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Abstract

Artefacts arising when differential phase images are integrated is a common problem to several X-ray phase-based
experimental techniques. The combination of noise and insufficient sampling of the high-frequency differential phase
signal leads to the formation of streak artifacts in the projections, translating into poor image quality in the tomog-
raphy slices. In this work, we apply a non-iterative integration algorithm proven to reduce streak artifacts in planar
(2D) images to a differential phase tomography scan. We report on how the reduction of streak artifacts in the pro-
jections improves the quality of the tomography slices, especially in the directions different from the tomography
reconstruction plane. Importantly, the method is compatible with large tomography datasets in terms of computation
time.
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1. Introduction

Significant effort has been dedicated to the develop-
ment of X-ray phase imaging systems compatible with
conventional X-ray sources, to enable the implemen-
tation of these techniques outside specialised facilities
such as synchrotrons. At present, several approaches
have been established, such as gratings-based and edge
illumination which are both starting to move towards
clinical applications [1, 2, 3, 4]. Both these techniques
belong to the family of ”differential” phase imaging
methods, providing access to signals the intensity of
which depends on the first derivative of the phase [1, 3].
An integration step is therefore needed to retrieve an
image where the intensity is proportional to the phase;
this is a fundamental step for computed tomography
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(CT) reconstruction as required by the Fourier slice the-
orem [5]. In addition, since phase sensitivity is usually
achieved in one direction, e.g. perpendicular to the di-
rection of apertures in edge illumination, the derivative
is unidirectional [6]. The integration of unidirectional
differential phase contrast (DPC) images usually leads
to images affected by streak artifacts, resulting from
noise and non perfect phase sampling. This is a com-
mon problem affecting all DPC with unidirectional sen-
sitivity. Several approaches have been proposed to solve
this problem, mainly based on iterative regularized in-
tegration [7, 8, 9]. In these methods, the integrated im-
age is obtained as the image the first derivative of which
minimizes the difference with the experimental differ-
ential phase profile. While they provide good image
quality, they also require long computation times that,
especially for large images, can be in the order of min-
utes, preventing their application to CT datasets consist-
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ing of thousands of projections. We recently proposed
an integration method based on the application of the
Wiener filter to unidirectional X-ray DPC images [10],
inspired by optical differential interference microscopy
[11]. This approach is found to deliver images of quality
similar to iterative methods, but in a shorter time, which
makes it suitable for application to large CT datasets
[10]. It is worth noting that, while both approaches min-
imize an error function, in Wiener integration the solu-
tion is obtained through the application of a filter to the
original image which makes this approach non iterative
and, therefore, very fast [12].

In this work, we present the application of such a
method to the integration of a DPC CT scan of a bi-
ological sample obtained through an edge illumination
system [2]. We compare the proposed Wiener-based in-
tegration approach to an equally fast method based on
the Hilbert transform, to demonstrate the advantage in
volumetric visualization provided by CT phase contrast
datasets obtained from artifact-free integrated DPC pro-
jections. The use of Wiener integration reduces the low
frequency noise in the CT plane, while proving artefact-
free reslices in off-plane orientations that are otherwise
affected by severe streak artifacts. We expect this will
provide a more reliable estimate of sample density and
simplify image segmentation.

2. Methods

2.1. Algorithm
In the following, we briefly introduce the integration

algorithm used in the present work. A DPC image fea-
tures pixel values proportional to the refraction angle ∆θ
at the pixel location (x,y):

∆θ(x, y) ∼
φ(x + ∆x, y) − φ(x, y)

∆x
(1)

where ∆x is the image pixel in the horizontal direction
and φ(x, y) =

∫
δ(x, y, z)dz, where δ(x, y, z) is the unit

decrement of the real part of the complex refractive in-
dex, and the integral is taken over the sample thickness.
Equation 1 can be written as the convolution of φ(x, y)
with the difference between two Dirac’s delta functions
shifted by ∆x/2:

D(x, y) = δ(x − ∆x/2, y) − δ(x + ∆x, y) (2)

Therefore, taking the Fourier transform of both sides of
eq.2 leads to the equation:

∆Θ(u, v) = G(u, v)∆Φ(u, v) (3)

where ∆Θ(u, v), G(u, v) and ∆Φ(u, v) are the Fourier
transforms of the experimental DPC image ∆θ(x, y), of

the combination of Dirac’s functions D(x, y), and of the
phase image φ(x, y), respectively. G(u, v) can be cal-
culated analytically, yielding G(u, v) = 2isin(2π∆x u)
(with i the imaginary unit).

