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物質・材料の計測をハイスループット化するためには下記の
要素が重要だと考えている

• 統計的手法を用いた計測システムの効率化

• 最適な実験計画を自動で策定する方法論
• 最適な計測時間、計測ポイント
• 次に計測すべき探索点をデータから決める

• 計測データ解析の自動化
• 熟練者の経験と勘に頼っていた解析の自動化
• 次元削減：計測データ (多次元) →物理量 (低次元) 
• パラメータ最適化
• 知識発見

概要



シンクロトロン光を用いたハイスループット計測

シンクロトロン光を用いた材料研究で必要とされていること

• 低コスト・高精度で計測可能にする方法論
• 放射光・中性子施設の大量の計測データの自動解析
• 広範な自然科学の分野に適用可能な計測・解析の方法論

合理的な計測・解析システム



T. Ueno, K. Ono et al.,
npj Comp. Mat. 4, 4 (2018).
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物質・材料計測のハイスループット化



Case 1 : 統計手法を用いた小角散乱実験の高速化

長時間測定：時間相関を使った統計品質向上手法
カーネル密度推定：空間相関 〃

確率密度を推定する統計的手法
画像処理のスムージングと等価

数学的には畳み込み

（誰もが使っている）
（誰も使っていなかった）
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Accelerating small-angle scattering 
experiments on anisotropic 
samples using kernel density 
estimation
Kotaro Saitoͷ, Masao Yano͸, Hideitsu Hino͹, Tetsuya Shoji͸, Akinori Asaharaͺ, 
Hidekazu Moritaͺ, Chiharu Mitsumataͻ, Joachim Kohlbrecherͷ & Kanta Ono  ͼ

We propose a method to accelerate small-angle scattering experiments by exploiting spatial correlation 
in two-dimensional data. We applied kernel density estimation to the average of a hundred short scans 
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averaging, smoothing with a statistically and physically appropriate kernel can shorten measurement 
time by less than half to obtain sector averages with comparable statistical quality to that of sector 
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reasonable estimation of measurement time is feasible on site by evaluating how intensity variances 
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Recent progress in materials science using computational approaches such as machine learning and related meth-
ods is remarkable1. Notably, research involving numerical calculations bene!ts from those methods because of 
its intrinsic compatibility with computers. For example, screening a database of numerical calculation results, 
bypassing heavy calculation, and predicting functional materials from fundamental physical properties of ele-
ments2–5. However, data-driven materials science which is expected to accelerate material discovery cycles can-
not be established only by numerical calculations, but also needs a su"cient amount of experimental results. 
Filling blank entries in a database with experimental results o#en requires substantial e$orts in sample synthe-
sis, measurement, and analysis. Making these processes more e"cient is a key to data-driven materials science. 
Among various fundamental physical properties and characteristics necessary for data-driven materials science, 
crystal structures (or phases) and microstructures are essential descriptors for many cases. A combination of 
combinatorial sample synthesis and high-throughput phase determination using synchrotron x-ray di$raction 
is one of the promising solutions for the demand6,7. On the other hand, compared to rather fast development 
in high-throughput phase determination for both experimental and data analysis processes, such e$orts have 
been made only for analytical processes for the case of microstructure research8–11 because it heavily depends on 
microscopic techniques which are inherently incompatible with high-throughput measurement. Since micro-
structure is a crucial factor connecting a broad set of synthesis parameters with bene!cial physical properties, 
e"cient microstructural research is as worth as high-throughput phase determination.

