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ABSTRACT

Advancements in the field of renewable energy resources have led to a growing demand
for the analysis of light elements at the nanometer scale. Detection of lithium is one of
the key issues to be resolved for providing guiding principles for the synthesis of
cathode active materials, and degradation analysis after repeated use of those materials.
We have reviewed the different techniques currently used for the characterization of
light elements such as high resolution transmission electron microscopy, scanning
transmission electron microscopy (STEM), and electron energy-loss spectroscopy
(EELS). In the present study, we have introduced a methodology to detect lithium in
solid materials, particularly for cathode active materials used in lithium ion battery. The
chemical states of lithium were isolated and analyzed from the overlapping multiple
spectral profiles, using a suite of STEM, EELS and hyperspectral image analysis. The
method was successfully applied in the chemical state analyses of hetero-phases near
the surface and grain boundary regions of the active material particles formed by

chemical reactions between the electrolyte and the active materials.
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INTRODUCTION

Detection and quantification of light elements such as hydrogen and lithium, both
of which are important for the research and development of next generation energy
storage/production related materials, have long been an issue in microanalysis by
electron microscopy. Although there are a number of techniques for
detecting/quantifying the light elements, microscopic techniques, particularly those
attached to transmission electron microscopy (TEM) are widely exploited due to their
atomic-scale spatial resolution. One of the most popular analytical techniques associated
with electron microscopy is energy-dispersive X-ray (EDX) spectroscopy. The
conventional EDX instrument cannot detect elements lighter than boron, because of the
strong absorption of these elements by the surface layers and the surrounding heavier
elements, and the typical use of the beryllium window. In exceptional cases, a specially
customized windowless EDX detector can detect lithium [1]. Wavelength-dispersive
X-ray spectroscopy with reflection geometry has been successful in lithium detection
and its chemical analysis [2]. However, the light elements yield Auger electrons as a
dominant relaxation process rather than the characteristic X-rays, after the excitation of
the core-electrons [3], which make detection of X-ray fluorescence from light elements
even more difficult.

High-resolution transmission electron microscopy (HR-TEM) and scanning TEM
(STEM) techniques, particularly with the recent development of the aberration
correction technology have opened up the possibility for direct observation of lithium
[4-6]. Nevertheless, their applications are limited to thin materials with high crystallinity,
oriented precisely with a low-order zone axis parallel to the direction of the incident

beam. Apart from the detection and quantification of lithium, it is important to probe the
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different chemical states of the metal over a wide area in the form of spatial distribution
maps on the nanometer scale, which is not possible by HR-S/TEM.

A promising alternative is electron energy-loss spectroscopy (EELS) attached to
TEM. It probes the local chemical bonding environments of specific elements and is
particularly effective for light elements [7]. For the research and development of energy
storage devices such as lithium-ion batteries (LIB), it is crucial to investigate the
chemical states of lithium in localized regions. This is because the performance of the
battery strongly depends on the reversible extraction/insertion processes of lithium ions
from the surface of the electrode material during the charge-discharge cycles. In
addition, by scanning the focused electron beam down to a sub-nanometer size over the
entire region of interest, it is possible to visualize the spatial distributions of lithium and
its electronic states; this technique is known as STEM-EELS spectral imaging (SI) [8].
However, in the case of promising active materials for positive electrodes such as,
LiM,Oq4 (spinel), LiMO; (layered rock-salt) and LiMPOy, (olivine) (M = Mn, Fe, Ni, Co),
the transition metal M, 3 edges (TM 3p — 3d*) and the Li K edge (Li 1s — 2p*) have
very similar energy loss values. Therefore, it is not possible to extract information about
lithium from the spectra merely by selecting the lithium absorption edge with an energy
slit. Kikkawa et al. determined the lithium distributions in Li; ;Mng 4Fe( 4O, particles by
taking the second derivative of each spectrum to separate the primary sharp peak of
Li-K energy-loss near-edge structure (ELNES) spectrum from the overlapping M3
edges of the transition metals [9]. However, this method cannot be used to intensively
investigate the chemical states of lithium and other elements since it does not allow the
extraction of the entire fine structures of the spectra.

