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A denoising method based on total variation regularization was applied to X-ray
diffraction images obtained from X-ray crystallography experiments. This
approach significantly enhanced the signal-to-noise ratio of weak diffraction
Keywords: X-ray structure analysis; denoising spots. Subsequently, the denoised images were used for crystal structure data
method; total variation regularization. processing using cytidine as a standard sample, which yielded an improved
structural analysis result. This image processing technique offers a practical
method for improving the quality of weak diffraction data, which is particularly
relevant for challenging samples such as microcrystals, thereby enabling more
reliable crystallographic analysis.
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1. Introduction

Accurate determination of crystal and molecular structure via
X-ray crystallography is crucial and relies on diffraction data
encompassing high-order reflections from the sample crystal.
Advances in intense X-ray sources and highly sensitive area
detectors have facilitated the measurement of the weak
reflections associated with these high-order reflections.
However, the contemporary trend towards crystal minimiza-
tion (Takaba et al., 2023; Schriber et al., 2022), coupled with
X-ray irradiation-induced data degradation from crystal
damage, presents formidable challenges to achieving high-
resolution data. Notably, high-order X-ray diffraction reflec-
tions, which are important for high-resolution information,
often exhibit intensities that are two to three orders of
magnitude lower than those of fundamental reflections,
further hindering their detection. Consequently, a substantial
number of high-order X-ray diffraction spots remain obscured
by noise, leading to incomplete dataset analysis with insuffi-
cient completeness for X-ray structural studies.

This issue is particularly pronounced in X-ray crystal-
lography of unstable single crystals, where samples are highly
susceptible to radiation damage, and in the analysis of
microcrystals. Diffraction spots from high-order reflections are
paramount in precision X-ray structure analysis, with the
completeness of high-order reflection data being a key
determinant (Hara et al., 2024; Kitou et al., 2017; Kitou et al.,
2020). So far, noise reduction methods for 1D X-ray diffrac-
tion data and X-ray diffraction tomography have been vali-
dated by filtering methods (Le et al., 2023; Chukhovskii et al.,
2022). Also, a noise reduction method for X-ray single-particle
images using a neural network has been reported (Bellisario et
al.,2022). The application of various noise reduction methods
is not confined to X-ray pulse imaging and X-ray tomography
but also extends to X-ray structural analysis, both of which
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Table 1
Summary of SCXRD experimental conditions and crystallographic data
obtained from analysis of the raw dataset of cytidine.

Wavelength (A) 0.8124
Temperature (K) 100
Measurement o angle (°) —90 to 90
Step angle Aw (°) per image 1

@ angle (°) 0, 90, 270, 360
Kk angle (°) 45

Exposure time (s) per image 0.25

D (mm), camera distance 52.11

20 angle of detector (°) 25

necessitate the detection of weak signals. On the other hand,
X-ray diffraction imaging using denoising techniques based on
sparse modeling has already been reported (Yokoyama et al.,
2019; Yokoyama et al., 2022). Given the inherent difficulty in
enhancing the signal-to-noise ratio in weak diffraction spots of
X-ray measurements, the development and implementation of
robust denoising methodologies will be pivotal for future
X-ray measurements and their data analysis.

Sparse modeling offers a robust approach to data analysis in
the presence of noise and incomplete information by utilizing
prior knowledge about the sample (Yokoyama et al., 2019;
Yokoyama et al., 2022). Among its analytical methods, total
variation (TV) regularization is employed as a denoising
technique to distinguish noise components, which exhibit
pixel-wise uncorrelated behavior, from the observed image.
TV regularization is a widely adopted technique for noise
reduction. Compared with alternative methods, such as
Gaussian filtering, TV denoising offers the distinct advantage
of effectively preserving edges while simultaneously miti-
gating background noise in uniform regions. Conventional
crystal structure analysis determines crystal and molecular
structure by precisely measuring the integrated intensities of a
large number of observed diffraction spots, which are then
used to build and refine a structural model. Therefore, it is
crucial to collect as many independent diffraction spots as
possible for improved analytical accuracy. To analyze complex
diffraction image data, TV denoising is a particularly effective
approach because it can improve statistical accuracy without
requiring large-scale training data. Therefore, TV denoising is
well suited for situations where diffraction patterns change
due to variations in sample symmetry or measurement
conditions.

