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Abstract
Quantitative dual-energy computed tomographymay improve the accuracy of treatment planning in
radiation therapy. Of special interest are algorithms that can estimatematerial composition of the
imaged object. One example of such an algorithm is the 2Dmodel-based iterative reconstruction
algorithmDIRA. The aimof this work is to extend this algorithm to 3D so that it can be usedwith
cone-beams and helical scanning. In the new algorithm, the parallel FBPmethodwas replacedwith
the approximate 3DFBP-based PI-method. Its performancewas tested using amathematical
phantom consisting of six ellipsoids. The algorithm substantially reduced the beam-hardening artefact
and the artefacts caused by approximate reconstruction after six iterations. Compared toAlvarez-
Macovski’s basematerial decomposition, DIRA-3Ddoes not require geometrically consistent
projections and hence can be used in dual-source CT scanners. Also, it can use several tissue-specific
material bases at the same time to represent the imaged object.

1. Introduction

The model-based iterative reconstruction algorithm
DIRA-3D was designed to address the need for better
estimation of material parameters needed for radia-
tion transport and dose calculations in brachytherapy
with low energy photons and proton therapy. In the
following paragraphs we explain why such a tool is
needed andwhat solutions are already available.

In conventional external beam radiotherapy, high
energy photons from linear accelerators are used.
Compton scattering is the dominant interaction pro-
cess in this energy range and thus CT images showing
electron densities are sufficient. The situation is differ-
ent when using low energy photons (<50 keV) for bra-
chytherapy or with protons.With low energy photons,
atomic composition is important since the photo-
electric effect dominates even in soft tissues of low
atomic number. With protons both the mean excita-
tion energy (I-value) and the probability of nuclear
reactions also depend on the atomic number. Today,

in brachytherapy, dose calculations are approximate,
since they are performed as if the body is a large water
phantom without anatomical detail or size restric-
tions. All tissue absorbed doses are calculated as absor-
bed dose to water in water (Rivard et al 2004). The
need for better characterization of the tissues has
already been stated and is currently a bottle-neck for
the use of model-based dose calculation methods for
this modality, see e.g. (Beaulieu et al 2012, van Elmpt
et al 2016).

Computed tomography reconstructs linear
attenuation coefficients (LACs). To suppress their
strong dependence on photon energy, they are pre-
sented to the end-user in the form of CTnumbers. The
x-ray tube produces photon beams with a spectrum of
energies and the scanned object normally contains
multiple materials. The strong energy dependence of
LACs causes beam-hardening artefacts.

In single-energy CT (SECT), the scan is performed
using one x-ray tube voltage only. In dual-energy
CT (DECT), two sets of data are obtained, each
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corresponding to a different tube voltage. The main
advantage of DECT compared to SECT stems from the
possibility to obtain more information about the mat-
erial viamaterial decomposition. Another advantage is
a better suppression of the beam hardening artefact.
Computer simulations have shown that DECT (com-
pared to SECT) can improve the accuracy of radiation
treatment planning (Bär et al 2017) and some clinical
applications are already available (Wohlfahrt et al
2017). However, the need for image reconstruction
algorithms that can accurately characterize material
properties that are of interest in radiotherapy still
exists;more information is in the following text.

Base material decomposition can be performed in
the projection domain (PD) or the image domain (ID)
(Heismann et al 2012). Awidely used PDmethod is the
one by Alvarez and Macovski (1976), which decom-
poses projections into two components, either two
base materials or (approximate) photoelectric and
Compton components. The decomposed projections
are then reconstructed via filtered backprojection
(FBP). This procedure inherently eliminates beam-
hardening artefacts. Disadvantages are that it requires
geometrically consistent projections and the two base
materials represent the whole scanned object; organ-
specific base materials can only be used during post-
processing.

The ID methods work with reconstructed images.
They use two-material or three-material decomposi-
tion, see for example (Bazalova et al 2008, Liu et al
2009). The latter makes an extra assumption on the
conservation of partial volumes of individual con-
stituents in the mixture. The ID methods can use
organ specific base materials. This concept was exten-
ded by Mendonca et al (2014) to multi-material
decomposition (MMD). Their method first produces
two monoenergetic images via the Alvarez Macovski
method with the water-iodine base material doublet.
Then a three-material decomposition is applied,
where the pixel-specific material bases are selected
according to the values of reconstructed LACs.
Inspired by this method, Long and Fessler (2014) pro-
posed a statistical image reconstruction method, a PL
(penalized-likelihood) method, where the PL cost
function contains a negative log-likelihood term and
an edge-preserving regularization term for each basis
material. Compared to the MMD method, the PL
method better reduces noise, streak artefacts, and
cross-talk. It is, however, very computationally
demanding and thus it was implemented in 2Donly.

The material decomposition from inconsistent
rays (MDIR) (Maaß et al 2011) is an iterative image
reconstruction method that produces 2 base material
images. It uses FBP and the original measured projec-
tions inside the iterative loop. It can be usedwhen geo-
metrically consistent raw data projections are not
available, for instance for a dual-source DECT
scanner.

The original DIRA algorithm (Malusek et al 2017)
is a model-based iterative reconstruction method
which uses FBP inside its iterative loop. It works
simultaneously on projections and images (a com-
bined PD-IDmethod) and, as MDIR, it can work with
inconsistent rays. Within its iterative loop, it uses two-
and three-material decomposition to tissue specific,
user defined material doublets and triplets for the
characterization of body tissues. Soft tissue is decom-
posed for instance into lipid, protein and water as sug-
gested by Woodard and White (1986). The algorithm
effectively reduces beam hardening artefacts. The out-
put from the original DIRA is a stack of images, each
containing mass fractions of individual base materials,
representing one slice. From this multidimensional
image, virtual monoenergetic images at any photon
energy can be computed if desired.