In the present review, we focus on the analysis of the chemical states of lithium
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using S/TEM-EELS in combination with the hyperspectral image analysis. The spectral
image data were used for the detailed chemical analysis of lithium by isolating the entire
profiles of the overlapping component spectra. As an example, the application of the

method to LIB cathode active materials has been presented.

METHODS
Experimental techniques for the detection of lithium by S/TEM-EELS

There are a number of ways to construct an SI dataset in S/TEM-EELS, and each
method has its advantages and drawbacks [8]. Once a data cube is obtained, the same

mathematical procedure can be applied regardless of the method used.

STEM-EELS-S1

The STEM-EELS-SI scheme is shown in Fig. 1(a). This method allows us to
flexibly select the spatial/spectral resolution by appropriately setting the probe-size, the
scan step width, and the detector dispersion. The anticipated spatial and energy drifts
can be compensated in the latest commercial spectrometers using the optional functions
in the controlling software platform. The spatial drift is unavoidable in the case of
prolonged data collection time while scanning larger areas. The energy drift correction
can be performed as a post-acquisition process because the zero-loss peak (ZLP) can be
included while recording the spectral range of Li K spectrum. As a drawback, the
focusing of the high density electron beam may modify or deteriorate the sample.
Microscopists must pay attention to this aspect and optimize the accelerating voltage of
the microscope, the probe size, the beam current and the duration required for a single

acquisition in order to avoid damage to the sample. Cathode active materials tend to be
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relatively radiation resistant when optimum conditions are used, whereas, anode
materials and electrolytes are usually very sensitive to the high energy electron beam. In

such cases, specimen cooling is often very effective.

EF-TEM-SI

Energy-filtered TEM is another method for detection of lithium, and is
schematically shown in Fig. 1(b). However, in practice, this option is not always
suitable for visualizing lithium distribution because the higher-order plasmon peak may
overlie the onset of the Li K-edge, in which case, an appropriate pre-edge subtraction
scheme can fail in the three-window EF method. The energy resolution is limited by the
slit width of the energy filter used, which is usually set to a lower limit of 1 eV. For
detectors with the specification of ultra-high resolution, the slit width may be as small
as 0.1 eV [10]. The spatial resolution can be determined by the image magnification and
the effective detector pixel number. EF-TEM allows the use of a defocused beam and

may be effective for radiation-sensitive materials.

SR-EELS-SI

The third option for detecting lithium in radiation-sensitive materials utilizes the
one-dimensional chemical information such as the relative chemical shift and/or spectral
profile variation as a function of the distance normal to the surface/interface at the cross
section of a layered sample. This method is called spatially resolved EELS (SR-EELS)
which takes advantage of the position-sensitive detector based on a charge coupled
device (CCD) [11,12]. The experimental setup of SR-EELS is schematically shown in

Fig. 1(c). The sample is set so that the dispersion direction of the detector is parallel to
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the interface. Further, each row in the 2D CCD image data corresponds to an EEL
spectrum from the layer of the corresponding vertical coordinate in the sample included
in the rectangular aperture, averaged over the lateral dimension of the aperture. The
vertical resolution depends on the image magnification and the area of CCD used for the
spectral recording. SR-EELS technique was recently applied to an all-solid-state LIB

[13] for visualizing the lithium content profile near the electrolyte/electrode interface.

Hyperspectral image analysis: Why is it necessary?

