Big-Data Reflection High Energy
Electron Diffraction Analysis for
Understanding Epitaxial Film
Growth Processes

Rama K. Vasudevan,**"* Alexander Tselev,™* Arthur P. Baddorf,"* and Sergei V. Kalinin**

TCenter for Nanophase Materials Sciences and *ORNL Institute for Functional Imaging of Materials, Oak Ridge National Laboratory, Oak Ridge, Tennessee 37831,

United States

ABSTRACT Reflection high energy electron diffraction (RHEED) has by now
become a standard tool for in situ monitoring of film growth by pulsed laser
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deposition and molecular beam epitaxy. Yet despite the widespread adoption and

wealth of information in RHEED images, most applications are limited to observing

intensity oscillations of the specular spot, and much additional information on
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growth is discarded. With ease of data acquisition and increased computation
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speeds, statistical methods to rapidly mine the data set are now feasible. Here, we develop such an approach to the analysis of the fundamental growth

processes through multivariate statistical analysis of a RHEED image sequence. This approach is illustrated for growth of La,Ca;_,MnOs films grown on

etched (001) SrTiO; substrates, but is universal. The multivariate methods including principal component analysis and k-means clustering provide insight

into the relevant behaviors, the timing and nature of a disordered to ordered growth change, and highlight statistically significant patterns. Fourier

analysis yields the harmonic components of the signal and allows separation of the relevant components and baselines, isolating the asymmetric nature of

the step density function and the transmission spots from the imperfect layer-by-layer (LBL) growth. These studies show the promise of big data

approaches to obtaining more insight into film properties during and after epitaxial film growth. Furthermore, these studies open the pathway to use

forward prediction methods to potentially allow significantly more control over growth process and hence final film quality.
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of materials by pulsed laser deposition

(PLD) and molecular beam epitaxy (MBE)
has allowed controlled deposition of films
onto crystalline substrates with unit-cell
precision."? This level of precision requires
a robust in situ measurement technique for
monitoring the film properties during the
growth, a need which has most often been
filled by reflection high energy electron dif-
fraction (RHEED®) systems. Ever since oscil-
lations in the specularly reflected RHEED in-
tensity were observed in the early 80s for
GaAs grown by MBE,* this has become the
standard protocol for controlling film thick-
ness during deposition. The period of the
observed oscillations is related to the
growth rate, while it is reasoned the max-
imum and minimum of each oscillation
correspond (roughly) to complete and
half-covered layers, respectively.” With the

I n the past few decades, epitaxial growth
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development of differentially pumped sys-
tems in more recent years, RHEED could be
used in comparatively higher pressures,®
expanding its utility, and is now commonly
used for growth of oxides® nitrides,’
nanodots,® nanostructures,’ etc.

In addition to providing information on
the rate of growth, RHEED intensity oscilla-
tions can provide some information on the
step density'® or the distribution of islands
on the surface.”’ Generally, kinematic theo-
ry assumes that the oscillations in intensity
of the specularly reflected electrons are
caused by an oscillating coverage of the
growing layer. The electrons themselves
interfere as they glance off of steps of
different heights, leading to oscillating am-
plitude in intensity profile as the step cover-
age changes. In the alternative dynamic
approach, multiscattering is considered
and the reflectivity of the layer is calculated
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by considering refraction of the electron wave into the
first layer and reflection from the bottom interface.
These boundary conditions are affected by the scatter-
ing potential, which is assumed to vary linearly with the
growing layer, giving rise to observables including
oscillations in amplitude and phase shift by change
inincident angle.'? Yet, the exact nature of the origin of
oscillations observed in RHEED is still under debate,
with seemingly contradictory predictions from dy-
namic scattering and the kinematic or phenomenolo-
gical step-density based approaches.>'>'* However,
there is also a wealth of static information that is
available in the obtained RHEED images pertaining to
the surface crystal structure (e.g., in-plane lattice para-
meters,® reconstructions'®), degree of disorder,® and
the type of growth mode’® that can also be analyzed.