Modern clinical CT systems use helical scanning to
speed up the data acquisition in 3D imaging, which is
also used to delineate tumour and risk organs for treat-
ment planning. The 3D weighted filtered back-
projection (WFBP) (Stierstorfer et al 2004) is used on
Siemens helical CT-scanners. This algorithm is
approximate only and consequently produces small
artefacts. To improve the reconstruction result and to
suppress noise in helical CT, iterative algorithms based
on backprojection are often used, see for instance
(Beister et al 2012). There are many other examples on
approximate helical 3D FBP algorithms, one being the
PI-method (Turbell 2001), which similarly to the
WFBP performs semi-parallel rebinning, horizontal
ramp-filtering and cone-beam backprojection and
thus produces similar artefacts. An exact helical 3D
FBP algorithm was developed by Katsevich (2002).
Both the PI and Katsevich’s methods do not utilize
projection data outside the Tam window (see
figure 1(b)), which results in lower SNR compared to
the WFBP method. This makes PI and Katsevich’s
methods less favourable in clinical environment.

Pure PD methods using geometrically consistent
rays like themethod byAlvarez andMacovski can sim-
ply be extended to 3D geometries. Nevertheless, the
iterative algorithmsMDIR andDIRAwere for the sake
of simplicity implemented for 2D geometries only. In
the paper describing MDIR, a few simplified 3D-geo-
metry cases are investigated, though. Since helical 3D
FBP algorithms are approximate (apart from Katse-
vich algoritm), it is not obvious that an extension from
2D to 3D will work. The iterative algorithm should be
able to correct artefacts caused by approximate recon-
struction and beam-hardening artefacts at the same
time. (For brevity, the former are called approximate-
reconstruction artefacts in this work.) Also, it should
be able to handle the long object problem, see
section 2.3.3.

Computer simulations demonstrated that DIRA
had the potential to address these issues. To make
DIRA clinically applicable, it has to be extended from
2D to 3D helical geometry. The aim of this work is to
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develop such an extension and test it in a proof of con-
cept implementation. The extension should be able to
handle geometrically inconsistent projections from
dual-source CT scanners (e.g., Siemens SOMATOM
definition Force). Since the PI-method was readily
available to the authors, a solution based on this
methodwas preferred.

2. Theory

2.1.Material decomposition
Two-material decomposition (2MD) mathematically
decomposes a mixture to two base materials. It
determines mass fractions, w1 and w2, of the two base
materials and the mass density, ρ, of the mixture.
Three-material decomposition (3MD)mathematically
decomposes a mixture to three base materials. It
determinesmass fractions,w1,w2 andw3, and themass
density of the mixture, which is calculated as
r r= å-

= wk k k
1

1
3 , where ρk and wk are the mass

density and mass fraction, respectively, of the kth
material. In both methods, the mass fractions are
normalized so that å =w 1k k . More information on
the resulting systems of linear equations is in (Malusek
et al 2017). When other than the base materials are
present in the mixture, the mass fractions can become
negative. In this case, w1, K, w3 should be seen as
linear coefficients that weight the mass attenuation
coefficients of base materials so that the resulting
calculated LACs at the energies E1 and E2 equal the
reconstructed LACs of themixture.

2.2. Forward projection generation
The logarithm of attenuation, here referred to as the
polyenergetic projectionP, is calculated as

= ( )P
I

I
ln , 10

where I and I0 are the detector responses with and
without, respectively, the imaged object. The intensity

I0, is calculated for an ideal energy integrating detector
as

ò= ( ) ( )I EN E Ed , 2
E

0
0

max

where E is the photon energy and N(E) is the energy
spectrum of photons emitted from the x-ray tube. The
intensity I is calculated as

ò

ò m

=

´ -
⎡
⎣⎢

⎤
⎦⎥

( )

( ) ( )

I EN E

x y z E l Eexp , , , d d , 3

E

L

0
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where μ(x, y, z, E) is the linear attenuation coefficient
(LAC) of voxel (x, y, z) at energy E and ò dl

L
is a line

integral through the object. This calculation is time
consuming since the line integrals must be calculated
for all energies in the energy spectrum. When the
material decomposition is used, the line integrals can
be calculated through volume fractions of the different
basematerials and the intensity I is

ò å m= -
⎡
⎣⎢

⎤
⎦⎥( ) ( ) ( )I EN E E l Eexp d , 4

E

k
k k

0

max

where μk is the LAC of the kth base material and lk is
computed as

òr r= - ( ) ( ) ( )l x y z w x y z l, , , , d , 5k k
L

k
1

where ρk is the tabulated density of the kth base
material, ρ(x, y, z) is the calculated density in voxel (x,
y, z) and wk(x, y, z) is the mass fraction of the kth
material in voxel (x, y, z). The density ρ and the mass
fractions wk are obtained from the two-material or
three-material decomposition. Note that the demand-
ing line integral computation is performed only once
for each base material (equation (5)), not for every
photon energy in the spectrum as in (3).

A monoenergetic projection PEi
, where Ei, i=1,2

is a specific energy, is calculated as

Figure 1. (a)Dual-source helical CT geometry. (b)The rebinned geometry for the PI-method. The PI-detector (associatedwith the
Tamwindow) is located between two turns of the helix. It can be projected onto the virtual rectangular (t, s)-area.
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The specific energy Ei is the energy at which the LAC
for water, μw, equals the energy-fluence weighted
mean LAC forwater

ò

ò
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The line integral lk in equation (6) can in a voxelized
geometry be calculated using Joseph’s method
(Joseph 1982) extended to three dimensions
(Turbell 2001).

2.3. The PI-method, an FBPmethod for helical CT
2.3.1. Helical cone-beam geometry
Dual-source DECT scanners typically use cone-beam
projections and helical trajectory of the two sources,
see figure 1(a). In this figure, κ is the cone-angle, γ is
the fan-angle and P represents the pitch of the helix
(the height of one complete helix turn, measured
parallel to the axis of the helix). The maximum value
of the cone-angle, κmax, is called the cone-beam angle
and the maximum value of the fan-angle, γmax, is
called the fan-beam angle. The s-axis starts at the point
C, the cross-section between the central ray and the z-
axis, and is aligned with the z-axis. The x-ray sources
are visualized as red and blue spherical markers. The
detectors are cylindrical, their axes are parallel with the
z-axis and intersect corresponding x-ray source posi-
tions. The source-detector assemblies rotate around
the z-axis in a helical trajectory.