Figure 2 shows the ELNES spectra of LiF and representative 3d transition metal
(TM: Mn, Fe, Co, Ni) oxides located around the energy loss range of 50-80 eV. As
mentioned in the Introduction, the M, 3 spectra of TM are located at very similar energy
ranges and could possibly conceal a part of the fine structure of Li K ELNES. Another
difficulty in EELS analysis of lithium is the pre-edge background subtraction in thicker
samples, because the third order plasmon peak (around 50-70 eV) could be overlaid
near the energy-loss range. It is thus advisable to set the sample thickness to a value less
than 0.4, where A is the mean free path corresponding to the scattering cross-section
for plasmon excitation, even though the Fourier-log deconvolution [7] is applied to
obtain a single scattered spectrum. However, a small hump could not be completely
removed even after pre-processing, as will be shown in the later sections. The ELNES
spectra of this region obtained from several representative lithium compounds and LIB
cathode materials are shown in Fig. 3. It is well recognized from the ELNES spectra of
Li,O and LiF that the fine structural signatures vary significantly depending on the
chemical state of lithium. However, it is not easy to distinguish the Li K ELNES

spectrum from the overlapping spectra of lithium and/or the transition metals involved.



Microscopy

Irrespective of using the finger printing method or first principles theoretical spectral
prediction, it is necessary to isolate the Li K ELNES spectrum from the overlapping
spectral profiles for interpreting the chemical states of lithium.

An indirect method to identify the chemical states of lithium is to examine the
chemical states of the elements chemically bonded to lithium. In ionic ceramics such as,
oxides, fluorides, and cathode active materials for LIB, the chemical changes of the
other constituent elements such as transition metal elements can be used to determine
the chemical state of lithium through the local electrical neutrality condition. Although
it is not possible to directly analyze the lithium spectrum, the corresponding change in
the chemical state can be detected from the spectra of the anions bonded to lithium, the
corresponding valence changes of the transition metals, and the fine structures of the
oxygen spectra [13,14,15]. However, the different spectral profiles may get overlapped
when the regions exhibiting different chemical states are spatially overlapped, and
spectral isolation again becomes necessary [14,15].

In order to solve the above problem, hyperspectral image analysis has been applied
[16]: the spectral intensity in the collected STEM-SI or EF-TEM-SI data is a function of
the two-dimensional position (x, y) on the sample and the absorption energy E,
expressed in a three-dimensional matrix form (data cube), D(x, y, E). A number of
attempts to statistically extract a few basis spectra and their contributions at individual
positions have been reported, with the assumption that the spectral intensity, S(E) at
each sample pixel is represented by a linear combination of the basis spectra, si(£)

associated with the underlying chemical states or phases. Fig. 4(a) represents

K
S(E;j=12.,N,) =D c s (E;j=12,,N,), i=12 ... Ny (D
k
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For the convenience of mathematical manipulation, a data cube is often transformed to a
two-dimensional N, * N, matrix X, where Ny, = N, X N,, is the number of
pixels, i.e., the number of scanning steps N, (V,) along the x (y) direction, and N, is
the number of EELS detector channels used for the analysis. In this case, the
experimental spectrum at position (x, y) is stored in a row of matrix X. In the case of
SR-EELS data, the raw data in the two-dimensional form can be recognized as X as
such. The original data matrix X can then be approximated by the matrix product of C
and § in the following form (Fig. 4(b)):

X ~ SCT, or X =SCT +E, 2)
where, E denotes the Ny, * N, matrix for which the entry must be the statistical
error involved at each pixel in the experimental data. The superscript T denotes the
transpose. Each column vector of § (referred to as ‘loading’ in terms of multivariate
analysis) is a basis spectrum; each column vector of C (referred to as ‘score’) is the
relative fraction of a chemical state or phase (referred to as ‘component’) in the region
of interest, and each entry of the column vector of C represents the contribution of the
loading vectors at one sampling position. When K essential spectra exist in the
experimental data, then the basis spectra and the concentration coefficients can be
stored in the Ny, X K matrix C and the N., X K matrix S, respectively. The spatial
distribution of the i-th spectral component can then be reconstructed by selecting the
i-th column of C and rearranging the elements back to the original two-dimensional
order, as shown in Fig. 4(b).

