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ABSTRACT
In high-throughput applications, crystallographic analysis via X-ray diffraction (XRD) is often limited by long exposure times and

the need for manual data interpretation. This study presents a novel machine-learning-based approach for volume fraction esti-

mation from XRD patterns addressing both challenges. The method efficiently processes noisy XRD patterns acquired with poly-

chromatic emission spectra, and enables volume fraction estimation from thousands of patterns per second. Compared to

conventional techniques, it requires much lower XRD pattern quality, allowing for shorter exposure times. This makes our

method particularly suited for high-throughput scenarios such as self-driving labs. We utilize simulated XRD patterns to train

two neural networks to process XRD data in a specified material system. A convolutional neural network (CNN) estimates volume

fractions, while a u-net-style network restores pattern interpretability by resolving peak duplication caused by polychromatic

emission spectra. We use synthetic datasets to showcase the method’s noise tolerance and ability to analyze XRD patterns with

multiple emission lines. Furthermore, we verify our method’s applicability to real XRD patterns using a small experimental

dataset.

1 | Introduction

X-ray diffraction (XRD) is a widely used technique for analyzing
crystalline materials, providing insights into sample composition
and crystallographic structure. It plays a crucial role for self-driv-
ing laboratories and combinatorial material exploration. XRD
typically requires parallel monochromatic radiation, which is
obtained by filtering a polychromatic source with subsequent
optics. The resulting X-rays generate diffraction patterns upon
interaction with the sample. For accurate analysis, low-noise
XRD patterns are essential, which traditionally necessitates long
exposure times and/or high radiation intensities. However, these
factors, along with the need for manual pattern evaluation, often
create bottlenecks in research workflows.

Other applications of high-throughput experiments have
benefited from analysis using data-driven approaches [1–4],
and XRD analysis is no exception. Conventionally, XRD patterns
are analyzed manually by Rietveld methods [5], a process that
can be labor-intensive depending on pattern complexity and
quality. To reduce the need for eliminate human intervention,
several approaches have been explored:

• phase mapping in ternary phase diagrams using hierarchical
and fuzzy clustering [6–12],

• CNN-based classifiers for impurity detection [13], phase
identification [14–20], space/extinction group analysis
[21–23],
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• composition analysis leveraging fuzzy clustering, optimiza-
tion and neural networks [24–28], and

• U-net style networks denoising XRD patterns, either as
standalone methods or preprocessing for classification
[22, 29].

Three main groups of approaches to solving XRD composition
analysis can be identified:

• optimization based approaches [5, 24] iteratively refine
input parameters to approximate XRD patterns,

• classical machine learning (ML) methods (e.g., fuzzy-c-
means clustering, support vector machines) perform well,
particularly with limited experimental data [25, 26], and

• large-scale neural networks or network systems trained on
large synthetic datasets containing up to millions of XRD
patterns [18, 27].

Classical methods often outperform convolutional or long-short-
term-memory neural networks on small datasets [25, 26].
Similarly, dispatch-based methods [27] show improved perfor-
mance when combined with support vector regression rather
than fully connected single-hidden-layer neural networks.
While identification-stripping has proven effective for phase
identification, it remains unreliable for composition analysis
[18]. Neural networks can achieve performance comparable to
other methods trained on experimental data when relying on
fancy-PCA-based data augmentation [28].

Analyzing compositions in more complex systems demands mod-
els with higher parameter counts and/or sophisticated usage
schemes [18, 27], alongside extensive training data. Since large
experimental datasets are scarce, synthetic XRD datasets gener-
ated from crystal structure definitions have become standard for
training. Synthetic XRD patterns are typically created through
advanced simulation pipelines [13, 17, 18, 22, 27]. For example,
multiphase XRD patterns are simulated by superposing single-
phase simulations with Gaussian noise, random 3rd- to 5th-order
Chebyshev backgrounds and air scattering effects [17].

As illustrated by the presented literature, machine learning can
be used for classification and regression on XRD patterns.
However, relatively few contributions focus on the robustness
of automated composition analysis with respect to polychromatic
radiation and noise. For classification using vector machines,
multiple papers found a strong effect of the noise level on clus-
tering accuracy [19, 20]. Little to no effect could be shown for
hierarchical clustering methods [8]. To the best of our knowl-
edge, no research has been done on the effect of polychromatic
radiation or noise level on the precision of XRD composition
analysis using machine learning methods.

1.1 | Contributions

We provide HiVE, a method for High-throughput Volume frac-
tion Estimation from XRD patterns. All training and data gener-
ation code, including our simulation tool YAXS (YAXS: an
Accelerated XRD Simulator) is published along with this paper.1

Furthermore, insights are presented on neural network based
XRD analysis which enable the use of XRD in high-throughput
experiments.

• We show that our Composition analysis Network
(ComaNet) performs similarly when analyzing and low
noise XRD patterns recorded using monochromated radia-
tion (CuKα1=2) compared to XRD patterns recorded without

monochromators (CuKα1=2=β) and high noise.

• We thoroughly describe a method to generate synthetic
datasets of multiphase XRD patterns generated using poly-
chromatic emission spectra.

• We show the novel method can reduce exposure times and
remove the need for monochromators while retaining pre-
diction quality.