Given the proliferation of RHEED systems in growth
chambers worldwide and the wealth of static and
dynamic information that can be obtained about the
surface from analysis of RHEED data, toolkits to analyze
the entire RHEED image sequence should be devel-
oped. In the 1990s, systems to record, store, and
analyze the data were developed,'”'® and at present,
though the common commercially available RHEED
systems'® are perfectly capable of recording the entire
image sequence at appropriate capture rates and high
resolutions, most routine analysis of acquired data sets
is still limited to either averaging the intensity of one or
several diffraction spots (thus yielding a single time-
varying intensity plot) or producing a few static images
of RHEED diffraction patterns at particular times, e.g., at
the start, middle and at the end of the deposition. Thus,
the majority of information in the acquired RHEED
image sequence is discarded, along with the static
and dynamic information on surface properties con-
tained therein.

Here, we demonstrate the approach for full informa-
tion capture in RHEED based on multivariate statisti-
cal tools, including k-means clustering and principal
component analysis, as well as Fourier methods. These
techniques allow an interpretation of the entire ac-
quired RHEED image sequence without significant loss
of information and easily allow trends to be visualized
by isolating RHEED patterns based on statistical sig-
nificance. Fourier analysis yields the harmonic compo-
nents of the signal and allows separation of the rel-
evant components and baselines, allowing insight into
growth mechanisms by filtering out Kikuchi-based
interference effects. Furthermore, by providing statis-
tically significant and periodic components, they allow
a connection to parameters in a recent kinematic
model of RHEED oscillations. Principal component
analysis and k-means clustering allows reduction of
data dimensionality and separation into clusters based
on statistical variance, allowing identification of
growth mode transitions. Overall, these studies show
the promise of big data approaches to obtaining more
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insight into film properties during and after oxide
growth and provide statistically significant information
for theoretical analysis. If implemented in situ during
growth, these approaches open the pathway to use
forward prediction methods to potentially allow sig-
nificantly more control over growth process and hence
final film quality.

RESULTS

As a test case, we analyze a RHEED data set acquired
for growth of a 25 unit cell-thick film of Laz gCas/sMnO5
(LCMO) on an etched (001) SrTiO5 substrate by pulsed
laser deposition (PLD). The RHEED acquisition was
carried out with commercially available RHEED soft-
ware'? at a frame rate of 30 frames/sec with PixelFLY
digital hardware. More details of the growth and
scanning tunneling microscopy (STM) of these films
will be published elsewhere. The PLD chamber is
connected to an STM chamber to allow for in situ
transfer of samples for imaging. We chose this parti-
cular setup and sample as a test case since topographic
STM images are available for films of different thick-
nesses, allowing us to compare the RHEED analysis
with the real-space data,’®'" allowing for unambigu-
ous identification of growth modes.

Parts a—f of Figure 1 show RHEED images from
various times of the deposition. At time t = 0 s, the
specular reflection is the brightest spot, but the side
spots (10) and (—10) from the zeroth Laue zone are also
visible (circled in Figure 1a). As the growth of the film
proceeds, streaks appear until about time t = 176s,
when the pattern returns to one more reminiscent of
the flat substrate. The growth lasts for ~200s in total,
with the camera recording the RHEED images shut off
after 211s. The mean intensity of the specular spot
during the deposition is plotted in Figure 1g, i.e., what
is seen during the growth. Deposition start and stop
times are indicated by the dark blue arrows in Figure 1(g).
Note that there are two points at which the intensity
of the RHEED beam was altered; at t = ~65 s it was
increased, and at t = ~110 s it was decreased (orange
arrows in Figure 1g). There is an overall amplitude
envelope to the RHEED oscillations, which is repro-
ducible over many samples and consists of an initial
decrease in the amplitude (after 7—10 UC), then a
recovery in the intensity, and then a slight decrease,
the latter of which is presumably due to surface
roughening. After deposition, the films were trans-
ferred into an adjacent chamber for STM imaging
(discussed later).

Principal Component Analysis. In order to observe the
statistically relevant components in the data set, we
performed principal component analysis (PCA). PCA
allows examination of data structure without any under-
lying physical assumptions and allows identification of
statistically relevant behaviors.?® PCA is a commonly
used tool in multivariate statistics?' and is a linear
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Figure 1. RHEED movie frames. (a—f) Frames from captured RHEED data of Laz/sCas;gMnOs growing on (001) SrTiO3 substrate at
selected times. The position of the specular spot and the (—10) and (10) side spot from the zeroth Laue Zone are indicated in (a).
(g) RHEED intensity from the specular spot (simple mean over the entire spot). The points at which the deposition was started
and halted are indicated by blue arrows, and points where the intensity of the beam was manually changed are indicated by the
orange arrows. In the first instance, the intensity was increased, and in the second instance, the intensity was decreased.