There are a number of statistical approaches to determine a solution for Eq. (1)
using only the data matrix X, which includes a large number of elements with a

relatively small number of K. A statistical approach is expected to extract plausible C
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and § with much higher signal-to-noise ratios (SNRs) than for those picked up from the
small number of representative sampling points in a conventional manner (i.e.,
point-to-point analysis). Among the various statistical approaches to solve Eq. (1) and
obtain the unknown C and S, principal component analysis (PCA) [17-19] is one of the
most fundamental and popular methods. PCA successively casts mutually orthogonal
eigenvectors (basis vectors) and the associated score images (spatial distributions of the
corresponding basis vectors) in the order of significance, i.e., in the order of the
magnitude of the eigenvalues through the singular value decomposition of X. PCA
assumes that each pixel contains a linear combination of the principal components
satisfying the orthogonality condition, which usually provides physically meaningless
spectral profiles.

Our research group has applied an alternative method of non-negative matrix
factorization (NMF), or multivariate curve resolution (MCR), to solve Eq. (1) for the
analysis of EELS-SI [14,16]. This approach was followed because NMF naturally
restricts the score images and the basis spectra from being non-negative. On the other
hand, the methods based on PCA allow the images and spectra to accept negative values,
which hamper the direct physical interpretation of the resolved spectral profiles. We
adopted the modified alternating least-square (MALS) fitting algorithm [20] to solve a
number of problems such as the mapping of different phases in the degradation of the
LIB cathodes [14,15] and the chemical states of nitrogen in nitrogen-doped TiO,[21]. In
the NMF scheme, Cj;denotes the relative composition of the &-th component spectrum
(k-th column of S) at the i-th spatial coordination if the energy range covers a single
elemental spectrum and the spectral intensities are normalized by the area subtended by

each component spectrum [16].
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Non-negative matrix factorization with ALS is performed by simply minimizing the
squared error, ||X — SCT||?, which is the Euclidean distance between the experimental
and the reconstructed data. The basic idea of the ALS procedure is very simple and the

core algorithm is described as follows [20]:

C =rand(N,,,K);  %initialize C as random dense matrix
for i=1:maxiter

Solve for S in matrix equation SC'C = XC.

Set all negative elements in S to 0.

Solve for C in matrix equation S'SC"=S"X.

Set all negative elements in C to 0.

End

Here, maxiter is the number of iterations. The set of matrix equations in the for-end loop
is equivalent to the least-square fit and derives a set of compromise solutions for the
matrices C and S. In order to guarantee that the entries in C and S are non-negative, all
the negative entries are replaced by zero and the recursive arithmetic is repeated until
the matrices are eventually converged to the solution when all the entries are non-zero.
There are two serious and intrinsic difficulties in the conventional NMF method.
First, the optimization algorithm does not always converge to the optimal C and S,
because the optimization problem has multiple local minima (non-convex). Hence, the
best solution must be empirically selected by repeated optimizations of § and C from
different initial configurations. Second, NMF sets the number of the spectral

components in advance. The NMF technique was conventionally applied to the datasets
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for resolving the spectral components by increasing the number of components until the
spatial distribution of the residual component exhibits only statistical noise showing no
significant texture that correlates with the microstructure. Furthermore, the original
NMF-ALS or MALS procedure performed under certain conditions can yield a solution
of a major component spectrum and a difference spectrum between the major and the
minor components only if one of the pure components extends over a broader range
than the other [22]. Such a situation can occur when the minor component spectrum
does not oscillate with large amplitudes and the spectral components are not spatially
isolated. This difficulty is partially overcome by using a more recent NMF algorithm
[23], which has been applied to the examples studied in the present work. A detailed
description of the algorithms can be found in the literature [16,20,23,24].

Recently [24], we have proposed a new NMF method which can mostly overcome
the problems discussed above by imposing: i) a sparse penalty to optimize the number
of components, called automatic relevance determination [25], and ii) a spatial
orthogonal constraint on C [26]. The proposed schemes can successfully resolve the
physically meaningful components by reducing the search space for low rank matrices,
even in cases when the conventional NMF is unable to resolve the components

correctly.