• We evaluate our method on a small experimental dataset
created specifically to contrast model performance on
CuKα1=2 and CuKα1=2=β-radiation.

HiVE enables the use of XRD in high-throughput scenarios and
automated systems by removing the need for human interven-
tion and allowing XRD patterns to be recorded in with much
lower exposure times. XRD patterns at these lower qualities
are often hard to understand. For cases where manual inspection
is required, we provide PatraNet (Pattern translationNetwork)
to restore interpretability by filtering noise and removing peaks
caused by removing monochromators.

ComaNet is validated using a synthetic dataset of XRD patterns
of binary mixtures of CuO and Fe3O4, enabling easy variation of
noise levels and emission spectra. Performance is compared
regarding XRD patterns produced using monochromated
and non-monochromated radiation at different noise levels.
Additionally, we analyze PatraNet using synthetic data and
the aforementioned experimental dataset in the CuO-Fe3O4 com-
position space and show that translation of XRD patterns
between emission spectra is possible.

2 | Methods

The first part of this section outlines the proposed method in gen-
eral. Next, the synthetic data generation is described. Finally, the
two network architectures and their training and evaluation
schemes are laid out.

2.1 | Overview

HiVE is a method for performingHigh-throughputVolume frac-
tion Estimation for XRD patterns where the possible constituent
phases (phases of interest) are known, and no other phases are
present in significant quantities. While HiVE can handle small
amounts of unknown impurities, larger amounts of unknown
phases will skew the volume fraction estimation. Use of HiVE
requires the following steps:

1. From the phases of interest, synthetic datasets are gener-
ated using our simulation tool YAXS.
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2. ComaNet and PatraNet are trained using these synthetic
datasets.

3. Model training is validated using synthetic data.

4. Data generation is verified by evaluating performance using
experimental examples.

5. Models are applied to real-world data.

Due to the small model size, and efficiency of data generation
tooling, the first two steps usually take on the order of minutes.
Models are usable and trainable on consumer-grade hardware,
albeit with longer training times. Due to this lightweight nature
of our models, specialized models can be trained for a novel
material system to be analyzed. Thus, the combinatorial explo-
sion occurring when models need to be trained for processing
arbitrary XRD patterns can be avoided.

The application of HiVE to real-world data is described in
Figure 1. Traditionally, X-rays are monochromated either before
or after interaction with the sample to remove secondary
peaks, reducing radiation intensity. High-quality XRD patterns
for composition analysis therefore require long exposure times.
In contrast, our workflow relies on ComaNet for composition
analysis. It analyzes thousands of XRD patterns per second with-
out the need for human intervention, and can tolerate XRD pat-
terns with secondary peaks (caused by multiple emission lines)
and extensive amounts of noise. Therefore, monochromators can
be omitted from XRD instruments, and exposure times can be
reduced. However, these XRD patterns may not be visually inter-
pretable. If visual inspection of patterns is required, PatraNet
can be used to restore interpretability by filtering noise and
removing peaks caused by secondary emission lines.

2.2 | Synthetic Dataset Generation

Neural networks require a large number of training data—exam-
ples consisting of inputs into the network and the corresponding
desired outputs. Composition estimation networks therefore

require hundreds of thousands of XRD patterns and matching
sample compositions. Since these data are not available, we
generate synthetic datasets for neural network training through
simulation. Our synthetic datasets consist of XRD patterns of the
phases of interest, and potential output variables like the compo-
sition, or properties of the modeled phases.

Figure 2 guides the following mathematical description of our
XRD pattern simulation. Individual XRD pattern I (see
Figure 2A) are constructed from the raw pattern Iraw, the back-
ground signal B and Gaussian noise ξ. We simulate Backgrounds
using random 10th-order Chebyshev polynomials with coeffi-
cients sampled uniformly from Uð0, 1Þ

Ið2θÞ = Irawð2θÞ+Bð2θÞ+ ξ
with ξ � N ð0, σÞ
σ � Uð0, σmaxÞ

(1)

Background values are mapped to the interval between 0 and the
maximum background height hB

Bð2θÞ ∈ ½0, hB� ∀ 2θ ∈ ½2θmin, 2θmax� (2)

The raw pattern Iraw is a sum of single-emission-line patterns Iλi
weighted with the emission line’s strength f i relative to the other
emission lines in the emission spectrum.

To simulate phases not present in training data (phases to be
ignored for quantification), we add an impurity pattern to the
raw pattern. This allows models trained on a generated dataset
to handle nonspecified phases. Single emission line patterns Iλi
are composed of the impurity pattern I imp and the constituent

phase c’s patterns Ic weighted according to their volume fractions
φc (Figure 2B)

Irawð2θÞ =
P
i
f iIλið2θÞ

Iλið2θÞ = I impð2θ, λiÞ+
P
c
φcIcð2θ, λiÞ (3)

For generation of our datasets, we utilized a 1:7 mixture of single-
phase and multiphase samples. We chose this instead of uni-
formly sampling the composition space in order to increase per-
formance on single-phase patterns.

