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Edge illumination (EI) is a mask-based X-ray phase-contrast imaging (XPCI) technique that converts small refraction-
induced beam deviations into measurable intensity changes, enabling laboratory-compatible imaging with sensitivity
beyond conventional absorption contrast. However, quantitative EI computed tomography typically requires multiple
exposures per projection and computationally demanding iterative reconstruction, increasing acquisition time and
radiation dose. Here, we present a single-shot technique for quantitative EI phase-contrast CT of multi-material samples
based on a linear joint reconstruction (LJR) approach. The method uses a single exposure per angle of projection and
directly reconstructs the sample’s absorption and phase components simultaneously. This is achieved by applying a first-
order Taylor expansion to the system’s illumination curve, which linearizes the EI imaging model and transforms it into a
convex least-squares problem with a unique semi-analytical solution, eliminating the non-convexity that typically leads
to local minima in iterative approaches. As a result, the approach is both fast and robust. We demonstrate the method’s
performance on both simulated and experimental datasets, including multi-material plastic rods and an intact mouse
brain inside its native skull. The results show that the proposed technique produces high-quality, quantitatively accurate
phase and absorption tomograms that are a close match to those obtained with the standard EI method while consid-
erably reducing data acquisition and computational time. This development enables rapid, reliable XPCI of complex
multi-material samples under challenging imaging conditions.
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1. INTRODUCTION

X-ray phase-contrast imaging (XPCI) improves soft-tissue visuali-
zation by capturing not just absorption but also subtle phase shifts
and small-angle scattering that occur as X-rays pass through matter.
These additional contrast mechanisms are particularly sensitive to
variations in tissue structure and composition, making XPCI well-
suited to image low-density or weakly absorbing materials that are
nearly invisible in conventional X-ray images. XPCI is particularly
advantageous in distinguishing objects with similar absorption
coefficients [1]. Over the past decades, XPCI has shown broad
applicability, from medical imaging [2–6] to materials science [7],
biology [8], and beyond.

Edge illumination (EI) is a laboratory-compatible XPCI
method originally developed in the late 1990s at the Elettra Light
Source in Trieste, Italy [9,10]. EI employs a dual-mask setup. A
pre-sample mask (M1) splits the X-ray beam into narrow beamlets,

and a detector mask (M2) in front of the detector, aligned with the
pixels’ centers, selects specific portions of each beamlet. By partially
blocking each beamlet, M2 makes the detected intensity sensitive
to beam deflections caused by the sample (i.e., X-ray refraction,
which occurs at an angle proportional to the first derivative of the
phase shift induced by the object). In conventional EI systems,
multiple acquisitions at different relative mask positions are per-
formed for each projection angle (e.g., by shifting M1 in small
steps) to measure the so-called illumination curve (IC) for each
detector pixel [11,12]. The IC is a bell-shaped intensity profile
that encodes the sample’s absorption as an overall reduction in
the integrated intensity (i.e., the area) and phase-induced refrac-
tion as a lateral shift of the curve [13]. Three contrast channels
are retrieved—absorption, refraction, and dark-field [12]—by
comparing the IC acquired with the sample to the corresponding
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flat-field IC obtained without the sample. This retrieval is typi-
cally performed by fitting a Gaussian function to the signals with
and without the sample, whose estimated parameters directly
give information about the three channels. After performing this
contrast extraction for every projection angle, separate sinograms
for each channel are obtained, and tomographic reconstruction
(e.g., filtered backprojection) is applied to each to yield volumetric
images.

In summary, the conventional EI workflow proceeds in three
distinct stages: first, multiple frames are acquired at different mask
positions; second, an explicit phase retrieval step is performed; and
finally, the retrieved projections undergo standard tomographic
reconstruction. While effective, the multi-exposure approach
increases acquisition time and dose. From now on, we will refer
to the standard EI method with multiple acquired points on the
IC as “EI.” To address these limitations, there has been growing
interest in single-shot methods. Diemoz et al. [14,15] adapted
the work of Paganin et al. [16] to EI, developing a single-shot EI
(SS-EI) reconstruction applicable to general imaging geometries,
which operates under the assumption that the ratio between phase
shift and absorption (= δ/β) is uniform across the entire sample
[14,15]. This approximation works well for homogeneous samples
or for those composed of materials with similar characteristics.
However, it fails to quantitatively retrieve multi-materials pre-
senting different γ values. To address this issue, Zamir et al. [17]
proposed an advanced reconstruction method designed to handle
samples composed of multiple, distinct materials, adopting an
approach conceptually similar to that introduced earlier by Beltran
et al. [18,19]. Despite this improvement, the technique depends
on prior knowledge of the constituent materials and assumes
that each material is surrounded by a single background, with
the outer material varying smoothly in thickness along the X-ray
propagation. Similar efforts applied to other X-ray phase-contrast
techniques include uniqueness analyses and regularized non-linear
inversion methods for propagation-based phase-contrast imaging,
including single-measurement phase retrieval and simultane-
ous phase/amplitude recovery without homogeneity constraints
[20,21]. In grating-based phase-contrast CT, related single-shot
direct reconstruction approaches have also been proposed to
recover attenuation, refractive-index, and dark-field information
from a single measurement per projection angle [22].

In the last decade, a new single-shot EI approach to quantita-
tively retrieve δ and β has been developed that eliminates the need
for prior assumptions about material properties. In particular, a
fully general joint reconstruction (JR) framework was introduced
by Chen et al. [23–25], in which phase retrieval and tomographic
inversion are performed in one unified step.

In the JR framework, absorption and phase distributions are
simultaneously estimated by fitting the EI forward model to the
measured projection data. Instead of separating phase retrieval
and tomographic reconstruction into distinct steps, JR algorithms
jointly refine the β and δ maps so that the predicted intensities
align with the experimental measurements. This integrated
approach accommodates complex, multi-material compositions
without assuming a fixed γ ratio and naturally incorporates both
contrast mechanisms into a single inversion process. Optimization
is typically performed using iterative gradient-descent-based
methods. More recently, a gradient-descent scheme incorporating
Barzilai–Borwein steps has been proposed, which also includes
scatter reconstructions [25].

Two key problems of existing non-linear JR methods are that
the multiple iterations needed for convergence lead to long process-
ing times and, more importantly, that the objective function is
inherently non-convex [23,26]. This means that the solution is not
guaranteed to be unique or to correspond to the global minimum
since the algorithm may converge to a local minimum depending
on initialization and regularization. This non-convexity arises
from the exponential absorption term and the phase-induced shift
within the illumination curve.

