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A B S T R A C T

Differential phase contrast (DPC) computed tomography (CT), such as Edge Illumination (EI) CT, traditionally 
incorporates phase integration into the tomographic reconstruction process using Hilbert filtering followed by 
backprojection. Although this approach is fast, effective, and parameter-free, it offers limited flexibility for noise 
handling and precludes the use of algebraic reconstruction methods. In this work, we reformulate the phase 
integration step as a deconvolution problem and propose a practical pipeline that preserves the quantitativeness 
of phase contrast data as well as enables the use of algebraic reconstruction techniques. We demonstrate and 
compare several deconvolution strategies on both simulated and experimental data. Qualitative and quantitative 
evaluations consistently highlight the advantages of the proposed approach.

1. Introduction

X-ray phase contrast imaging (XPCI) is a technique that holds sig
nificant potential to enhance image quality beyond what conventional 
attenuation-based imaging can achieve. Unlike traditional methods, 
XPCI is sensitive to the phase shifts that X-rays experience as they pass 
through a sample, enabling improved contrast—particularly for mate
rials with low absorption. The interaction of X-rays with matter is 
described by the complex refractive index n = 1 − δ + β, which ac
counts both phase (δ) and attenuation (β) effects. For light materials and 
at energies of interest in X-ray imaging (10 – 100 keV), the phase shift 
component is significantly larger than the absorption term, resulting in 
phase images that exhibit higher contrast-to-noise ratio compared to 
conventional absorption-based images [1]. Moreover, phase-shift effects 
occurring at spatial scales smaller than the system’s resolution 
contribute to the dark-field signal, which encodes information about the 
microscopic structure of features that are not spatially resolved within 
the sample. Thanks to this advantage, XPCI is gaining increasing 
prominence, and several methods have been developed to exploit phase 
contrast, including edge illumination (EI) and grating interferometry 
techniques [2− 4]. These approaches enable the simultaneous acquisi
tion of three contrast mechanisms in a single scan: conventional ab
sorption contrast, differential phase contrast (DPC), and small-angle 

scattering contrast, also known as dark-field. DPC captures the first 
derivative of the phase shift due to the sample, along a single direction 
determined by the experimental configuration. In an typical EI setup, the 
absorption mask with vertical periodic structures generates unidirec
tional DPC with phase sensitivity along the horizontal direction, 
enhancing the visualization of edges and fine structural details within 
the sample. However, DPC does not directly provide a quantitative 
phase map, requiring a phase retrieval step to reconstruct the full phase 
information.

In computed tomography (CT), an analytic solution to the phase 
integration problem is achieved by applying Hilbert filtering to the 
projections prior to reconstruction via back projection (BP). In general, 
this provides the solution for all differential phase imaging methods 
with phase sensitivity oriented orthogonally to the rotation axis. This 
approach, detailed in [5] and applied to grating interferometry data, is 
both effective and computationally efficient. However, it has limited 
adaptability under high-noise conditions due to the absence of tuning 
parameters. Moreover, it constrains the reconstruction method to FBP 
exclusively, restricting the use of alternative reconstruction strategies. 
In contrast, 3D algebraic reconstruction methods, such as the Simulta
neous Iterative Reconstruction Technique (SIRT), Conjugate Gradient 
Least Squares (CGLS), or Fast Iterative Shrinkage-Thresholding Algo
rithm (FISTA), are better suited for high-noise, sparse-sampling, and 
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limited-angle scenarios, offering greater flexibility and robustness [6].
In this work, we propose an alternative to the Hilbert-filtered BP 

reconstruction, applied to EI phase contrast CT data featuring an 
absorbing mask with vertical, i.e. parallel to the rotation axis, apertures. 
We compare and discuss results from both simulated and experimental 
datasets. Our approach models phase integration as a discrete decon
volution of a derivative filter. This process is inherently ill-posed: inte
gration recovers the phase only up to an unknown additive constant, and 
even small noise in the measured derivative can be propagated across 
the integrated image. This instability is especially pronounced at low 
spatial frequencies, where the derivative operator’s frequency response 
approaches zero, complicating the deconvolution.