transformation where a data set is decomposed into a
new set of eigenvectors based on criteria of maximum
statistical variance between eigenvectors and ortho-
gonality. The first eigenvector captures the maximum
amount of variance in the data set, the second repre-
sents the second most variance with the constraint
that it be orthogonal to the first, and so on for all further
eigenvectors. Mathematically for the RHEED image
sequence /| containing n frames, | = I(k,.ky,t), is now
rewritten in the form

I = ai(t)er (ke ky) + - - - + an(t)en(ky, ky) (M

n
Y dm(em(ks ky) )
m=1

with e (k. k) being the mth eigenvector and a,,
indicates the time-dependent eigenvalue. Though the
summation is carried out to n, it can be terminated after
some threshold percentage of variance in the data has
been accounted for as the higher order terms simply
account for noise in the data set. The eigenvectors
(“principal components”) in this decomposition will
thus be 2D images and, when multiplied by time-
dependent eigenvalues (“loadings”), can reproduce
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the entire RHEED image sequence. In Figure 2a,b, we
show the result of principal component analysis on the
RHEED image sequence, with the first six eigenvectors
shown in Figure 2a), with the time-dependent eigen-
values shown in Figure 2b. These six eigenvectors
(out of 1054) account for 75.7% of the statistical
variance in the data set, thereby representing a very
large decrease in data size while still retaining the
majority of the information. The eigenvalues indicate
periodic oscillations, due to the growth, as well as two
large changes in baselines indicated by the “x” marks
on the component 2 plot in Figure 2b, where the
intensity of the RHEED beam was manually adjusted.
Note that there is no requirement to maintain positive
PCA components during the decomposition, since
eigenvectors per se do not have defined physical
meaning. Furthermore, a negative eigenvector may
simply be multiplied by a negative eigenvalue to
produce a positive intensity value. The first eigenvector
represents a mean intensity profile, while the second
component appears to show some additional spots
more suggestive of a 3D or imperfect 2D growth. The
third component appears to be mostly pure streaks. No
shifts could be seen in either streak spacing or width.
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Figure 2. Principal component analysis (PCA). The PCA of the entire acquired data set is shown above with the (a) eigenvectors
and (b) eigenvalues plotted. The decomposition results in a set of eigenvectors (images), which when multiplied by the
respective time-dependent eigenvalues, can reproduce the entire movie. The intensity of the RHEED beam was altered twice
during the acquisition; these times are marked with x and are clearly visible in the plotted eigenvalues. A small segment of the
data set is highlighted in yellow in (b), and data in this time window were reanalyzed by PCA with the results shown in Figure 3.

In order to reduce the effect of the manual intensity
change on the decomposition, the data were analyzed
by PCA restricted to time windows t=70sand t=108s,
referred to as “segment B” and outlined in the compo-
nent 1 plot in Figure 2b. In this second decomposition,
shown in Figure 3a,b, it is interesting to note that
there is little periodicity in the sixth component,
and in the eigenvector the two side spots are clearly
shifted down, while the specular spot is shifted up, with
respect to the other components. In our PLD setup
there is a thermal expansion of the substrate suspen-
sion system over time through heating, which effec-
tively changes the incident angle of the beam toward
more gliding angles. In reciprocal space, this has the
effect of tilting the Ewald sphere around a point at its
edge taken as the origin of k-space,®? thereby altering
the position of the intersection of reciprocal lattice rods
with the sphere, thus moving the diffraction spots ver-
tically on the screen. Therefore, component 6 may be
partly a result of an adjustment due to this thermal
expansion, although there are may be other factors
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involved, since there is some remanent periodicity.
Although this particular instrumental feature is specific
to our system, we note here the ability of PCA to
determine the existence of systematic variations in
the data in this fashion that can, e.g., be used for data
correction, and the method is general. Components
4 and 5 appear to show extra transmission spots and
may be related to either 3D growth modes, or imper-
fect layer by layer growth, as they consist of multiple
spots below the (10) and (10) spots, while the pattern
indicative of 2D growth mode that is more well
reflected in component 2 shows a pronounced in-
crease in |a,| in the oscillation amplitude envelope.
Therefore, PCA is a useful tool to identify the relevant
behaviors and modes that are present in the data set,
as well as in reducing the data set to a manageable
size, reducing it by ~99% while retaining ~75% of
the information.

