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Abstract

The local chemical composition of halide perovskites is a crucial factor in determining their
macroscopic properties and their stability. While the combination of scanning transmission
electron microscopy (STEM) and energy-dispersive X-ray spectroscopy (EDX) is a powerful and
widely used tool for accessing such information, electron-beam-induced damage and complex
formulation of the films make this investigation challenging. Here we demonstrate how
multivariate analysis — including statistical routines derived from “big data” research, such as
Principal Component Analysis, PCA — can be used to dramatically improve the signal recovery
from fragile materials. We also show how a similar decomposition algorithm (Non-negative
Matrix Factorisation, NMF) can unravel elemental composition at the nanoscale in perovskite
films, highlighting the presence of segregated species and identifying the local stoichiometry at
the nanoscale.
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Research into hybrid organic-inorganic perovskite solar cells (PSCs) has flourished over recent
years, attracting strong interest by the scientific community' . This emerging class of devices has
become increasingly popular due to the opportunity of reaching good power conversion while
being compatible with wet chemistry processing for large area devices. The global research effort
associated with the rise of hybrid perovskites resulted in rapid advances in chemical formulation*
7. fabrication methods®!° and device architecture !''2- however, most of the progress has been
through empirical device improvements, and a number of key questions still remain unanswered.
Open issues are covered in reviews!>!
perovskite films'!, ion migration!>!¢, scalable fabrication routes!”'®, device architecture!” and
stability in operation®’. Specifically, long term stability of the modules under operating conditions

is considered to be the main drawback preventing commercial applications?!. However, poor

and include the optimal chemical composition of the

stability not only prevents easy commercialisation - it also complicates scientific research:
commonly used optical and analytical characterisation tools can induce reversible or irreversible
structural/chemical changes in the perovskite films through the use of high energy photon or
electron beams®* >,

In this work we propose an approach that combines the acquisition of high resolution chemical
maps by scanning transmission electron microscopy (STEM) with dedicated MultiVariate
Analysis (MVA)?® methods that improve signal/noise ratio (SNR) and identify correlations
between the spatial distribution of elements. Such correlations emerge from statistical analysis,
and consist of maps that describe the distribution of chemical compounds rather than just elements.
The use of methods that minimise operator input improves the reproducibility of results and the
sensitivity to unexpected chemical compounds, such as phases with unpredicted stoichiometry, or
elemental segregation. This approach is particularly valuable for hybrid perovskite-based films
and devices, in which complex compounds can form, ionic species are prone to migration, and the
electron dose during STEM analysis needs to be minimised to prevent local damage.

Specifically, we tested and compared different computational methods - Principal Component
Analysis (PCA)?’ and Non-Negative Matrix Factorisation (NMF)?3, demonstrating how they can
be used to increase the SNR ratio of a dataset and provide new insights on the local chemistry.

The process flow of the paper is as follows: Initially, a cross-sectional sample is extracted from
a solar cell (or a perovskite film) using conventional Focused Ion Beam (FIB) preparation® and
transferred to a (scanning) transmission electron microscope (STEM). STEM-EDX (Energy
Dispersive X-ray spectroscopy) analysis is carried out using optimised illumination conditions to
limit the electron dose on the sample, and the experimental data is processed using MVA
algorithms available in open source scientific analysis packages such as python-based Hyperspy>’.

SEM, TEM and STEM are widely used techniques for nanomaterials characterisation. The
electron beam, however, can cause temporary or permanent changes in the sample. Such changes
can be related to local charging, heating, chemical reactions, preferential removal of atomic species
or deposition of carbonaceous contamination’!. These phenomena are dependent on several
factors, including the atomic number of the elements in the specimen, their bonding, and the
electrical and thermal conductivity of the specimen, as well as the primary beam illumination



conditions (acceleration voltage, electron flux and dwell time). For analytical STEM, the electron
dose can be kept low by minimising exposure time during specimen survey and optimisation of
acquisition conditions, and by the use of high efficiency detectors, such as the latest generation
silicon drift detectors for EDX32. Over the last few years several studies reported the use of electron
microscopy techniques for the characterisation of perovskite nanocrystals®®, single crystals®*, thin
films*> or full devices*®*’. Due to the extent and complexity of damage mechanisms that can be
triggered in hybrid perovskites during chemical mapping, the signal-to-noise ratio is limited by the
onset of degradation — hence the need for advanced data processing algorithms, such as the MVA
routines outlined here.