Consequently, the final estimates of δ and β may deviate from
the true values, particularly in the absence of careful initialization
or regularization. Successful reconstructions of random phantoms
have proved that using zero-valued initial guesses can mitigate the
impact of non-convexity [26].

In this paper, we propose a new JR method for EI that, unlike
previous approaches, is semi-analytical, fast, and robust. The key
innovation is a unique solution based on the first-order Taylor
expansion of the logarithm of the illumination curve, which yields
a linear forward model relating the sample’s properties to the
measured intensities. This linearization effectively transforms
the minimization problem related to JR into a convex problem
with a unique solution, eliminating issues of non-convexity and
ambiguous minima. For this reason, we denote the new method as
the linear joint reconstruction method (LJR). As well as for stand-
ard JR methods, LJR does not require Gaussian fitting of the IC;
instead, the solution can be obtained by applying a linear regression
to an ad hoc approximate version of the raw projections.

2. LINEAR JOINT RECONSTRUCTION METHOD

In EI systems, the retrieved quantities are Iβ(xs ; θ) :=∫ z2
z1
β(xs , z; θ)dz and Iδ(xs ; θ)=

∫ z2
z1
δ(xs , z; θ) dz, along with

the scattering signal [12,27], which is only analyzed in this paper to
quantify its impact on the model and not explicitly retrieved in the
reconstruction.
θ is the projection angle, M is the magnification of the system

and the variable xs =
x
M denotes the demagnified transverse coor-

dinate in the object domain, and x is the coordinate at the detector.
By considering a sample composed of Nm materials, equivalent to
assuming a stepwise approximation of both the δ and β maps, we
can rewrite these integrals as

Iβ(xs ; θ)=

Nm∑
j=1

β j Tj (xs ; θ), (1a)

Iδ(xs ; θ)=

Nm∑
j=1

δ j Tj (xs ; θ), (1b)

where the functions Tj represent the thickness of the j th mate-
rial as a function of the sample coordinate xs and angle θ . We
denote the illumination curve function (IC) without the sam-
ple as C(t), so that the projection acquired without a sample
is P f (t)= NpC(t), where Np is a scaling factor modeling the
number of photons that reach the detector. The effect of the scat-
tering due to the sample on the X-ray beamlets is a broadening
on C(t), which we model via convolution with a Gaussian dis-

tribution f sc(t; σsc)=
1

√
2πσsc

exp
(
−

t2

2σ 2
sc

)
, and the broadened

IC: Cσsc(t)= C(t) ∗ f sc(t; σsc). The intensity recorded by a single
detector pixel xs at projection angle θ and mask displacement t can
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be described by the forward model [12,28,29]:

Ps (xs ; t, θ)= Np e−2k0 Iβ (xs ;θ)Cσsc

(
t −

zod

M
∂

∂xs
Iδ(xs ; θ)

)
,

(2)
where k0 is the central wave number, zod is the distance between the
sample and the detector, and Ps is the raw projection acquired
by the detector. As stated above, the dark-field signal is not
retrieved by the proposed model; therefore, we assume scat-
tering effects to be negligible and approximate Cσsc(t)≈ C(t).
Following the approach of Diemoz et al. [14], we apply
a first-order Taylor expansion to Eq. (2) with center “t .”
Introducing the parameter T defined as T = t − zod

M
∂
∂xs

Iδ(xs ; θ),

we obtain Ps (xs ; t, θ)≈ Np e−2k0 Iβ (xs ;θ)[C(t)+ C ′(t)(T −
t)] = Np e−2k0 Iβ (xs ;θ)(C(t)− zod

M
∂
∂xs

Iδ(xs ; θ) C ′(t)), where the
superscript ′ represents the derivative respect to the variable t .
Subsequently, dividing by P f (t) and taking the logarithm, we have

L(xs ; t, θ) := log

(
Ps (xs ; t; θ)
P f (xs ; t)

)
(3a)

≈−2k0 Iβ(xs ; θ)+ log

(
1− JEI

∂

∂xs
Iδ(xs ; θ)

)
(3b)

≈−2k0 Iβ(xs ; θ)− JEI
∂

∂xs
Iδ(xs ; θ) (3c)

=−2k0

Nm∑
j=1

β j Tj (xs ; θ)− JEI

Nm∑
j=1

δ j
∂

∂xs
Tj (xs ; θ),

(3d)

where JEI =
zod
M

C′(t)
C(t) , and Eq. (3c) results from applying the first-

order Taylor expansion of the logarithmic term at x = 0 to Eq. (3b)(
log(1+ x )≈ x

)
. The approximation introduced in Eq. (3c)

is valid provided that the term JEI
∂
∂xs

Iδ(xs ; θ) remains small in
magnitude. This requirement is essentially the same assumption
underlying the Diemoz et al. approximation, although here it is
applied in a slightly more relaxed form. We quantified the error of
both the LJR and Diemoz et al. approaches assuming a Gaussian

illumination curve C(t)= exp
(
−

t2

2σ 2

)
. Under this assumption,

and assuming noise-free conditions, no cross-talk, and no scatter-
ing, both approaches reproduce the Iβ term of L(xs ; t, θ) exactly,
so the only approximation error appears in the Iδ contribution. For
LJR, the leading error is always second-order in the small parameter,

whereas for the Diemoz et al. approximation, it is likewise second-
order under typical conditions but improves to third-order when
the illumination is sampled at the “optimal” point t0 = σ (more
details of this analysis are provided in Section 1 of Supplement 1).
We emphasize that this analysis is not intended to judge which
method is superior. LJR is specifically designed to yield quantita-
tive refractive-index maps in multi-material samples, capabilities
that lie outside the remit of the Diemoz et al. approximation. The
comparison is presented solely to demonstrate that the small-signal
assumption underpinning LJR is sound, with an accuracy that
differs from the optimal Diemoz et al. case by just one order in the
already small expansion parameter. In Section 4, we will quantify
the error committed by neglecting the scattering, which will help
to assess the robustness and accuracy of the presented model under
such an assumption. Given that the term in Eq. (3d) is linear in β j

and δ j , we can retrieve analytical estimations of these parameters
by solving the following least-squares error minimization problem:

E
(
β x , δx )

=

Nθ∑
i=1

∫
R

∣∣∣∣∣∣L (xs ; t, θi )+ 2k0

Nm∑
j=1

β x
j Tj (xs ; θi )

+ JEI

Nm∑
j=1

δx
j
∂

∂xs
Tj (xs ; θi )

∣∣∣∣∣∣
2

dxs ,

(4)

where Nθ is the number of angle projections. The integral over
xs is evaluated in practice as a sum over detector pixels. A detailed
derivation of the minimization of Eq. (4) and a discussion of
well-posedness are provided in Section 2 of Supplement 1.