Each single phase pattern Ic is a sum of Pseudo-Voigt (Vp) peaks

with simulated peak positions 2θλhkl,c and intensities Iλhkl,c. We

FIGURE 1 | Conventional (top, gray box) versus automated, machine

learning-driven (bottom, red box) XRD analysis. Novel elements are

marked in green. Instead of manual phase identification, and Rietveld

analysis of high-quality patterns, we rely on a neural network

(ComaNet) to analyze low-quality patterns recorded with lower exposure

times and secondary peaks. Interpretability is restored to low-quality pat-

terns (“translating” them) using a u-net style network (PatraNet) to

remove secondary peaks and filter noise.

B

C

A

FIGURE 2 | Schematic of the data generation process. Per phase and

wavelength XRD patterns Ið⋅Þ are combined with impurity patterns, noise

ξ, and a background B to produce the final simulated XRD pattern Ið2θÞ.
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emphasize that these peak positions and intensities depend on
the phase c and the emission line’s wavelength λ using the
sub- and superscripts λ and c. The subscript hkl indicates the
peak’s crystallographic plane. Peak widths are computed using
the size-broadening method implemented in GSAS-II [30] and
randomly sampled Caglioti parameters U, V and W for
Gaussian line broadening. Models trained on these datasets
should be able to handle XRD patterns from a variety of devices
and with varying grain sizes.

The impurity pattern I imp is constructed from n ∈ f0 : : : 2g impu-

rity peaks with uniformly random heights I imp,j and positions 2θλj

Iimpð2θ, λÞ=
P

n
j= 1 Iimp,jVpð2θλj , 2θÞ

Icð2θ, λÞ=
P
hkl

Iλhkl,cVpð2θλhkl,c, 2θÞ (4)

The impurity peak positions and intensities (I imp,j) are uniformly

sampled from the used 2θ-interval, and the interval from 0 to a
maximum impurity height himp

2θimp,j � Uð2θmin, 2θmaxÞ
I imp,j � Uð0, himpÞ (5)

Peak positions 2θλhkl,c and intensities Iλhkl,c for single-phase pat-

terns are simulated from CIFs using the algorithms implemented
in pymatgen [31]. To improve generalizability of models trained
on the dataset, we emulate external and internal forces by strain-
ing the unit cell. Strain conditions εc are applied to each phase’s
(c) unit cell (Figure 2C). These strain conditions are constructed
with a maximum amplitude of εc, and preserve the phase’s
symmetry group [18]. Furthermore, peak position shift is
applied according to sample displacement (SD) and goniometer
radius (R), to capture one of the largest sources of error in XRD
analysis [32]

Δ2θð2θÞ= 2.0 SD=R cos 2θð =2Þ (6)

Additionally, pymatgen’s algorithms are modified to account for
unit cell volume V and wavelength λ [33]

Iλhkl,c = Fhklj j2p 1+ cos ð2θÞ2
sin ðθÞ2 cos ðθÞ

zfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflffl{FL

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
pymatgen

λ3

V2|{z}
adjust

(7)

Here Fhkl is the structure factor and p is the multiplicity of the
peak. The following fraction is the Lorentz polarization factor
(labeled FL).

Datasets are saved before the noise ξ is added, and it is applied
during training. This enables easy variation of noise levels
between training runs and during training. After noise applica-
tion, patterns are normalized to 0, 1½ � using their own minimum
and maximum.

2.2.1 | Parameter Values

The noise level in an XRD pattern does not depend on the height
of the maximum peak. Similarly, the height of peaks associated
with potential impurities does not depend on the maximum peak

height of the clean pattern, either. We therefore need to add noise
and impurity peaks before normalizing patterns. This implies
that we need absolute values for the maximum noise level
σmax, maximum impurity peak height himp and background

height hB in simulation. These values are purely artifacts of
the simulation, and their absolute value is irrelevant for the dis-
cussion. Thus, any numeric values are shown as fractions of a
reference height href , which we determine from a 100% CuO pat-
tern with arbitrarily selected simulation parameters. For it’s def-
inition please refer to the supporting information. A summary of
all simulation parameters can also be found in the supporting
information (Table S2).

The highest and lowest noise levels σ = f2− 6href ; 2− 2hrefg are
shown in Figure 3. These limits were chosen arbitrarily, such that
the lower limit represents clean XRD patterns, while the upper
limit represents incredibly short exposure times where peaks are
barely discernible by eye.

2.2.2 | Volume Fraction Estimation

ComaNet performs composition analysis for our method, and
requires a dataset of XRD patterns and matching compositions
for training. This study analyzes the effect of emission spectrum
on composition analysis prediction quality. Datasets of XRD pat-
terns are therefore simulated for each of the emission spectra
shown in Table 1. For each emission spectrum, instances of
ComaNet are trained and evaluated. In Cα1 , the nonphysical
monochromatic reference spectrum, only the Copper K-α1 emis-
sion line is used. The Cα1=2 emission spectrum is representative of

many laboratory Copper XRD instruments. We add the CuKβ-
emission line in Cα1=2, β to simulate removing the instrument’s

monochromator. C3 and C4 are constructed to be similar to
the Cα1=2 spectrum, but with nonphysical emission lines e3 and

e4 close to the two standard lines. They are used to investigate
potential differences between data generated using spectra con-
taining similar emission lines compared to ones that differ more.
The positions of the utilized emission lines illustrated by
Figure 5, where they are shown overlaid with a schematic of
the Copper emission spectrum.

