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Decoding Phases of Matter by Machine-Learning Raman Spectroscopy
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Phase transitions of condensed matter have long been a spotlight issue studied by extensive theoret-
ical and experimental investigations. Machine learning can build an integral model-dominant workflow
to statistically analyze the collective dynamics of materials and deduce the structure. We use a support-
vector-machine algorithm to propose an effective method to recognize the orthorhombic, tetragonal, and
cubic phases as well as to construct the phase diagram in ferroelectric crystals by mining and learning the
behavioral vectors of the phonon vibrations in a crystalline lattice from Raman scattering, which is a tool
typically used to detect structural properties at the molecular level. This study creates a unifying frame-
work including material synthesis and characterization, feature engineering and principal-component
analysis, learner evaluation and optimization, structure prediction, and future development of the model. It
paves the way to the application of a generic approach for predicting unexplored structures and materials
in the future.
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I. INTRODUCTION

Machine learning, as a subfield of artificial intelli-
gence and a powerful tool for the generation, testing, and
refinement of scientific models for processing massive
datasets, has gradually been applied in material science
[1–5]. The success of materials informatics creates more
opportunities for progress in material design, synthesis,
experimental characterization, and computational model-
ing [6–13]. Of high interest is the use of machine learning
to determine phases of matter [14–18]. Understanding
structure and phase transition is an important topic in
condensed-matter physics, and is generally dependent on
the collective effects of structural, electronic, quantum, and
topological dynamics. Traditional approaches to directly
define a phase rely mainly on calculating order param-
eters, which may sometimes be confusing to physicists
because some order parameters are unmeasurable, such
as entanglement entropy, or cannot be identified, such as
topologically ordered states [14,19,20]. Machine learning
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is helpful to resolve this undesirable situation. Neural-
network models have been theoretically used to find the
topological quantum phase transition [15,17], the many-
body-localization transition in a disordered quantum spin
chain [17], and the ferromagnetic-paramagnetic transition
in the Ising model [14,16,17]. Furthermore, k-means clus-
tering was used to determine the MB-MC phase diagram
of Pb(Mg1/3Nb2/3)O3-PbTiO3 crystals by the mining and
learning of piezoelectric relaxation responses [18].

Typically, x-ray and neutron diffraction, magnetic and
spin resonance, and molecular vibrational spectroscopy
are useful and technically complementary for deduc-
ing structural information in multifield environments
[21–24]. Exploring new material and structural properties
is often assisted by methods such as computational simula-
tion. Fortunately, the application of machine learning can
build a unifying framework in material research, enabling
the synergy of experimental characterization and analytic
modeling [1]. For example, machine learning is capable
of understanding spectral features from x-ray absorption
spectra to interpret the structural and electronic properties
of a material [9,25,26]. An appropriate machine learner
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and accumulative experimental dataset may result in a
revolution to gradually transfer human-dominant study of
material science to a machine-dominant one [3,7,8].

A highly correlated kernel model based on a Raman-
scattering spectral database is developed here to rec-
ognize ferroelectric (F) phases and construct the phase
diagram. Raman spectroscopy is used to provide a struc-
tural fingerprint at the molecular level, which is sensi-
tive to nonuniform distortions of the crystal lattice in
short-range ordering [27–31]. It provides crucial evi-
dence toward demonstrating structural details of almost all
known ferroelectrics, from Rochelle salt to PbZrxTi1−xO3
and environment-friendly (K, Na)NbO3 [32–39]. A large
Raman spectral dataset can be built to develop predictive
models for future structural investigations. We use a super-
vised support-vector-machine (SVM) algorithm to propose
a kernel learner for deducing ferroelectric orthorhombic
(O) and tetragonal (T) and paraelectric (P) cubic (C)
phases. Finding the descriptors for a learner depends on
quantifying thermal-phonon dynamics from a scattering
spectral dataset. The optimized model learns the rules that
underlie Raman spectra by assessing phonon behaviors
of lattice vibrations. The present study demonstrates an
integral process in machine learning ferroelectric phases:
sample preparation and experimental characterization; data
generation and engineering; model selection, evaluation,
and optimization; structural prediction.

