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Abstract

We have devised a setup for efficient 3D X-ray imaging of bulky objects. Accurate measurement of
such targets requires a powerful source with mean photon energies well in the MeV scale. One
problem with these measurements is that each 2D projection may take several minutes to complete.
A whole scan consisting of hundreds of projections thus occupies the X-ray device for an entire day.
Our aim in this  work is  to  demonstrate  that  the number of required projections can be limited
without  significantly  compromising  the  image  quality  by  using  an  advanced  reconstruction
algorithm. By working with a smaller set of projections,  not only do we limit the overall  time
needed for inspection, but also reduce the total exposure time of the detector, increasing the life-
time  of  the  X-ray  device.  We  demonstrate  how  the  relevant  details  in  the  reconstruction  are
preserved to sufficient accuracy even with the limited data set.
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1. Introduction

We have measured and analyzed three different objects: (1) a thyratron vacuum tube, (2) a petrol
engine and (3) a segment of a solid-fuel rocket. Figure 1 shows a single linearized projection from
each data set for illustration.  From the full  data set of 360 projections with one-degree angular
increment, we select a subset of 63 to 66 projections as the sparse data set.

The vacuum tube does not include particularly bulky parts, but it was measured for the purpose of
demonstrating that  the 3D volume can be reconstructed from sparse-angle data up to sufficient
detail. The latter two objects are made of several materials, including steel, aluminum, ceramics,
graphite and rubber. With a penetration depth of about half a meter, the rocket in particular is too
large for a conventional X-ray tube measurement, while the linear accelerator used in this work
manages to yield high-quality data.

Each data set is reconstructed using the Feldkamp-Davis-Kress (FDK) algorithm using all available
projections for reference. The reduced data set is used for reconstruction with both an advanced
algorithm, the parallel statistical inversion algorithm (PSIG), and FDK for comparison. Obviously,
the  advanced  algorithm solves  a  much  more  complex  computational  problem taking  longer  to
complete. However, this is not an issue considering throughput of the tomography setup as long as
the reconstruction takes less time than the measurement itself.
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2. Measurement Setup

The  measurements  were  performed  on  a  LINAC experimental  stand  manufactured  at  National
Centre  for  Nuclear  Research.  It  consists  of  a  standing  wave  biperiodic  π/2  mode  accelerating
structure,  operating  at  a  frequency of  2998.5 MHz.  The tube  is  on-axis  coupled,  composed of
vacuum brazed cells and accelerates electrons to energies of 6 MeV in the focusing solenoid field.
The LINAC is powered by a 2.5 MW klystron with a PFN modulator. A Pierce-type diode gun with
tungsten cathode and dedicated HV modulator has been used as the electron source.

The electron beam hits a 1 mm thick tungsten target, where high-energy X-rays are produced with
spectrum peak at 1.5 MeV. Due to the RF source limitations, the system is operated in pulsed mode
with 300 Hz repetition rate and 4.5  μs pulse length. This setup yields a 6 Gy/min dose rate at a
distance of 1 meter.

For imaging we used a SMOC detector with 7300 by 4900 pixels. It consists of a high-quality GOS
scintillator, front silver-coated mirror and a shielded CCD camera connected to a PC. The detector
works with photon energies up to 15 MeV.

With all three scans, 360 projections were taken with a one-degree angular increment in circular
geometry. The objects were mounted on a rotating pedestal whose orientation could be controlled to
an accuracy of 0.0017 degrees. Each projection took roughly 2-4 minutes in time. With each scan,
empty-air and geometrical measurements were taken to aid with preprocessing steps.

3. Theory

FDK [1] is a standard algorithm used in the cone-beam computed tomography (CBCT) industry. It
usually provides very high-quality reconstructions if (a) there is a sufficient amount of data meaning
typically  hundreds  of  projections,  (b)  the  data  has  low  noise  levels  and  (c)  the  measurement
geometry is  accurate,  circular  and taken with a  full  opening angle.  Being a direct  method,  the
algorithm is computationally very fast, making it the ideal candidate for time-critical applications
where radiation doses and scanning times are not that relevant. As the purpose of this work is to

Figure 1: A single linerized projection image from each data set considered in this work: thyratron

vacuum tube (left), a petrol engine (middle), and a segment of a solid-fuel rocket (right).



focus on reconstructions made from sparse-angle data, details of the FDK algorithm will not be
presented here, but there are several good sources for the interested reader, such as [2]. In this work,
FDK is used with the full 360-projection data set for a reference reconstruction and with the sparse
data set for comparison.