Fast detectors and inexpensive processing power in electron microscopy are allowing the
collection of large datasets, which can be treated using approaches developed for “big data™®,.
Multivariate analysis provides a suite of powerful mathematical tools to organise and structure
complex and noisy data®®, widely employed in the treatment of multidimensional datasets®**.
Whereas conventional signal analysis (for EDX or EELS, for example) treats each spectrum
independently, MV A leverages the total information contained in a large dataset, leading to the
separation of signal from noise and the identification of correlations between features. Here, we
use and compare different decomposition algorithms for multivariate analysis, all integrated in an
open source python-based suite, HyperSpy*®. HyperSpy provides tools to facilitate interactive data
analysis of multidimensional datasets, e. g. EDX or EELS spectrum images. A Spectrum Image
(SI) comprises a set of spectra (one, or more, per pixel); such dataset can be decomposed as the
linear combination of a set of factors, weighed by a set of corresponding loadings. The analysis of
factors (the eigenvalues) and loadings (the eigenvectors), together referred to as “components”,
can be carried out with a variety of methods, differing by the constraints applied to the dataset. In
general, features that are spatially correlated (such as, in EDX, characteristic peaks for different
elements in a given compound) will be described by the same component. Thus, for each
component of the signal, the factor highlights the correlations between elemental species —
identifying, for example, different stoichiometries - while the loading map indicates where such
elements are located. In this work we employ two of the most commonly used algorithms for data
denoising and analysis - PCA and NMF. More details on PCA and NMF algorithms can be found
in the SI.

The solar cell under investigation is shown in cross section in Figure 1. The device architecture
consists of: FTO (fluorine doped tin oxide) / compact TiO2 / mesoporous TiO, / CH3NH;3Pbls /
Spiro-OMeTAD / gold, where the CH3NH3Pbl; perovskite layer was prepared using the solvent
engineering method*!. A cross section (lamella) of the device was cut using focused ion beam
(FIB) milling and moved to a TEM compatible mount, where it was thinned to 200 nm by further
ion milling in a procedure that has been reported by several groups for metal halide perovskite full
devices®>*>*_ In order to investigate possible damage during sample preparation or TEM analysis,
Jeangros et al. thinned the lamellae to different thicknesses, ranging from < 100 nm to > 500 nm*2.
A final lamella thickness of about 200 nm was chosen, as thinner samples are prone to degradation
to Pbl, during the FIB step*?. Moreover, to reduce the interaction with moisture the transfer air



exposure from the FIB to the TEM should be kept below 5 minutes. The integrity of the sample
after FIB preparation was also proved via XRD* or comparing samples prepared with and without
FIB, as well as by varying the TEM exposure time®. Overall, the scientific literature has thus
validated the use of FIB for preparing TEM samples from perovskite films/devices.

Platinum
Gold

Spiro-OMeTAD

Figure 1. STEM-HAADF image of a perovskite solar cell. From top: platinum, top electrode
(gold), hole transport material (Spiro-OMeTAD), active layer (methylammonium lead iodine
perovskite - CH3NH3Pbls), mesoporous titania-perovskite (fluorine doped tin oxide), titania
blocking layer, bottom electrode (FTO).