k-Means Clustering and Growth Transitions. It is less evi-
dent from the PCA analysis whether there are any
significant changes in the growth modes occurring in
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Figure 3. PCA on RHEED segment B. The smaller time-series segment marked B in Figure 2 was reanalyzed with PCA; the
results are plotted above with the (a) eigenvectors and (b) eigenvalues. Components 4 and 5 show extra spots characterizing

them as imperfect layer-by-layer (LBL) growth modes.

the film, even though there appear to be several com-
ponents related to different types of growth. To ex-
plore this aspect we use the k-means clustering ap-
proach, which is a method to partition the RHEED
image sequence into k clusters in which each observa-
tion (image) belongs to the cluster with the nearest
mean. These clusters offer an approach to averaging
based on statistical similarity of the data, and observe
where these averages manifest in time. It should be
noted that while it may appear at first glance that PCA
and k-means are distinct approaches, the relationship
between them has been considered previously,?>%*
establishing the link between the algorithm that per-
forms unsupervised dimension reduction (PCA) and un-
supervised learning (k-means). A dendrogram, shown in
Figure 4a, is used to determine the optimum cluster
number and indicates that this RHEED image sequence
can be grouped into 10 clusters. The 10 groups are
shown boxed in blue in the dendrogram. Naturally, this
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dendrogram could be subdivided even further, but this
will result in little additional cluster separation. Note
that the validity of the chosen cluster number can also
be checked by observing the results of the k-means
analysis, by checking whether the clusters are indeed
oversampled. In case the clusters are oversampled,
then the only effect will be that certain clusters will
contain members that are statistically very similar; i.e.,
the mean value of these clusters will be similar.

The k-means approach was applied to the RHEED
image sequence, and the data set was divided into
10 distinct clusters. The mean of all members of the
individual clusters was computed and is plotted in the
upper panel in Figure 4b, while the temporal distribu-
tion of the clusters is shown in the lower panel in
Figure 4b. Three important clusters between times 70 s
and 110 s are bounded by blue dashed rectangles
in the upper and lower panels, and they indicate a
streaky pattern reminiscent of a more disordered type
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Figure 4. k-Means clustering. (a) Dendrogram of the RHEED image sequence, with leaves grouped into 10 clusters. (b) The
result of k-means clustering of the entire data set is shown in the upper and lower panels in this portion of the figure. The
upper panels reveal the image obtained by averaging the members of each cluster, while the timeline in the lower panel
indicates the temporal dependence of the clusters. At about 115 s, the pattern changes from being dominated by streaks
(indicating a more disordered three-dimensional growth) to a clear 2D growth mode dominated by specular and side spots.

of surface. The four clusters bounded by green dashed
rectangles appear to show more spot-like diffraction
patterns and are less streaky, indicating significantly
less disorder in the film once it is growing at these
thicknesses. This second set of cluster begins appear-
ing after ~115 s based on the timeline in the lower
panel in Figure 4b. This suggests that att ~ 115 s there
is a crossover to a more ordered growth pattern in our
LCMO films, a feature that is in fact confirmed by STM
topography images shown in Figure 5 for both 16 unit-
cell (UQ) film (corresponding to deposition stop at
t ~ 120 s) and 25 unit cell-film (present RHEED pattern,
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deposition stop at t ~ 210s). In the thin 16UC film, as
shown in the STM topography images in Figure 5a,b,
there are far more layers of the surface exposed,
leading to much more diffuse scattering and a
streaky pattern (finite-size disorder®), whereas by
25UC (Figure 5c,d) the growth has transitioned to
2D mode, indicated by the fact that only three layers
are exposed. This contrast is further shown through
analysis of the surface roughness of the two films,
shown in the inset of Figure 5a, where it is evi-
dent that the 16UC film has a much wider distribution
in the heights (and a roughness RMS of 0.222 nm), as
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STM 16UC LCMO (Roughness: 0.222nm)

STM 25UC LCMO (Roughness: 0.142nm)
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Figure 5. STM topography images of LCMO films of varying thickness. (a, b) STM topography images for a 16 unit cell (UC)
LCMO sample. (c,d) STM topography images of the 25 UC LCMO sample, for which the RHEED data is shown in Figure 1. The
height distributions from (a, c) are shown inset in the lower left of (a).