The optimal values (βopt
j , δ

opt
j ) that minimize E (β x

j , δ
x
j ) are

given by

Ax̂ + b = 0 ⇒ x̂ =



β
opt
1

...

β
opt
Nm

δ
opt
1
...

δ
opt
Nm


⇒ x̂ =−A−1b,

Ahk, bh = coeff. (See table below)

Convergence to the global minimum is guaranteed since the
problem is convex. We emphasize that, unlike in some prior

Case Ahk bh

h ≤ Nm, k ≤ Nm 2 k0

Nθ∑
i=1

∫
R

Tk(x s ; θi ) Th(x s ; θi ) dx s

Nθ∑
i=1

∫
R
L(x s ; t, θi ) Th(x s ; θi ) dx s

h ≤ Nm, k > Nm JEI

Nθ∑
i=1

∫
R

Th(x s ; θi ) T ′k (x s ; θi ) dx s

h > Nm, k ≤ Nm 2 k0

Nθ∑
i=1

∫
R

T ′h(x s ; θi ) Tk(x s ; θi ) dx s

Nθ∑
i=1

∫
R
L(x s ; t, θi ) T ′h(x s ; θi ) dx s

h > Nm, k > Nm JEI

Nθ∑
i=1

∫
R

T ′h(x s ; θi ) T ′k (x s ; θi ) dx s

https://doi.org/10.6084/m9.figshare.32713263
https://doi.org/10.6084/m9.figshare.32713263


Research Article Vol. 13, No. 8 / August 2026 / Optica 1439

approaches, we do not assume a proportionality between the
phase and absorption distributions—the algorithm retrieves both
δ(x , y ) and β(x , y ) independently, which is essential for truly
multi-material imaging. In order to create the matrix Ah,k and the
vector bh , we need to estimate the terms Tj (xs ; θ).

The first step to estimate Tj is to apply the Diemoz et al. filter
[14] to the raw projections, so as to qualitatively highlight different
materials. Let us call LD the result of this processing stage. Its
inverse Radon transform SD is a good candidate to emphasize
different materials within the sample. It is worth noting that, in the
case of a single material sample, SD quantitatively reconstructs the
δmap and β map, the latter obtained by multiplying the δmap by
the γ parameter. Then, we choose the number of distinct materials
Nm , corresponding to Nm intensity bands between the minimum
and maximum ofSD. The next step is the definition of Nm boolean
matrices B j containing ones only for pixels whose intensity values
belong to the j th band. The boolean matrices B j represent a nor-
malized version of the inverse Radon transform of exclusively the
j th material. Then, Tj corresponds to the radon transform of B j .

3. VALIDATION ON SIMULATED AND
EXPERIMENTAL DATA

We validated the proposed method through both simulated and
experimental studies, from which we present three representative
case studies. First, a simulated multi-material phantom consist-
ing of plastic rods was used to assess quantitative accuracy under
ideal conditions. Second, an experimental scan of a rod phantom
containing two materials with different refractive indices demon-
strated the method’s performance on real data. Finally, an intact
mouse skull with the brain was used to challenge the method on a
complex biological sample involving materials with very different
properties, such as bone and soft tissue. In all cases, the results
obtained with the proposed method were compared to reference
images reconstructed using the conventional (multi-shot) EI
approach, which involves multiple mask positions and standard
retrieval. Additionally, some experimental data were compared
with reconstructions performed with the Barzilai–Borwein step-
based joint reconstruction method with split gradient-descent
[25], hereafter referred to simply as JR.

A. Simulation: Multi-Material Rod Phantom

As a first validation step, we designed a numerical phantom consist-
ing of two intersecting cylindrical rods. The intersection created
three distinct regions, to which we assigned different values of
δ and β (see Fig. 1), allowing us to assess the method’s ability to
accurately recover multiple material properties in a controlled
setting.

The simulation was carried out using the EI simulator devel-
oped by Vittoria et al. [30]. A polychromatic X-ray spectrum
ranging from 21 to 36 keV was used, and the extended X-ray source
was modeled with a Gaussian intensity profile having a focal spot
full width at half-maximum (FWHM) of 70 µm. The source-to-
M2 and source-to- M1 distances were set to 0.86 and 0.68 m,
respectively, resulting in M ≈ 1.26. The sample was positioned at
the same longitudinal location as M1 for simplicity, thereby avoid-
ing the simulation of an additional free-space propagation stage,
which was found to have a negligible impact on the results under
the conditions considered. The aperture sizes of M1 and M2 were
set to 10 and 17 µm, respectively. The detector pixel size was set

to 50 µm. To simulate a skipped detector mask configuration, the
period P2 of M2 was set to twice the pixel size and P1 =

P2
M . With

this setup, every other detector pixel was obscured, resulting in an
alternating pattern of active and inactive pixels. The two simulated
rods were placed with a center-to-center distance of 3.9 mm.

The smaller rod had the refractive index of a polytetrafluo-
roethylene (PTFE) with a density of 2.15 g

cm3 and a radius of
3.6 mm. Its effective refractive index decrement and absorption
index were set to δeff = 6.98× 10−7 and βeff = 4.61× 10−10,
respectively. The larger rod was modeled as low-density polyethyl-
ene (LDPE) with a density of 0.925 g

cm3 and a radius of 4.3 mm.
It was assigned δeff = 3.56× 10−7 and βeff = 1.06× 10−10. In
the intersection region, both δ and β were set to the sum of the
corresponding values from the two rods. The X-ray source spec-
trum was set to match that of the Rigaku MicroMax-007HF with
a molybdenum anode and a focal spot size of 70 µm× 100 µm
(horizontal× vertical), where the horizontal direction corresponds
to the direction of phase sensitivity. For each region with a uni-
form refractive index, the values δeff and βeff were computed as the
weighted averages of the energy-dependent δ and β, respectively,
over the source spectrum. To enhance image detail, a “dithering”
approach was employed: for each projection angle and each illu-
mination curve position, three acquisitions were simulated while
shifting the sample in sub-pixel steps.