To address this, we introduce normalization approach to preserve the 
quantitative accuracy of the deconvolved phase. The normalization 
factors are derived from the forward projections of Hilbert-filtered back- 
projected data. The backprojection–reprojection operation helps to 
stabilize the ill-posed low-frequency components, since the low- 
frequency information is reinforced across multiple projections. In 
addition, this choice provides a parameter-free strategy: Hilbert filtering 
and reconstruction require no tuning, whereas alternative regularization 
approaches generally involve one or more adjustable parameters and 

might fail to achieve the same quantitative accuracy as the back
projection–reprojection operation. This choice is also motivated by 
common laboratory practice: Hilbert filtering and reconstruction are 
routinely performed to obtain rapid feedback on the acquisition condi
tions. As a result, a fast Hilbert-based reconstruction is already available 
and can be easily used for the normalization procedure. The overall 
proposed approach is illustrated in Fig. 1. With this method, any 
deconvolution algorithm capable of handling a derivative kernel can be 
employed. Since most deconvolution techniques require regularization, 
standard image denoising algorithms — such as BM3D, total variation 
(TV) denoising, or deep learning-based methods — can be integrated 
seamlessly. This flexibility has led to what is known as a “plug-and-play” 
deconvolution approach [7] (see also [8] for the origin of the term).

In this paper, we compare three strategies: a straightforward non- 
iterative Wiener deconvolution algorithm, a “plug-and-play” restora
tion incorporating simple TV denoising and a more advanced sparse 
deconvolution approach. Furthermore, our approach enables the use of 
algebraic reconstruction algorithms, which overcome common limita
tions of BP, such as improved noise robustness, better handling of sparse 
projection data, and compensation for missing projections. In this work, 
we compare the results of an algebraic reconstruction algorithm against 

Fig. 1. Sketch of the proposed processing pipeline: differential CT projections (a) are processed using Hilbert filtering (b) to obtain the reconstruction shown in (c). In 
parallel, the projections are also processed via deconvolution (e), and then calibrated (f) using the gray-level histogram of the forward projections of the previously 
Hilbert-filtered reconstruction (d). The calibrated dataset is subsequently used for algebraic reconstruction (g).

Fig. 2. Both simulated (a) and experimental (b) images show a green line indicating the pixels considered for the line profile. The red and blue regions marked in the 
simulated image are used for the CNR calculation. [Scale bar in b) = 1 mm].
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Hilbert-filtered BP. The proposed workflow is flexible and tunable, 
making it especially effective for EI-CT acquisitions affected by high 
noise levels and limited projection counts, conditions that typically 
degrade the quality of Hilbert-filtered BP reconstructions.

2. Materials and methods

2.1. Modeling

The mathematical model adopted throughout this work is described 
by Eq. (1), where gθ denotes the refraction signal image at every angle θ, 
modeled as the convolution (represented by the operator ⋆) between the 
target image fθ and the horizontal derivate kernel h. An additive noise 
component n is also included in the model, thus leading to: 

gθ = fθ⋆h+ n (1) 

where 

h =

⎡

⎣
0 0 0
0 − 1 1
0 0 0

⎤

⎦.

This model is used to produce simulated data as well as to perform 
phase retrieval, i.e. to recover an effective estimation f̂ θ of the phase 
image fθ by applying suitable deconvolution algorithms to the refraction 
image gθ.

2.2. Datasets

2.2.1. Simulated dataset
The simulated data are generated using a 3D Shepp-Logan phantom, 

resulting in a volumetric image of 256 × 256 × 256 voxels. The acqui
sition is simulated over 180

◦

using parallel beam geometry. To produce a 
differential phase contrast CT dataset, each projection from the CT 

simulation is convoluted with the horizontal derivative matrix described 
in Eq. (1) and Poisson noise is added to the differential projections.