RESULTS
We demonstrate here, several successful application examples wherein the NMF
method was used for the analysis of a promising cathode active material,

LiNio_gCOo.lsAlo.osoz (NCA) in LIBs [22,27]
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Sample preparation

LiNig3Coq.15Alp0sO, powder was synthesized by a standard co-precipitation
method. The positive electrodes were fabricated from NCA active material particles,
conductive carbon, and polyvinylidene difluoride binder. The positive electrodes were
assembled into cylindrical cells with negative electrodes of graphite and 1 M
LiPFs-EC/DEC electrolyte solution. After a few initial charge/discharge cycles, the cell
was discharged to 3.0 V and then disassembled. The positive electrode was collected
and washed in DEC to remove any residual electrolyte solution. The sample for TEM
analysis was prepared by focused ion beam thinning to produce a thin film (~100 nm
thick) of area ~10 pm?, which is equivalent to the area of a secondary particle. The
samples prepared by the above-mentioned procedure were procured from Toyota
Central R&D Laboratories Inc [14,22,27].

SI data were acquired at room temperature using a Jeol JEM2100 S/TEM
equipped with a Gatan Enfina 1000 spectrometer, with a probe size of 1-2 nm, a typical
acquisition time of 0.8 s, and a scan step of 10-30 nm. The energy dispersion was set to
0.1 eV/channel and the energy loss range was set from —10 to 120 eV including the zero
loss peak. The collected spectra were aligned so that the ZLLPs were located at the zero
energy position. They were then deconvolved by the Fourier-log method [7] to remove
the ZLPs and the multiple loss components. The Li K, Co, and Ni M, 3 ELNES spectra
start at around 58—65 eV so that they lie on the high-energy tail of the volume plasmon
peak. The spectra were then carefully isolated by subtracting the pre-edge background
using a power law and selecting an appropriate pre-edge region to extract the core-loss
spectra in the energy range of 56—80 eV. It has to be mentioned that a small blunt

pre-edge peak is also observed in the spectra of lithium-3d transition metal oxides,
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which corresponds to the transition to the 3d empty states of the transition metals. This

peak is not considered in the present study.

Theoretical prediction of spectral profiles

In order to clarify the origin of the extracted unknown spectral profiles, we
compared them with the theoretical Li-K ELNES spectra of several conceivable
candidates among the compounds of lithium. This was performed using the augmented
plane wave + local orbital (APW+lo) method within the generalized gradient
approximation in WIEN2k code [28] in order to compare the relative peak intensities
and the positions. The axis for the energy loss was calibrated using the experimental and
theoretical spectra of LiO and LiNiO,. We did not take the Co— and Ni-M,3 ELNES
spectra into consideration in the calculation. This was because the characteristic peaks
extracted in the energy range of 55-65 eV had to be derived solely from the Li—K
ELNES spectrum due to the delayed maxima of Co— and Ni—M, ;3 ELNES. It should be
noted that, in the case of the Li—K ELNES spectrum for which transitions from the
shallow core states are studied, theoretical predictions based on the density functional
theory generally do not always reproduce the experimental spectra well, particularly the
peak separation and the relative peak intensities. A recent theoretical approach that
involves solving the electron/core—hole Bethe—Salpeter equation (BSE) partly improves
the situation [29]. However, the BSE scheme cannot be applied to complex structures
such as the one in the present case due to its very high computational cost. The

discrepancy between the theoretical and the experimental spectra is not due to the
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disregard to the transition metals; rather, it is ascribed to the limitations of the discrete
Fourier transform scheme. The axis for the energy loss in the theoretical spectra was
calibrated so that the position of the first distinct peak of LiNiO, matches the

experimental one.