We simulated raw intensity projections of the phantom over a
full 360◦ rotation. For the reference dataset, we simulated a con-
ventional EI scan with 15 mask positions per projection, covering
the full illumination curve for each pixel. These projections were
processed by fitting Gaussian functions to extract absorption and
refraction sinograms, which were then reconstructed using filtered
backprojection to obtain separate β and δ tomograms (referred to
as the “standard EI” result). For the single-shot test, only a single
mask position per projection was simulated, corresponding to 60%
of the maximum of the illumination curve. Binary masks B j were
taken directly from the simulated phantom geometry defining
the materials; an automated masking approach is introduced in
Section 3.D.

Figure 1 shows a representative slice for three cases: the simu-
lated ground-truth maps used as reference [panels (a1) and (a2)],
and the corresponding reconstructions obtained with the standard
EI approach [panels (b1) and (b2)] and with the proposed LJR
method [panels (c1) and (c2)].

The slices were reconstructed by maintaining the same pixel size
of the projections obtained after recombining the three dithered
images, corresponding to a pixel size of P1

3 ≈ 26 µm. All images
shown in Fig. 1 were previously cropped around the objects, and
the final size of each image is 481× 611.

The LJR reconstruction appears visually very similar to the
standard multi-shot EI result. All three regions are clearly dis-
tinguishable, and the relative phase shifts align well with the
material properties given as input to the simulation. To better
quantify the accuracy for both β and δ, line profiles across the
rods are shown in plots (d1) and (d2), respectively. Panels (e1),
(f1), (e2), and (f2) present the error maps for both EI and LJR
reconstructions of the δ and β channels. These maps highlight
the regions where each method deviates from the ground truth
and provide a direct visual comparison of their accuracy. Under
ideal conditions, this simulation confirms that the LJR model
can accurately recover both contrast channels in a multi-material
object. Notably, the LJR method succeeds in reconstructing each
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Fig. 1. Simulation of a multi-material rod phantom. Top row: reconstructed δ-map slices using the ground truth (a1), the standard EI method with 15
IC sampling points per projection (b1), and the proposed LJR method, which is inherently single-shot (c1). (d1) Line profile comparison along the central
horizontal line crossing the intersection region in (a1)–(c1), with the reference δeff values overlaid for validation. (e1) and (f1) Magnitude of the difference
between each reconstruction and the ground truth, normalized by the maximum value of the ground truth. Bottom row: same set of reconstructions, line
profiles, and error analyses as the top row, but for theβ maps instead of the δmaps.

material’s properties without cross-contamination between phase
and absorption signals—an important feature when dealing with
complex samples.

A non-negligible discrepancy can be observed between the
reconstructions and the expected effective values, especially for the
βeff [panels (d2)–(f2)]. This deviation arises because both the EI
and JR methods assume a monochromatic forward model. While
the definitions of δeff and βeff can be used as first-order approx-
imations in a polychromatic simulation, the unavoidable beam
hardening still introduces reconstruction errors. Quantitatively,
the average relative errors of the EI and LJR δ reconstructions with
respect to the ground truth (GT) are 4.7% and 3.7%, respectively,
whereas the corresponding errors for β are 10.7% and 10.9%.
Comparing the two reconstruction methods directly, the average
relative differences are 7.2% for δ and only 0.6% forβ.

B. Experimental Setup and Acquisition Parameters

This section describes the experimental imaging system, acqui-
sition settings, and preprocessing procedures used for the
experimental datasets acquired at the Advanced X-Ray Imaging
(AXIm) Labs at University College London.

The source-to-M1 and source-to-M2 distances, as well as the
aperture sizes for masks M1 and M2, matched those used in the
simulations. All samples were placed inside cylindrical plastic con-
tainers (1.6 cm in diameter and 5 cm in height), which correspond
to the largest annular structures visible in all the reconstructed
images. The distance between the sample center and M1 was set to
20 mm. A Hamamatsu CMOS Flat Panel Sensor (C9732DK) with
a 50 µm pixel size and a direct-deposited CsI scintillator was used
for detection. The X-ray source was a Rigaku MicroMax-007HF
with a molybdenum anode and an approximate focal spot size of
70 µm× 100 µm (horizontal× vertical), where the horizontal
direction corresponds to the direction of phase sensitivity. The
system’s point spread function (PSF) was estimated to distribute
approximately 40%, 12%, and 2% of the signal into the first,
second, and third adjacent pixels, respectively. The X-ray tube was
operated at 40 kV and 30 mA, and the exposure time per frame
was 1.2 s, with no frame averaging applied. We also applied our
recently proposed cross-talk deconvolution algorithm based on cir-
culant matrix deconvolution [31] to the retrieved projections. This
method improves both image quality and quantitative accuracy
and proved particularly effective in enhancing the visualization of
soft tissue structures in the brain.

C. Analysis of a Multi-Material Plastic Rods Phantom

We applied EI, JR, and LJR methods to a CT scan of a phantom
containing three objects: a low-density polyethylene (LDPE) rod
with a diameter of 6.65 mm, a polytetrafluoroethylene (PTFE) rod
with a diameter of 4.15 mm, and a plastic straw with a diameter of
4.8 mm. The reconstructed slices are shown in Fig. 2. Each scan
employed 16 dithering steps to improve spatial resolution. For
this experiment, four positions along the illumination curve were
used, corresponding to 13%, 35%, and 100% of its maximum,
and 45% on the opposite side of the illumination curve peak. A
total of 720 projections were acquired at equally spaced angles
over a 360-deg range. Analogously to the simulations, the slices
were reconstructed using the same pixel size as the projections
obtained after recombining the 16 dithered images, correspond-
ing to P1