2.2.2. Experimental dataset
The experimental dataset consists of images acquired at [9] using a 

double mask edge illumination configuration in cone beam geometry. 
X-rays are generated by a fixed tungsten anode microfocus tube 
(Hamamatsu L10101) operating at voltages between 40 and 100 kVp 
and currents between 10 and 200 µA. The experimentally characterized 
focal spot dimension is in the range from 5 to 30 µm. The imaging de
tector is a Pixirad-1/Pixie-III photon-counting device, featuring a 
650 µm thick CdTe sensor bump bonded on a 512 × 402 matrix of pixels 
with a size of 62 µm, corresponding to an active area of 
31.7 × 24.9 mm2. The dataset consisted of 720 projections acquired at 
50 kVp and 150 µA, with an exposure time of 4.5 s and 6 dithering steps, 
and without any additional beam filtration. The sample is a cylindrical 
PMMA object containing four holes filled with kitchen salt, flour, coffee 
powder, and a toothpick, respectively. Preprocessing of the acquired 
differential projections includes correction for hot and dead pixels and 
normalization of the mean intensity to zero. The final reconstruction 
yields a volumetric dataset composed of several 2D slices of 994 × 994 
pixels, with a pixel size of 0.01 mm.

2.3. Deconvolution algorithms

2.3.1. Wiener deconvolution
The Wiener filter is a linear method that enables an effective esti

mation ̂f θ of the function fθ without requiring an iterative approach. Eq. 
(2) illustrates the approach where λ represents the regularization 
parameter and H the frequency response of the filter, i.e. the Fourier 
transform of the derivative kernel h. 

f̂ = F
− 1

{

F {g}⋅
H∗

|H|
2
+ λ

}

(2) 

The regularization parameter can be defined either as a constant or 
as a frequency-dependent function. In the simulated dataset, a constant 
value is selected for the parameter λ. For the experimental dataset, as 
suggested in [10], a Butterworth filter — described in Eq. (3) — is 
employed to achieve an improved response at high spatial frequencies. 
To mitigate unidirectional streak artifacts, only the vertical frequency 
component v is considered, where v0 denotes the vertical cutoff 
frequency. 

λ(v) =
1

1 +

(
v
v0

)2n (3) 

2.3.2. “Plug and play” deconvolution with TV denoiser
This approach follows the description reported in [8] where an 

Alternating Direction Method of Multiplier (ADMM) is used to solve the 
deconvolution problem. As a regularizer, a simple Total Variation 
denoiser with tuning parameter λ is included, being quite common in 
this context (see e.g. [11]). The overall approach for each acquired 
projection image gθ is shown in Eq. (4)

f̂θ = argmin
fθ

(
|h ∗ fθ − gθ|

2
2 + λ|fθ|TV

)
(4) 

where 

||fθ||TV =
∑

x,y

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

∂fθ

∂x

)2

+

(
∂fθ

∂y

)2
√

(5) 

being ∂fθ
∂x 

and ∂fθ
∂y 

the horizontal and vertical image gradients, respectively 
and (x,y) the image spatial coordinates. The first term of the equation 
ensures the optimal fit of the model to the observed image, by 

Fig. 3. Reconstructed simulated images of 256 × 256 pixels using (from left to 
right): Hilbert filtering and BP reconstruction, Wiener, TV, and sparse decon
volution with SIRT reconstruction. Two angular sampling scenarios are 
considered: a data-sufficient case with 300 projections and an under-sampled 
case with 150 projections. Each row corresponds to a different simulation 
condition (top to bottom): 300 projections with Poisson noise N = 6.5 • 104, 
300 projections with N = 3.0 • 104, 150 projections with N = 6.5 • 104, and 
150 projections with N = 3.0 • 104.
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minimizing the L2-norm. The second term represents the Total Variation 
norm, defined as the gradient magnitude of the image fθ, as shown in Eq. 
(5), multiplied by the regularization parameter λ.