NH,
B
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Figure 1
Chemical structure of cytidine.

To assess the efficacy of this denoising approach in X-ray
crystallography, we applied TV denoising to 2D X-ray
diffraction images. Our analysis focuses on evaluating how this
method for enhancing molecular structure determination can
be implemented.

2. Dataset of X-ray diffraction images for structural
analysis

To evaluate the efficacy of TV denoising of X-ray crystal-
lography image data, a dataset for structural analysis was
acquired at the SPring-8 BL40XU EH2 beamline (Yasuda et
al., 2009; Yasuda et al., 2010; Yasuda & Kimura, 2019). A
helical undulator was installed in the BL40XU beamline. A
Si(111) channel-cut monochromator was used to mono-
chromatize the X-rays from a narrow X-ray energy bandwidth
(AE/E ~ 2%). The X-ray beam size was 150 x 150 pm at
the sample position. The photon flux of the monochromatic
X-ray beam was approximately 10" photonss™'. Cytidine
(C9H;3N30:5), illustrated in Fig. 1, was used as a demonstration
sample for the TV denoising process. The single crystal of
cytidine was cut into an approximately 0.05 mm cube for
structure analysis from X-ray diffraction images. The experi-
mental parameters and crystal data of raw datasets are
summarized in Table 1. The diffraction images were collected
using an EIGER 1M (DECTRIS Ltd) detector. A compre-
hensive description of the X-ray diffraction measurement
system is provided by Yasuda & Kimura (2019). To ensure
high completeness for the X-ray structure analysis, the crystal
was fixed at x = 45°, and diffraction data were collected by
performing w scans at different ¢ angles. The ¢ angle was
rotated 0°, 90°, 180°, 270°, and the w axis was rotated —90 to
90° at each ¢ axis angle to acquire the dataset. The results of
the crystallographic analysis of cytidine are presented in Table
S1 (in the supporting information).

3. Structural analysis with the TV denoising process
3.1. X-ray diffraction images with TV denoising

TV regularization is a technique used in image processing
and other fields to reduce random noise while preserving
sharp edges. It is based on the principle that images tend to
have correlation between neighboring pixels. TV regulariza-
tion exploits this property to distinguish between noise and
genuine image features.

The TV denoised image y is obtained as

_ . (1 2 1
y = argmin 5 X =yl + el Vyliry . (1)

where x corresponds to the observed X-ray diffraction image.
Il - Il, denotes the £, norm, while || - |ty is the TV norm
defined by

||VY||%“V = Z\/(yi+1,j - yi,j)2 + (yi,j+1 - yi,j)z'
ij
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o represents the regularization parameter which controls the
amount of noise reduction. Equation (1) is solved by the
primal—dual splitting method which does not require calcula-
tion of the inverse matrices that are computationally expen-
sive to calculate (Chambolle, 2004; Yokoyama et al., 2022). In
this method, by using the dual variable p = (p', p?), the
update equation for the kth iteration is expressed as

( ) _ (pk)i,j + T[V(V “Pr) — X/“]
Pert)is = T 12 V(Y - po) — x/d

@

Here 7 is a hyperparameter for the dual variable. The value of
T was set to 1/8 because the convergence of equation (2) has
been proven in the range of T < 1/8 (Chambolle, 2004). The
primal-dual splitting method starts from the initial value
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Figure 2

po = (0, 0), where 0 denotes zero matrix. After a sufficient
number of iterations have led to convergence, the TV
denoised image is obtained as y = x — «V - p,. Our algorithm
was implemented from scratch in Python. TV denoising of one
image is completed in 20 s for a 1065 x 1065 pixel image on a
workstation equipped with a CPU (Intel Core i9-9980XE CPU
@ 3.00 GHz).

Fig. 2(a) shows the denoising results of one X-ray diffrac-
tion image with regularization parameters o = 0.5, 1.0, 2.0.
Figs. 2(b) and 2(c) then demonstrate the effect of the
increasing parameter value, showing 3D surface plots of the
(=14 —10 —1) and (10 —15 1) diffraction spots, with the
enhanced clarity.