2.3.2. The algorithm of the PI-method
In the PI-method (Turbell 2001), cone-beam projec-
tions are rebinned to semi-parallel projections, see
figure 1(b). The mathematical relation between a
cone-beam projection, p(β, γ, s), and the corresp-
onding semi-parallel projection, pP(θ, t, s), is

q b g=( ) ( ) ( )p t s p s, , , , , 8P

where the relations between the parameters (θ, t, s) and
(β, γ, s) are

q b g
g

= +
= ( )t R

,
sin . 9

In (9), R is the radius of the helix. The semi-parallel
projection rays are parallel when viewed in the z-axis
direction and fan-beam shaped when viewed in the t-
direction, see figure 1(b). The PI-detector (associated
with the Tam window (Tam et al 1998)) is located
between two turns of the helix, see figure 1(b).
Rebinned rays that fall outside the PI-detector are
discarded. If the PI-detector is projected towards the
(t, s)-plane, it forms a rectangular area. The s-axis has
its origin at the centre of the PI-detector and is aligned
with the z-axis.

It has been shown that the PI-detector gives com-
plete and non-redundant projection data, i.e. no

redundant data are present during reconstruction
(Turbell 2001). It has also been shown that the PI-
detector restricts the illumination interval of a voxel
(x, y, z) to exactly 180°. A basic outline for the simplest
version of the PI-method is:

(i) Obtain cone-beam projections from the CT-
scanner.

(ii) Perform rebinning, i.e. calculate semi-parallel
projections from the cone-beam projections
using (8) and (9).

(iii) Discard projection data outside the PI-detector.

(iv) Pre-weight with kcos .

(v) Perform rampfiltering along rows in the t-direc-
tion of the virtual PI-detector.

(vi) Perform three-dimensional backprojection along
the semi-parallel rays.

The PI-method is not an exact method and small
artefacts can be seen in the reconstructed images. In
general, the larger the cone-beam angle, the larger
artefacts are observed (Sunnegårdh and Daniels-
son 2008).

2.3.3. The long object problem
The long object problem arises from the fact that only
a limited range in the longitudinal (z-)direction of the
patient is scanned. Since the projection angle interval
required to reconstruct a voxel is at least 180◦, some
voxels at the beginning and end of the z-range will lack
projection data and become incompletely recon-
structed, i.e. with errors.

In an iterative algorithm, projections are com-
puted and compared with the measured projections.
Some of the calculated projections are influenced by
the incompletely reconstructed voxels. The technique
byMagnusson et al (2006) handles the long object pro-
blem in single-energy CT volumes, but it has not been
tested for dual-energy CT volumes yet.

2.4.DIRA-3D
DIRA-3D is an extension of the 2D algorithm DIRA
presented in (Malusek et al 2017). The algorithm is
illustrated infigure 2 and performs the following steps:

1.Obtain measured semi-parallel polyenergetic
projections, PM U, i

, for two different tube voltages,
Ui, i=1, 2, giving PM U, 1

and PM U, 2
.

2. Obtain reconstructed volumes μi=Δ m m+i mi

at energy Ei, where mmi
is the reconstructed LAC

from parallel monoenergetic forward projections
at energy Ei and mD i is the result of reconstruct-
ing -P PM U U, i i

, where PUi
are semi-parallel poly-

energetic forward projections. For the first
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iteration, = =P P 0U Ei i
and thus μi is the recon-

struction of the PM U, i
only.

3. Perform automatic threshold segmentation on μ1

andμ2.

4. Obtain base material reconstructed volumes by
using the material decomposition methods
(section 2.1).

5. Calculate polyenergetic forward projections PUi

for semi-parallel geometry, see (1), (2) and (4).

6. Calculate monoenergetic forward projections PEi

for parallel geometry, see (6).

Points 2-6 are repeated a predefined number of times.
Inmathematical terms, let

m
m
m= =⎜ ⎟

⎛
⎝

⎞
⎠

⎛
⎝⎜

⎞
⎠⎟ ( )

P

P
P, , 10

M U

M U
M U

1

2
,

,

,

1

2

denote the reconstructed images and the measured
projections, respectively. Let the filtered backprojec-
tion operators be PI and  ;II the former represents
the PI-method working with semi-parallel projec-
tions, the latter represents ordinary parallel FBP. Let










= =

⎛
⎝⎜

⎞
⎠⎟

⎛
⎝⎜

⎞
⎠⎟ ( ), , 11U

U

U
E

E

E

1

2

1

2

be the projection operator for polyenergetic projec-
tions and monoenergetic projections, respectively. To
keep the notation simple, these projection operators
also contain the automatic tissue segmentation and
classification. The LAC m +( )i 1 obtained at the (i+1)
th iteration is

  

 

m m
m

= -

+

+ ( ) ( )
( ) ( )

( ) ( )

( )

P

. 12

i
M U U

i

E
i

1
PI , PI

II

Ideally, the calculated polyenergetic projections
 m( )( )

U
i converge towards the measured projection

PM, U. The (i+1)th iteration then gives

 m m»+ ( )( ) ( )i
E

i1
II , which is the filtered back-

projection result of the monoenergetic projections.
The generation of monoenergetic projections fol-
lowed by backprojection in DIRA serves as a regular-
ization (Malusek et al 2017).

3.Methods

The new DIRA-3D algorithm was implemented
according to the description in sections 2.4 and 3.2. It
was tested in the geometry described in section 3.1.

3.1.Mathematical phantomandprojection
geometry
The mathematical phantom and projection geometry
are shown in figure 3. The reconstructed area was a
cylinder with diameter 353.3mm and height
132.5mm, which fitted into a box of size 353.3×
353.3×132.5mm3 or 128×128×48 voxels.
(Values in this section are rounded to 1 decimal digit.)
The voxelsize was Δ x=Δ y=Δ z=2.8 mm. The
phantom consisted of six ellipsoids with diameters
70.7mm, 70.7mm and 35.3mm. Two ellipsoids
consisting of protein and water had their centers
located at z=4.4 mm, which was within slice26.
(The slices are numbered from 1 to 48). Four ellipsoids
consisting of adipose tissue, lipid,muscle and compact
bone had their centers located at z=−39.7 mm,
which was within slice10. All the ellipsoids had their
centers at the distance of 106.0mm from the rotation
axis. The material composition of each ellipsoid is
shown in table 1.