Synthetic XRD patterns for a single composition with different
emission spectra can be found in Figure 4. XRD patterns

FIGURE 3 | Two non-normalized XRD patterns with varying σ and

composition. Peak heights depend on composition and peak visibility

depends on σ.
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generated using the Cα1=2, β spectrum differ slightly in peak shape

from the Cα1 and Cα1=2 spectra. The CuKα1 and CuKα2-peaks over-

lap and form shoulders at some 2θ-positions. In the Cα1=2, β-pat-

tern, CuKβ-peaks sometimes overlap with CuKα1=2-doublets,

causing strong shouldering. There is overlap between peaks,
but especially the Cα1=2, β spectrum contains more stronger shoul-

dering effects, and more peaks overlap compared to the Cα1 -pat-
tern. Peaks with overlap exhibit shoulders, and may separate into
two peaks associated with the same cyrstallographic plane at
high 2θ - depending on the Caglioti parameters u, v, and w
and the domain size τ.

The volume fraction estimation datasetDv is a collection of input
XRD patterns Ið2θÞ and outputs ðφ,Y secÞ. It’s outputs are

comprised of the volume fractions φ and the secondary param-
eters Y sec used to construct the XRD pattern

Dv = f½Ið2θÞ, ðφ,Y secÞ�i j i ∈ f1 : : : 2 · 106gg
with Ið2θÞ= f ðφ,Y secÞ
φ ∈ ½0, 1�C and

XC
c= 1

φc = 1
(8)

Here f is the function creating an XRD pattern Ið2θÞ using φ and
Y sec via the process described above. The subscript c indicates the
value of the quantity for component c, and C is the number of
components.

The secondary parameters are:

• domain size τ∈ℝC × 1,

• domain size broadening mixing parameter η∈ℝC × 1,

• left lower half of the strain matrices ε ∈ RC × 6 applied to the
unit cells,

• Caglioti parameters (u, v,w ∈ R), and

• sample displacement SD ∈ R.

• background scale hB∈ℝ

• Chebyshev coefficients c∈ℝ11

Domain size τ and strain ε are physical characteristics and spe-
cific to each phase, due to for example different crystallization
properties and Young’s moduli, respectively. η is modeled sepa-
rately for each phase, like in contemporary Rietveld analysis soft-
ware like GSAS-II [30]. Caglioti parameters model instrument
characteristics and therefore apply to all components equally.
Similarly, SD is equal for all components because we expect even
mixing of the sample.

Y sec is thus defined as

Y sec = ∗τ, ∗ η, ∗ ε,u, v,w, SD, hB, ∗ cð ÞT∈ℝ8C+ 16 (9)

⋅ð Þc indicates per-component variables, and C is the number
of components, and ∗ð⋅Þ indicates flattening and expansion
of the argument ∗ ⋅ð Þ∶ℝM ×N→ℝN⋅M (example in Supporting
Information, Equation S(6)).

To simulate the peaks (Iλhkl,c, 2θ
λ
hkl,c), we apply 10 000 strain con-

ditions εc to each of the component’s unit cells. For each emis-
sion spectrum, we simulate 2 million XRD patterns. For every
pattern, a random strained unit cell is picked, and the secondary
parameters and background’s Chebyshev coefficients are sam-
pled. The resulting patterns are split into training, validation
and test datasets with ratios {0.6, 0.2, 0.2}.

2.2.3 | XRD Pattern Translation

XRD patterns produced using polychromatic emission spectra
and short exposure time contain secondary peaks and large
amounts of noise. Because of these characteristics, they may
not be interpretable. PatraNet is introduced to translate pat-
terns lacking interpretability to conventionally recorded XRD
patterns by removing secondary peaks and noise.

TABLE 1 | Emission spectra Ci (rows) and their constituent emission

lines. Weights and emission energies can be found in the supporting

information (Table S3).

CuKα1 CuKα2 CuKβ e3 e4

Cα1 ✓ — — — —

Cα1=2 ✓ ✓ — — —

Cα1=2, β ✓ ✓ ✓ — —

C3 ✓ ✓ — ✓ —

C4 ✓ ✓ — ✓ ✓

FIGURE 5 | Copper emission spectrum [34] (schematic) and the

emission lines used in this article.

FIGURE 4 | Comparison of synthetic XRD patterns for the same mix-

ture for three emission spectra. Peak count and shape depends on the

used emission lines.
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To train PatraNet for removing peaks introduced by secondary
emission lines, we designed the (synthetic) translation datasetDt.
It is constructed similarly to the volume fraction estimation data-
set: XRD patterns are generated using the method described in
subsection 2.2, but both inputs I in to the models and their desired
outputs Iout are XRD patterns. Input patterns are generated with
the Cα1=2, β emission spectrum, and output patterns use the Cα1=2
emission spectrum

Dt = f½I inð2θÞ, Ioutð2θÞ�i j i ∈ f1 : : : 2 ⋅ 106gg (10)