compared to the significantly flatter 25UC sample
which shows a roughness RMS of 0.142 nm. Note
that, here, the intensity of the streaks in the RHEED
images is the criteria that we have used to determine
the existence of the transition, however in other films
it may be the, e.g., appearance of clear 3D spots.”
These STM images confirm the validity of the statis-
tical analysis undertaken. Thus, k-means clustering
can readily identify the presence of growth mode
transitions and provides a statistical method to de-
termine the transition point, and we expect this to be
equally applicable to, e.g., 2D to 3D growth modes,'®
strain relaxation,® etc.

FFT Analysis. The PCA revealed the presence of per-
iodic components, and this is also expected from
physics of the growth process due to oscillating cover-
age of the layers. Hence, we now proceed to analyze
the data enforcing the periodicity clause, namely by
looking for periodic components through Fourier anal-
ysis. The data set/ = (k,, k,, t) was transformed to I' = I(k,,
k,, w) by means of a fast Fourier transform (FFT) at each
pixel location. The fast Fourier transform calculates the
discrete Fourier transform F,,, which is defined as

N 27ikn
Fn (er kyr ) = z I(kxz ky/ thle —
k=0

3)

wheren=0, 1,.. N — 1 and w is the frequency. F, is a
sequence of complex numbers, with the amplitude of
each member computed by |F,|(Re(F,)? + Im(F,)%)"?
and the phase computed by tan™'(Im(F,,)/(Re(F.,)).

An example of a single-point spectrum from the
data set, after application of the fast Fourier transform,
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is shown in Figure 6a for the pixel x = 145, y = 197;
i.e., we show |F,(ky4s, k197, )| in this plot. Clearly, there
are a number of peaks present at this particular spatial
location due to the periodicity in the signal. The point
of maximum intensity is max(|F,|) = |F,,| = 987.8, w =
0.138 Hz, and the value of the phase at this location
(plot not shown) is —2.08 rad. Multiplying the fre-
quency by n (n =2, 3, 4, ...) and subsequent determi-
nation of the intensity (i.e.,, amplitude), and phase
can be achieved to give the nth harmonic response,
i.e., |Fn,|. Repeating this procedure for all (k,, k)
points yields the spatial maps of the fast Fourier
transforms (separated into the amplitudes and phases
for the different harmonics); the mean amplitude
spectrum is plotted in Figure 6b, and the spatial FFT
maps plotted up to the third harmonic are shown
in Figure 6¢c—h.

In general, although the intensity function is known
to be periodic, it is not sinusoidal, and thus, any FFT will
necessarily contain higher harmonic components to
account for the true shape of the curve. The frequency
plot inset in Figure 6a highlights locations where the
periodic signal is above the noise level and can be used
for masking and reducing the number of pixels ana-
lyzed, thereby reducing computation time. The phase
image in Figure 6d shows that the transmission spots
associated with the imperfect LBL growth modes
are significantly out of phase (but less than i rad) with
the 2D growth mode diffracted spots. At the same time
there is enhanced intensity at the second and third
harmonic at these regions of k-space compared with
the background.
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Figure 6. Fourier transformation. After FFT, the amplitude spectrum of a representative single point is plotted in (a). The
average spectrogram amplitude for the entire RHEED data set is shown in (b). The frequency at which the maximum intensity
occurs, calculated across all points, is plotted in the inset in (a). Correspondingly, the maximum intensities, along with phase,
are shown in panels (c) and (d). Second- and third-harmonic component spatial maps are shown in (e—h).

We note that in a few cases higher harmonics have
been reported previously,?”?® although this is (to our
knowledge) the first mapping of such harmonics. In
those cases, the harmonics were evident in the ampli-
tude oscillations of the specular spot and were ex-
plained by interference between diffuse scattering and
elastic scattering of electrons.® Dobson et al.?® argue
that the reconstruction of the signal by filtering the
out-of-phase components can allow phase-locked epi-
taxy conditions to be recovered, wherein intensity
maxima always correspond to monolayer completion,
since the phase shifts are reasoned to be due to two
scattering processes that are st rad out of phase and the
proportion to which they contribute to the signal vary
with the incident angle. Shin et al. have shown experi-
mentally that the phase shift can be caused by overlap
of Kikuchi features with the specular spot.?’ Filtering in
this manner can be used as a basis for more detailed
modeling of surface coverage, but in this case, we have
shown the technique can be applied to the entire
image sequence. That is, here we can identify the
enhanced nonlinearity in the regions of k-space corre-
sponding to 3D growth modes.