Microscopic techniques are not the only methods for microstructure analysis. Small-angle scattering (SAS) 
contains the bulk average of microstructural information and can complement microscopic surface observa-
tion. SAS experiments are divided into two categories: those performed in laboratories using x-ray sources (lab 
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KDEによるノイズ抑制効果。短時間測定10回分にKDEを適用すると
100回分の生データとほぼ同等の統計品質（分散）が得られる。

解析に使う一次元データ
でのノイズ抑制の様子

測定回数＝時間と分散の関係
KDEによって分散が約10分の1

になっている

K. Saito, K. Ono et al.,
Sci. Rep (2019)



Small-angle neutron scattering (SANS)
2D data collected by 2D detector
Scattering patterns are nonlinear
High dynamic range

問題点
限られた施設、ビームタイム
高い統計精度でのデータを得るには長時間測定が必須

試料 二次元検出器
X線

中性子線 q
小角散乱パターン

SANS pattern

X線・中性子小角散乱



小角散乱データにおける二つの相関

時間的相関

Counts per unit measurement time for a given pixel (or a bin) are always comparable.

空間的相関

If counts at a pixel (or a bin) is large/small, same for neighborig pixels (bins).



統計精度を上げるには：長時間測定

The simplest and the most used strategy to get nice data.

• Longer you measure, nicer the result looks.

• Time-consuming if a sample is a weak scatterer.



カーネル密度推定による効果
sample: silica particle, r=60nm, 36 vol.%,
instrument: SANS-I@SINQ (PSI) , λ=0.6 nm, detector distance 18 m
100 short scans (total counts for 100 scans = 300k, a typical rule of thumb)
KDE : Gaussian kernel (σ = 1 pixel < resolution)



カーネル密度推定による効果：長時間測定との比較

nSmoothing makes SANS data better in terms of both metrics.
n “How better?” is a difficult question if a metric needs “an answer”.
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カーネル密度推定による効果：分散

n n scans with smoothing ~ 10n scans without smoothing
nSmoothing can accelerate SAS measurement ×10 faster to get data with 

same variance

128x128 = 16384 pnts

1 ~10

~10010

= statistical gain 
per unit time



Case 2 : 適応型実験デザイン法 (Adaptive design of experiments)
適応型実験デザイン法では、計測・解析・機械学習を融合することで合理的かつ効
率的な実験計画が⾃動的に策定され、実験者に依存しない計測が可能になる

開始 計測
全データ 終了解析

物理量評価

実験計画
策定

従来の実験デザイン法 n 実験計画を予め実験者が策定
n 計測と解析(物理量の評価)が分かれている

実験 解析

開始 計測
初期データ 終了機械学習

スペクトル予測

機械学習
新規計測点決定

計測
新規計測点

収束
判定

適応型実験デザイン法 (Ver. 1)

解析
物理量評価

YES

NO

n 計測・機械学習・解析を融合
n 機械学習による計測点の⾃動決定
n 実験終了基準はスペクトルから算出する物理量

AI
実験計画
“⾃動”
策定

T. Ueno et al., npj Comput. Mater. 4, 4 (2018)

1次元(エネルギー点数)の最適化



走査型透過X線顕微鏡 STXM

nFresnel zone plate (FZP) focuses x-rays and Order sorting aperture 
(OSA) select first order diffraction.

nScanning the sample position and detecting the intensity of transmitted 
x-rays to obtain a microscopic image 

nSpatial resolution : 10 ~ 100 nm

3rd Order

0th Order

1st Order

STXM : Scanning Transmission X-ray Microscopy



STXM を用いたナノスペクトロスコピー

T. Ueno et al., AIP Adv. 7, 056804 (2017)

morb mspineff morb/mspineff

磁気モーメントマップ単一ピクセル（30 nm）領域での
XAS & XMCD スペクトル

n Evaluation of magnetic moments … Good S/N spectra
n Enormous numbers of spectra (10,000 for 100 x 100 pixels)
n Large area with high spatial resolution

High-throughput measurement is necessary



適応型実験デザイン法の実証

T. Ueno, K. Ono et al., npj Comput. Mater. 4, 4 (2018)

ガウス過程回帰
ü 少数の計測データから複雑なスペクトル形状を予測可能
ü 次にどこを計測すれば予測精度が上がるかがわかる (分散がわかる)

計測データ
従来型測定による
スペクトル (正解)
予測
予測の分散
⾃動決定された計測点

適応型実験デザイン法による計測の様⼦
(ガウス過程回帰)
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±5%