16 ≈ 4.9 µm. All images shown in Fig. 2 were previously
cropped around the objects, and the final size of each image is
3801× 3801 pixels. For the LJR method, we used only the single-
shot data acquired at the mask position corresponding to 35% of
the illumination curve maximum for each projection. For JR, we
obtained the most stable and accurate reconstructions by cyclically
selecting, for each projection angle, one of the four acquired mask
positions; the results presented here correspond to this heuristically
determined “optimal” configuration. A drop of distilled water,
trapped between the straw and the LDPE rod from previous usage,
is visible in the central region of images (a2)–(c2). For this case,
since the components of the phantom were known in advance,
we used this a priori knowledge to manually define the five binary
images B j used as input to the LJR algorithm. A more general,
automated version based on pixel intensity thresholds rather than
prior knowledge will be presented in Section 3.D, where δ and β
maps are quantitatively retrieved from the mouse skull sample.
The top row shows the reconstructed δ maps, while the bottom
row displays the corresponding β maps. Reconstructions obtained
with the standard EI, LJR, and JR methods are shown in the first,
second, and third columns, respectively. The blue and green lines
in plot (a1) indicate the positions of the line profiles shown in plots
(d1)–(e1) and (d2)–(e2), respectively. Black lines represent the
effective refractive index values averaged over the spectrum (δeff

and βeff) and do not include the plastic container nor the straw.
Due to the high noise level in the EI β reconstruction, the images
in panels (a2)–(c2) were spatially averaged over 5× 5 pixels. To
improve the visibility of the line profiles, the EI and JR reconstruc-
tions shown in panels (d2) and (e2) were spatially averaged over
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Fig. 2. Multimaterial phantom. Top row: reconstructed δ-map slices using the standard EI method (a1), the proposed LJR method (b1), and JR (c1).
(d1) and (e1) Line profile comparison along the central vertical line and horizontal line, which have been drawn in the panel (a1) as a reference. The line val-
ues of (a1), (b1), (c1), and the GT (δeff) have been colored in blue, red, yellow, and black, respectively. Bottom row: corresponding results for β, with recon-
structions from EI (a2), LJR (b2), and JR (c2), and the related line profile comparison (d2) and (e2).

35× 35 pixels prior to extracting the line profiles. The results of
Fig. 2 demonstrate that the LJR method can quantitatively retrieve
both δ and β maps for multi-material samples with an accuracy
comparable to that of standard EI and seems to reduce the noise of
β. We ran the JR method for 5000 iterations, achieving a level of
accuracy in the β reconstruction comparable to that obtained with
EI and LJR. The δ maps were also reconstructed with comparable
results; however, the values appeared to be slightly higher than the
expected ones and were noticeably noisier than those obtained with
EI and LJR. Section 4 of Supplement 1 reports the relative errors
for LDPE, PTFE, and water for the three reconstruction meth-
ods. The computational time for the complete reconstructions
including both δ and β maps was ≈ 13 min for EI, 40 s for LJR,
and approximately 6 h for JR. The LJR method generally includes
an additional segmentation step to identify different materials;
however, this step was not required for the present sample, result-
ing in a particularly low computational time for LJR. This point is
discussed in more detail in Section 3.D.

D. Post-Mortem Imaging of a Mouse Head

In this section, we evaluate the performance of the LJR algorithm
on a particularly challenging dataset. Imaging soft tissue structures,
such as the brain, enclosed within a dense bony shell like the skull,
poses significant difficulties for phase-contrast methods, especially
when using laboratory-based setups. The strong absorption from
bone, combined with steep phase variations at the bone–tissue
interface, can introduce artifacts and destabilize the phase retrieval
process.

For this experiment, five positions along the illumination
curve were used, corresponding to 14%, 58%, 100%, 58%, and
14% of its maximum. A total of 2000 projections were acquired
at equally spaced angles over a 360-deg range. The sample was
provided by the Pauws lab as part of a UK Home Office Project
License (number: PP8161503) under the UK Animals (Scientific
Procedures) Act 1986. The animal procedure complied with the
ARRIVE guidelines and was performed under the supervision of
UCL Biological Services. The specimen is a postnatal day 21 (P21)
wild-type (CD-1 strain) mouse. For the LJR method, we used only
the single-shot data acquired at the mask position corresponding to
58% of the illumination curve maximum for each projection and
applied the reconstruction.

We now describe the construction process for the binary images
B j , which are used to define the thickness functions Tj (xs ; θ).
As a first step, we computed the normalized projection L j (xs ; t0)
evaluated at t0 = 2 (58% of the illumination curve maximum).
We then applied the Diemoz et al. filter using a reference value of
γ = 3×10−7

6×10−10 , which represents a reasonable approximation for
biological tissues imaged at an average energy of ≈ 20− 22 keV.
We emphasize that this choice was not based on a rigorous analysis,
as the Diemoz et al. filter was not used to retrieve β and δ, but
solely to enhance the image quality of the CT reconstructed slice
from LD, which is the inverse Radon transform of LD(xs ; t, θ).
Accordingly, the reconstructed slice is a linear combination of
β and δ [see Eq. (3c)]. Because the β term is multiplied by the
wavenumber k, it dominates in magnitude for most pixels; for
clarity, we therefore denote the values ofSD by β̃ hereafter.

The second step defines the binary images (masks) B j . In the
absence of a predefined geometry, the B j is obtained by grouping
pixels with similar intensities. We determine the bin edges for β̃
by combining a noise-driven lower bound with an adaptive pro-
motion rule that favors a spatially coherent structure. Specifically,
let �out denote a background region in the β̃ slice, outside the
sample support, where the true β̃ is expected to be zero. Because the
physicalβ (≈ β̃) is non-negative, negative values in�out are treated
as noise. We therefore compute the standard deviation over positive
entries only, σ+ = std

{
β̃(p) : p ∈�out, β̃(p) > 0

}
, where p

indexes pixels in the β̃ image, and set the noise–soft boundary as
β̃ns = 2 σ+. We then build a dense grid over a broad interval that
comfortably contains all relevant values:

Gfine =
{
β̃(k) : β̃(k) = k 1β̃, k = 0, 1, . . . , 2000

}
,

1β̃ = 5× 10−12,

so that Gfine = [0, 10−8
] with 2001 points. Candidates below the

noise bound are discarded:

Gcand =
{
β̃(k) ∈ Gfine : β̃

(k)
≥ β̃ns

}
.

Starting from β̃1 = β̃ns, we traverse Gcand in ascending order
and accept a new edge β̃ j+1 as the first candidate β̃(k) > β̃ j that
yields a sufficiently large and spatially coherent set of new pix-

https://doi.org/10.6084/m9.figshare.32713263
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els. Concretely, we define for each tested candidate the boolean
“surplus” mask:

B (k)j (p)= 1
{
β̃ j ≤ β̃(p) < β̃(k)

}
,

where 1{·} is the indicator function. We accept β̃(k) if B (k)j con-
tains at least one 5× 5 window with ≥ 75% ones (i.e., ≥ 19 of
25 pixels); otherwise, we increase k and test the next candidate.
Then, we set β̃ j+1 = β̃