II. MATERIALS AND METHODS

The 0.95K0.5Na0.5NbO3-0.05LiNbO3 (KNN1) single
crystal is grown by the flux-Bridgman method. The 0.25
at. % Mn-doped 99.6K0.5Na0.5NbO3-0.4LiBiO3 (KNN2),
0.37 at. % Mn-doped 99.6K0.5Na0.5NbO3-0.4LiBiO3
(KNN3), and 0.6 at. % Cu-doped 99.6K0.5Na0.5NbO3-0.4
LiBiO3 (KNN4) single crystals are prepared by the seed-
free solid-state crystal-growth method. The synthesis pro-
cedures can be found elsewhere [32,33,40–44]. Raman
spectra are recorded with use of a Jobin-Yvon LabRAM
HR Evolution spectrometer and a THMSE 600 heating and
cooling stage (Linkam Scientific Instruments) in the ther-
mal cycle. A ×50 microscope with a working distance of
18 mm and an excitation laser with a wavelength of 532 nm
are used. The spectral resolution is less than 1 cm−1. The
laser power focused on the sample is about 4 mW, so the
heating effect from the laser beam can be ignored. Raman
signals are collected by an air-cooled charge-coupled
device with a grating with 1800 grooves/mm. For com-
parison and for removal of the contribution from the Bose-
Einstein population factor, Raman data are corrected by the
Bose-Einstein temperature factor, n(ω, T) = 1/[exp(�ω/

kT) − 1], where �, ω, k, and T are the reduced Planck
constant, phonon wave number, Boltzmann constant, and
temperature, respectively. Descriptor generation depends
on quantifying phonon dynamics by decomposing Raman

scattering peaks into a series of bands with the assump-
tion of a Lorentzian-line-shape approximation according
to the damped-harmonic-oscillator model. Because the
specific descriptor matrix xij is composed of scattering
characteristics and a derived parameter, intensity I(ω),
phonon frequency ω, linewidth W, and I(ω)/W with dif-
ferent dimensions and units, the input matrix is scaled and
normalized to ensure comparability among descriptor vec-
tors and improve the performance of the classifier. All data
analysis and visualization is supported and processed by an
open-source program and PYTHON packages, scikit-learn
and matplotlib [45,46].

III. RESULTS AND DISCUSSION

Machine learning Raman spectra based on the radial-
basis-function- (RBF) kernel SVM algorithm is used to
realize a binary classifier for identifying F and P phases,
and also a three-classification learner for O, T, and C
phases. Figure 1 shows the fundamental framework for
learning phase recognition. Depending on the infinite-
dimensional mapping mechanism by the Gaussian kernel,
the model is expected to learn hundreds of Raman spectra.
We first create an experimental dataset by characterizing
Raman scattering from 356 spectra in total at 150–800 K
of doped K0.5Na0.5NbO3 (KNN) single crystals (KNN1,
KNN2, KNN3, and KNN4) prepared by different synthesis
methods. Each input vector is associated with an origi-
nal spectrum at the related temperature and phase label.

FIG. 1. Workflow of the machine-learning Raman-spectrum-
based ferroelectric-phase-identification framework using a
supervised algorithm, which contains descriptor generation,
training, and testing procedures. Solid blue arrows show that
descriptors xij collect information on each phonon [A1g(ν1),
Eg(ν2), M+, etc. marked in the spectral examples] dynamics
from the fitted scattering peaks under a thermal process.
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All input vectors collected from the experimental dataset
are randomly divided into a test set and a training set in
a ratio of 0.2:0.8, where the supervised SVM algorithm
allows the assignment of an objective label to follow the
corresponding individual input vector. Simultaneously, a
trained model can predict each test vector one by one, and
mark the predicted class with the known temperature. In
addition, a k-fold cross-validator is used to evaluate the
performance of the trained model by providing training
and cross-validation indices to split the dataset into k con-
secutive folds, where an appropriate and common k = 10
is set in this study. During the tenfold cross-validation,
each fold is used once as a validation set, while the nine
remaining folds form the training set.