A least square estimate solution for φ(x, y) is given
by:

Φ(u, v) = W(u, v)∆Θ(u, v) (4)

where, according to [12], W(u, v) is the Wiener filter,
defined as:

W(u, v) =
G(u, v)∗

|G(u, v)|2 + 1/S NR(u, v)
(5)

where ∗ identifies the complex conjugate and S NR(u, v)
is the signal-to-noise ratio as a function of the spatial
frequencies, namely the ratio between the modulation
transfer function and the noise power spectrum. The
use of the Wiener filter prevents the increase of noise
and possible discontinuity issues that would be encoun-
tered by applying a simple division by G(u, v) to eq.3
to obtain ∆Φ(u, v). The Wiener filter requires, by defi-
nition, the frequency-dependent signal-to-noise ratio of
the estimated image. However, since S NR(u, v) is usu-
ally unknown, it is approximated by a function provid-
ing a control over the frequency content of the output
image Φ(u, v). The use of a Gaussian is presented in
[11], while in this work the Butterworth filter is used
due to its better response to high frequencies [7, 13].
The Butterworth filter used in this work was defined as
S NR(u, v) = s/

(
1 + (v/v0)2n

)
where v0 is the vertical

cutoff frequency, n is an integer, s the filter amplitude
and v the frequencies in the vertical direction [10].

The integration method discussed above (referred to
as Wiener integration hereafter) is compared to an inte-
gration approach based on the Hilbert transform, which
can be easily implemented during the back projection
operation. The Hilbert transform acts in Fourier space
by changing the sign of negative frequency components
only, thus making image features symmetric and remov-
ing the black and white fringes occurring at the edge of
features in differential phase images [14].

2.2. Experimental setup and data acquisition

The CT scans of the investigated specimens have
been carried out using an edge illumination system
based on a Rigaku 007 molybdenum rotating anode
source, operated at 40 kVp and 20 mA. A schematic
view of the setup is presented in Fig.1(a). The edge illu-
mination system is based on the use of two masks with
regular apertures, placed immediately before the sample
and in front of the detector. The pre-sample had 78/12
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Figure 1: Panels (a) and (b) show a schematic view of the edge illumination system used for acquiring the images and the corresponding sensitivity
curve (illumination curve), respectively.

µm pitch/aperture sizes, while the detector mask being
a scaled up replica based on a system geometric magni-
fication of 1.2× defined as (zso + zod)/zso, where zso and
zod are the source-to-object and object-to-detector dis-
tances, respectively (see Fig.1(a)). In the system used
to acquire the presented data zso = 70 cm and zod = 15
cm. The pre-sample mask shapes the main beam in a
series of beamlets while the latter creates unsensitive
regions in between the pixels. As each beamlets pass
through the sample the change in intensity recorded by
each pixel x in the detector column y can be described
as:

I(x, y) = I0T (x, y)IC(x − ∆x, y) (6)

where I0 is the beam intensity passing through the pre-
sample mask, T (x, y) is the sample transmission func-
tion and IC(x − ∆x, y) is the shifted edge illumination
intensity transmission function, which depends on the
relative mask displacement. This quantity is usually re-
ferred to as illumination curve (IC) and establishes a
quantitative relation between a change in the beamlet’s
position and the measured relative intensity change. The
illumination curve obtained with the present system is
shown in Fig.1(b). The quantities T (x, y) and ∆x are re-
lated to the imaginary β and real δ parts of the refractive
index, respectively. In particular:

T (x, y) = e−
∫
µ(x,y,z)dz (7)

where µ = (4π/λ)β and λ is the wavelength of the in-
cident radiation. Assuming small refraction angles it is
possible to write:

∆x ∼ zod∇x

∫
δ(x, y, z)dz (8)

where ∇x is the gradient in the sample mask plane and
perpendicular to the direction of the apertures. In both
equations the integral is taken across the sample thick-
ness. For simplicity, the effect of scattering is neglected
here [15]. Eq.6 represents the basis for the phase re-
trieval. Assuming a Gaussian approximation for the il-
lumination curve, it can be written for any pixel and for
any mask relative position si of the masks:

I(x, y, si)/I0 = T (x, y)
AIC
√

2πσIC
e−(si−∆x)2/(2σ2

IC ) (9)

where AIC and σIC are the amplitude and width of the
IC without the sample. By acquiring at least two images
at different positions on illumination curve, i.e. differ-
ent relative mask displacement, a system of equations is
obtained, which can be solved at each pixel location for
both T (x, y) and ∆x [15].