2.3.3. Sparse deconvolution
To recover each image fθ from its convolved observation gθ, an 

additional method here used is the sparse prior deconvolution described 
by Levin et al. [12]. The approach formulates the inverse problem as a 
maximum a posteriori (MAP) estimation, combining a data fidelity term 
with a sparsity-promoting prior on filtered versions of the solution. 
Specifically, the method minimizes the following energy functional: 

||h ∗ fθ − gθ||
2
+ λ

∑

k
ρ((dk ∗ fθ) ) (6) 

where (ρ(u) = |u|0.8) is a heavy-tailed penalty function promoting 
sparsity in the filter responses. The set of filters {dk} includes first- and 
second-order finite difference operators. The optimization is performed 
using Iteratively Reweighted Least Squares (IRLS), where each iteration 
solves a weighted least-squares problem with weights updated based on 
the current estimate of fθ. Each linear system is solved in the spatial 
domain using the Conjugate Gradient method. This method effectively 
restores sharp features and suppresses noise in the reconstructed fθ.

2.3.4. Parameters optimization
A regularization parameter must be chosen, denoted in all the pre

viously reported method as λ. This parameter was optimized on the 
simulated dataset with 150 projections and Poisson noise, assuming a 
total photon count N = 6.5 • 104, by identifying the value that mini
mizes the Mean Square Error (MSE): λ = 5.0 × 10− 2 for TV deconvolu
tion, λ = 2.0 × 10− 4 for sparse deconvolution, and λ = 1.0 × 10− 4 for 

Wiener deconvolution. For the iterative deconvolution methods (TV and 
sparse), the number of iterations was set to 400. The same optimal value 
and iteration number are then applied to the experimental dataset. An 
exception is made for the Wiener filter used on the experimental dataset, 
which employs two frequency-dependent tunable parameters, whereas 
only a single regularization parameter is used for the simulated data. 
This choice is made to obtain higher-quality reconstructed images while 
minimizing the introduction of artifacts.

2.4. Calibration

Defined through the sign function of the horizontal frequency vari
able u, the Hilbert transform is employed as a filter in the filtered back- 
projection (FBP) image reconstruction, as described in Eq. (7). This 
approach is involved to reconstruct image fˆθ from the derivative data gθ. 

f̂θ = F
− 1{ − i⋅sgn(u)⋅F {gθ}} (7) 

The images reconstructed using Hilbert filtering and BP are taken as 
reference. A forward projection is applied to those reconstructed images 
to extract calibration values. To be specific, the 1st and the 99th per
centiles gray values are computed. These values are then used to 
normalize the projections obtained from the deconvolution filters. This 
calibration procedure is consistently applied to both the simulated and 
the experimental datasets.

2.5. Reconstruction algorithm

In order to demonstrate the possibility to consider algebraic recon
struction approaches, in this work the implementation of SIRT (Simul
taneous Iterative Reconstruction Algorithm) available in the open 

Fig. 4. Line profiles, CNR, MSE and SSIM values for each case, using 300 (a-b) and 150 (c-d) projections under two different Poisson noise levels. Each metric is 
derived by averaging five consecutive axial slices, and the associated error represents the standard deviation across these five measurements.
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source software TIGRE has been used [13]. It is implicit that any alge
braic reconstruction algorithm can be included into the pipeline. In this 
work, only one reconstruction algorithm is used in order to have a fair 
quantitative comparison of the deconvolution approaches.

2.6. Quantitative analysis

Line profiles, extracted along the green line highlighted in Fig. 2, for 
both the simulated and experimental images, are compared. Being this 
work aimed for CT, only final reconstructed slices are quantitatively 
evaluated instead of projections. The contrast to noise ratio (CNR) has 
been also computed by considering the red and blue regions of interest 
(ROIs) defined in Fig. 2 and applying Eq. (8) where µ and σ are the mean 
and standard deviation gray levels within ROI1 and ROI2, respectively. 

CNR =
|μ1 − μ2|̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

σ2
1 + σ2

2

√ (8) 

The mean square error (MSE) and Structural Similarity Index Mea
sure (SSIM) [14] with respect to the ground truth (the phantom) are also 
reported for the simulated dataset. Quantitative results are derived by 
averaging five consecutive axial slices in order to reduce noise-induced 
variability and the error reported is the standard deviation of these five 
measurements.

