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Abstract

X-ray is a widely used technique in industrial and medical imaging. Especially for non-destructive testing of safety-
critical components, high spatial resolution is crucial for the reliable detection of subtle details. To this end, it-
erative image deconvolution is a common approach in photography and microscopy to retrospectively improve
spatial resolution. In this work, the iterative Richardson-Lucy (RL) deconvolution algorithm is applied to X-ray im-
ages for various models of the point spread function (PSF), based on the slanted edge method. The image quality is
evaluated using the interpolated basic spatial resolution (iSR;,) based on the ASTM E2002 standard, allowing for RL
parameter optimization. Using optimized damping and iteration parameters, a resolution improvement of over
nine percent with limited artifact formation is achieved. The results show that RL deconvolution is a promising
approach for improving spatial resolution, offering high potential for industrial X-ray.

. Introduction the expense of longer exposure times [4]. On the other
hand, image quality can be improved retrospectively by
image deconvolution as a post-processing step. In this
approach, the measured image I is expressed as a con-
volution (x) of thelatent sharp image I with the PSF and
additional noise 0 (i.e. I = I;*PSF+ 0). Consequently,
accurate estimates of the PSF and noise are crucial to
avoid artifacts after deconvolution [4]. The Richardson-
Lucy (RL) algorithm [5], [6], a popular iterative deconvo-
lution algorithm in photography and microscopy, offers
a useful approach for this challenge [4], [7]. Compared
to the widely used Wiener filter, RL provides an iterative

Obtaining high-resolution X-ray images remains chal-
lenging due to limitations of current detection meth-
ods [1], However, high resolution is essential for
non-destructive testing to detect defects with high pre-
cision in safety-critical components, e.g. in aerospace

In radiography, the limited number of detected
photons plays a particularly important role in image
quality. Here, the use of thicker scintillators increases
the number of detected photons and thus improves the
signal-to-noise ratio. However, thicker scintillators in-

crease energy-dependent blurring due to optical diffu-
sion within the detector, broadening the point spread
function (PSF) of the detection system and degrading
image quality [1], [2]. On the one hand, this issue can
be tackled by either very costly high-precision hardware
(e.g. needle-structured scintillators), which are not fea-
sible for all applications, or by thinner scintillators at

framework in which ringing artifacts can be effectively
controlled using a damping parameter. However, RL re-
mains sensitive to noise and requires parameter tuning,
complicating its application to industrial X-ray imaging

, [7]. This study addresses these challenges by first
identifying an accurate estimate of the detector-specific
PSF for the RL deconvolution. Subsequently, the rele-
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vant RL parameters are systematically studied and op-
timized to achieve improved image quality.

Il. Methods and material

This section describes the estimation of the PSF for itera-
tive image deconvolution and introduces a metric to as-
sess the achieved resolution enhancement in X-ray non-
destructive testing.

In this work, the PSF is directly estimated from image
space. For this purpose, the intensity profile perpendic-
ular to a slanted edge is measured to obtain the edge
spread function (ESF), representing the intensity distri-
bution after optical system processing (cf. Fig. 1(b)). To
obtain a more reliable result, ten ESFs were extracted
and averaged (see red lines in Fig. 1(a)). The line spread
function (LSF) is defined as the derivative of the ESF
(LSF(x) = d,ESF(x), see Fig. 1(c)) and corresponds to
the PSF along a specified direction (LSF(x) ~ PSF(x))

To model a two-dimensional, symmetric PSE param-
eters of different statistical distribution functions are fit-
ted to the one-dimensional LSF(x). The most common
approach is the Generalized Gaussian (GG) distribution.
The corresponding PSF is defined as

PSFgg(x)=Aexp [—( al ;xo )ﬁ] .

Here, x denotes the distance along the slanted-edge re-
gion, A the amplitude, x, the center of the distribution,
a a scaling parameter, and 8 a shape parameter. Note
that the GG reproduces the standard Gaussian with 3 =
2 [4]. Another widely used model, particularly in astro-
nomical PSF reconstruction, is the Moffat function. Its
PSF model is calculated as
x—x\21"
a ) ] ’

where the parameters have analogous meanings as in
Eq. . Additionally, a weighted combination of the
GG and Moffat functions, termed Generalized Pseudo-
Voigt (GPV), is applied to combine their complementary
characteristics . This provides greater flexibility to
reproduce both the central peak and broader tails of the
experimentally determined LSF than either model indi-
vidually. The weighting parameter n controls the rela-
tive influence of the GG and Moffat components. Ex-
emplary reconstructed PSFs are shown in Fig. 1(d) and
were subsequently used for image deconvolution with
MATLAB’s RL algorithm [5], [6]. To prevent artifacts (over-
shoots in the line profile) arising from modifications in
the frequency response, each iteration step is addition-
ally damped using a damping parameter &.

Extracting the PSF

(1

PSFMOffat(x) =A [1 + ( (2)

I1.1l. Metrics for image quality

To evaluate the deconvolution results, a duplex wire im-
age quality indicator (IQI) was used (see Fig. 1(a)). Itwas
recorded with the VAREX detector XRD 4343N-F45-N-
060 with a pixel size of 150 pm. The IQI consists of a se-
ries of wire element pairs made from high-density met-
als (e.g. platinum and tungsten). The diameter of the du-
plex wires, which equals their wire spacing distance, de-
creases continuously. The exact design of the device is
specified in the ASTM E2002 standard [8]. The modula-
tion depth for each wire pair is determined from the con-
trast between the dips A, B, and C (cf. inset of Fig. 1(e)),
which are obtained from the averaged line profiles of the
duplex wire IQI (cf. blue rectangle in Fig. 1(a)). The re-
sulting contrast K is defined as K =(A+ B—2C)/(A+ B)
. The interpolated basic spatial resolution (iSRy,) is de-
termined where K (iSRy) = 20%, obtained by non-linear
regression of the contrast data according to
K(x)=po—prexp(=p. X). 3)
Here, x is the distance along the duplex wire IQI and p,,
p1 and p, are the fit parameters (see orange line in Fig.
) (8], . To characterize the artifacts of the decon-
volution, a metric for the artifact error A was defined as
A= % 100%. As shown in Fig. 1(g), O is the relative over-
shoot height and P is the maximum-peak amplitude.