The core issue dominating reliable prediction is to
understand the physical connection between the set
of descriptive parameters (descriptors) and the phase-
transition mechanism. In other words, feature engineering
requires insight into the underlying physical nature of the
raw spectra. Ghiringhelli et al. [6] proposed the discrete
dataset {Pk, xij } to define the physical relationship between
the descriptor vector xij and the material property Pk,
which is associated with the phase-transition property in
this study. Generally, the phase-transition property Pk can
be characterized by a string of structural variables, such
as spontaneous polarization PS, molecule polarizability
αij , bonding strength, bond length, and bond-angle distor-
tion �ϑ , as Pk{PS, αij , �ϑ . . .}. Then, the generation of
the descriptor vector xij depends on linking the physical
correlation with Pk{PS, αij , �ϑ . . .}.

Studying the phase transition by Raman scattering
focuses on exploring the phonon characteristics of each
vibrational mode [27–30]. The deconvolutions of the
Raman spectra present quantitative information (peak
position, linewidth, and intensity) on each scattering peak
by using a series of Lorentzian curve fittings. For exam-
ple, as shown in Fig. 1, two spectra observed at 153
and 693 K are associated with the O phase and the C
phase, respectively, showing the fitted peaks correspond-
ing to various phonon modes. We construct the set of
descriptors associated with thermal-phonon dynamics of
the ferroelectric KNN lattice. The RBF SVM model learns
the phonon characteristics and interprets their variations
for different temperatures and phases. In detail, the KNN
lattice has the space group Amm2 (C14

2v) with Raman-
active 4A1 + 4B1 + 3B2 + A2 optical modes. Except for
the B1 + B2 + A1 mode at around 860 cm−1, which is a
longitudinal optical vibration mode, the other modes are
transverse optical vibration modes. The molecular vibra-
tions of the doped KNN lattice consist of the transla-
tional modes of the A-site alkaline cation (M+) and inter-
nal modes of octahedral NbO6, the 1A1g(ν1) + 1Eg(ν2) +
2F1u(ν3, ν4) + 1F2g(ν5) + 1F2u(ν6) stretching and bend-
ing modes. As plotted in Fig. 1, the Raman spectra show
that the phonon of each vibration is mainly excited below

300 cm−1, at 500–650 cm−1, and near 860 cm−1. With
the wave number increasing from 80 to 900 cm−1, in
turn, the colored Lorentzian-shaped peaks reflect the lat-
tice vibrational modes of M+, ν5, ν2, ν1, and ν1 + ν5,
respectively. The ν1 + ν5 mode in the C phase disappears.
Temperature dependence of the phonon frequency ω is
regarded as one of the criteria to study phase transitions.
However, the phonon frequency is sensitive to the change
of the covalent-bond length. The frequency shift is addi-
tionally derived from thermally induced distortion of the
lattice and phonon-phonon interaction. Descriptors involv-
ing frequency-related items would enable the classifier to
distinguish a phase transition (atom arrangement) from the
other factors from the anharmonicity of the potential act-
ing on atoms in the lattice. To ensure the classification
output derives from the phase transition and not from fac-
tors mentioned above, the optimized relaxation factor C
of the supervised RBF SVM algorithm is generally used
to increase the accuracy and robustness of the classifier
by examining the error samples and trading off the input
against maximization of the decision function’s margin.

Thermally induced phase transition of the ferroelectric
KNN crystal is associated with the discontinuous evo-
lution of the molecular polarizability αij . As a function
of the coordinate Qk displacement of nuclei (∂αij /∂Qk),
the polarizability represents the dynamical interaction in a
bound system with the external field of light, and reflects
the molecular symmetry. If one solely considers the anti-
Stokes line, the Raman-scattering intensity is proportional
to (∂αij /∂Qk)

2
0, where ()0 denotes the value for a molecule

in the equilibrium state [27,47]. The set of descriptors
xij additionally consists of the scattering characteristics
related to intensity I(ω) and linewidth W, where the lat-
ter is typically used to study the degree of crystallinity
experimentally. A physical representation of the scatter-
ing frequency, intensity, and linewidth can be defined with
respect to the Gaussian-distribution eigenfunction as