3. Results and discussion

Qualitative and quantitative results across all scenarios are presented 
in Fig. 3 and Fig. 4, where theoretically optimal regularization values are 
employed for each deconvolution algorithm. The advantage of using 
deconvolution algorithms with tunable parameters, compared to the 
Hilbert transform, is illustrated in Fig. 5. This figure shows reconstructed 
images obtained using deconvolution-based algorithms with regulari
zation parameters intentionally set below and above the optimal value. 
While reconstructions with lower than optimal parameters exhibit 

Fig. 5. Reconstructed simulated images for the scenario with 150 projections and the lower of the two noise levels considered, using different regularization pa
rameters for each deconvolution algorithm. From top to bottom: reconstruction with a lower regularization parameter than the optimal value (Wiener: λ = 1.0 ×

10− 5; sparse: λ = 2.0 × 10− 5; TV: λ = 2.0 ×10− 4); reconstruction with the optimal regularization parameter minimizing the mean squared error (Wiener: λ =
1.0 ×10− 4; sparse: λ = 2.0 ×10− 4; TV: λ = 5.0 ×10− 2); reconstruction with a higher regularization parameter than the optimal value (Wiener: λ = 5.0 × 10− 2; sparse: 
λ = 8.0 × 10− 1; TV: λ = 8.0 × 10− 1).

Fig. 6. Line profiles of simulated data reconstructed via phase integration after deconvolution, using different values of the regularization parameter λ: (a) lower than 
the optimal value, (b) the optimized value, and (c) higher than the optimal value.
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minimal differences compared to those with optimal values, increasing 
the regularization parameter significantly degrades image quality, 
introducing noticeable artifacts.

This is supported by the line profiles shown in Fig. 6, corresponding 
to reconstructions obtained using both optimal and non-optimal regu
larization parameters. In particular, when the parameter is over
estimated, the line profile noticeably deviates from that of the original 
phantom, indicating the presence of artifacts. These results demonstrate 
the potential to improve image quality by tuning the regularization 
parameter, but also highlight the importance of selecting an appropriate 
value to balance noise suppression and artifact avoidance. In practice, 
this choice is not overly demanding, since under-regularization is 
generally less detrimental than over-regularization and relatively low 
values usually provide a safe compromise.

The “optimal” value reported here was derived from a theoretical 
assessment based on a phantom study with Poisson noise (N =

6.5 • 104); therefore, the values considered in Fig. 5 and Fig. 6 do not 
apply universally to every acquisition but rather indicates the order of 
magnitude for a safe operating range. The calibration of a tunable reg
ularization parameter represents an effective strategy to mitigate 
reconstruction artifacts in the presence of high noise levels. In contrast 
to the parameter-free Hilbert approach, deconvolution-based algorithms 
with adaptive regularization enhance noise suppression while preser
ving spatial detail. The deconvolution filter inherently behaves as a low- 
pass operator, attenuating high-frequency noise components. 
Conversely, the Hilbert filter lacks such low-pass characteristics, and 
residual noise therefore remains visible after reconstruction. Further
more, normalizing the deconvolved projections with respect to Hilbert- 
derived forward projections helps to mitigate the ill-posedness at low 

spatial frequencies, since these components are redundantly sampled 
across multiple projections. This normalization ensures the quantitative 
accuracy of the reconstructed phase. The Hilbert-based reconstruction 
yields good quality when the noise level is low and the number of pro
jections is sufficient. Even with a reduced number of projections, it is 
still capable of maintaining good performance. However, when both the 
number of projections is low and the noise level is high, the Hilbert filter 
fails to adequately compensate, resulting in images with significant 
noise. The corresponding line profile generally follows the trend of the 
original phantom, although it overestimates pixel intensity values in 
several regions. Deconvolution-based algorithms provide good image 
quality under low-noise conditions and demonstrate superior noise 
control compared to the Hilbert filtering BP reconstruction under 
adverse conditions. This is corroborated by the line profile plots, which, 
despite minor fluctuations, closely follow the original phantom and 
consistently outperform the Hilbert-based approach. Although the Hil
bert filter provides higher CNR values, the deconvolution algorithms 
consistently achieve superior SSIM values compared to the Hilbert 
approach across all scenarios, including cases with fewer projections 
and higher noise levels. Moreover, both Wiener and sparse deconvolu
tion yield lower MSE values than the Hilbert filter, with the exception of 
Wiener deconvolution under conditions of high noise and a limited 
number of projections. Both deconvolution methods outperform the 
Hilbert filter, exhibiting reduced fluctuations among slices, indicated by 
the error accompanying each reported CNR value. In particular, sparse 
deconvolution also achieves higher contrast-to-noise ratio (CNR) values 
compared to the other deconvolution methods, although its MSE is not 
lower than that of Wiener deconvolution. In contrast, total variation 
deconvolution provides high-quality results only under favorable 