(k) and B j+1 = B (k)j . The procedure repeats
until the upper bound 10−8 is reached, yielding a data-driven set of
coarse edges β̃ j . This strategy anchors the noise–soft boundary to
measured background fluctuations, explores β̃ over a wide interval
with fine resolution, and promotes new edges only when they
reveal spatially coherent structure, naturally allocating more bins
to rapidly varying soft-tissue ranges and fewer to slowly varying
hard tissues. To facilitate segmentation, we applied a low-pass filter
to L by zeroing all Fourier components (computed along the pixel
rows) above 40% of the maximum frequency. Once the segmenta-
tion was defined, however, the minimization problem was solved
using the unfiltered L. With this approach, the number of defined
binary images B j for this sample was 47. An additional bin was
assigned to the plastic container (the only component with known
geometry), giving a total of Nm = 48. In Section 4, we show that
1β̃ = 5× 10−12 is a robust choice for generic samples. Setting
higher values of1β̃ (practically reducing the number of B j ) could
be unsafe, as it produces an overly coarse material basis and may
compromise the accuracy of the reconstruction. As in the plastic-
rod phantom, we compare reconstructions obtained with the EI
and LJR methods. For this experimental dataset, we do not include
a comparison with the JR method, as it did not provide satisfactory
results: both the δ and β reconstructions were excessively noisy,
with particularly poor performance in the gray matter region.

In Fig. 3(a), we show the intensity histogram of the recon-
structed slice on a log–log scale: the left tail corresponds to
background noise, the central peak to soft tissue (primarily brain),
and higher β̃ values to hard tissue (bone). The resulting binning
is noticeably finer in the soft-tissue region than in the hard-tissue
region. In Figs. 3(b) and 3(c), we present the results obtained by
averaging the reconstructed δ and β maps over individual bins
B j . Each point represents the mean value computed over all pixels
belonging to a single bin. The red and blue curves correspond to
reconstructions obtained using the EI and LJR methods, respec-
tively. The x axis is displayed on a logarithmic scale, and the points
are connected to visualize the trend across bins. Highly dense
material regions are represented by only a few pixels, leading to

eroded masks and limited statistical support. This, in turn, affects
the local accuracy of the LJR and may explain the small fluctuations
observed in the retrieved quantities.

1. Error Analysis

We also included estimated intervals for the minimum and maxi-
mum expected values of δ and β for cortical bone (the densest and
hardest bone components), as well as for soft tissue. These values
were computed at effective energies of 20 and 22 keV.

This energy range was determined by estimating the effective
energy of the source spectrum and applying a margin of ±1 keV.
The effective energy was obtained by computing a weighted
average of the spectrum, where the weights accounted for beam-
hardening effects due to the presence of 1 mm of graphite in all
mask apertures. This yielded an effective energy of approximately
21 keV.

To compute the refractive index parameters, we used the follow-
ing formulas [32]:

β ≈
λeff

4π
ρ

(
µ

ρ

)
mix

, δ ≈
reλ

2
effρe

2π
,

where λeff is the effective wavelength, re is the classical electron
radius, ρ is the material density, ρe is the electron density, NA is
Avogadro’s number, and (µ/ρ)mix is the mass absorption coef-
ficient of the material. The necessary physical parameters for
the ground-truth reference values were obtained from the NIST
database [32]. Because published values of δ andβ for mouse brain
at 20–22 keV are scarce, we follow standard pre-clinical practice
and use human tissue compositions as surrogates for mouse brain
and bone [33]. Using these surrogate compositions, we compute δ
andβ at 20–22 keV from the same NIST dataset.

The resulting δ and β value ranges are shown in Figs. 3(b)
and 3(c) using light and dark green boxes to represent soft tissue
(gray/white matter) and cortical bone, respectively.

Within the effective energy range considered, both the EI and
LJR methods underestimate the soft-tissue δ value by approxi-
mately 15%, while both correctly estimate β. Regarding cortical
bone, the two methods behave differently: EI retrieves δ less accu-
rately than LJR, while the opposite trend is observed for β, where
EI outperforms LJR. Due to the large dynamic range of the sample,
we present separate visualizations for slice reconstructions of soft
and hard tissues, each using an appropriate dynamic range for
better comparison. As for the cylindrical phantom, the mouse
slices were reconstructed with the pixel size set by the recombined

Fig. 3. Analysis of the CT reconstruction of the mouse sample dataset, computed using the normalized projection L(x s ; t0), where t0 = 2 corresponds
to the illumination curve position used for the LJR. (a) 2D histogram (log–log scale) showing the distribution of β̃ values across the reconstructed slice.
(b) Each point on the red and blue lines corresponds to the mean value of the reconstructed δmap computed over all pixels within a single bin B j , obtained
using the EI and LJR methods, respectively. The points are plotted on a logarithmic scale along the x axis and connected to form the lines. (c) Same as (b),
but showing theβ map instead of the δmap.
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Fig. 4. Reconstruction of an intact mouse skull with brain, focusing on soft tissue. The top and bottom rows show the δ-map and β-map reconstruc-
tions, respectively. Panels (c), (d), (g), and (h) display zoomed-in regions corresponding to the green boxes in panels (a), (b), (e), and (f ), respectively. The
black arrows in (c) and (d) indicate a thin, elongated structure within the brain that is consistently visible across both the LJR and EI reconstructions. While
its exact nature is uncertain, its appearance strongly suggests a blood vessel.

eight-dither projections P1
8 ≈ 9.8 µm. The slices shown in the first

and second columns of Figs. 4 and 5 correspond to cropped regions
of the original reconstructions centered on the object, resulting in
final displayed images of 1101× 1101 pixels.

2. Soft TissueVisualization

In Fig. 4, we compare the EI and LJR methods, focusing on the soft
tissue within the sample.

The top row shows the δmaps. The contrast between bone and
soft tissue is higher in the LJR (b) reconstruction compared to EI
(a), and the values are closer to the expected values, which indicates
better separation of materials for LJR. However, the zoomed-in
views (c) and (d), corresponding to the green boxes in (a) and (b),
suggest that LJR produces sharper images compared to EI, poten-
tially revealing more structural detail at soft tissue interfaces. Both
methods successfully reconstruct fine features, such as the thin
filament highlighted by the black arrows in panels (c) and (d).

The bottom row shows the β maps. The EI result (e) appears
considerably noisier than the LJR counterpart (f ), as more clearly
seen in the zoomed-in views (g) and (h), respectively. Although it
is well established in the literature that EI-based β reconstructions
are significantly noisier than their δ-map counterparts, the LJR
method appears to yield similar image quality for both contrast
channels, which is a new result. Notably, in panel (h), part of the
brain remains visible—a result that is highly unexpected in EI β
maps. This finding is particularly significant: to our knowledge,
brain detail visualization in intact skulls has only recently been
demonstrated, and only through EI with five illumination curve
positions [31] using δmaps.