I(ω) ∝
∫

e[−(qL/2)2] dq2

[ω − ω(q)2] +
(

W0
2

)2 , (1)

where q is the wave vector, L is the equivalent diameter
of a molecule, and W0 is the sum of the peak linewidth
of the bulk crystal and the spectrometer broadening [48].
The linewidth of the scattering peak for the transverse
optical mode is proportional to the bond-angle distortion
�ϑ of the molecule. The equivalent diameter L in a sym-
metric crystallite reflects the defect concentration of the
crystal. With increase of temperature, phase transition is
accompanied by thermal evolution of these lattice parame-
ters. An appropriate derived parameter, I(ω)/W, based on
the linewidth and intensity is also chosen as a component
of the input descriptors, because the derived parameter
will increase the robustness and accuracy of the model
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during the feature engineering. Consequently, the multi-
dimensional descriptor vector xij from phonon dynamics
over a range of temperatures as xij : {ω, I(ω), W, I(ω)/W}
is a physically meaningful parameter to describe ferroelec-
tric phase transition. In detail, a descriptor vector consists
of four components, where the first component is the
phonon frequency, the second and third components are the
corresponding intensity and linewidth, and the fourth com-
ponent is the derived parameter I(ω)/W. All components
are extracted from Raman spectroscopy at the frequency of
80 to 900 cm−1.

Each set of descriptors could correspond to O, T, and
C phases or F and P phases, which are labeled as the
objective variables yi of integers 0, 1, or 2, respectively.
Whole descriptors xij and the label vector yi with the opti-
mized hyperparameters are input synchronously and used
to build the classifier. However, during the setting up of
the descriptor and objective matrices, we notice to solve
the individual difference problem for each sample with the
different number of features for various phases and tem-
peratures. To increase the model performance and ensure
learning of all the phonon characteristics collected at each
corresponding temperature, the model requires the vec-
tor space contain all phonon characteristics collected from
the Raman spectrum with the greatest number of phonon
modes. Each phonon characteristic is considered as a part
of the vector space. For other spectra, if their number of
phonon modes is less than the space capacity, the program
adds a null bit into this vector space. In this case, the model
can be trained by learning all phonon information extracted
from the original spectrum.

The supervised RBF SVM algorithm requires the
input descriptors in the input space � to be implicitly
mapped into an infinite-dimensional feature space 	, 
 :
� → 	, by a Gaussian kernel, K(xi, xj ) = 
(xi)T
(xj ) =
exp[−(‖ xi − xj ‖2/2σ 2)], where the corresponding con-
version function is 
(x) = ∑∞

i=0 exp(−x2)
√

(2i/i!)xi,
xi and xj are the input samples, and σ is the standard
deviation. This kernel function is a monotonic function
of ‖ xi − xj ‖2, which is the Euclidean distance between
vectors xi and xj. Then a set of hyperplanes, constructed in
the space 	, realize the maximum margin to support vec-
tors (the nearest training data point) of any class. There are
two key parameters for optimizing the RBF SVM model,
C and γ . The relaxation factor C trades off the correct
classification of the training data against maximization
of the decision function’s margin. The parameter γ intu-
itively defines how far the influence of a single training
sample reaches, satisfying γ = 1/(2σ 2). The evaluation
and optimization of the model is an indispensable pro-
cess before the prediction of a new spectrum. The different
values of C and γ directly determine the bias and vari-
ance of the RBF SVM learner, which represent the error
from a false assumption and the training set’s small fluc-
tuations, respectively. We use a k-fold cross-validation

method to evaluate the model by calculating the cross-
validation accuracy for different values of C and γ as well
as to study the learning curve, which is used to estimate
the performance (overfitting or underfitting) of the trained
model. The cross-validation accuracy for different values
of C and γ can be examined from a parameter heatmap.
The learning curve and parameter heatmap used as the
evaluation tools for model performance are not restricted
by the size of the training dataset.

Figure 2(a) shows a numerical heatmap of the cross-
validation accuracy as a function of C and γ for F-P
classification. The greatest validation score is 0.997, for
γ = 0.1 and C = 10 and for γ = 0.01 and C = 100. For
the O-T-C phase transition, the greatest cross-validation
accuracy is 0.987, for γ = 0.1 and C = 10 and for γ =
0.1 and C = 1000 [see Fig. 2(b)]. The learning curves
[Fig. 2(c)] confirm the excellent validation performance of
the model without underfitting or overfitting. The cross-
validation accuracy increases gradually, approaching the
training performance of more than 0.99. Detailed cross-
validation results are presented in Fig. S1in Supplemental
Material [49].