This method effectively reduces background noise origi-
nating from the detector and the instrument function. The

500

400

a=1.0

Intensity

(a) A typical raw X-ray diffraction image and its corresponding TV denoising images obtained using various values of the regularization parameter are
shown. (b) 3D surface plots of intensity for the region highlighted by a red square [indicating the (—14 —10 —1) reflection] from each corresponding
image shown in (a). Pixel values were normalized for data processing following the TV denoising process. (¢) 3D surface plots of intensity for the (10 —15
1) reflection, obtained from a different raw image and its corresponding TV denoising images.
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Table 2

Summary of datasets processed with different denoising parameters,
showing Ry, wR;, R;, values after refinement, and the number of unique
reflections.

The R factor, Ry, is a residual index that quantifies the agreement between the
observed (F,) and the calculated (F.) structure factor derived from the
structural model. wR; is the weighted R factor, a goodness-of-fit indicator
based on the squared structure factor (F,”).

No. of unique
o Ry (%) WwRy (%) Rin (%) reflections

0 (Raw data) (dpyin = 0.76 A) 6.87 1839 164 2326
0.5 (dmmin = 0.74 A) 573 1501 1707 2451
1.0 (dpin = 0.74 A) 562 1453 172 2450
2.0 (dmin = 0.74 A) 605 1528 1755 2451

core principle is to remove background noise, which is char-
acterized by a lack of pixel-to-pixel correlation. Consequently,
signals that possess inherent pixel-to-pixel correlation, such as
diffraction spots, air scattering, diffuse scattering and other
scattering from instruments, are preserved, enabling reflec-
tions previously buried in noise to be recovered as valid,
processable data after TV denoising.

As the regularization parameter « increases, the denoising
effect is enhanced and the background becomes progressively
flatter. When applied appropriately, our denoising process
reduces the integrated intensity error associated with high-
order hkl reflections, enabling the identification and extraction
of signals that were previously obscured by background noise.

3.2. Structure analysis from denoised X-ray diffraction
images

For the comparative analysis between the raw and denoised
datasets, structure determination was performed using a
standard workflow for single-crystal X-ray diffraction
(SCXRD). First, the data were processed using XDS [X-ray
Detector Software (Kabsch, 2010)] to generate an Akl file from
each X-ray diffraction image dataset. Subsequently, structure
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solution and least-squares refinement were performed using
SHELXT and SHELXL, respectively (Sheldrick, 2015a;
Sheldrick, 2015b) within the Olex2 program suite (Dolomanov
et al., 2009).

In conventional X-ray structure analysis, #k/ data proces-
sing is applied directly to the raw image dataset. In this study, a
TV denoising process was implemented prior to this standard
image processing. Following noise reduction of all X-ray
diffraction images, structure analysis proceeded using the
established workflow. After TV denoising, the data were
converted from float to integer type and then normalized. The
structure determination results obtained from the denoised
data were then compared with those derived from the raw
image dataset. A total of 720 images in the dataset were
denoised using various regularization parameters. After the
indexing process, four datasets were merged.

Application of TV denoising increased the number of high-
angle diffraction spots, leading to an improved resolution. This
indicates that the diffraction data were successfully measured
to the outermost edge of the detector. Detailed results of the
data processing with XDS for both the raw and denoised
datasets are shown in Tables S2, S3 and S4 of the supporting
information.

Fig. 3 shows the results of the structural analysis under each
TV denoising condition in terms of I/ol and R;,, the evalua-
tion parameters for refinement in structural analysis. Fig. 3(a)
compares the /ol as a function of d spacing extracted from
images processed with various regularization parameters. The
I/ol, which is a measure of the signal-to-noise ratio, generally
decreases with increasing resolution. Although the highest-
resolution data in the raw images were buried in background
noise, all diffraction spots in the denoised X-ray diffraction
images were successfully extracted with a significance level of
at least 30. Fig. 3(b) shows that R;,; factors depend on the d
spacing, indicating the deviation among symmetry-equivalent
reflections with various regularization parameters. A low Ry,
value signifies high precision in the measured data. This value
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(b)

Refinement results for cytidine using SHELXL for raw and denoised data as a function of 1/d>. (a) I/oI values obtained after refinement for the raw data
and for data denoised with o = 0.5, 1.0 and 2.0. The red dotted line indicates the 3o criterion. (b) Corresponding R;, factors as a function of 1/d*. The
internal R factor, Ry, is a data quality value that measures the internal consistency of the dataset. It quantifies the agreement among symmetry-

equivalent reflections.
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typically increases with decreasing d spacing and this trend
was observed in the raw data. This indicates that the variance
in the high-angle data, corresponding to high-order hkl/
reflections, was effectively reduced. These R;, values
improved significantly after TV denoising, especially for high-
resolution diffraction spots, and showed a trend similar to that
of low-resolution reflections.