3. Hard TissueVisualization

In this section, we revisit the reconstructions presented in the
previous section but using a different dynamic range to better
visualize hard tissue structures (see Fig. 5). In this case, the image
quality of the EI and LJR reconstructions is more similar than in

Fig. 5. Reconstruction of an intact mouse skull with brain, focusing on hard tissue (analogous to the analysis shown in Fig. 4). The top and bottom rows
display the reconstructed δmaps and β maps, respectively. Panels (c), (d), (g), and (h) show zoomed-in views corresponding to the green boxes highlighted
in panels (a), (b), (e), and (f ), respectively.
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Fig. 4. However, some differences become more evident in the
zoomed-in views. In particular, the EI δ-map bones shown in panel
(c) show finer bone details compared to the LJR result in panel (d),
which exhibits a smoother appearance with fewer local intensity
variations. A similar pattern is observed in the zoomed-in β map.
However, as with the soft tissue case, the EI β-map reconstruction
shown in panel (g) is considerably noisier than the corresponding
LJR result in panel (h).

Additionally, to further compare the two methods, we com-
puted the CNR at each pixel of each retrieved slice using a 5× 5
pixel kernel. Averaging the resulting CNR values across all pixels
of each slice, we obtained average δ CNRs of 17.5 and 26.1 for the
EI and LJR reconstructions, respectively. For β, the average CNRs
were 0.7 for EI and 10.7 for LJR. These results are consistent with
the visual impression provided by the images in Fig. 4, where the
EI β map shows poor quality, while the LJR β map demonstrates
significantly better performance. Overall, both methods yield
higher CNR and improved image quality in the δ reconstructions
compared to the β ones. The successful reconstruction of the
mouse brain and skull using our method highlights its robustness
under challenging imaging conditions. This complex example
demonstrates that the LJR model can effectively handle large,
multi-scale variations in absorption and phase across the multi-
material objects of interest. Additional JR reconstructions for this
dataset, including both soft- and hard-tissue visualizations, are
provided and discussed in Section 6 of Supplement 1.

4. Computational Time

In this section, we discuss the computational time required to per-
form the CT reconstruction of the mouse sample. Computations
were carried out using a computer with an NVIDIA A6000 48 GB
GPU and two CPU AMD EPYC 7453 with 28 cores.

One of the key advantages of the proposed method is the
significant reduction in computational time for reconstruc-
tion. Retrieving δ andβ using the conventional EI method requires
Gaussian fitting of the illumination curve for every detector pixel in
the analyzed slice, across 2000 projection angles and eight dither-
ing steps, resulting in a total computation time of approximately
30 min. In contrast, the LJR algorithm required approximately
5 min to process the same single slice, with the majority of the
time spent computing the forward projections (ASTRA Toolbox)
needed to generate the thickness functions Tj from the binary
masks B j . It is also worth noting that the single-shot approach sig-
nificantly reduces acquisition time, approximately in proportion to
the number of mask positions avoided. In our experiments, using a
single mask position instead of five per projection angle resulted in
a fivefold reduction in acquisition time and a fivefold reduction in
radiation dose to the sample, assuming equal exposure per image.

4. SIMULATION: ANALYSIS OF ROBUSTNESS OF
THE LJR METHOD

In this section, we evaluate how the LJR reconstruction method
is influenced by noise, scattering, mask motion, and the selected
point on the IC. The analysis is performed using the EI simulator
presented in Section 3.A, employing the same detector pixel size,
magnification settings, and spectral profile. The energy spectrum
is discretized into four levels at 21, 26, 31, and 36 keV. Simulations
also include the EI and SS-EI reconstructions for comparison, with
the illumination curve sampled at five positions corresponding

to 14%, 58%, 100%, 58%, and 14% of its maximum, which is
the same set of IC points used for the post-mortem mouse dataset
analyzed in Section 3.D. To approximate a realistic acquisition
scenario, we simulated 2000 projections over a full rotation from
0 to 360 deg. The simulated sample consisted of 15 concentric
circular rings centered at the origin of the (x , z) plane. The radii
increased uniformly from 0.5 to 10 mm. For each ring and for each
energy level, a distinct pair of δ and β was assigned. To generate
a challenging simulation for the LJR method, with a wide range
of γ = δ/β values, δ was increased linearly from the inner to the
outer ring while β was decreased. Accordingly, δeff ranged from
2× 10−7 to 9.8× 10−7, while βeff decreased from 13.9× 10−10

to 1× 10−10. To set a realistic energy dependence, the outer
ring was initialized using the spectral values of PTFE, independ-
ently rescaled to match δeff = 9.8× 10−7 and βeff = 1× 10−10.
The inner rings were then generated by incrementally decreas-
ing δ and increasing β, with a constant step size, until reaching
δeff = 2× 10−7 and βeff = 13.9× 10−10. This configuration
spans a broad range of material properties, with 143≤ γ ≤ 9800
[see Figs. 6(a1) and 6(a2)].

Once the refractive indices for the 15 materials were defined, we
simulated the four monochromatic components of each projection
separately. After adding noise and scattering, these components
were combined using a weighted sum to obtain the correspond-
ing polychromatic projections. To mimic realistic acquisition
conditions, Poisson noise was added assuming four noise levels,
corresponding to total photon counts of 1000, 3000, 7000, and
10,000 per pixel. These photons were distributed across the four
energy bins according to the spectral weights. Scattering was
simulated by applying a Gaussian blurring to the illumination
curve. Five scattering levels were considered, 0, 100, 200, 300, and
400 µrad2, with the largest value representing highly scattering
materials. To assess the robustness of the LJR method with respect
to the choice of the IC sampling point, the reconstruction was per-
formed 28 times while varying the selected IC point from 40% to
80% of its maximum. Each simulation scenario was reconstructed
three times: once when Ps and P f were measured at the same point
on the illumination curve, and twice more when Ps was acquired
at points shifted by 0.3 and 0.6 µm relative to P f . These shifts
correspond to approximately 3.5% and 7% of the spacing between
adjacent IC sampling points in this setup. To assess the feasibility
of an automated setup of the algorithm, minimizing the number
of user-defined parameters, all simulations in this section were
run using the same LJR reconstruction settings. In particular, we
set the parameter defined in Section 3.D, as 1β̃ = 5× 10−12,
β̃ns = 2σ+, with boolean matrices B j acceptance criterion requir-
ing at least one 5× 5 pixel window containing at least 19 ones.
Segmentation was facilitated by adding the same 40% low-pass
filter to L described in Section 3.D. The parameter γ was selected
as γ = 7×10−7

3×10−10 . From the analysis of the simulation results, we
conclude that both EI and LJR are robust to noise, scattering, and
mask misalignment.