Fig. 7. Reconstructed images using (from left to right): Hilbert filtering and conventional cone-beam FDK, Wiener filter, TV deconvolution, and sparse deconvo
lution. The latter three images are processed according to the approach of Fig. 1 with cone-beam SIRT reconstruction. Each row corresponds to a different acquisition 
condition (from top to bottom): 720 projections with 3 shots per projection, 360 projections with 3 shots, 720 projections with 1 shot, and 360 projections with 1 
shot. [Scale bar = 1 mm].
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Fig. 8. Line profiles of experimental image reconstruction with 720 projections (a-c) and 360 projections (b-d) using Hilbert filtering, Wiener deconvolution, sparse 
deconvolution and TV deconvolution.
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Fig. 9. Reconstructed images using different regularization parameters, corresponding to the values reported in Fig. 5 for each deconvolution algorithm (top to 
bottom): reconstruction with a regularization parameter lower than the optimal value; reconstruction with the optimal parameter minimizing the mean squared error 
(MSE); reconstruction with a regularization parameter higher than the optimal value. [Scale bar = 1 mm].
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conditions. These findings highlight that the proposed methodology can 
be effectively applied across a wide range of practical imaging condi
tions. By selecting the deconvolution algorithm in accordance with the 
specific acquisition and reconstruction settings, the approach consis
tently yields improved performance compared to Hilbert-based recon
struction. Reconstructed experimental images for all scenarios are 
shown in Fig. 7. Each figure includes a magnified region that highlights 
an area containing fine structures. Deconvolution-based reconstructions 
exhibit good image quality compared to those obtained using the 
Hilbert-based reconstruction, especially under low-projection condi
tions. None of the proposed methods introduce visible artifacts with the 
parameters considered, even when applied to real-world experimental 
data. Only the TV deconvolution method shows artifacts under such 
constrained conditions. The spatial resolution is also preserved, as can 
be seen from the line profile analyses shown in Fig. 8. In line with the 
simulated data, Fig. 9 shows that the use of a higher regularization 
parameter during the deconvolution-based integration phase leads to 
the appearance of artifacts, whereas setting a lower value results in 
minimal differences, as also corroborated by the line profiles presented 
in Fig. 10. Although deconvolution algorithms improve image quality, 
they require increased computational resources, especially for iterative 
methods such as sparse and TV deconvolution, compared to the Hilbert 
filter, which provides a rapid result. However, this limitation can be 
easily mitigated, as the deconvolution-based approach is highly paral
lelizable: each projection can be processed independently, and the use of 
modern GPUs allows for a significant reduction in computational time. 

The implementation developed in this study is available in a GitHub 
repository [15].

4. Conclusion

This study demonstrates the advantages of employing 
deconvolution-based algorithms for phase integration in differential 
phase contrast CT, compared to the conventional application of Hilbert- 
filtered back-projection (BP) reconstruction. Among the evaluated 
methods, sparse deconvolution consistently provides high image quality 
and effective noise suppression, even under limited data conditions. 
However, it does not outperform Wiener deconvolution, which, being a 
non-iterative method, could be an appealing choice when a faster 
reconstruction pipeline is desired. The proposed calibration approach, 
which relies on the forward projection of Hilbert-filtered BP-recon
structed data, preserves the quantitative accuracy of the integrated data. 
This methodology is also flexible, as it does not constrain the final 
reconstruction to be BP-based, allowing continued use of the labo
ratory’s preferred denoising and reconstruction methods.
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