計測データ点

従来の実験デザイン法(200点以上の計測)と
同等の精度を40~50点の計測で達成
→ 5倍の効率化

収束

適応型実験デザイン法
従来の実験デザイン法

ARTICLE OPEN

Adaptive design of an X-ray magnetic circular dichroism
spectroscopy experiment with Gaussian process modelling
Tetsuro Ueno 1,2,3, Hideitsu Hino4, Ai Hashimoto2, Yasuo Takeichi2, Masahiro Sawada5 and Kanta Ono2,3,6

Spectroscopy is a widely used experimental technique, and enhancing its efficiency can have a strong impact on materials research.
We propose an adaptive design for spectroscopy experiments that uses a machine learning technique to improve efficiency. We
examined X-ray magnetic circular dichroism (XMCD) spectroscopy for the applicability of a machine learning technique to
spectroscopy. An XMCD spectrum was predicted by Gaussian process modelling with learning of an experimental spectrum using a
limited number of observed data points. Adaptive sampling of data points with maximum variance of the predicted spectrum
successfully reduced the total data points for the evaluation of magnetic moments while providing the required accuracy. The
present method reduces the time and cost for XMCD spectroscopy and has potential applicability to various spectroscopies.

npj Computational Materials �(2018)�4:4� ; doi:10.1038/s41524-017-0057-4

INTRODUCTION
Spectroscopy (X-ray, optical, infra-red, electron, etc.) is a popular
and important experimental technique for materials analyses and
investigations on the fundamental properties of materials.1–6

Large amounts of samples and experimental data need to be
measured and treated for materials research and development.
Therefore, there is a strong demand for high-throughput
measurement to reduce the time and cost of spectroscopy
experiments. In a conventional spectroscopy experiment, a large
amount of data points is usually measured with sufficient
measurement time to obtain a spectrum with an adequate
signal-to-noise ratio. Often, the quality of a spectrum is
determined according to the experimenter’s experience.
Although there are single-shot spectroscopy experiments like

wavelength-dispersive X-ray spectroscopy,7 many kinds of spec-
troscopy need point-by-point measurement with scanning energy
or wavelength. One can not obtain whole spectrum until the end
of the experiment in such sequential point-by-point measurement
and one can obtain parameters by analysis as a post-process after
the measurement. Modern experiments like scanning X-ray micro-
spectroscopy takes relatively long measurement time per energy
because it takes scanning image at each energy point.8 Therefore,
an efficient measurement by reducing energy data points based
on the intelligent design of experiments is needed. At present,
regression models are used to realise precise predictions thanks to
advances in machine learning techniques, and such techniques
can be applied to the intelligent design of spectroscopy
experiments.9,10

Machine learning techniques have recently been introduced to
materials science.11 Materials informatics12 is regarded as the
fourth paradigm in the field of materials science following the

previous paradigms of experiment, theory, and computation.13 In
materials informatics, statistics and/or machine learning techni-
ques are necessary to derive or predict target data from big data
in an efficient manner. Bayesian optimisation has been applied to
the high-throughput prediction of new materials.14,15 However,
this kind of sampling optimisation strategy has never been
applied to spectroscopic measurement. Bayesian optimisation can
be applied when an optimisation objective can be defined as a
functional to be modelled. Because our aim in this study was to
optimise the measurement strategy for approximating the
spectrum, instead of a Bayesian optimisation in which the
Gaussian process16 is used as a fundamental modelling tool, we
utilised the Gaussian process and its predictive variance to design
efficient measurement strategies. Gaussian process regression is
also known as kriging and is used in geostatistics to predict a
geographic surface from an interpolation of discrete observation
data.17