The x-ray source-to-rotation axis distance was
402.7mm. The number of projection angles was 800
(numbered from 0 to 799), the number of helix turns
was 2, and the cone beam angle was ±κmax=±
3.14°. The pitch of the helix was P=88.3 mm or
32voxels. The corresponding spiral pitch factor

Figure 2.Aflowchart of theDIRA-3D algorithm.
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defined as the ratio of the table feed per rotation to the
total collimation width (NEMAPS3/ISO 12052)was 1
since the PI-detector is always located between two
turns of the helix.

The detector size wasNt×Ns=192×32 pixels.
If the PI-detector is projected onto the (t, s)-plane, see
figure 1(b), the detector pixel size becomes Δ t×Δ
s=Δ x /1.5×Δ x /2. The two detectors (illustrated
in figure 1(a)) had the same size and the phantom did
not extend beyond theirfields of view.

For parallel projection generation, the number of
detector elements was 128 and the number of projec-
tion angles was 400 for the angular interval [0°,180°).

For the evaluation of DIRA-3D for the long object
problem, the number of projections was reduced from
800 to 400, i.e. (0-399). Each cone-beam source made
only one turn around the object volume, starting with
projection number 0 and ending with projection
number 399, see figure 3. As a consequence, the semi-
parallel projection at 400 was half filled only; the
remaining data were missing. The procedure descri-
bed in (Magnusson et al 2006)was used.

3.2. Implementation details
The rebinning step in the PI-method was omitted for
simplicity. The ‘measured’ semi-parallel projections
were simulated using the line integrals in (4) with

ò= ( )l m x y z dl, ,k L k , wheremk are binary masks that

indicate the position for the different ellipsoids.
Energy spectra resembling Siemens SOMATOM

definition Force 80 kV and Sn140kV spectra were
used; their specific energies calculated from
equation (7) were 50.0 and 88.5 keV, respectively. The
algorithm is not very sensitive to the choice of these
values. Quantum noise in the number of detected
photonswas not simulated.

At each iteration, reconstructed volumesμ1 andμ2

were threshold segmented into air, soft tissue and
bone regions. The corresponding thresholds of
12 m−1 and 33 m−1 for the low-energy reconstructed
LAC were chosen manually so that there were suffi-
cient distances to the LACs of lipid (19.1 m−1) and
protein (28.1 m−1), respectively.

Air was then decomposed into a (lipid, water)
doublet, soft tissue was decomposed into a (lipid, pro-
tein, water) triplet and bone was decomposed into a
(compact bone, bone marrow) doublet. As a con-
sequence, the ellipsoid containing bone was decom-
posed into the (compact bone, bone marrow) doublet
and the other ellipsoids were decomposed into the
(lipid, protein, water) triplet.

The calculated semi-parallel polyenergetic projec-
tions were computed using (1), (2), (4) and the calcu-
lated parallel monoenergetic projections were
computed using (6). The generation of parallel projec-
tions and following reconstruction was done slice by
slice. The number of parallel detector elements was
128 and the number of projection angles in the inter-
val [0°,179.55°]was 400.

Figure 3. (a)Phantom slice at z=10. (b)The scanning geometry of the semi-parallel projection generation through the phantom.
The central positions of the low energy x-ray source are shown for projection number 0, 200, 400, 600 and 800. Slices 10, 14 and 26 are
highlighted. Both drawings are to scale.

Table 1.Elemental composition inmass fractions and corresponding density and tabulated LAC valuesμ(E1) andμ(E2) atE1=50 keV and
E2=88.5 keV, respectively, formaterials in the six ellipsoids constituting the phantom.

Ellipsoid Material Mass fraction Density μ(E1) μ(E2)
number (%) (g cm−3) (m−1) (m−1)

1 Adipose tissue H11.4, C 58.8, N 0.8, O 28.7, Na 0.1, S 0.1, Cl 0.1 0.95 20.2 16.6

2 Muscle H 10.2, C 14.2, N 3.4, O 71.1, Na 0.1, P 0.2, S 0.3, Cl 0.1, K 0.4 1.05 23.8 18.5

3 Lipid H11.8, C 77.3, O 10.9 0.92 19.1 16.0

4 Protein H6.6, C 53.4, N 17.0, O 22.0, S 1.0 1.35 28.1 22.7

5 Water H11.2, O 88.8 1.00 22.7 17.7

6 Compact bone H3.6, C 15.9, N 4.2, O 44.8, Na 0.3,Mg 0.2, P 9.4, S 0.3, Ca 21.3 1.92 79.2 38.7

6
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3.3. Error calculation
The relative error of reconstructed μ1 and μ2 was
estimated as d m m m m= -( ¯ ) ( ¯ )t t , where μt is the
tabulated value (see table 1) and m̄ is the average of the
calculated LAC in a spherical region of interest (ROI).
The ROI was defined as a sphere with a radius of one
third of the evaluated ellipsoid radius (in the x, y plane)
and positioned in the center of the evaluated ellipsoid.

4. Results

The ability of the iterative method to reconstruct
accurate LAC values is demonstrated in figures 4, 5
and 6. Additional figures of reconstructed slices are
shown in the supplementary material. Figure 4 shows
how the reconstructed LACs for slice 10 (see figure 3)
change with iteration number for the energy of

E1=50 keV. The largest and the only clearly visible
improvement was achieved for compact bone, where
the LAC changed from approximately 59m−1 in
iteration 1 to approximately 79.2m−1 in iteration 10,
which is equal to the true value in table 1. Quantitative
assessment of the improvement is presented infigure 5,
which shows that relative errors (section 3.3) in LACs
averaged over ROIs approached zero already after 5
iterations for the soft tissue ellipsoids and 10 iterations
for the compact bone ellipsoid.

