [1]. In medical tomography, it is important to
consider the dose received by patient because the greater the
radiation dose, the greater the risk of tissue damage and the
risk of cancer [2], [3].
Many strategies have been proposed to reduce dose by
minimizing radiation exposure but using low dose may
result quantum noise [2]. This quantum noise can be
reduced by appliying suitable filter on sinogram from
scanning object. Bharkada et. al. [4] reduce dose radiation
by appliying normal dose for region of interest (ROI) object
and appliying very low dose for non ROI object. The widely
used method to reduce dose is by reducing the number of
projections by widening the projection angel interval. We
refer to this types of incomplete data as sparse projection
data. The weakness of this method is in the image
reconstruction results will arise an artefact defect. By using
the evolution theory [1], wavelet transform [3], convex
projection method [5], total variation [6], and metric
labeling [7], reconstruction can be done without causing
artefact defect using ten projections only.
All works we have described above are iterative
methods. This method is based on idea of solving a system
of linear equations in which the linear attenuation
coefficient distribution of the object, µ(x,y), and its
projection, pø (xr), are considered as discrete matrices, M

and P, respectively. These two matrices are related by P =
RM, when R is a matrix transformation that describes the
Radon transform operation. The objective is then to find the
inverse transform operator, R-1 [8]. All iterative methods
commence from initial guess for M0. From this the
projections, P, are determined and compared to
experimental values of Pexp. The projection errors is then
used to form a corrected projection set which is
subsequently used to produce the new value of M1. In the
algebraic reconstruction technique (ART), the projection
error used to correct projection is exactly ΔP = Pexp – P, but
in further technique (partly we describe above is convex
projection, evolution theory, and total variation) is
determined by statistical consideration. The aim of our work
is to propose a new approach, where we do interpolate the
sinogram with sparse projection then perform
backprojection to get the reconstructed image.
II.
ALGORITHM
The Radon Transform has several useful properties [9]
(Table 1). The property of linearity can be described as
follow: Suppose there are N objects, each of object has the
functions of f1 (x,y), f2 (x,y), ..., fn (x,y), and each function is
multiplied by the scalar a1, a2, ..., an, the Radon transform of
linear combination all of these functions is same as linear
combination of each of its Radon transform. The projections
g(s, ө) are space limited in s if the object f(x,y) is space
limited in (x,y), and they are periodic in ө with period 2π. A
translation of f(x,y) results in the shift of g(s,ө) by a
distance equal to the projection of the translation vector on
the line s = x cos ө + y sin ө. A rotation of the object by an
angle ө causes a translation of its Radon transform in the
variable ө. A scaling of the (x,y) coordinates of f(x,y) results
in scaling of the s coordinate together with an amplitude
scaling of g(s,ө). Finally, the total mass of distribution f(x,y)
is preserved by g(s,ө) for all ө.
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Table I
Properties of Radon Transform [9]

Fig. 2. Position interpolation for projection P2 on 6th raysum

According to the properties of linearity, a point in
Cartesian space corresponds to a sine pattern in the radon
space. If there are N points in Cartesian space, it will
correspond with the N sine pattern in the radon space. If
there are points forming the object in Cartesian space, it
corresponds to a sine band on Radon space. If there are
several objects in Cartesian space, it there will correspond
several sine bands on Radon space. So if there are sparse
data on radon space, missing data can be filled by way of
interpolation in order to form a sine bands. Gray level of the
sine band is determined from the properties of conservation
of mass that is total gray level of each projection is the
same, so that the gray level of each of the coordinates can be
interpolated.
Unlike a widely used interpolation, where interpolation is
only done on a gray level with a predetermined position, the
proposed interpolation is done on the position and gray
level. Illustration of the interpolation process that we are
proposed can be seen in Fig. 1, 2 and 3.

Fig. 1. Example of projections that will be interpolated

Suppose we are in a position to projection P2 on 6th raysum
with gray level 50. At P1, the closest gray level to 50 is 42
which is at 5th raysum. At P3, the closest gray level to 50 is
62 which is at 4th raysum. At P4, the closest gray levels to
62 is 60, which is at 9th raysum. Based on these data we
obtain the set of raysum positions P1, P2, P3 and P4 to be
interpolated, there are (5,6,4,9). Then we do 1- dimension
spline interpolation to these data to produce 16 data sets of
interpolation values, there are (5, 6, 6, 6, 6, 6, 5, 5, 4, 4, 4,
4, 5, 6, 7, 9). Data are selected to fill raysum between P2
and P3 is the data at 7th , 8th, 9th and 10th, there are (5,5,4,4)
as can see in Fig. 2 (these positions are marked with the
symbol √).