While  working  with  a  limited  number  of  projections,  the  reconstruction  task  becomes  ill-
conditioned: there are more voxel values in the 3D volume to be fixed than data values in the
measured projection images. Another issue is that it is not meaningful to incorporate measurement
noise  into  the  reconstruction.  The  solution  to  these  problems  is  to  introduce  some  kind  of
regularization  and  a  noise  model  to  prefer  solutions  which  are  in  a  way  more  probable  or
conceivable.  The  framework  of  statistical  inversion  mathematics  provides  a  reliable  and
straightforward means of including such so-called prior information into the reconstruction model.

We  have  used  PSIG  for  making  the  sparse-angle  reconstructions.  The  algorithm  treats  the
reconstruction process as a Bayesian inversion problem with a total-variation prior and white-noise
errors. In other words, the algorithm outputs a volume where two quantities are simultaneously
accounted for: (1) the total nearest-neightbor variation in the volume and (2) the difference between
the forward-projected volume and the measured data points. In mathematical terms, the resulting
posteriori density distribution is given by

D(x) = exp(-||Ax - m||/σ2 - γΣi,j |xi - xj|).                 (1)

Here x denotes the reconstruction volume, which is a vector of length 108-109.  D is the posteriori
probability density which describes how likely a given volume x is.  ||  · || is the L2-norm and |  · |
stands for the absolute value. A is the so-called theory matrix, an accurate forward-projection model
(i.e. Ax can be viewed as the projection data of the volume x). m denotes the measured data, which
is a vector of length 107-108.  σ is the standard deviation of Gaussian measurement noise in the
linearized images and γ is a parameter controlling the weight of the regularizing term. Index i in the

sum Σi,j runs over all voxels in the volume x and j runs over all neighbors of voxel xi.

As the noise model is included starting from first principles, this algorithm is very robust against
noisy data. Moreover, the model does not make any assumptions about the measurement geometry
which can thus be arbitrary, but must, of course, be known. The total-variation prior is an excellent
choice for regularization both in industrial and medical applications. It manages to smoothen the
solution without blurring sharp features.

The posteriori distribution in Eq.(1) is sampled using Gibbs sampling. We arrive at the solution xCM

by computing  the  conditional  mean  (CM)  estimate  from the  drawn  samples.  Another  popular
alternative is the so-called maximum a posteriori (MAP) estimate which is obtained directly by
maximizing  D(x),  see for  example Ref.  [3].  Although computing the CM estimate is  generally
considered to be a more challanging task, the benefit is that we do not end up only with a point
estimate, but a distribution of values for each voxel element, providing a natural measure, e.g., for
quantifying the reliability of estimated values.



4. Results

The measured projection images are linearized in the standard manner: we assume that photons
emerging from the source propagate along straight rays. Inside the target object, intensity of a ray
decays exponentially with the traversed path length and the local attenuation constant determined
by the material. Hence, the images are linearized simply by taking the negative logarithm of the
ratio of measured and empty-air pixel values. In addition, we have applied a simple beam-hardening
correction to the petrol engine and solid-fuel rocket data. All pictures shown below are taken from
reconstructed  volumes  without  any post-processing  steps  to  obtain  a  better  comparison  of  the
algorithms.

4.1 Thyratron vacuum tube

To get an understanding on the measurement geometry and how many projections are needed to be
able to view small details inside a complex object, we measured and reconstructed a vacuum tube
used in pulsed radars. In this experiment, we used projections with 1024 by 2050 square pixels of
width 0.18 mm. We chose a reconstruction volume of size 512 by 512 by 1024 voxels.