Formation of hetero-phase at the surface by reaction with electrolyte

Figure 5(a) shows the annular dark-field (ADF) STEM image of a secondary
particle of the active material (before the cycling tests). This particle is an
agglomeration of small primary particles with random orientations. The grains that
satisfy the conditions for strong Bragg reflection have bright contrasts. SI was
conducted in the region inside the red broken-line frame in Fig. 5(a), where the number
of sampling points was 300 x 300 pixels® with an interval of 10 nm. The extracted
core-loss spectrum from the entire region after subtracting the pre-edge background is
shown in Fig. 5(b). The expected energy values for the onset of Li-K, Co—M,3, and
Ni-M;; ELNES are indicated in Fig. 5(b). Since the latter two exhibited delayed
maxima, the sharp peak at ~62 eV is expected to belong to Li—K ELNES. All the other
features are contained in the broad peak appearing at 63—75 eV.

We first attempted to obtain an energy-filtered image by selecting the first distinct
peak around 62 eV, and the result is shown in Fig. 5(c). The surface regions and grain
boundaries appear bright, which apparently suggests lithium enrichment around the
regions. For a detailed examination, EEL spectra were extracted from the two positions
marked in Fig. 5(a), and are displayed in Fig. 5(d). In contrast to the EELS spectrum
from spot #1, that from spot #2 showed a sharp peak at ~60 eV with a significantly

higher intensity than the broad peak on the high energy side. This implies that different
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compositions and/or chemical states are present in the boundary areas, rather than the
lithium enrichment in the in-grain regions. Furthermore, a small feature was observed at
57-58 eV indicated by an arrow in Fig. 5(d), which may be attributed to statistical noise.
Figures 6(a) and (b) show the spatial distributions of the resolved components,
assuming that there are two components. The corresponding spectral profiles of the pure
components are shown in Fig. 6(c). Since NMF assumes that the spectral profile at each
position is a linear combination of the spectra of the pure components, it can extract the
underlying components only when the weight (composition) of each component
spectrum changes independently with the spatial position. Bearing this in mind and
inspecting the resolved components and their spatial distributions in Figs. 6(a) and (b),
component #1 can be assigned to the same component in Fig. 5(b) (i.e., the same
spectrum from spot #1 shown in Fig. 5(d)); this component is always isolated as the
main component. Specifically, it is an inseparable combination of the spectra of Li—K,
Co—M; 3 and Ni—M; 3 corresponding to the initial NCA phase of uniform composition.
Component #2 is considered to be a Li-related phase with a different chemical state. We
confirmed the uniqueness of the spectral decomposition by applying NMF to another
secondary particle and identical spectral profiles were obtained for components #1 and
#2 with similar spatial distributions.
The main sharp peak of component #2 around 62 eV is shifted to the high energy
side relative to that of component #1; this peak and the pre-peak around 58 eV are not

clearly visible using the point-to-point analysis (see Fig. 5(d)), but it becomes visible

after applying NMF and extracting the statistical tendencies from many sampling points.

This is attributed to the overlap of the multiple states within the sample thickness in the

projected direction and the low SNR obtained from a single spot.
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On the other hand, we previously reported [14] that fluorine was found on the
surfaces of primary particles, presumably because chemical reactions during the
charge—discharge cycles occur at the surface regions that are in contact with the LiPFg
electrolyte. The thickness of the fluorine-containing surface regions corresponds well to
that of component #2. A small amount (i.e., a few atomic percent) of phosphorus was
also found in the same regions as fluorine (not shown). Thus, the possible candidate for
component #2 is LiF, which is produced by the decomposition or reaction of the
electrolyte, as reported recently [30].

In order to elucidate the origin of component #2, we compared the spectrum with
the theoretical Li—K ELNES spectra of several conceivable candidates among the Li
compounds. Since the experimental Li—-K ELNES spectra from Li—P—F derivatives are
not available, we calculated the theoretical spectra for LiNiO,, LiF, LiPFg, and other
possible compounds [30]. Of the theoretically predicted spectra, the positions of the two
characteristic peaks best agree with those of Li,PO,F.-type materials group (i.e., based
on the LiPFs structure; x, y, z are adjustable parameters to ensure electrical neutrality),
which was suggested as an electrolyte derivative [30]. Other conceivable chemical states
of lithium such as Li occupying the Ni site, Li replacing Ni in the rock-salt type phase
and LiF phase can be readily excluded as possible candidates based on the significant
discrepancies in the spectral profile. The experimentally observed chemical shifts of the
main peak and the pre-peak (see Fig. 6(c)) can be derived from the local atomic
configurations (Li and its six nearest neighbor atoms) of LiO4F, and LiFg clusters, as
shown in Fig. 7. This result is consistent with a recent surface analysis by X-ray
photoelectron spectroscopy [31]. The present method revealed that the product phase is