To determine the gray level on raysum which have been
obtained, we take gray level on raysum at P1=5th, P2=6th,
P3=4th and P4=9th, there are (42,50,62,60). Then we do 1dimension spline interpolation to these data to produce 16
data sets of interpolation values, there are (42, 44, 45, 47,
48, 50, 52, 55, 57, 60, 62, 62, 61, 60, 60, 60). Gray level
data selected to fill positions that have been previously
obtained is the data at 7th , 8th, 9th and 10th, there are
(52,55,57,60).

Fig. 3. Interpolation result for projection P2 on 6th raysum
To

implement this algorithm, the projections are arranged in
order of P0, P1, P2, ..., Pn, Pn +1, where P0 is Pn with a
reversed raysum sequence; P1, P2, ... Pn is the 1st, 2nd , …
nth projection; and Pn +1 is P1 with a reversed raysum
sequence.
Below is the proposed sinogram interpolation algorithm:
1. Get the projections P1 and P2
2. Determine the points of interpolation by steps:
for i = 1to N
left=i
nleft=P2(i)
for k=1to M
PNk = absolute (P2left – P1k)
endfor
for k=1 to M
if PNk = minimum (PN)
outleft=k
noutleft=P1(k);
endif
endfor
for k=1to M
PNk = absolute (P2left – P3k)
endfor
for k=1 to M
if PNk = minimum (PN)
right=k
nright=P3(k);
endif
endfor
for k=1to M
PNk = absolute (P3right – P4k)
endfor
for k=1 to M
if PNk = minimum (PN)
outright=k
noutright=P4(k);
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endif
endfor
endfor
3. Perform interpolation
4. Fill projections between P1 and P2
5. Return to step 1 for the projections:
between P2-P3,P3-P4, P4-P5, ... ,PN-PN-1

III. EXPERIMENT RESULT
The experiment was conducted as follow: We simulated
various sparse projection data using the synthetic SheppLogan phantom of size 256 X 256 generated by MatLab as
shown in Fig. 4. The test case is a simulated example of half
full angle tomography of sparse projection data with angular
step of 5O (36 projections), 10O (18 projections), 15O (12
projections), 20O (9 projections), 25.7O (7 projections), and
30O (6 projections). We are interpolated these sparse
projections to construct sinogram of 360 projections. We
chose this 360 projections because it is suitable to
interpolate (can be divided by 5, 10, 15, 20 and 30) and
conform the sampling theory [10], where Mprojection ≈
½πNraysum. From this sinogram we do backprojection
reconstruction. We studied the effect of angular sampling on
reconstruction quality using signal to noise (SNR) criterion
by formula:
Fig. 5. Simulated sparse half full angle projection data from the SheppLogan phantom. First column from the left: number of projection of sparse
data. In all cases the total view angle is 180o. The number of projections
from top to bottom are 36 (5o step), 18 (10o step), 12 (15o step), 9 (20o step),
7 (25.7o step), and 6 (30o step), respectively. Second column: data sampled
projection in sinogram form. The missing parts of the sinograms are
denoted by black. Third column: interpolated sinogram. Forth column:
reconstructions using filtered backprojection without sinogram
interpolation. Fifth column: reconstructions using filtered backprojection
with sinogram interpolation.

Fig. 4. Synthetic Shepp-Logan Phantom generated by MatLab

Simulation result can be seen in Fig. 5 where visually shows
that there is no streak artifact on the reconstructed image
with interpolation sinogram (fifth column). The less number
of projection, the lower the quality of the resulting image,
and the more different the reconstructed image with the
original image. This is due to the closest gray level is not
necessarily the actual direction. To get better results, each
gray level obtained from the interpolation should be checked
whether it is in the right direction.
Nevertheless, with only nine projections, small objects
can still be identified so that the reconstruction is still
acceptable. In quantitative terms, the proposed interpolation
can significantly increases the SNR in both sinogram and
reconstructed image (Fig.6 and Fig.7).

Fig. 6. Graphic of SNR of sinogram versus number of projection. Curve
below: sparse projections. Curve above: interpolated projections
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Fig. 7. Graphic of SNR of reconstruction image versus number of
projection. Curve below: reconstruction using filtered backprojection
without sinogram interpolation. Curve above: reconstruction using filtered
backprojection with sinogram interpolation

IV.
CONCLUSION
In this work, a method of sinogram interpolation has
been developed. The method increases significantly values
of SNR of sinogram and reconstructed image. Visually, the
results of reconstruction with the proposed approach
indicates no streak artefact. On a phantom Shepp-Logan
object, the reconstruction is acceptable by using nine
projections only.
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