The detector is a flat panel with pixel size 50 × 50
µm2. According to a detector mask period of about
100 µm every other detector column is therefore illu-
minated by the radiation transmitted through the mask
apertures, in what is referred to as the ”skipped masks”
edge illumination configuration [16]. This configuration
has the advantage of reducing the signal diffusion into
the scintillator layer, usually referred to as cross-talk,
which is typical of indirect conversion detectors. How-
ever, in this configuration spatial resolution is limited to
the pre-sample mask period, which is 78µm, since noth-
ing in between mask apertures is imaged. In order to
address this limitation, additional images are acquired
while shifting the sample in sub-period steps in the hori-
zontal direction. The acquisition and digital recombina-
tion of multiple dithered images combined with skipped
masks leads to a resolution level limited by the size of
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the apertures in the pre-sample mask [17].
The tomography scan has been performed by acquir-

ing 1000 projections over 360 degrees with an integra-
tion time of 1.2 s each. For each angular step, three im-
ages at different positions on the illumination curve, ±9
and 0 µm where 0 represents the position at which the
apertures in both masks are perfectly aligned, have been
acquired and used for the phase retrieval (see Fig.1(b)).
In addition, for each projection, 8 additional images
were acquired in agreement with dithering oversampled
acquisition. The recombination of these images leads
to an effective pixel size of 12.5 µm in the CT plane.
The combination of multi-points and dithering acquisi-
tion results in the 24 images per projection.

The phase retrieval algorithm returns the change in
the beamlet position as a consequence of refraction,
which is usually referred to as differential phase as de-
scribed by Eq.8. To recover the integral of phase co-
efficient across sample thickness integration is needed.
Phase integration has been performed with both meth-
ods presented in the previous section on each projection
before CT reconstruction. Wiener integration has been
used with the following parameters for the Butterworth
filter: v0 = 9 · 10−3 mm−1, n = 1 and s = 2 · 106.

2.3. Sample preparation

The samples used in this work are native and decellu-
larized (i.e. cell-free scaffolds) oesophagi obtained from
piglets. Animals have been sacrificed in accordance
with Schedule One of The Animals (Scientific Proce-
dures) Act 1986 amendment regulations 2012. Native
refers to a sample in its natural state as extracted from
a piglet, whilst the decellularized is obtained through
the decellularization of a native sample in accordance
to the established detergent-enzymatic treatment (DET)
protocol [18, 19]. Both samples were fixed in 4%
paraformaldehyde (PFA) for a 24h period and stored
at 4◦C. Following PFA fixation the samples were de-
hydrated in graded ethanol-water cycles up to 100%
ethanol and critically point dried using CO2.

3. Results and discussion

To illustrate the advantages provided by the integra-
tion of differential CT projections using the Wiener ap-
proach, a comparison with the conventional Hilbert in-
tegration is shown on the reconstructions of two piglet
oesophagi in Fig.2. Specifically, a native piglet oesoph-
agus (red square) and a cell-free one (red triangle) are
shown. A clear difference in density between the two
samples is observed, due to the presence of cells in the

native one. In the CT reconstruction plane, the dif-
ference between the Hilbert integrated slice (panel (a))
and the Wiener integrated one (panel(b)) is barely vis-
ible. The streak artifacts originated by Hilbert integra-
tion are averaged out during the filtered back projec-
tion procedure since they are different for each sino-
gram line. However, the difference between the two
images shown in panel (c), reveals that the streak arti-
facts introduced a low frequency noise, which is absent
in the Wiener integrated slice. This is also confirmed by
line profiles taken across the background and the spec-
imen for both integration methods reported in the inset
of panel (c) and showing a more uniform background
for the Wiener-integrated dataset. Remarkably, despite
Wiener integration being based on the suppression of
specific high frequencies, no decrease in fine details is
observed compared to the Hilbert integration. The ad-
vantages of using Wiener integration on slice quality is
made evident by extracting a coronal section from the
CT volume. The result of such a reslice operation on
Hilbert and Wiener integrated data are shown in Fig.2(d)
and (e), respectively. The difference between the two
coronal slices is also shown in panel (f). A zoom-in of
the region indicated by the red rectangles is shown be-
low each image. Streak artifacts are apparent on both
samples, and they affect the cell-free one (red triangle)
more severely because of its lower density. Also in
this case, the difference between the two slices shown
(panel (f)) reveals a negligible loss of detail when using
Wiener integration. In terms of computational time, the
Wiener integration of a single 560 × 1032 CT projec-
tion takes approximately 50 ms while using a Matlab®