The well-trained classifier predicts the phase diagram of
two sets of new Raman spectra of KNN crystals prepared
by different methods. The temperature-dependent phase
diagram in Fig. 2(d) is predicted and reveals that the Curie
temperature (TC) is at around 688 K, corresponding to P-F
or C-T transition, and the T-O phase transition occurs near
413 K. Next we investigate details of the test dataset of
scattering spectra (163—768 K) in Fig. 2(e) to check the
prediction accuracy. Phonon modes of A1g(ν1) (600 cm−1)
and F2g(ν5) (260 cm−1) as strong scattering are associ-
ated with a near-perfect equilateral octahedral symmetry
believed to be C14

2v . As the temperature rises from 163 to
413 K and from 418 to 688 K, the apparent redshift of
the peaks near 270 and 600 cm−1 results from phonon-
phonon interaction and thermally induced deformation of
the lattice. In terms of the first-order phase transition of the
KNN lattice, the temperature (T) is considered as the only
variable of the system to investigate the transition process.
Thermal dynamic equilibrium can ensure the Gibbs free
energy [G(T)] is minimized at the phase transition. The
change of entropy and spontaneous polarization, −∂G/∂T,
is intrinsically discontinuous at the T-O or C-T transi-
tion. Symmetry breaking and structural reconstruction in
lattices are directly related to transformation of internal
vibrational modes. Thus, the phonon frequencies ν1 and
ν5 will shift during the phase transition. The shifts marked
by asterisks at 413–418 K correspond to the T-O transi-
tion. At high temperature, corresponding to higher lattice
symmetry, the peaks gradually become wider than those
at low temperatures. The ν1 + ν5 peak near 860 cm−1

almost disappears in the C phase. A high-symmetry C
phase is associated with temperatures above 688 K. There-
fore, on the basis of the comparison between the spectral
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(a)

(d) (e)

(b) (c)

FIG. 2. Numerical heatmap of the cross-validation accuracy of the model as a function of C and γ for (a) F-P and (b) O-T-C phase
transitions, respectively. (c) Learning curves of models for γ = 0.1 and C = 10. The number of training samples is 249, accounting for
80% of the training dataset, while the remaining 20% is used for random cross-validation. (d) Predicted temperature-dependent phase
diagram. O-T and T-C (F-P) phase transitions are predicted to occur at around 413 and 688 K (TC), respectively. (e) Raman spectra
as the test dataset collected in the temperature range from 163 to 768 K. Lorentzian-shaped deconvolution at 413 K distinguishes the
different phonons. The arrows mark thermally induced redshift. The asterisks mark the change of peaks at the phase transition.

analysis and the predicted results, the RBF SVM model
exhibits appropriate performance in predicting the phase
and constructing a predicted temperature-dependent phase
diagram from test spectra.

Another set of test data come from the literature [32,40],
to avoid the effect of similar doping compositions of other
KNN samples. The classifier is retrained with the great-
est validation score of more than 0.99, as shown in Figs.
S2(a)–S2(d)in Supplemental Material [49]. In this case,
the predicted phase diagram [Fig. S2(e) in Supplemental
Material] shows that the O-T phase transition is located
at 420–440 K, and the F-P (T-C) transition temperature
(TC) is at 700–710 K. This result is consistent with the
result reported according to temperature-dependent dielec-
tric permittivity [40].

Data heterogeneity of the Raman spectral database
for one material is derived from the structural proper-
ties themselves, such as phase transition, doping, lattice
polarization, crystallinity, and anisotropy, or some exter-
nal factors, such as temperature, pressure, electric field, or
magnetic field. A robust classifier should increase preci-
sion and generalization ability for phase recognition from
temperature-dependent Raman spectra by enriching the
experimental training dataset, except for the appropriate

collection of the descriptor. However, with the available
data increasing, this machine learner would experience
new challenges, such as curse of dimensionality and more
noise. The curse of dimensionality is a big drawback for
the RBF SVM model with the data expansion, resulting in
decreased computational capacity and an unexpected pre-
diction. Fortunately, principal-component analysis (PCA)
as an unsupervised algorithm can effectively overcome the
problems and realize data denoising and dimensionality
reduction for an expanded Raman spectral database [18].