Generally, a spectrum is represented as a nonlinear function of
energy or wavelength. The Gaussian process is a generalised linear
model that can approximate such nonlinear spectral shapes by
linear regression in feature space. The Gaussian process predicts a
spectrum by tuning hyper-parameters through the learning of
previous data of the spectrum. Moreover, not only the expectation
value of the prediction but also the variance can be evaluated.
Thus, the certainty of the prediction can be evaluated, and the
efficiency of the adaptive sampling of new data points can be
optimised.
In order to assess its applicability to spectroscopy, we applied

Gaussian process modelling to X-ray magnetic circular dichroism
(XMCD) spectroscopy. XMCD spectroscopy is an experimental
technique for quantitatively evaluating the orbital and spin
magnetic moments of a material.18–20 These magnetic moments
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適応型実験デザイン法を用いたX線スペクトル計測



計測ポイントの数と誤差

Deviation from true values (%)
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従来の計測法に⽐べて 1/5 の計測点
5 倍の⾼速化が可能になった

⼗分な精度で物理量を求めることが可能

T. Ueno et al., npj Comput. Mater. (2018)



Case 3-1 : 計測データ解析の自動化 ‒X線スペクトル-
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Automated estimation of materials parameter from X-ray
absorption and electron energy-loss spectra with similarity
measures
Yuta Suzuki1,2, Hideitsu Hino3, Masato Kotsugi1,4 and Kanta Ono 2,4

Materials informatics has significantly accelerated the discovery and analysis of materials in the past decade. One of the key
contributors to accelerated materials discovery is the use of on-the-fly data analysis with high-throughput experiments, which has
given rise to the need for accelerated and accurate automated estimation of the properties of materials. In this regard,
spectroscopic data are widely used for materials discovery because these data include essential information about materials. An
important requirement for the realisation of the automated estimation of materials parameters is the selection of a similarity
measure, or kernel function. The required measure should be robust in terms of peak shifting, peak broadening, and noise.
However, the determination of appropriate similarity measures for spectra and the automated estimation of materials parameters
from these spectra currently remain unresolved. We examined major similarity measures to evaluate the similarity of both X-ray
absorption and electron energy-loss spectra. The similarity measures show good correspondence with the materials parameter, that
is, the crystal-field parameter, in all measures. The Pearson's correlation coefficient was the highest for the robustness against noise
and peak broadening. We obtained the regression model for the crystal-field parameter 10 Dq from the similarity of the spectra.
The regression model enabled the materials parameter, that is, 10 Dq, to be automatically estimated from the spectra. With regard
to research progress in similarity measures, this methodology would make it possible to extract the materials parameter from a
large-scale dataset of experimental data.

npj Computational Materials �����������(2019)�5:39� ; https://doi.org/10.1038/s41524-019-0176-1

INTRODUCTION
Recent years have seen a considerable improvement in the
throughput of the fabrication and characterisation of materi-
als.1,2 Using a multi-target sputtering technique, for example,
has enabled the methodology of fabricating a sample contain-
ing all phases of an alloy to be established.3 In the case of X-ray
diffraction in synchrotron radiation facilities, 5000 samples can
be measured per day.4 However, despite the recognition that
the acceleration of the fabrication and characterisation of
materials is an important problem that has attracted consider-
able attention, measured data often continues to be analysed
via the old manual way. Because data analysis using this
conventional approach could take several days to several
months, it may become a bottleneck in the process. The
objective of efficient materials research with materials infor-
matics is to eliminate the bottleneck, and to accelerate the
research flow consisting of the fabrication and characterisation
of materials followed by data analysis.5–7

It is thus important to establish a methodology that auto-
matically and quantitatively extracts the materials parameter from
the measured data.8,9 This technique allows the on-the-fly data
analysis to be completed as part of the online characterisation in
that it provides a combined procedure ranging from material
fabrication to material discovery, thereby eliminating the

bottleneck. The efficiency of the investigation of a material can
be expected to drastically improve if the entire procedure flows
smoothly. Therefore, automating and enhancing the speed of data
analysis for high-throughput materials research has become
increasingly important for the discovery of innovative
materials.10,11