implementation of the algorithm running on a worksta-
tion based on a CPU Intel® Xeon®Gold 6134 3.20GHz.
This translates into about 50 seconds to integrate the
full CT dataset. In terms of comparison with iterative
approaches, it has been already shown that Wiener inte-
gration provide similar image quality [10]. However, it
is significantly faster. In particular, in comparison to the
iterative method proposed in [7], Wiener integration is
about three order of magnitude faster to integrate a sin-
gle projection, which translates into less than a minute
to integrate the presented CT dataset, while it would
take several days with the iterative approach of refer-
ence [7]. For these reasons, a direct comparison on a full
CT reconstruction was not attempted here. However, re-
lying on the Fourier transform, artifacts may appear at
the edge of the integrated images because of wrapping.
This problem can be reduced by zero-padding the image
borders before integration. In addition, has been also
shown that artifacts occur when the original differential
phase signal is poor because of a low SNR or because
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Figure 2: Panels (a) and (b) shows a CT slice obtained from a DPC CT scan integrated using Hilbert and Wiener filters, respectively. Panel (c)
shows the difference between them and a line profile across the specimen and the background from both integration methods. The higher intensity
part of the profile has been cut to allow appreciating differences in the background region. Panel (d) to (f) shows the same as above but for a coronal
reslice of the CT volume. Zoomed-in regions corresponding to red rectangles are reported below each image. In panels (a) and (d) red square and
triangle mark a native and a cell-free oesophagus. Dotted lines in panels (d) points at region where lines profiles used in Fig.3 have been extracted.
CT images in panels (a),(b),(d) and (e) are shown on the same gray level window.

sample features are almost orthogonal to the direction
of the aperture demonstrating that for an accurate quan-
titative integration a good SNR and a fine sampling step
are needed [10, 17].

Density variations across the sample length are a
typical metric of interest for tissue engineering speci-
mens, for example to assess the uniformity of the de-
cellularization (and subsequent recellularisation) pro-
cesses. These can be assessed by extracting line pro-
files. These are negatively affected by streak artifacts;
therefore a more reliable quantification is expected if
streak artifacts are effectively suppressed. This point
is illustrated by the line profiles shown in Fig.3. A
significantly reduced noise is observed when compar-
ing profiles extracted from Wiener-integrated (solid-red
lines) to Hilbert-integrated (dashed black lines) coronal
slices. This can be quantified by comparing the stan-
dard deviation for profiles extracted from both samples
(red lines in panel (d)) and the background (blue line in
panel (d)). In the first case (native specimen), the stan-

dard deviation is reduced of about a factor 1.5 (from
σHilbert = 2.9 · 10−8 to σWiener = 1.9 · 10−8) while in the
latter (cell-free specimen), of a factor 2 (from σHilbert =

3.2 · 10−8 to σWiener = 1.5 · 10−8). Finally, a reduction
of the background noise, from σHilbert = 2.9 · 10−8 to
σWiener = 1.1 · 10−8, is also found (see panel (c)).

4. Conclusions

We have shown how an integration algorithm based
on the Wiener filter can be used to integrate thousands
of DPC projections obtained from CT scan in an ac-
ceptable processing time. The suppression of streak ar-
tifacts in the integrated projections translates into a sig-
nificant improvement of the reconstructed image qual-
ity, especially when off-plane slices are considered. We
expect the improved image quality provided by Wiener
integration to translate into a more reliable estimates of
the sample density variations from point to point, which
can be used as a non-destructive quality check in tissue
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Figure 3: Panels (a) and (b) shows line profiles extracted along the dotted lines reported in coronal view in Fig.2(d) for both the native and cell-free
oesophagus. Panel (c) shows line profile extracted from the air region within the specimen (blue dotted line in Fig.2(d)).

engineering. The presented results have been obtained
edge illumination, however, Wiener integration can also
work with other X-ray phase contrast techniques with
unidirectional differential sensitivity, such as gratings or
crystal based.
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