The PCA procedure allows the input matrix X involv-
ing temperature-dependent phonon behavior to be prepro-
cessed before the eigenvalues and eigenvectors are solved
using singular-value decomposition. All columns in eigen-
vector matrix P are sorted in order of decreasing eigen-
value. Then the expected matrix Y (m × n) is obtained
according to YT = PX T, where m is the sample size, n
is the number of features, and each column of Y is the
linearly uncorrelated principal component partially inter-
preting phonon information from the raw Raman spectra.
The explained variance ratio (EVR, η) is the percentage of
variance explained by the selected first k principal compo-
nents to the total variance of whole dataset, as given by η =
1 − ∑

k xii/
∑

n xii. In Fig. 3(a), we examine the EVR of all

054049-5



ANYANG CUI et al. PHYS. REV. APPLIED 12, 054049 (2019)

(a)

(b)

(d)

(c)

(e)

FIG. 3. (a) Ratio of the cumulative variance explained by the
principal components. (b)–(e) The relative distribution of the first
12 principal components.

principal components representing a random selection of a
raw spectral dataset, which is extracted from O, T, and C
phases. The first six components can explain 82.6% of the
variance. It will require the first 12 and 22 components for
the EVR to reach more than 95% or 99%, respectively. We
define a three-dimensional space to visualize the relative
distribution of the first 12 components in Figs. 3(b)–3(e).
As the known-phase data, the individual sample (each row
of Y) with its phase label (O, T, and C) is depicted by differ-
ent markers. The first six components, especially the first
three as the most-principal components, can clearly sepa-
rate the data samples into O, T, and C phases according
to their top-three EVRs. Compared with the data repre-
senting the O phase or T phase, the data for the C phase
exhibit less dispersion and variance. With the decline in
the importance of the component, the data for the O and T
phases gradually converge to those for the C phase, leading
to an ambiguous distribution. Therefore, PCA technology
efficiently reduces the dimensionality of raw spectra by
extracting the eigenvalues, whose corresponding eigenvec-
tors can maintain phonon characteristics among different
phases. The use of the unsupervised method further results
in the phase-recognition model better understanding the

variation of the phase transition with the basic phonon
information. It is beneficial to not only increase the per-
formance and accuracy of a ferroelectric phase classifier
but also to increase the efficiency and robustness.

The use of PCA and a classifier algorithm provides an
additional opportunity to process a larger dataset based
on thousands of Raman spectra. In addition to PCA, RBF
SVM, and algorithms such as neural networks, other algo-
rithms or an ensemble of different algorithms could also be
used to build a structure classifier [16,18]. Data on molec-
ular vibration and phonon dynamics in a broader range of
materials beyond ferroelectrics are easily collected from
Raman-scattering or infrared-reflection techniques. Their
structural recognition learners would expect to be effi-
ciently established on the basis of a database of molecular
spectra by learning the lattice details of the collected
phonon vibration dynamics. Besides, a more-robust inte-
grated learner for phase identification may further require
continuous improvement of the programmable framework.
An additional way to improve a good phase-prediction
learner is to design it to obtain the probabilities of each
phase instead of a single class. The appropriate probabil-
ity results of structural phase investigations would provide
more insights for understanding the structural informa-
tion of materials in condensed-matter systems. This study
provides a road map and effective attempts at structural
phase recognition by machine learning Raman scattering.
Future studies are expected to realize a powerful machine-
oriented model for determining phases and more structural
properties of materials.

IV. CONCLUSION

In summary, a well-trained machine-learning model
based on Raman spectra is capable of determining ferro-
electric phases by mining phonon dynamics. This work
provides a clear demonstration of the integral workflow for
building a phase classifier from material synthesis to struc-
tural prediction. It highlights that model evaluation and a
flexible optimization process can clearly ensure the trained
model is the best optimized one. The present method could
be extended to broader applications on organic or inor-
ganic materials, chemical representations, and biological
recognition [50,51].
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