SS-EI provides reconstructions with a quality comparable to EI
and LJR only for the β maps, whereas the corresponding δ maps
are largely inaccurate. This mismatch between the SS-EI δ- and
β-map reconstructions is due to the constant γ = δ/β assump-
tion. Under this assumption, the normalized projection used by
SS-EI is mainly driven by the β contribution, since in Eq. (2)
the negative exponential term associated with absorption has, on
average, a stronger effect than the δ-dependent illumination curve

https://doi.org/10.6084/m9.figshare.32713263
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Fig. 6. Simulations of CT reconstruction of a multi-material phantom composed of 15 concentric rings. Panel (a1) shows the ground-truth map of
γeff =

δeff
βeff

in the (x , z) plane on a log scale. Panel (a2) represents the green line plot in panel (a1). Plots in (b1) and (b2) report the relative reconstruction
errors E for EI, LJR, and SS-EI as a function of the materials, with each point corresponding to one of the 15 materials. Panels (c1) and (c2) display the
slice-wise errors for mask misalignments of 0, 0.3, and 0.6 µm. Panels (d1) and (d2) show the errors obtained for scattering levels of 0,100,200,300, and
400 µrad2. Panels (e1) and (e2) report the errors for Poisson noise levels corresponding to 1000, 3000, 7000, and 10,000 photons per pixel. Panels (f1)
and (f2) show the reconstruction errors obtained with LJR and SS-EI when varying the single IC sampling point between 40% and 80% of its maximum,
compared against EI reconstructed with default parameters.

shift. Consequently, when the true γ varies substantially across
the sample, the absorption reconstruction can remain reasonably
reliable, while the phase reconstruction becomes inaccurate. LJR
also shows robustness with respect to the choice of the IC sampling
point, although the reconstruction error is smallest when the IC
point lies between 40% and 60% of its maximum. As expected,
LJR is slightly more sensitive to noise and scattering than EI since it
relies on fewer measurements to perform the retrieval.

Additional supporting plots are provided in Section 3 of
Supplement 1. Representative results are shown in Fig. 6, where
each panel varies a single parameter, while the others are kept fixed.
The default simulation settings are 7000 photons per pixel, a mask
misalignment of 0.3 µm, a scattering level of 100 µrad2, and a
single-shot IC sampling point at 65% of the IC maximum. In all
panels of Fig. 6 except (a1) and (a2), we report the relative error
E between the EI, LJR, or SS-EI reconstructions and the ground-
truth slices defined by δeff(x , z) and βeff(x , z). The error metric
is given by E(A, B)= 2 ||A−B ||

||A||+||B || , where ||A|| := (
∑

i, j A2
ij)

1/2.
Overall, for both EI and LJR, the error in the β reconstructions is
higher than that in the δ reconstructions, yet it is more consistent
across the varied conditions. This behavior is mainly due to the
systematic bias introduced by beam hardening, which prevents
exact retrieval of β, and to the challenging nature of the simulated
sample, which spans a large range of β and δ values varying in
opposite directions.

A. Final Considerations

The LJR method achieved qualitatively and quantitatively good
results comparable to those of EI. As expected for a single-shot
approach, it can be more prone to noise than EI, which exploits
multiple acquisitions; however, it does not require fitting steps,
which can themselves introduce additional sources of error. A
natural extension of this work is the implementation of LJR in
full 3D, which may further improve robustness by enabling more
consistent segmentation across adjacent slices.

5. CONCLUSION

We have introduced a novel LJR method for edge illumination
X-ray phase-contrast imaging that significantly improves upon
existing JR approaches in both efficiency and robustness, given the

inherent convex nature of the method. By leveraging a first-order
Taylor expansion of the logarithm of the normalized raw projec-
tions, we reformulated the EI forward model into a linear, convex
problem—eliminating local minima and reducing computational
cost. The proposed method does not require prior assumptions
about the sample composition or Gaussian fitting of the illumi-
nation curve, making it broadly applicable and straightforward
to implement. We showed the validity of the proposed method
with both simulated and experimental data. In particular, in both
multi-material rod phantom simulation and experimental, LJR
nearly perfectly matched conventional multi-exposure EI results.

In the most demanding test, an intact mouse skull with soft
brain tissue, LJR robustly recovered detailed soft-tissue interfaces
and high-contrast bone structures with only a single mask posi-
tion per angle (Figs. 4 and 5), a capability previously unattained
in lab-based EI systems. LJR achieved slice reconstructions in
≈ 5 min, with the majority of the time spent on the segmentation
task (versus≈ 30 min for conventional EI) owing to its linearized
single-shot formulation. By eliminating the need for multiple
exposures per view, LJR sidesteps the “prolonged data acquisition
times” of EI systems. Importantly, LJR produces quantitative,
high-fidelity reconstructions of both phase (δ) and absorption (β)
contrasts, even in highly challenging, multi-material specimens.
For example, we successfully recovered detailed soft-tissue contrast
of an intact mouse brain inside its skull, demonstrating that LJR
yields accurate image quality and quantitative accuracy for such
complex samples. Conventional JR approaches are iterative and
computationally expensive, and to our knowledge, they have rarely
been validated on thick, heterogeneous samples. In contrast, LJR’s
fast semi-analytical and linear solver proved robust and reliable
under these difficult conditions. The LJR workflow relies on a
preliminary material segmentation to guide the reconstruction.
Once the parameters are set, this segmentation is performed auto-
matically; in Section 4, we proposed a standard parameter setting
that is applicable to generic multimaterial samples.

Overall, by reducing reconstruction times by orders of mag-
nitude while maintaining quantitative accuracy, LJR lays the
foundation for accelerated single-shot multi-material phase-
contrast imaging. This capability is especially promising for
biomedical applications—where X-ray phase-contrast tomogra-
phy can provide better differentiation of soft tissues—and also for
high-throughput studies in materials science and other fields. In

https://doi.org/10.6084/m9.figshare.32713263
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summary, LJR significantly advances the practicality of quanti-
tative edge-illumination X-ray imaging by enabling fast, reliable
single-shot reconstructions across a wide range of challenging
specimens.
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