Figure 2 displays an axial slice from the volume reconstructed using three different techniques: As a
reference,  all  360  projections  from  full  scan-angle  of  360  degrees  were  used  with  the  FDK
algorithm, which is shown on the left. To reduce the number of projections that need to be taken, we
decided to discard (approximately) duplicate data1 by retaining projections only within an opening
angle of 180° plus a fan angle of 7°. From this interval, we selected every third projection ending up
with 63 images or 17.5% of the original set. Image in the middle of Figure 2 shows a slice from a
reconstruction using FDK with the reduced data set. As is evident from the image, the algorithm
produces stripe-like artifacts and increases the noise level blurring details in the result. The same
data set was used with the PSIG algorithm yielding the third image on the right. Especially the
noise level in the image is maintained at a relatively low level.

1 Strictly speaking, cone-beam data measured from opposite directions is duplicate only in the plane of rotation.

Figure 2: An axial slice from the central part of the vacuum tube displaying an array of holes on a

metal plate: FDK result using 360 projections (left), FDK result using 63 projections (middle), and

PSIG result using 63 projections (right).



4.2 Petrol engine

Next we chose an engine as a bulkier object containing heavy metal structures, such as axles and the
combustion chamber. The data used in this case was downsampled to 1424 by 999 square pixels of
width 0.26 mm, and the reconstructed volume has 512 by 512 by 460 voxels.

As in the previous example, we made a reconstruction using the FDK algorithm and the full 360-
projection data set for a reference. The reduced data set contains 63 projections from the interval of
180° plus  a  fan  angle  of  11°,  which  is  used  for  reconstruction  both  with  FDK and  PSIG for
comparison. The results are shown in Figures 3 and 4: central parts of the engine are clearly visible
both from the full 360-projection FDK reconstruction and the PSIG recosntruction using the sparse
data set. The two piston rings can also be recognized. Evidently, in this case the sparse-angle PSIG
reconstruction is  superior to the sparse-angle FDK counterpart  which suffers from severe noise
levels and artefacts.

Figure 3: An axial slice taken from the central part of the petrol engine showing the crossbar and

the piston inside the combustion chamber: FDK result  using 360 projections (left),  FDK result

using 63 projections (middle), and PSIG result using 63 projections (right).

Figure 4: Same setup as in Figure 3, but the slice is taken from a plane parallel to the rotation axis

of the X-ray measurement. The crankshaft and the piston inside the combustion chamber are clearly

visible.



4.3 Solid-fuel rocket segment

As the third test object we chose a part of a rocket composed mainly of graphite, ceramics and
aluminum. It also contains series of steel bolts and a rubber sealing. In this measurement, we used
data  with 1129 by 1366 square  pixels  of  width  0.44 mm.  To avoid  excessive  beam-hardening
effects, the X-ray device is equipped with a 2 mm thick lead filter between the source and the target
and a 2 mm thick copper filter between the target and the detector.

In this case, the sparse data set is selected from an opening angle of 180° plus fan angle of 17°. By
choosing every third projection image, we end up with 66 projections or 18.3% of the original data
set.  Figure 5 shows an axial slice from each of the reconstructed volumes. As is clearly seen from
the  result,  the  sparse-angle  PSIG  reconstruction  is  superior  in  quality  compared  to  the  FDK
counterpart.  The  FDK  reconstruction  suffers  from  increased  noise  levels,  reduced  material
separation and stripe-like artefacts.

5. Conclusions

We have measured three different data sets using a LINAC X-ray device. From each set of 360
projections, we chose a sparse subset of either 63 or 66 images. Both the full and reduced data sets
were  used  for  making  reconstructions  with  an  industry-standard  algorithm  (FDK).  A  third
reconstruction was made with an advanced algorithm based on principles of statistical inversion
(PSIG) using the sparse data set. By comparing the results it is evident that the advanced technique
yields  clearly  better  quality  output  compared  to  the  standard  algorithm.  Especially,  noise  is
maintained at a sufficiently low level and artefacts characteristic to a sparse-angle measurement are
suppressed. These results indicate that it is be possible to increase the throughput of non-destructive
testing with a software-only solution by choosing a proper method for the 3D reconstruction.
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Figure 5: An axial slice taken from the central part of the rocket segment showing an array of steel 

bolts: FDK result using 360 projections (left), FDK result using 66 projections (middle), and PSIG 

result using 66 projections (right).
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