For each input–output pair, all construction parameters and
compositions are identical except for the emission spectra used
to compute peak positions. As inputs, we use patterns created
with the Cα1=2, β-emission lines (weights [35] in Table S3), and

the outputs are simulated using Cα1=2 . XRD patterns are normal-

ized slightly differently compared to Dv. Input patterns Ĩ in are
normalized as usual, but the output patterns Ĩout are normalized
using the input’s minimum and maximum

I inð2θÞ=
Ĩ inð2θÞ−min

2θ
Ĩ in

max
2θ

Ĩin −min
2θ

Ĩ in

Ioutð2θÞ=
Ĩoutð2θÞ−min

2θ
Ĩ in

max
2θ

Ĩ in −min
2θ

Ĩ in

(11)

This eliminates intensity shift between the XRD patterns’
baselines and improves visualization. ð⋅Þ� indicates a non-normalized
quvaeantity. An example for inputs and outputs (without noise
and background) of Dt is displayed in Figure 4. The inputs and
outputs are labeled with Cα1=2, β and Cα1=2 , respectively.

2.2.4 | Implementation

The XRD simulation process described above is implemented in
our simulation tool YAXS. It is available in our GitHub reposi-
tory.2 YAXS is a tool for reproducibly generating distributions of
XRD patterns according user-defined parameters specified in
YAML-files. These configuration files can conveniently be stored
in version control systems, and enable versioning of training data
without saving the data itself. YAXS utilizes multithreaded
algorithms for computing peak position, intensities and widths,
and then renders them using GPU-accelerated methods. Fully
exploiting modern hardware capabilities, it is capable of simulat-
ing 2 million XRD patterns of binary mixtures (13 GB, the size of
one training dataset used in this work) in just over 30 s, reaching
speeds of 190MB s− 1 on our hardware. This is approximately the
same speed as creating a copy of the dataset.

2.3 | ComaNet

To estimate the components’ volume fractions, we developed the
CNN-based ComaNet (Composition analysis Network) architec-
ture. Each instance of ComaNet is trained for a particular combi-
nation of materials and 2θ-range. It predicts volume fractions and
the secondary parameters Y sec described in Equation (9). This reg-
ularizes the training, and Y sec can be used to recover a version of
the XRD pattern without background, noise and impurities.

2.3.1 | Model Architecture

A schematic of the model architecture can be found in Figure 6.
The input XRD pattern (as 2048 steps in 2θ) is passed through
multiple convolutional layers di. Intermediate features are
extracted and passed though reduction layers ri to adjust their
sizes to similar dimensions. To reduce overfitting, 50% dropout
is applied after each reduction layer. The resulting features
are concatenated and fed into two dense layers, which predict
sample composition φi and the secondary parameters Y sec.
The exact model definition can be found in the training reposi-
tory.3 In total, ComaNet has 53k parameters.

2.3.2 | Training

ComaNet is trained on the volume fraction analysis dataset Dv

using a two-part loss: The composition estimation loss Lφ and a
loss for the secondary parameters Lsec

LComaNet = ð1− αÞLφ + αLsec (12)

Lφ =TVðbφ,φÞ= 1
2

XC
i= 1

bφi −φij j (13)

Lsec =MSEðbY sec,Y secÞ=
X
i

ðbY sec,i −Y sec,iÞ2 (14)

The two components are weighted using the weighing factor
α which can be set as a hyperparameter. Since all secondary out-
puts are normalized to ½0, 1�, the corresponding secondary loss for
each component is bounded between 0.0 and 1.0.We used α= 0.05.
At 2 components, our secondary loss is therefore bounded by 32,
and our choice for α weighs it a little more important than the vol-
ume fraction loss.Lφ is responsible for learning volume fractions of
the constituent phases. We choose the total variation distance
TV ∈ ½0, 1�, which describes the distance between two vectors that
sum to 1 (probability distributions). It accurately describes the
quantity to be minimized, and can be intuitively interpreted as
the fraction of physical sample that was not identified correctly.
Furthermore, it is bounded between 0 and 1, allowing for easy
interpretability and comparison of predictions across models.

The secondary loss Lsec serves to regularize the training and
allows for easier debugging of the model’s predictions. The

FIGURE 6 | ComaNet model schematic with data sizes after each

layer. Convolutional layers are marked by di, fully connected layers

are marked by ri, i, and oi.
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secondary outputs Y sec can be used to reconstruct the input XRD
pattern (after a background fit). This reconstruction can be used
to verify that the corresponding prediction is plausible.

The ComaNet architecture is implemented using PyTorch [36],
and trained using the ADAM optimizer. We utilize a learning rate
of 1× 10− 3, and PyTorch’s ReduceLROnPlateau to schedule
learning rates during training. One training run of 20 epochs
takes approximately 14 min on an NVIDIA RTX6000 Ada
48 GB graphics card.

2.3.3 | Metrics

Wemeasure the performance of ComaNet using a quality metric
(Q) derived from the total variation distance (TV, see Equation
(13)) between the true volume fractions φ and prediction bφ

Q = 1−TVðbφc,φcÞ
Q ∈ 0, 1½ �, φc ∈ 0, 1½ �,

XC
c= 1

φc = 1
(15)

This quality metric is 1 if the prediction matches the ground
truth. It becomes zero when the model predicts the opposite
of the ground truth, such that

bφc
= 0, φc≠0
≥ 0, φc = 0

�

2.4 | PatraNet

PatraNet performs XRD pattern denoising and removal of peaks
produced by secondary emission lines.