I1l. Results and discussion

First, the results of the iterative RL deconvolution using
the four presented PSF models were evaluated without
further damping, i.e., £ = 0 (compare Sec. ). Figure

(a) shows the iSR;, values and artifact errors achieved
with the four different PSF models. The overall curve
shape of the iSR,, functions is similar to that of a decreas-
ing sigmoid function. The data points for the various
models cease to exist at different numbers of iterations
because the algorithm terminates prematurely once ex-
cessive artifacts occur.

The input image has an iSR;, of 192 pm and shows
no artifacts (A = 0%). The best iSR;, improvement of
17% was observed with the GPV PSF model, resulting in
an iSR;, of 159 um (see purple curve in Fig. 2(a)). The
artifact error A increases with the number of iterations
for all PSF models, following a trend opposite to the
iSR}, improvement. Since the GPV PSF provided the best
compromise between resolution improvement and arti-
fact formation within the investigated models, it was se-
lected for the subsequent damping-parameter analysis.

To study the influence of the damping parameter of
the RL algorithm, the GPV PSF model is used under vari-
ation of £. It is recommended to set & approximately
equal to the standard deviation of the input image. Fig-
ure 2(b) shows the iSR;, and artifact error A versus the
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Figure 1: Methodology for PSF extraction (left) and resolution measurement (right). (a) Input image of a duplex wire IQI
acquired with a 2-5° inclination according to [8]. Ten line profiles (red) were averaged to obtain the ESF (b), which was differen-
tiated to obtain the LSF (c). The LSF was fitted using Gaussian, GG, Moffat, and GPV functions. All PSFs are energy-normalized
(d). The deconvolution performance was quantified using the iSR;, from 20 averaged line profiles (blue rectangle). The wire-
pair contrasts were calculated from the peak heights A, B, and C (e) and fitted according to Eq. (3) (f). The intersection at 20%
contrast defines the iSRy; the artifact error is determined from the overshoot-peak ratio (g).
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Figure 2: Values of the iSR, and artifact error A versus the number of RL iterations for different PSF models without damping
(£ =0) (a) and for a GPV PSF for different damping parameters £ around the measured standard deviation of the studied input
image (b). Within the investigated parameter range, £ = 0.04 with ten iterations was identified as the best compromise between
resolution enhancement and artifact formation.

number of iterations for the GPV PSF model (violet line
in (a)) for a variation of £ around the measured stan-
dard deviation of o = 0.022 pm for the studied input im-
age, derived from the overall intensity variance. It is dis-
cernible that an increase in the damping parameter &
leads to slower convergence, necessitating more itera-
tions for resolution enhancement. For £ = 0 and 0.02,
a large decrease in iSR;, but also a large increase in the
artifact error A is realized. In contrast, for £ = 0.06, the
artifact error A remains quite small but nearly no iSR;,
improvement is recognized.

Thus, within the investigated parameter range, & =
0.04 and ten iterations were identified as the best com-

promise between resolution improvement and artifact
formation. The parameter selection was empirical and
based on a limited set of damping parameters and itera-
tion numbers.
The deconvolved image with these selected param-
eters (ten iterations and £ = 0.04) is shown in Fig.
(b). In comparison to the input image, a significant
improvement in spatial resolution is visible. Particu-
larly, in the zoomed-in areas of the 5th and 6th duplex
wire pairs, the contrast between high-density metal and
background increased significantly (see dotted orange
and solid blue curves in the right inset of Fig. 3(b)).

Since the optimization was performed for only a few
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IQIs and imaging configurations, the transferability of
the obtained parameters to other objects and acquisi-
tion conditions remains to be investigated. A systematic
optimization including a more sensitive artifact metric
could further improve the parameter selection, particu-
larly for subtle artifacts.
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Figure 3: Tllustration of resolution improvement by compar-
ing the input image (a) with the deconvolved image (b) ob-
tained using the selected parameters from Fig. 2(b). Both
show a zoom-in on the 5th and 6th duplex wire pairs and the
corresponding intensity profiles (yellow and blue, respectively,
together with the ideal intensity profile in rose).

IV. Conclusion

This study demonstrated retrospective spatial-
resolution enhancement of X-ray images using
Richardson-Lucy (RL) deconvolution and slanted-
edge-derived PSFs. Among the investigated models,
the Generalized Pseudo-Voigt (GPV) PSF provided
the best compromise between iSR;, improvement and
artifact formation. Without damping, the GPV PSF
yielded a maximum iSR;, improvement of 17%. Using
the selected damping and iteration parameters, an
improvement of over 9% was achieved with limited
artifact formation.

However, the optimization was limited to only a few
IQIs and imaging configurations, so the transferability
of the obtained parameters to other objects and acqui-
sition conditions remains unverified. Future work will
address systematic parameter optimization, improved
artifact quantification, and validation using different
objects and acquisition conditions. The potential im-
pact of the improved 2D image resolution on three-
dimensional reconstruction will also be investigated.
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