distributed not only over the surface of the secondary particles but also along the grain
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boundaries between the primary particles of the active material. Since the unstable
residual LiPF¢ may decompose and become partially oxidized, component #2 in Fig.
6(c) may be due to a mixture of different combinations of y and z that form

LiO;F¢_i-type local configurations rather than a single phase.

Formation of degradation layer after cycling at elevated temperatures

It is well established that in NCA cathode active material particles, the NiO-like
degraded phase grows near the surface and the grain boundaries after 500 cycles at 70
°C, as observed in the same material cycled at 80 °C [14]. We estimated the relative
amounts of the NiO-like phase before and after cycling at 70 and 80 °C, which mostly
explained the fading capacity of the positive electrode [22]. In accordance with the
results above, it was shown that some Li atoms substitute Ni atoms in the NiO-like
degraded phase. This was confirmed by examining the sample after 500 cycles at 70 °C.

The SI data cube sampled from a 40 x 100 pixel2 area and the low-loss region

covering the Li-K, Co-M; 3 and Ni-M, 3 edges were again treated by the NMF technique.

The ADF-STEM image, and the spatial distribution maps of the extracted spectral
components are respectively shown in Figs. 8(a), (b) and (c). The figures indicate the
results obtained by 2-component analyses, in which the uniform background
components were omitted. The extracted spectral profiles are shown in Fig. 8(d).
Component #1 (black line) corresponds to the original LiNiO,-based phase, as shown in
the previous section. Component #2 (red line) shown in Fig. 8(d) was newly found in
the cycled sample. This component was always found in the analyzed particles and its
spatial distributions correlated well with those of the NiO-like phase in the same area.

The present new phase and the NiO-like phase are distributed near the surfaces in the
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particle grains, whereas lithium fluorophosphates are found in the initial state along the
peripheries of the particle surfaces [27]. This suggests that component #2 could be
interpreted as Li occupying a Ni site in the NiO structure. The point-to-point EELS
analysis in our previous study [32] confirmed that Li is actually present in the NiO-like
phase.

The theoretical Li-K ELNES spectra for the substitution of a Li atom at the Ni
site and the pristine LiNiO, phase are shown in Fig. 9. As has been mentioned above,
theoretical predictions based on the discrete functional theory do not generally
reproduce the experimental spectra well with respect to the peak separation and the
relative peak intensities [29]. However, Fig. 9 actually shows that the theoretical
spectrum of Li in NiO (red line) corresponds quite well with the solution of component

#2 obtained by NMF (Fig. 8(d)).

CONCLUDING REMARKS
In this article, we have demonstrated the detection and analysis of lithium and its
chemical states in solid materials using a suite of STEM-EELS spectral image data and
hyperspectral image analysis. The present methodology is applicable not only to lithium
analysis by STEM-EELS but also a wide variety of general spectral image datasets such
as STEM-EDX, Fourier transform infrared spectroscopy and time of flight secondary
ion mass spectroscopy.
It should be noted that the hyperspectral image analysis presented here does not
merely visualize hidden information from datasets with low SNR; it casts a robust and
trustable technique for efficiently extracting the complete significant information

included in the huge dataset obtained from automated spectral measurements carried out
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by PC-controlled analytical instruments. The present multivariate analysis based on the
bilinear relation (Eq. (1)) is called ‘two-way analysis.” Recently, the technique has been
extended to more general ‘multiway’ analyses [33] or tensor decompositions [34],
which will introduce mathematically, sophisticated and flexible techniques to find
hidden information embedded in complex datasets. These techniques are being explored
for applications in spectral data analysis [35] and are expected to bring new insights in

this research field.
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Figure captions

Fig. 1 Three different modes for obtaining a spectral image dataset. (a) STEM-EELS,
(b) Energy filtered-TEM (EF-TEM) and (c) Spatially resolved-EELS (SR-EELS) for

cross sectional TEM (XTEM) observation of multi-layer samples.