Spectroscopy is widely employed to evaluate the properties of
materials. An example of a spectroscopic method is X-ray
absorption spectroscopy (XAS) and electron energy-loss spectra
(EELS), which provide information about the electronic and
chemical state of a specific atom. The crystal field parameter
10 Dq is one of the most significant material parameters that can
be gained from XAS and EELS. It represents the energy splitting
originating from the crystal field and provides an important hint
relating to material properties such as magnetism and optical
properties.
It is possible to calculate the XAS or EELS spectrum of a 3d

transition metal if the value of the materials parameter is given.
The calculation for XAS and EELS spectra is usually performed
based on atomic multiplet calculations with crystal field multiplet
and charge transfer multiplet calculations12 or first-principles
calculations.13–15 The spectral shape very complicated and the
estimation of materials parameter (crystal field parameter) directly
from the spectrum should be ill-posed inverse problem and

Received: 5 October 2018 Accepted: 7 March 2019
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機械学習によりX線吸収スペクトル解析の自動化に成功
データの類似度に着目し定量的なスペクトルの解析を実現

Y. Suzuki, K. Ono et al., npj Comp. Mat. 5, 39 (2019).



解析自動化のためのワークフロー

Y. Suzuki, KO et al., npj Comput. Mater. (2019)



X線スペクトルからの物理量の推定

de Groot, F. et.al., Phys. Rev. B 42, 5459–5468 (1990).

de Groot, F. & Kotani, A. Core Level Spectroscopy of Solids. 
(CRC Press, 2008).



X線スペクトルデータの低次元への次元削減と可視化

計測スペクトルと予測したスペクトル

多次元尺度構成法（Multi-dimensional 
scaling (MDS)）によるスペクトルデータ
の次元削減と可視化

Measured MnO spectrum

Predicted spectrum
（calc.、Mn2+, 10Dq = 0.9eV）



計測データに用いられる種々の距離尺度（類似度）

• Euclid distance

• Cityblock distance

• Cosine distance

• Pearson correlation coefficient 

• Jensen-Shannon Divergence

• Dynamic Time Warping

• Earth Mover’s Distance



類似度に求められる性質：ノイズに対する冗長性

• ピアソン相関係数やコサイン類似度がノイズに強い類似度になっている• 適切な類似度（距離尺度）を使う・作ることでノイズに強い計測が可能に

ノイズ大Sim
ila
rit
y 良い

+

X線吸収スペクトル（シミュレーション） 人工的にノイズを付加



類似度に求められる性質：分解能に対する冗長性

分解能に対する類似度の冗長性

低分解能

Sim
ila
rit
y 良い

• ピアソン相関係数が分解能に強い類似度になっている
• 適切な類似度（距離尺度）を使う・作ることでノイズに強い計測が可能に



類似度に求められる性質：物理量への対応

10Dq

Reference

XAS spectra



物理量の自動推定
Estimate the physical parameter (10Dq) from 
experimentally obtained XAS spectrum of MnO

• From the similarity with Pearson metric
Estimated 10Dq = 0.9 eV
• Identical to estimated value of professionals （0.9 eV）

Experiment

Reference（simulated）
How similar?

We can estimate the physical parameter directly 
from XAS/EELS spectra

10Dq (eV)
0.0 0.5 1.0 1.5 2.0 2.5

0.0

0.2

0.4

0.6

0.8

1.0

Y. Suzuki, KO et al., npj Comput. Mater. (2019)



まとめ

物質・材料の計測のハイスループット化には下記の要素が重
要だと考え、それぞれについて研究を行なった

• 統計的手法を用いた計測システムの効率化
• カーネル密度推定 (KDE) を用いた小角散乱実験の高速化

• 最適な実験計画を自動で策定する方法論
• ガウス過程を用いたX線スペクトルの適応型実験計画

• 計測データ解析の自動化
• 次元縮約と類似度を用いたX線スペクトル解析
• 機械学習によるX線回折パターンの解析

kanta.ono@kek.jp