Beam hardening artefact suppression in the lipid
and adipose tissue ellipsoids is illustrated in figure 6
for slice 10, iterations 1 and 10 and the photon energy
of E1=50 keV. For adipose tissue, the LAC changed
from from 19.3 to 20.2m−1 and for lipid the LAC
changed from 18.3 to 19.1m−1; the resulting values
agree with the true values in table 1. Figure 6 also

Figure 4.Reconstructed LAC images inm−1 of the phantom (see figure 3) shown for iterations 1, 2, 3 and 10, slice 10 and photon
energy E1=50 keV.

Figure 5.The relative errors of the LAC in the six different ellipsoids as a function of the number of iterations for (a)E1=50 keV and
(b)E2=88.5 keV.

Figure 6.Profiles through the adipose tissue and lipid ellipsoids at iterations 1 and 10 for E1=50 keV.Different window functions
were used in the parallel FBP: (a)Hanningwindow, (b)nowindow.
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shows the effect of the Hanning window included in
the parallel FBP (and used in DIRA-3D by default).
Compared to a situation without any window, the
Hanning window reduced small overshoots and oscil-
lations, but it slightly reduced the sharpness of the
edges.

Suppression of the approximate-reconstruction
artefacts with the increasing number of iterations is
shown in figure 7 for slice14 (see figure 3). This posi-
tion, close to the top of the ellipsoids, is known to be
especially prone to these errors (Turbell 2001). The
artefact is visible mainly in the air region where the
LAC is close to 0. For this reason, the range of dis-
played LACs was restricted to the interval from
−1m−1 to 1m−1. Note that the shape of the artefacts
differs between the low-energy and high-energy ima-
ges due to the 90◦ shift in the orientation of the x-ray
sources. The convergence was very fast; visual differ-
ences between iterations 6 up to 25 (not shown) were
small.

Table 2 shows that there was a good agreement
between mass fractions of lipid, protein and water cal-
culated in the ellipsoids containing adipose tissue

(region R1) and muscle (region R2) and the corresp-
onding true values when the algorithm converged. In
the ellipsoid containing compact bone, the calculated
mass fractions of the compact bone and bone marrow
were w1=0.43 and w1=0.57, respectively, for the
first iteration and w10=1.0 and w10=0.0 for the
tenth iteration. The relative error of the density
decreased from 0.026 at iteration 1 to approximately 0
at iteration 10.

For the long object problem, figure 8 shows recon-
structed LAC images similarly as in figure 7. The
approximate-reconstruction artefact was decreased in
a similar way. Areas approximated by red triangles
have insufficient number of projections andwill there-
fore never be perfectly reconstructed. The different
positions of the red triangles in the top and bottom
rows are caused by the 90◦ offset of the second x-ray
tube, see figure 1. Figure 9 shows that the relative
errors for the long object experiment behave in a simi-
lar way as the relative errors in figure 5. Curves for the
protein and water ellipsoids were not included; these
two regions were poorly reconstructed owing to miss-
ing projection data.

Figure 7. Suppression of approximate-reconstruction artefacts in the air region. Images of reconstructed LAC (inm−1) for iterations
1, 2, 3 and 10 of regularDIRA-3D reconstruction for the slice 14 and photon energies E1=50 keV (top row) andE2=88.5 keV
(bottom row). The range of LAC valueswas restricted to the interval [−1, 1] m−1, which corresponds to [−1044,−956] HUand
[−1056,−944] HU for 50.0 and 88.5keV, respectively.

Table 2.Calculatedmass fractions (in%) of lipid, protein andwater in ROIs inside ellipsoids containing
adipose tissue andmuscle for the first (w1) and tenth (w10) iteration. The true values (wt) are also listed.

Lipid Protein Water

Material w1 w10 wt w1 w10 wt w1 w10 wt

adipose t. 91 69.6 70.1 −1 2.7 2.9 10 27.7 27.0

muscle 11 −13.0 −12.8 13 12.8 12.8 75 100 100
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5.Discussion

The presented algorithm represents a proof of concept.
For this reason, a low resolution geometry where the
computations can be done reasonably fast without
requiring a specialized hardware was used. The phan-
tom was designed to highlight artefacts caused by
approximate reconstruction and the long object pro-
blem.A simple threshold segmentationwas sufficient in
this case. Some voxels were incorrectly segmented in the
0th iteration, but the accuracy of the segmentation
increased with the number of iterations as the artefacts
caused by approximate reconstruction and beam hard-
ening artefacts disappeared, see also the discussion on
the sensitivity to the selection of base materials below.
For patient scanning, more advanced segmentation
methods canbeused, see for instance (Jeuthe 2017).

In general, many voxels will be incorrectly seg-
mented in the 0th iteration, but the accuracy of the seg-
mentation increases with the number of iterations as

the (mainly beam hardening) artefacts disappear. Alter-
natively, other segmentationmethodsmay be used.We
have experimented with hybrid segmentation methods
MK2014 (Kardell et al 2016), JJ2016 (Jeuthe 2017) and a
methodbased ondeep learning (submitted).

DIRA 3D shares similarities with theMDIR (Maaß
et al 2011) algorithm. Inside the iteration loop, DIRA-
3D primarily updates the monoenergetic LAC images
(12):
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An image segmentation and subsequent material
decomposition are then used to update the mass
fractions of base materials. MDIR, on the other hand,
updates the basematerial images directly:

= - ++ ( ) ( )( ) ( ) ( ) ( )f f f f , 13i i i1 0

The first two terms in (12) and (13) corresponds
to each other; the initial image is subtracted by an
image reconstructed from forward poly-energetic

Figure 8.The same as infigure 7 for the long object problem. The artefacts inside the red triangles are due to incomplete projection
data.