2.4.1 | Architecture

We chose a u-net-style [37] architecture, because it has per-
formed well in the context of image denoising [38] and domain
transfer [39], and because it has been employed in similar cases
in the context of XRD processing [22, 29]. The original u-net
architecture is modified to to work on 1D-inputs length 2048
(steps in 2θ). We slim down the architecture by reducing the con-
volutions per depth to 1, and use 4 channels after the first layer
instead of 64. We use a depth of 4 and a kernel size of 3. Each
depth doubles the number of channels and halves the first input
dimension, as in the standard u-net. Additionally, we add a linear
layer with a residual connection at the bottleneck, to allow pass-
ing of global information. In total PatraNet encompasses 60 k
parameters.

2.4.2 | Training

PatraNet is trained on the translation dataset Dt. We utilize 50/

50 weighted MSE and MAE losses between the output pattern Î
and the desired output Iout to both heavily punish large devia-
tions and reduce small errors

LPatraNet = 0.5 ⋅ MSE Î, Iout
� �

+MAE Î, Iout
� �� �

(16)

For training PatraNet, each pattern’s noise level σmax is sampled
uniformly from Uð0, href=4Þ Then, each pattern’s noise is sampled
from N ð0, σmaxÞ. Since each pattern’s maximum noise is uni-
formly sampled from Uð0, σmaxÞ, the network is also trained to
handle lower noise levels. PatraNet is also implemented using
PyTorch, and trained using the ADAM-optimizer. We utilize a
learning rate of 5× 10− 3, and PyTorch’s ReduceLROnPlateau
learning rate scheduler, as well as early stopping. One training
run (20 epochs) takes approximately 15min on an NVIDIA
RTX6000 Ada 48 GB graphics card. For further details please
refer to the implementation.4

2.4.3 | Evaluation

The performance of PatraNet is measured using two separate
metrics. We use the MSE to judge overall output accuracy. To
intuitively capture errors in peak height reproduction, we use
the maximum MAE occurring each pattern as a second metric

Mmean =MAEðbI, IÞ= 1
N

XN
i

bIð2θiÞ− Ið2θiÞ
��� ��� (17)

Mmax = max
i∈f1 : : :Ng

bIð2θiÞ− Ið2θiÞ
��� ��� (18)

Here I indicates the intensities in the XRD pattern, i indicates the
discretized position, andN is the number of steps. Figure 7 shows
the two metrics for an example translation. The desired and
actual outputs are displayed in red and orange, respectively.
Mmax is indicated by the bar, and the dark gray area indicates
Mmean.

2.5 | Method Validation

This section contains the experiments we performed to display
HiVE’s working principle. In the absence of experimental data-
sets, we validate our approach using synthetic data. We chose the
binary CuO–Fe3O4 composition space, with varying simulation
parameters. The performance of the volume fraction estimation
network ComaNet is analyzed for various configurations of
noise and emission spectrum. We also evaluate our metrics for
PatraNet at one configuration, to show that it works in
principle.

FIGURE 7 | Translation metrics. Mmean is influenced by the mean of

the differences between input and output, while Mmax is it’s maximum.
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2.5.1 | Composition Estimation

Our composition analysis network ComaNet estimates compo-
nent volume fractions from XRD patterns, and predicts second-
ary parameters which can be used for reconstruction of the input
pattern. It’s performance is analyzed for various noise levels σmax

and emission spectra, to analyze their influence on the prediction
quality Q.

• The noise level σmax is varied to judge the influence of expo-
sure time (for values see Table S4).

• The emission spectrum is varied to analyze whether differ-
ent X-ray sources affect prediction quality for HiVE (see
Table 1).

Throughout all experiments, the background height was set to
href . For each emission spectrum, 2× 106 XRD patterns are sim-
ulated. 1.2× 106 XRD patterns are used for training, 4× 105 are
used for validation during the training, and 4× 105 are used for
the analysis in this section. Their performance is evaluated using
Q (see Equation (15)).

Figure 8 shows box-plots for the 2.5–97.5 percentile interval of Q
for all models and emission lines over training noise level. On the
right, the distributions of Q for each of the emission spectra are
displayed. Small differences in the model prediction scores can be
observed, but are eclipsed by the spread of error distributions. At
high noise levels, theQ-distribution is wider, and models achieve
lower scores on average. Examples for σmax=href = 2− 6 and
σmax=href = 2− 2 are given in Figure 3.

There is a small difference in the Q-distributions for the Cα1 and
Cα1=2 emission spectra. If peaks caused by the CuKβ emission line

are added to the pattern, average performance drops slightly.
Since close-by emission lines affect peak shape differently com-
pared to faraway ones, we also investigated the emission spectra
C3 and C4. One and two emission lines in close proximity to the
Cα1=2 -lines, respectively, are added to the emission spectrum.

Performance of models trained on these nonphysical emission

spectra is comparable to the monochromatic CuKα1 and the
polychromatic CuKα1=2 spectra.