We first acquired an EDX map of the device, with dwell time of 100 ms and spatial sampling
every 10 nm, using a 600 pA current in a 0.5 nm probe. PCA decomposition was initially used to
separate detectable signal from the noise level. As PCA orders the components in order of
associated variance within the dataset (as shown in Figure 2), high-order components only model
noise — that is, local variation with low correlation with the rest of the information. A denoised
model of the dataset can thus be built by employing just the components that contain physically
significant signal, discarding the components that describe random noise. This raises the crucial
issue of how to determine the noise level in the PCA decomposition.

The dimensionality of the data (and thus the noise level) can be observed by plotting the
explained variance ratio against the component number in a logarithmic y scale. This plot, usually
referred to as “scree plot™*, shows a rapid decrease in the case of sparse data, such as the signal
in electron microscopy, and a slow decrease for random noise. The point where the gradient of the
explained variance ratio drops is considered a good estimate of the dimensionality of the dataset*S.
For the decomposition shown in Figure 2, a model containing physical information can be built
considering the first six components. Choosing the correct number of components can be
challenging, particularly in the case of small or highly localised variations that might be producing
a variance that is comparable with the noise level. Underestimating the number of the relevant
components removes part of the signal, while overestimating it leads to non-optimal denoising. In
Figure 2 the factors and loadings for the first seven components are shown, highlighting the noise-
like nature of the seventh and successive components. In the loading maps, the colourscale



represents the weight of the corresponding factor required to fit the original signal at each given
pixel. Some components, such as number 6, model EDX features from several elements,
highlighting a compound (in this case perovskite, identifiable both from the peak positions in the
factor and from the spatial distribution in the loading map). Other components, such as number 1
and , model just one element — gold and carbon in this case— and hence the corresponding loading
maps resemble conventional elemental maps. Components 2 and 5 do not have a simple chemical
interpretation, but are necessary to account for the variance in the statistical dataset.
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Figure 2. Scree plot and first seven components from a PCA decomposition of the EDX spectrum
image (Inset). Each factor is plotted and associated to a spatial map (loading) and is colour-coded
to the datapoint on the explained variance scale. The colourscale intensity indicates the weight of
the factor for a given pixel.

A denoised spectrum at each pixel can be generated by combining the principal components,
with their factors and loadings relevant to the specific pixel. This is directly comparable to the raw
data, but with enhanced SNR. Figure 3 reports an example of the improvement in signal quality
obtained through PCA denoising. We show raw data (Figure 3a) and a denoised spectrum (Figure
3b) reconstructed from the first six PCA components of spectrum images acquired in other regions
of the sample. These two spectra correspond to the blue pixel of Figure 3d. Considering, for



instance, the Pb M, peak at 2342 eV, the SNR in the raw dataset (100 ms dwell time) and in the
denoised spectrum was found to be 4 and 10, respectively - a SNR ratio increase by a factor of 2.5.
For comparison, a spectrum acquired in an equivalent area of the same device (red box - Figure
3d) with a longer dwell time (10x) is displayed in Figure 3¢ (SNR=8). In EDX analysis, the
detectability of a peak can be determined by using the Rose criterion, according to which a signal
is detectable when SNR>3 %’ . In both cases — denoised vs. long acquisition — EDX characteristic
peaks are easy identifiable. This comparison also serves as a validation of the denoising process,
since all the peaks match in position and relative intensity, and the denoising process does not
introduce spurious features. By adopting this approach to data analysis it is possible to