Fig. 2 ELNES spectra of LiF and several representative transition metal compounds in

the range of 40-80 eV.

Fig. 3 Experimental ELNES spectra of lithium compounds and representative LIB
cathode materials in the range of 50-80 eV.

Fig. 4(a) Schematic showing the data structure of SI in Eq. (1), and (b) Schematic
representing Eq. (2).

Fig. 5(a) ADF-STEM image of NCA cathode active particle before cycling. The framed
arca was scanned for SI. (b) Extracted ELNES from the entire framed area in (a).
Expected spectrum onset is indicated for each element contained. (c) Energy-filtered
image constructed by setting the energy slit to pick up the first distinct peak in (b). (d)
Extracted ELNES spectra from spots #1 and #2 indicated in (a).

Fig. 6 Results of NMF decomposition showing spatial distributions of (a) component #1
and (b) component #2. The pure component spectra are shown in (c). The blue broken

lines in the graph represent the main peak positions of component #2.

Fig. 7 Theoretically simulated Li—-K ELNES spectrum (black solid line) for Li,PO,F..
The spectrum consists of two distinct peaks from the two local atomic configurations, as
indicated by the red and the blue lines in the figure. The blue broken lines correspond to

the positions of those in Fig. 6(c).
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Fig. 8(a) ADF-STEM image of NCA cathode active particles after 500 cycles at 70 °C.
(b) and (c) Spatial distribution maps of the extracted spectral components, and (d)
Spectra of pure component #1 and #2, resolved by NMF. The blue broken lines

correspond to the characteristic peak positions shown in Fig. 9.

Fig. 9 Theoretical Li K ELNES spectrum of Li substituted at a Ni site in NiO (red line),
and Li in LiNiO; (black line) for the energy axis calibration. The blue broken lines mark

the characteristic peak positions.
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Fig. 2 ELNES spectra of LiF and several representative transition metal compounds in the range of 40-80 eV.
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Fig. 3 Experimental ELNES spectra of lithium compounds and representative LIB cathode materials in the
range of 50-80 eV.
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Fig. 5(a) ADF-STEM image of NCA cathode active particle before cycling. The framed area was scanned for
SI, (b) Extracted ELNES from the entire framed area in (a). Expected spectrum onset is indicated for each
element contained, (c) Energy-filtered image constructed by setting the energy slit to pick up the first
distinct peak in (b), (d) Extracted ELNES spectra from spots #1 and #2 indicated in (a).
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Fig. 6 Results of NMF decomposition showing spatial distributions of (a) component #1 and (b) component
#2. The pure component spectra are shown in (c). The blue broken lines in the graph represent the main
peak positions of component #2.
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Fig. 7 Theoretically simulated Li-K ELNES spectrum (black solid line) for LixPOyFz. The spectrum consists of
two distinct peaks from the two local atomic configurations, as shown by red and blue lines in the figure.
The blue broken lines correspond to the positions of those in Fig. 6(c).
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Fig. 8(a) ADF-STEM image of NCA cathode active particles after 500 cycles at 70 °C. (b) and (c) Spatial
distribution maps of the extracted spectral components and (d) Spectra of pure component #1 and #2,
resolved by NMF. The blue broken lines correspond to the characteristic peak positions shown in Fig. 9.
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Fig. 9 Theoretical Li K ELNES spectrum of Li substituted at a Ni site in NiO (red line), and Li in LiNiO2 (black
line) for the energy axis calibration. The blue broken lines mark the characteristic peak positions.
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