Compared to the influence of noise level σmax, the effects of
changing the emission spectrum are small. If the emission lines
have similar energies, polychromatic emission spectra do not
seem to be detrimental to prediction quality. If emission lines
are further apart, like the CuKβ line relative to the CuKα1=2-lines,

prediction quality is affected more, but only slight differences are
visible. Therefore, both mono- and polychromatic emission spec-
tra can be used when evaluating XRD patterns with machine
learning. Monochromators could conceivably be removed from
existing XRD instruments to increase X-ray intensities at the
detector, if higher throughput is needed.

Furthermore, composition estimation can in theory be made
highly tolerant to noise. The example patterns in Figure 8 in
orange and read barely allow distinguishing peaks from noise,
but our models are still able to achieve Q>0.95 for 50% of
XRD patterns at the highest noise level (compared to 90% at
the lowest noise level we tested). This should allow large
increases in throughput, depending on reduction in accuracy
one is willing to accept.

We conclude that ComaNet is in theory a viable solution for
XRD composition analysis and may enable the use of XRD in
high-throughput scenarios through exceptional noise and sec-
ondary peak tolerance.

2.5.2 | XRD Pattern Translation

To assist volume fraction estimation, we provide a network aid-
ing visual inspection of XRD patterns recorded using polychro-
matic emission spectra. PatraNet can be used to translate Cα1=2, β
XRD patterns to Cα1=2 XRD patterns, restoring interpretability to

patterns containing CuKβ-peaks by removing said peaks and
reducing noise. Since this network is only intended for visual
examination, we test one configuration with a noise level of
σmax = 0.25href in the input XRD patterns. This noise level far
exceeds what one usually would encounter in low-quality
XRD patterns. Adequate performance at this noise level should
therefore be sufficient for real-world application. An example for
a synthetic XRD pattern translation with maximum noise can be
found in Figure 9. Overall, the CuKα1=2-pattern (ground truth)

and translated pattern match rather closely, and peaks caused
by the CuKβ emission line and noise are removed, while the
background profile is retained. However, some small peaks
are not carried over properly. As such, this method should only
be used for visual inspection and not as preprocessing for further
analysis.

When testing on the entire synthetic test dataset described in sub-
section 2.2, PatraNet can successfully remove peaks introduced
by the CuKβ-line. Signals can be translated between the emission
spectra reliably, but some peak intensities are matched incor-
rectly, with the largest errors occurring at narrow or small peaks.
Figure 10 shows the distribution of the two metrics for PatraNet
on the synthetic test dataset. High values for Mmean indicate that
the model either is not able to successfully remove noise, or that
the pattern baseline cannot be correctly matched. PatraNet

FIGURE 8 | Prediction quality and 2.5% to 97.5% intervals for Q over

normalized σmax. 2− 2 corresponds to the maximum noise we tested, and

2− 6 is the smallest noise. All tested emission spectra are similar, with the

Cα1=2, β-spectrum performing slightly worse on average and spreading

slightly wider. Above each noise level, a segment of a synthetic XRD pat-

tern is shown as an example for the noisiest pattern in each dataset.
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achieves Mmean (MAE per-pattern) of 0.0069 on average with a
95% quantile at 0.011, indicating overall close matches between
model output and desired pattern shape and effective noise
removal.

However, Mmean does not capture errors regarding individual
peaks. We therefore utilize Mmax to assess peak height correct-
ness. As displayed in Figure 10, Mmax has it’s mean at 0.049,
and 95% of XRD patterns are translated with Mmax ≤ 0.097.5

For reference, the mean Mmean between the unprocessed inputs
and desired model outputs is 0.064, with the 95% quantile at
0.055. The mean Mmax between inputs and desired outputs over
the entire testing dataset is 0.33, with the 95% quantile at 0.47.

We conclude that PatraNet is able to translate XRD patterns
from Cα1=2, β to Cα1=2 .

6 It simultaneously performs noise filtering,

as output XRD patterns in the dataset are constructed without
noise. PatraNet therefore is suitable for XRD pattern translation
in our use case, increasing pattern interpretability. However, we
reiterate that it’s usage as a preprocessing tool neither tested nor
necessary.

2.6 | Experimental Verification

To verify of our method on experimental data, we created a small
dataset of five mixtures of CuO and Fe3O4 (0, 25, 50, 75, and

100 wt-%CuO). XRD patterns for each mixture were measured
using a CuKα1=2-XRD (Bruker AXS D8 with DAVINCI

Diffractometer). 2θ was varied from 10° to 70° and a step size
of 0.0204°. The patterns were linarly interpolated to the required
model input size for processing. To cover multiple noise levels
and the presence of CuKβ-Peaks, we varied the exposure time
(0.1, 1, 2, and 5 s) and performed each measurement duration
with and without a monochromator. Because we had discovered
an issue in predictions with the method, we later recorded
another sample containing 70%CuO. Two example XRD patterns
from the experimental dataset are shown in Figure 11, and the
properties of all experimental samples are listed in Table 2.
Accounting for the noise levels and emission spectrum described
above, each sample is measured eight times, yielding 48 XRD pat-
terns in our experimental set. All patterns were acquired with 2θ
ranging from 10° to 70° and a step size of 0.0204°. These patterns
(of length 2934) are interpolated to 2048 steps and normalized to
the range ½0, 1� before processing by the networks.