reduce the dwell time and/or the beam current (and hence the electron dose) required for
effective EDX mapping, while still obtaining high quality datasets. It is worth noting that a good
signal-to-noise ratio is essential for quantitative analysis which can be later performed on the
denoised spectra®®*.
Improvements in the analysis of EDX data allow the acquisition of datasets at a reduced electron
dose, which is often a limiting factor for anything but the most robust samples. To explore the limit
in electron dose in our example, we acquired a series of spectrum images on equivalent areas of
the specimen (i.e. similar thickness) by varying both dwell time and defocus value. Varying the
focusing conditions implies a variation in the probe size, as explained in fig S1. A series of EDX
spectrum images was acquired using two different dwell times, namely 1 (red) and 100 ms
(orange), and going overfocus (+ 500 nm, + 1000 nm), underfocus (-500 nm, -1000 nm) and in
focus, as shown in Fig 3e. The probe size was calculated to be approximately 0.5 nm when in
focus, 1.3 nm for = 500 nm out of focus and 2.6 nm for +£1000 out of focus. In the case of long
dwell time the HAADF images show that the lamella is clearly damaged, with an evident
morphological degradation. Conversely, a dwell time of 100 ms has not induced any visible
degradation in the perovskite active layer.
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Figure 3. Example of denoised spectrum. Original spectrum (a), denoised spectrum (b) and
spectrum acquired with a longer dwell time (c). Spectra (a) and (b) refer to the blue pixel in the
spectrum image(d), whereas spectrum (c) is extracted from the red pixel. The pixel size is 10 nm.
Dwell time and focus were changed to test the possible effects of the beam on the sample(e).
STEM-HAADF images before (f) and after (g) EDX spectra acquisition. Visible morphological
changes are highlighted by the yellow arrows.
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Figure 4. Lead and iodine quantitative maps calculated on the raw data and after PCA denoising
routine and corresponding ratio between the two elements.

The benefit of the application of PCA to EDX datasets is highlighted in Fig 4, where the Pb/I
elemental ratio, a crucial parameter in the study of halide perovskites, was investigated. While the
ratio calculated from the raw data appears noisy and with no physical meaning, the maps obtained
after denoising describes in detail the morphology and the local chemical variations layer by layer.
The level of perovskite infiltration in the mesoporous layer is well defined and the ratio is almost
constant in the perovskite compact layer, suggesting that the electron beam has not induced any
change in the material. The apparent iodine presence in the FTO is due to a peak overlap of I L
and Sn Ly, which is very challenging to deconvolute. Elemental maps for the all the elements before
and after PCA denoising are reported in S2 and S3, respectively.

While PCA is perhaps the most common MVA algorithm, other decomposition methods can be
applied to EDX data by imposing different conditions on the factors. In some cases, more
meaningful physical information can be obtained using, for example, NMF. NMF further increases
the constraints on the components, imposing non-negativity, resulting in a sparse and part-based
representation, which is more interpretable than a PCA decomposition. The obtained components
(Figure 5) are more directly connected to the physical signal (EDX counts are non-negative) and
the contrast in the maps is higher due to the reduced correlation signal. NMF is a more
computationally intensive algorithm compared to PCA, requiring 10-100 times longer to compute.
NMF is thus very useful for analysis and interpretation, but PCA is very well suited to initial
screening of data and denoising. In Figure 5, we can clearly identify the different layers comprising



the device: gold (factor 1), perovskite (factor 2), FTO (factor 3), Spiro-OMeTAD (factor 4),
platinum (factor 5) and titania (factor 6). A good contrast can be seen for example showing the
infiltration of the perovskite inside the titania scaffold, evident from components 2 and 6. We can
note that the NMF algorithm allows also to overcome the issues related to peak overlap. In this
case tin and iodine signals are separated in components representing perovskite and FTO
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Figure 5. NMF decomposition results on the same dataset analysed in Figure 2. Different
compounds are differentiated and identified from their EDX features. The loading of the
corresponding component represents the spatial distribution of the compound / phase in the
sample.

PCA is therefore very suited to data denoising, using the scree plot as a simple and intuitive tool
to determine the dimensionality of the dataset, also thanks to its short computation time (seconds
on an office desktop PC for 100 x 100 pixels® x 4000 values). After determining the physically
significant components, NMF can be applied to extract information with high contrast and
straightforward physical interpretation, with each compound identified by a specific spatial
distribution®’, at the cost of a longer processing time. One of the main drawbacks of PCA
decomposition is that the output signals are not always easy to interpret because they are often
characterised by the presence of strong negative peaks. Negative values in the factors are generated
by anti-correlation in the spectral features, and it is important to note that these factors are not



EDX spectra (negative counts being non-physical), but rather components for a model of an EDX
dataset.