4. Comparison of structure analysis results using each
denoised dataset

Table 2 presents the results of X-ray structure analysis using
hkl data derived from both the TV denoised and raw image
datasets. All structural analyses yielded consistent unit-cell,
symmetry and crystallographic parameters. Structural analysis
could be performed without problems using the denoised
dataset. After TV denoising of X-ray diffraction images, the
number of unique diffraction peaks clearly increased, and the
minimum resolution also decreased from 0.76 to 0.74 A.
Moreover, the R; and wR, values showed a reduction after TV
denoising. This improvement is attributed to the significant
enhancement in the quality of weak diffraction spots in the
high-angle diffracted area. The TV denoising process enables
the achievement of the maximum resolution potential of the
detector under the current measurement conditions without
increasing the exposure time. This demonstrates the effec-
tiveness of the TV denoising process for 2D diffraction images
in X-ray structural analysis.

In the denoising process of TV regularization the amount of
denoising applied can be controlled by adjusting the para-
meter «, but it is difficult to derive the optimal value. When
comparing the results of the structure analysis for an « value
between 1.0 and 2.0, the R values slightly increased despite the
higher noise reduction effect. In fact, as « is increased, the
noise reduction can also lead to a decrease in the intensity of
strong diffraction spots, and the linearity of integrated
diffraction spots can be compromised. To maximize the
effectiveness of the noise reduction using TV regularization,
we propose investigating alternative noise reduction strategies
or adjustments to the current approach that could preserve the
integrity of strong diffraction peaks while still effectively
reducing noise. While optimization of the regularization
parameter, ¢, is necessary, our results demonstrate that the
denoising method using TV regularization can enhance the
accuracy of X-ray structural analysis.

Our method has a very low computational cost for
denoising a single image. The resulting improvement in the
signal-to-noise ratio of the diffraction spots in the datasets
clearly enhances the final results of the structural refinement.
Nevertheless, the inherent quality of the crystal remains a
primary limiting factor. Therefore, it is unlikely that this
method alone can solve a crystal structure that is unsolvable
due to fundamentally poor crystallinity. We tested the method
on datasets with poor diffraction quality, previously deemed
unpublishable. While the noise reduction technique provided
some improvement, it was insufficient to render the data
publishable at this stage. Future development will be aimed at

enhancing the algorithm’s ability to reliably identify and
extract weak peaks obscured by noise within poor-quality
datasets.

This noise reduction technique is expected to be particu-
larly useful for X-ray diffraction images, especially for
diffraction data with weak intensity, such as those obtained
from microcrystals whose structures are often challenging to
determine. Having established the effectiveness of this noise
reduction technique in this paper, future work will focus on
developing a model-based approach to optimize the regular-
ization parameter, «, which was heuristically selected in this
study for X-ray structural analysis.

5. Summary

In this study, we applied a denoising method based on TV
regularization, a sparse modeling technique, to 2D X-ray
diffraction image data obtained from single-crystal X-ray
crystallography experiments. We compared the results of
X-ray structural analysis using both the denoised and raw
image datasets of cytidine. Our findings demonstrate that TV
denoising effectively enhances the signal-to-noise ratio of
weak X-ray diffraction spots. This improvement was evident in
the enhanced quality of the final structure refinement.

The applicability of this denoising approach extends to a
wide range of challenging single-crystal structure analyses
where diffraction intensities are inherently weak. Our tech-
nique could be a valuable tool for extracting reliable structural
information from such diffraction image datasets. However, a
direct validation on a broader range of crystals was beyond the
scope of this initial report. Nevertheless, we believe the
practical verification of this method across diverse fields of
single-crystal analysis is a compelling avenue for future
research.
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