Figure 9.The same as infigure 5 for the long object problem. Curves for the water and protein ellipsoids are not plotted since they
were affected by incomplete projection data.
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projections of the ith image. The last term is different,
however. For MDIR, the ith image is directly used in
the update formula. In DIRA, an image reconstructed
from forward mono-energetic projections of the ith
image is used instead, i.e. a low-pass filtered version of
the ith image. This procedure acts as a regularization
that prohibit noise to grow by iteration. We have
verified this in unpublished experiments with the
original 2D DIRA. As mentioned in the introduction,
MDIR was only implemented for simple 3D geome-
tries. Especially, helical cone-beam geometry with
approximate FBP, which are used in conventional
medical CT-scanners, were not considered.

The presented implementation of DIRA-3D focu-
ses on the accuracy of LAC values, simplicity and
speed. A better suppression of noise can be achieved by
performing statistical optimization as in the ADMIRE
algorithm (Ramirez-Giraldo et al 2018) or by replacing
FBP with a statistical image reconstruction method
inside the iterative loop of DIRA. The accuracy of LAC
values close to object borders and the suppression of
streak artefacts could be achieved by a more accurate
modelling of the forward projections. For instance,
subrays in the forward projections using the cone-
beam geometry followed with rebinning to semi-par-
allel projections could be used instead of the current
simple approachwith one ray per detector element.

DIRA-3D is conceptually similar to the original 2D
version (Malusek et al 2017) except for the geometrical
aspects. The main differences are: (i) the parallel FBP
method was replaced with the approximate 3D FBP-
based PI-method, (ii) the polyenergetic forward pro-
jections were modified to work in the helical 3D geo-
metry, and (iii) the code for handling the long-object
problem (Magnusson et al 2006) was added. It is rea-
sonable to assume that both algorithms behave simi-
larly in situations involving more realistic phantoms
and statistical noise. Computer simulations per-
formed with the 2D version showed that sufficiently
good results were obtained after approximately 4–8
iterations while the noise did not increase with
increasing number of iterations.

Of interest is whether the material decomposition
to multiple doublets or triplets performed inside the
iterative loop of DIRA brings any benefit over themat-
erial decomposition to just two bases in the iterative
loop. Williamson et al (2006) showed that 2 material
doublets (one for low-Z and the other for high-Z tis-
sues) are sufficient to represent LAC curves of biologi-
cal tissues with effective atomic numbers in the
interval 2–20 (Calcium) and in the range 20-140keV.
This was further confirmed for biological materials by
Alvarez (2016). Nevertheless, Alvarez also found that a
three or higher dimension basis set is needed if an
externally administered high atomic number contrast
agent is used (Alvarez 2016). Thus the benefit of the
material decomposition inside the iterative loop may
demonstrate itself in special cases only. The main
application field of DIRA is radiation therapy with low

energy photons. More work is needed to estimate the
effects of base material selection on the accuracy of
dose planning for instance when zinc is present in
prostate calcificationsMalusek et al (2018).

Similarly to some other algorithms like the one by
Alvarez and Macovski (1976), DIRA-3D requires the
knowledge of the x-ray spectra. In the present work,
computed spectra were obtained from the manu-
facturer under a non-disclosure agreement. Alter-
natively, the spectra can be measured, see for instance
(Matscheko and Alm Carlsson 1989, Duan et al 2011,
Lin et al 2014).

The computation time was dominated by the calc-
ulation of forward projections and the reconstruction
using the PI-method.When the resolution of the detec-
tormatches the resolution of the reconstructed volume,
the computational complexity of the PI-method is
 q( )N N Nz

2 , where N is the number of voxels in the x-
or y-direction,Nz is the number of voxels in the z-direc-
tion and Nθ is the number of projection angles for one
turn of the helix (Turbell 2001). Similarly, the complex-
ities of monoenergetic and polyenergetic forward pro-
jections are  q( )N N Nz

2 and  + q(( ) )N K NN Nz ,
respectively, where K is the number of energy bins of
the x-ray spectrum. The relatively small increase in
complexity of the polyenergetic projection compared
to themonoenergetic one is caused by representation of
the objectmaterialswith doublets and triplets.

The algorithmwas implemented inMATLAB on a
computer with 4 CPU cores, clock frequency of
3.8GHz and 16GB RAM. The computation time for
one iteration was 145s. It was dominated by the poly-
energetic forward projections (85 s) and the semi-par-
allel backprojections by the PI-method (45 s).

6. Conclusion

We have presented DIRA-3D, a model-based iterative
reconstruction algorithm that estimatesmaterial com-
position of the imaged object from DECT projections
obtained in helical geometries. Specifically, the algo-
rithm determines mass fractions of components of
user defined material doublets and triplets. The
current proof of concept implementation was based
on the PI-method, which was readily available to the
authors. Nevertheless the WFBP should also work as
both methods perform semi-parallel rebinning, 1D
ramp-filtering and 3D backprojection; only the detec-
tor size and theweighting scheme differ.

The algorithm was evaluated using computer
simulations with a simple phantom consisting of ellip-
soids of different materials. In the studied geometry,
the algorithm effectively removed artefacts caused by
beam-hardening and approximate reconstruction and
quickly converged. Also it was able to handle the long
object problem. More work is needed to test the stabi-
lity of the algorithm in the presence of quantum noise
and scattered radiation.
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The presented result indicate that the concepts
used in DIRA can be extended to dual-sources, cone-
beams and helical scanning trajectories.

Acknowledgments

This work was supported by the Swedish Cancer
Foundation Grant CAN 2015/618, CAN 2017/1029,
CAN 2018/622, ALF Grants Region Östergötland
LiO-724181, LiO-697941, LiO-602731, LiO-438731,
Patientsäkerhetsforskning LiO-724181, Swedish
ResearchCouncil VR-NT2016-05033 and theMedical
Faculty at LinköpingUniversity.