Physical Descriptors. Of course, the intensity at the
second and especially third harmonic at the specular
spot is also of interest, and it can be considered as
arising from deviations from the “sinusoidal” oscilla-
tions, due to the growth process (which is not expected
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to be sinusoidal, even ideally). Recently, a model of
RHEED oscillations®® was proposed that incorporates
diffuse scattering from surface steps as well as inter-
ference between steps. In this case, the intensity / of the
specular spot for a system with m exposed layers was
approximated as

; |6m explig;md)
o

+ Y {1 = BSO)O, — 10,)explig.(n — 1)d1}
n=2

+01 = BSO)10 — 6 @)

where m is the number of incomplete layers, j is the
characteristic length of electron scattering from the
lower part of the steps,0, is the individual layer cover-
age, d is the interlayer spacing perpendicular to the
surface, and g, is the wavenumber corresponding to
momentum transfer along the surface normal and is
dependent on the incident angle, and 5(6,) is the step
density. Inspection of eq 4 reveals that harmonics are
clearly to be expected from I/ly and will be dependent
on the functional form of 5(6,). Furthermore, more
subtle features such as the period changing over
growth should result in either peak splitting at |F,|
and at higher harmonics (or perhaps the presence of a
shoulder) and can be linked to physical processes.
Additionally, it is evident that the spots associated with
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the 3D or imperfect LBL growth mode are associated
with a large second harmonic, and can be therefore
filtered out spatially. Fourier decomposition can thus
be used either as a filtering tool (if multiscattering is
known to be a problem?®) or to determine the degree
to which the growth is nonlinear by studying the
harmonics in the oscillations.

CONCLUSION AND OUTLOOK

RHEED remains an indispensable tool for in situ char-
acterization of surfaces during epitaxial growth, provid-
ing invaluable insight into crystallography and growth
transition modes, yet methods to analyze the entire
RHEED data set have not been extensively explored in
the literature. Here we have explored methods to
analyze and comprehend the information contained
in an entire RHEED image sequence for an LCMO film
grown on etched (001) STO substrates. Multivariate
methods such as PCA allow exploration of the data
set, separating the data into time and k-space domains,
and greatly compress the data in addition to identifying
the relevant behaviors without making assumptions on
the physics involved. Relatedly, k-means clustering al-
lows a transition between disordered and more ordered
growth to be pinpointed, and is confirmed with real-
space STM images. The k-means clustering is useful in
reducing the number of RHEED patterns that need to be
inspected. Given the periodic nature of the signal,
Fourier analysis was warranted and revealed the pre-
sence of higher harmonics that were localized in parti-
cular regions of k-space. The second harmonic signal

METHODS

Films of LCMO were grown by pulsed laser deposition on
etched (100) SrTiO; substrates. Substrates were prepared by
sonication in ultrapure water for 10 min and etching for 30s in
buffered oxide etch solution (pH = 4.5). They were then
annealed in air for 4 h at 900 °C and allowed to cool at a rate
of less than 150 °C/h. After cooling, the substrates were soaked
in water and sonicated in ultrapure water at 55 °C again. This
recipe yielded mostly B-terminated surfaces with occasional
small patches of A-termination. Films were deposited at 750 °C
in O, pressure of 50 mTorr, and monitoring was performed by
in situ differentially pumped high-pressure RHEED (Staib sys-
tem, Pixel Fly camera hardware, and ksa400 Software). The PLD
laser was a Lambda Physik KrF laser with a 248 nm wavelength
striking a target of composition Lag375Cage25Mn0O3 at a repeti-
tion rate of 10 Hz. The cooling rate was 150 °C/min after the end
of the deposition, and below 500 °C, the oxygen flow was
reduced to zero with the base pressure lower than 1 x 10~ in
an attempt to prevent excess oxygen adsorption. Samples were
then transferred in situ for STM on an Omicron VT-STM with a
Nanonis controller. All analysis was carried out in Matlab
v2013b.
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