The chemistry of hybrid perovskites in state-of-the-art devices is now quite complex and
includes the presence of three monovalent cations (typically Cs, FA and MA), lead, and one or
more halides*. Additionally, recently published papers proved that both the stability and the
optoelectronics properties of these materials strongly benefit from the addition of a small quantity
of monovalent cations such as sodium, potassium or rubidium**33. NMF provides a tool for
identifying local stoichiometric variations in a process that requires minimal operator bias,
allowing chemical information to emerge from correlated elemental distributions. To demonstrate
the benefits of NMF of STEM-EDX data, we processed a dataset from a
Cs0.05FA0.7sMA0.17Pb(lo.85Bro.15)3 thin film passivated with potassium halide interlayers arising
from the addition of KI to the perovskite precursor solution. In particular, we denote the fraction
of K out of the A site as x = [K]/(JA]+[K]) and A = Cso.0sFA0.78MAo.17. Figure 6 shows a STEM
high angle annular dark field (HAADF) cross sectional view of a perovskite thin film with x=0.2
lamella. To preserve the perovskite layer during specimen preparation, we deposited Spiro-
OMEeTAD and platinum as capping layers. NMF leads to the identification of two phases within
the active layer, labelled as factor 1 and factor 2 in Figure 6d and 6e, respectively. Factor 1 shows
Br Lo, Pb Ma, I L, characteristic EDX peaks, which can be associated with the perovskite phase.
Factor 2 is representative of a second phase - rich in bromine and potassium - with a different
stoichiometry. Interestingly, the signal linked to factor 2 is particularly strong at the grain
boundaries of the perovskite thin film. This suggests the formation of a particularly Br- and K-rich
passivation layer decorating the crystalline surfaces including grain boundaries, top and bottom
interfaces. In this case the finding was confirmed by other techniques and shown to be directly
related to the net improvement of the luminescence and charge transport®. For comparison, EDX
elemental maps of bromine and potassium are shown in Fig 6f and 6g. The quantification was
performed on the raw EDX datasets, demonstrating that traditional EDX maps are not able to
unveil the formation of the passivation layer at the grain boundaries. Quantitative maps for all
elements are reported in S4.
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Figure 6. STEM-HAADF cross sectional image of a perovskite thin film® with potassium
concentration of x=0.20 (a). NMF decomposition results in factor 1 (spatial distribution in panel
b, profile in panel d) associated to the perovskite layer and in factor 2 (spatial distribution in panel
¢, profile in panel e) indicating the presence of a potassium- and bromine-rich phase. Quantitative
EDX elemental maps denoising for K (f) and Br (g).

Obtaining information from chemical maps at the nanoscale from complex, beam-sensitive
materials such as hybrid perovskites is a major challenge. In this study we demonstrate how
STEM-EDX data analysis can be refined using multivatiate statistical methods, which assist in
minimising the electron dose for efficient elemental mapping and in identifying different chemical
phases. The analysis can be carried out with custom-written scripts or using widely available open
source packages developed by the scientific community, such as Hyperspy. Efficient data
processing can be performed employing PCA for data denoising, and NMF for determining the
different compounds and phases present in a specific material, or for the identification of the
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different layer or features within the solar cells. The same analytical approach can be used in the
investigation of novel complex compounds, with particular benefits in materials and devices that
are beam-sensitive or contain a variety of intermixed compounds. Additionally, decomposition can
be a powerful tool in the investigation of dynamic processes — for example, for in situ
measurements in the TEM: denoising routines allow the extraction of information from data
acquired quickly and with poor SNR, whereas factorisation can directly track the emergence of
new phases.
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