ORCID iDs

MariaMagnusson https://orcid.org/0000-0002-
9072-2204
Åsa CarlssonTedgren https://orcid.org/0000-
0002-4549-8303
GudrunAlmCarlsson https://orcid.org/0000-
0003-0209-498X
Michael Sandborg https://orcid.org/0000-0003-
3352-8330
AlexandrMalusek https://orcid.org/0000-0003-
1257-2383

References

Alvarez R E 2016 Efficient, non-iterative estimator for imaging
contrast agents with spectral X-ray detectors IEEETrans.
Med. Imaging 35 1138–46

Alvarez RE andMacovskiA 1976Energy-selective reconstructions in
X-ray computerised tomographyPhys.Med. Biol. 21 733–44

Bär E, Lalonde A, Royle G, LuH-MandBouchardH2017The
potential of dual-energy CT to reduce proton beam range
uncertaintiesMed. Phys. 44 2332–44

BazalovaM,Carrier J-F, Beaulieu L andVerhaegen F 2008Dual-
energyCT-basedmaterial extraction for tissue segmentation
inMonte Carlo dose calculationsPhys.Med. Biol. 53 2439–56

Beaulieu L, Carlsson TedgrenA,Carrier J-F, Davis SD,Mourtada F,
RivardM J, ThomsonRM,Verhaegen F,Wareing TA and
Williamson J F 2012Report of the TaskGroup 186 onmodel-
based dose calculationmethods in brachytherapy beyond the
TG-43 formalism: Current status and recommendations for
clinical implementationMed. Phys. 39 6208–36

BeisterM,KolditzD andKalenderWA2012 Iterative
reconstructionmethods inX-ray CTPhysicaMed. 28 94–108

DuanX,Wang J, Yu L, Leng S andMcColloughCH2011CT
scanner X-ray spectrum estimation from transmission
measurements: CT scanner X-ray spectrum estimation from
transmissionmeasurementsMed. Phys. 38 993–7

HeismannB J, Schmidt BT and Flohr T 2012 Spectral Computed
Tomography (Bellingham,Wash: SPIE Press) 1000 20th St.
BellinghamWA98225–6705USA

Jeuthe J 2017Automatic tissue segmentation of volumetric CT data
of the pelvic regionMaster’s Thesis LinköpingUniversity

Joseph PM1982An improved algorithm for reprojecting rays
through pixel images IEEETrans.Med. Imaging 1 192–6

KardellM,MagnussonM, SandborgM,AlmCarlssonG, Jeuthe J and
MalusekA2016Automatic segmentationof pelvis for
brachytherapy of prostateRadiat. Prot.Dosim.169 398–404

KatsevichA 2002Analysis of an exact inversion algorithm for spiral
cone-beamCTPhys.Med. Biol. 47 2583–97

Lin Y, Ramirez-Giraldo J C, GauthierD J, Stierstorfer K and Samei E
2014An angle-dependent estimation of CT x-ray spectrum
from rotational transmissionmeasurements: an angle-
dependent estimation of CT x-ray spectrumMed. Phys. 41
062104

LiuX, Yu L, PrimakAN andMcColloughCH2009Quantitative
imaging of element composition andmass fraction using
dual-energy CT: three-material decompositionMed. Phys.
36 1602

LongY and Fessler J A 2014Multi-material decomposition using
statistical image reconstruction for spectral CT IEEETrans.
Med. Imaging 33 1614–26

MaaßC,Meyer E andKachelrießM2011 Exact dual energymaterial
decomposition from inconsistent rays (MDIR)Med. Phys.
38 691

MagnussonM,Danielsson P-E and Sunnegårdh J 2006Handling of
long objects in iterative improvement of nonexact
reconstruction in helical cone-beamCT IEEE Trans.Med.
Imaging 25 935–40

MalusekA,MagnussonM, SandborgMandAlmCarlssonG 2017A
model-based iterative reconstruction algorithmDIRAusing
patient-specific tissue classification viaDECT for improved
quantitative CT in dose planningMed. Phys. 44 2345–57

MalusekA,MagnussonM, SandborgM,AlmCarlssonG and
CarlssonTedgren A2018The effect of zinc in prostatic calculi
on the accuracy of theMBIR algorithmDIRARadiotherapy&
Oncology, Supplement 1, ESTRO37 127 (Barcelona: Elsevier)
pp S1142–S1143 EP-2082

MatschekoG andAlmCarlssonG 1989Measurement of absolute
energy spectra from a clinical CTmachine under working
conditions using aCompton spectrometer Phys.Med. Biol. 34
209–22

Mendonca PR S, LambP and SahaniDV2014Aflexiblemethod for
multi-material decomposition of dual-energy CT images
IEEETrans.Med. Imaging 33 99–116

NEMAPS3/ISO 12052 2019Digital imaging and communications
inmedicine (DICOM) standard (available free at http://
medical.nema.org/)

Ramirez-Giraldo J C, Grant K L andRaupach R 2018Advanced
modeled iterative reconstructionWhite Paper (Erlangen,
Germany: SiemensHealthineers)

RivardM J, Coursey BM,DeWerd LA,HansonWF, SaifulHuqM,
Ibbott G S,MitchMG,NathR andWilliamson J F 2004
Update of AAPM task group no. 43 report: a revised aapm
protocol for brachytherapy dose calculationsMed. Phys.
31 633

Stierstorfer K, Rauscher A, Boese J, BruderH, Schaller S and Flohr T
2004Weighted FBP-a simple approximate 3DFBP algorithm
formultislice spiral CTwith good dose usage for arbitrary
pitchPhys.Med. Biol. 49 2209–18

Sunnegårdh J andDanielsson P-E 2008Regularized iterative
weighted filtered backprojection for helical cone-beamCT
Med. Phys. 35 4173

TamKC, Samarasekera S and Sauer F 1998 Exact cone beamCT
with a spiral scanPhysics inMedicine&Biology 43 1015

Turbell H 2001Cone-beam reconstruction using filtered
backprojection PhDThesis LinköpingUniversity

van ElmptW, LandryG,DasMandVerhaegen F 2016Dual energy
CT in radiotherapy: Current applications and future outlook
Radiother. Oncol. 119 137–44

Williamson J F, Li S, Devic S,Whiting BR and Lerma FA 2006On
two-parametermodels of photon cross sections: application
to dual-energy CT imaging: two-parameter cross-section
modelsMed. Phys. 33 4115–29