2.6.1 | Quantification

Two instances of ComaNet were trained to analyze the
experimental data, one for the CuKα1=2=β and CuKα1=2 emis-

sion spectra, respectively. The models were trained for
20 epochs on 2 million XRD patterns with a 60/40 training/
validation split, similar to the synthetic parameter study.
Patterns are augmented using Gaussian noise with a maximum
standard deviation of 0.05href , and the maximum background
height was set to 3href , according to the background amplitudes
in the experimental XRD patterns (see Figure 11). The models’
validation Q converged at 0.971 and 0.968 for the CuKα1=2 and

CuKα1=2=β-model, respectively. For the full data generation

and training parameters, please refer to the GitHub repository.7

FIGURE 9 | Example XRD pattern translation using PatraNet. Here,

we chose the mean noise level we used during training (σ = 0.125href ).

While small discrepancies exist in the peak heights, the general shape

of the pattern is transferred well.

FIGURE 10 | Distributions of metrics for PatraNet when training

and testing using σmax = 0.25.

FIGURE 11 | Experimental XRD’s for the 50/50 mixture with expo-

sure times of 0.1 and 5 s per step and CuKα1=2 or CuKα1=2=β-radiation.

TABLE 2 | Parameters for the experimental samples. All samples

were recorded with exposure times of 0.1, 1, 2, and 5 s using CuKα1=2
and CuKβ-radiation.

Sample Index 1 2 3 4 5 6

wt-% CuO 0 25 50 70 75 100

wt-% Fe3O4 100 75 50 30 25 0

Advanced Intelligent Discovery, 2026 9 of 12
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Figure 12 shows ComaNet’s performance on experimental
CuKα1=2 patterns. On average, we achieve a mean Q of 0.972,

with the lowest Q for the noisiest patterns at 0.937.

Figure 13 shows a similar relationship for CuKα1=2=β-radiation.

We observe mean Q of 0.97, and 0.91 in the worst case. This sug-
gests that our models generalize to experimental data, and are
able to predict volume fractions even for low-exposure XRD
patterns.

From this, we can conclude that our method performs well on
experimental data. While there is a slight drop in performance
for noisier patterns, reducing exposure times may be an

acceptable tradeoff. This entails a reduction of exposure times
ranging from 60% to 98%, depending on how much precision
is required.

2.6.2 | Translation

Quantitative evaluation of PatraNet’s capabilities on experimen-
tal data is not possible, as background profiles change between
CuKα1=2 and CuKα1=2=β-radiation. However, we can show the

model’s output for exemplary patterns. Figure 14 shows an
example translation from our experimental dataset. The model
produces a legible version of the pattern. Background, peak
positions and intensities are approximately reproduced, like in
the synthetic tests, but CuKβ-peaks and noise are removed.

3 | Conclusion

We present HiVE, a novel system for processing XRD patterns
recorded without the need for monochromators in XRD instru-
ments. Our volume fraction estimation model’s prediction
quality is presented for a large range of noise levels. Using
our analysis of synthetic and experimental XRD patterns, we
conclude that our method may be used in high-throughput
scenarios, where low exposure times cause high noise in
XRD patterns. Furthermore, show that our model is able to
analyze XRD patterns produced by polychromatic emission
spectra, removing the need for monochromators from XRD
devices.

ComaNet can be made extremely robust against noise, allowing
operation on XRD patterns where peaks are barely discernible by
eye. To restore interpretability for these types of XRD patterns,
we introduce PatraNet to “translate” XRD patterns to conven-
tional emission spectra and exposure times.

Due to our model’s sizes and our data generation pipeline’s
speed, it is possible to simulate training data and generate
new models for specific problems within minutes. We therefore
don’t require a “god-model” capable of analyzing arbitrary XRD
patterns. Instead, when a material system needs to be analyzed,
we propose training a lightweight network specifically for that
task. The model can be trained and verified without handling
the combinatorial explosion which arises from the analysis of
arbitrary compositions.

In preliminary work [40], we have shown using synthetic data
that our approach can in general work for more complex material
mixtures for a monochromatic emission spectrum. Here, we
show that the approach works on synthetic and experimental
data for a binary mixture and multiple emission lines. Future
work should continue building up complexity by testing more
complex mixtures of components using polychromatic emission
spectra.
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Endnotes

1 https://github.com/hawo-hoefer/yaxs

2 https://github.com/hawo-hoefer/yaxs

3 https://github.com/hawo-hoefer/cuo-fe3o4-xrd-analysis

4 https://github.com/hawo-hoefer/patranet-training

5 It is to be noted that there are a small number of patterns in our 400 000
pattern test dataset (approx. 1.73%) whose Mmax exceeds 0.2. These cat-
astrophic errors occur at narrow peaks, where impurity peaks overlap
with regular peaks and at the boundaries of the input XRD pattern.

6 Preliminary testing on Cα1=2, β to Cα1 -translation shows similar results, but
we have chosen to omit it for brevity.

7 https://github.com/hawo-hoefer/cuo-fe3o4-xrd-quantification
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