Wohlfahrt P,Möhler C,HietscholdV,Menkel S, Greilich S,
KrauseM, BaumannM, EnghardtW andRichter C 2017
Clinical implementation of dual-energy CT for proton
treatment planning on pseudo-monoenergetic CT scans
International Journal of RadiationOncology*Biology*Physics
97 427–34

WoodardHQandWhiteDR 1986The composition of body tissues
The British Journal of Radiology 59 1209–18

11

Biomed. Phys. Eng. Express 5 (2019) 065005 MMagnusson et al

https://orcid.org/0000-0002-9072-2204
https://orcid.org/0000-0002-9072-2204
https://orcid.org/0000-0002-9072-2204
https://orcid.org/0000-0002-9072-2204
https://orcid.org/0000-0002-9072-2204
https://orcid.org/0000-0002-4549-8303
https://orcid.org/0000-0002-4549-8303
https://orcid.org/0000-0002-4549-8303
https://orcid.org/0000-0002-4549-8303
https://orcid.org/0000-0002-4549-8303
https://orcid.org/0000-0003-0209-498X
https://orcid.org/0000-0003-0209-498X
https://orcid.org/0000-0003-0209-498X
https://orcid.org/0000-0003-0209-498X
https://orcid.org/0000-0003-0209-498X
https://orcid.org/0000-0003-3352-8330
https://orcid.org/0000-0003-3352-8330
https://orcid.org/0000-0003-3352-8330
https://orcid.org/0000-0003-3352-8330
https://orcid.org/0000-0003-3352-8330
https://orcid.org/0000-0003-1257-2383
https://orcid.org/0000-0003-1257-2383
https://orcid.org/0000-0003-1257-2383
https://orcid.org/0000-0003-1257-2383
https://orcid.org/0000-0003-1257-2383
https://doi.org/10.1109/TMI.2015.2510869
https://doi.org/10.1109/TMI.2015.2510869
https://doi.org/10.1109/TMI.2015.2510869
https://doi.org/10.1088/0031-9155/21/5/002
https://doi.org/10.1088/0031-9155/21/5/002
https://doi.org/10.1088/0031-9155/21/5/002
https://doi.org/10.1002/mp.12215
https://doi.org/10.1002/mp.12215
https://doi.org/10.1002/mp.12215
https://doi.org/10.1088/0031-9155/53/9/015
https://doi.org/10.1088/0031-9155/53/9/015
https://doi.org/10.1088/0031-9155/53/9/015
https://doi.org/10.1118/1.4747264
https://doi.org/10.1118/1.4747264
https://doi.org/10.1118/1.4747264
https://doi.org/10.1016/j.ejmp.2012.01.003
https://doi.org/10.1016/j.ejmp.2012.01.003
https://doi.org/10.1016/j.ejmp.2012.01.003
https://doi.org/10.1118/1.3547718
https://doi.org/10.1118/1.3547718
https://doi.org/10.1118/1.3547718
https://doi.org/10.1109/TMI.1982.4307572
https://doi.org/10.1109/TMI.1982.4307572
https://doi.org/10.1109/TMI.1982.4307572
https://doi.org/10.1093/rpd/ncv461
https://doi.org/10.1093/rpd/ncv461
https://doi.org/10.1093/rpd/ncv461
https://doi.org/10.1088/0031-9155/47/15/302
https://doi.org/10.1088/0031-9155/47/15/302
https://doi.org/10.1088/0031-9155/47/15/302
https://doi.org/10.1118/1.4876380
https://doi.org/10.1118/1.4876380
https://doi.org/10.1118/1.3097632
https://doi.org/10.1109/TMI.2014.2320284
https://doi.org/10.1109/TMI.2014.2320284
https://doi.org/10.1109/TMI.2014.2320284
https://doi.org/10.1118/1.3533686
https://doi.org/10.1109/TMI.2006.876156
https://doi.org/10.1109/TMI.2006.876156
https://doi.org/10.1109/TMI.2006.876156
https://doi.org/10.1002/mp.12238
https://doi.org/10.1002/mp.12238
https://doi.org/10.1002/mp.12238
https://doi.org/10.1088/0031-9155/34/2/005
https://doi.org/10.1088/0031-9155/34/2/005
https://doi.org/10.1088/0031-9155/34/2/005
https://doi.org/10.1088/0031-9155/34/2/005
https://doi.org/10.1109/TMI.2013.2281719
https://doi.org/10.1109/TMI.2013.2281719
https://doi.org/10.1109/TMI.2013.2281719
http://medical.nema.org/
http://medical.nema.org/
https://doi.org/10.1118/1.1646040
https://doi.org/10.1088/0031-9155/49/11/007
https://doi.org/10.1088/0031-9155/49/11/007
https://doi.org/10.1088/0031-9155/49/11/007
https://doi.org/10.1118/1.2966353
https://doi.org/10.1088/0031-9155/43/4/028
https://doi.org/10.1016/j.radonc.2016.02.026
https://doi.org/10.1016/j.radonc.2016.02.026
https://doi.org/10.1016/j.radonc.2016.02.026
https://doi.org/10.1118/1.2349688
https://doi.org/10.1118/1.2349688
https://doi.org/10.1118/1.2349688
https://doi.org/10.1016/j.ijrobp.2016.10.022
https://doi.org/10.1016/j.ijrobp.2016.10.022
https://doi.org/10.1016/j.ijrobp.2016.10.022
https://doi.org/10.1259/0007-1285-59-708-1209
https://doi.org/10.1259/0007-1285-59-708-1209
https://doi.org/10.1259/0007-1285-59-708-1209

	1. Introduction
	2. Theory
	2.1. Material decomposition
	2.2. Forward projection generation
	2.3. The PI-method, an FBP method for helical CT
	2.3.1. Helical cone-beam geometry
	2.3.2. The algorithm of the PI-method
	2.3.3. The long object problem

	2.4. DIRA-3D

	3. Methods
	3.1. Mathematical phantom and projection geometry
	3.2. Implementation details
	3.3. Error calculation

	4. Results
	5. Discussion
	6. Conclusion
	Acknowledgments
	References



