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ABSTRACT
We introduce a peak fitting method to estimate the model parameters and the number of
peaks without using the conventional trial-and-error approach. The proposed method auto-

matically removes excess peaks using maximum a posteriori estimation. The computation is
performed efficiently by the spectrum-adapted expectation-conditional maximisation algo-
rithm with deterministic annealing. We apply the proposed method to synthetic and experi-
mental data from a tunnel field-effect transistor. The proposed method identified two peak
components in the experimental data from a MoS, sheet, which are interpreted to be the Mo
3ds, and Mo 3ds, peaks. No peaks were detected on the p*-WSe;, sheet and hexagonal boron
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IMPACT STATEMENT

The spectrum-adapted MAP - ECM algorithm estimates the model’s parameters and selects the
peaks in a single calculation without the conventional trial-and-error. The method is a valuable
tool for high-throughput analysis.

1. Introduction
et al. [6] proposed the spectrum-adapted expectation

Recent spectroscopic techniques have enabled the
investigation of broad areas of samples at high resolu-
tion. Developing an efficient method for analysing the
large volume of spectral data generated by this
approach is a crucial issue in materials science [1-5].
The peak fitting of spectral data requires manual trial-
and-error to determine the number of peaks, subtract
the background, and estimate the model parameters.
Because this trial-and-error approach is a major bot-
tleneck, only a part of the spectral data can be analysed
despite the large volume of data available.

An effective method would improve on the conven-
tional trial-and-error approach [6-12]. Matsumura

maximisation (EM) algorithm as a high-throughput
peak fitting method. The spectrum-adapted expecta-
tion conditional maximisation (ECM) algorithm is an
improved fitting model [7] that has been applied to
Mo 3d and S 2s core-level spectra measured in mono-
layer MoS,-Nb-doped MoS; lateral homojunctions
[13]. By extending the model, peak fitting and back-
ground subtraction can be conducted using joint opti-
misation [8], which has been demonstrated using a
large volume of spectral data collected from an SnS
monolayer sheet.

A limitation of the spectrum-adapted EM algo-
rithm is that the number of peaks cannot be selected
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automatically and must be fixed as a hyperparameter
[6-8]. The number of peaks can be estimated using
criteria [9,12,14]. For example, Nagata et al. [14] cal-
culated the marginal likelihood using a replica
exchange Markov chain Monte Carlo method and
determined the appropriate number of peaks in the
analysis of synthetic spectral data and reflectance spec-
tral data from olivine. In contrast, because the spec-
trum-adapted EM algorithm is not based on Bayesian
inference, it cannot be used to obtain the marginal
likelihood. Moreover, calculating the marginal likeli-
hood is computationally expensive and not compatible
with high-throughput analysis. Recently, Shinotsuka et
al. [9] and Murakami et al. [12] used the Bayesian
information criterion (BIC) [15], an asymptotic
approximation of the marginal likelihood, to determine
the number of peaks. The BIC is easier to calculate than
the marginal likelihood; however, the accuracy of peak
fitting using BIC requires verification.

An alternative approach without criteria is sparse
modelling. Sparse modelling optimises the model by
removing unnecessary variables. The model assumes
that the number of relevant parameters is less than the
total number of parameters prepared in advance and
allows variable selection by requiring that the number
of variables is small and the model accurately corre-
sponds to the data. The Least Absolute Shrinkage and
Selection Operator (LASSO) [16] is a typical sparse
modelling technique used in materials science (e.g.
[17,18]).

We introduce the spectrum-adapted maximum a
posteriori (MAP) - ECM algorithm for high-through-
put peak fitting. The proposed method estimates the
parameters of the fitting model and selects the number
of peaks based on a single sparse modelling calculation
by applying MAP estimation. MAP estimation is an
approach for point estimation by maximizing a poster-
ior distribution that consists of a prior distribution and
a likelihood function. The parameters are assumed to
be random variables, and the prior distribution incor-
porates constraints on the values of the parameters
using probability distributions. Excess peaks, which do
not contribute to the explanation of the spectral data,
are removed by reducing their mixing coefficients to
approach 0 during the calculation [19,20]. As the pro-
posed method calculates a model with many peak
components, the estimated values of the parameters
may be trapped in a local optimum. To avoid this, we
use a deterministic annealing technique [21-23].

We apply the spectrum-adapted MAP - ECM
algorithm to synthetic and experimental data. The
experimental data are 7396 spectra collected from a tun-
nel field-effect transistor (TFET) by X-ray photoemission
spectroscopy (XPS), and we produced a map of Mo 3ds,
to represent the spatial variation in peak binding energy.
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2. MAP estimation
2.1. Likelihood function

We define a likelihood function L that shows the
goodness-of-fit between the model and the data. The
spectral data, collected by X-ray photoelectron spec-
troscopy (XPS), consist of the measured energy step
X = x, and corresponding intensity w = w,,. As the
intensity is the count of photoelectrons, the error can
be approximated by a Poisson distribution [6-8].
Given that a Poisson distribution takes into account
the error distribution of the spectral data, it is prefer-
able to the conventional non-linear least square
approach that uses the residual sum of squares
between the model and the spectra, which assumes
the error to be Gaussian (see also supporting informa-
tion). We emphasise that the use of the Poisson dis-
tribution is a notable feature of our method.

The probability distribution of the intensity w,
corresponding to each energy step x, using the
Poisson distribution can be expressed as follows:

& exp(=£n)

w,!

(D)

P(Wn|x4, 0) = Poisson(w,|&,) =

where the mean parameter £,>0 is a function of
model parameter 6, and here it is modeled by the

sum of probability density P(x,|0k),k=1,...,M as
M
gn = Zp(xnwk) (2)
k=1

Therefore the likelihood function L can be written as

N
L= HP(Wn|xn7 0)
n=1

lN_I{gw Pt ©

Taking the logarithm of Equation (3), we get

N M M
In(L) = Z{wn ln{z P(xn|9k)} In(w,!) = P(xa]6k) }
n=1 k=1 k=1
4)

The second term on the right side of Equation (4) is a
constant. When the normalization constraint is
applied to a peak component, the third term in
Equation (4) becomes constant,

Z P xn|6k (5)

n=1 k=1

Hence, the second and third terms of Equation (4) are
not dependent on the parameter set 6. Let E(x|0) be
the function that extracts the term in Equation (4) that
affects the optimisation of 6, as follows:
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E(x|0):Z{wnln{ P(xn|0k)}}. (6)

n=1 k=

Equation (6) has the same form as the weighted log-
likelihood function in the spectrum-adapted EM algo-
rithm [6] and spectrum-adapted ECM algorithm [7].

This study uses a pseudo-Voigt mixture model with a
linear background model Ppymmp as a fitting model.
Ppymms is defined as a mixture model consistintg of K
peaks Ppy(x,|u, 0,%) of the pseudo-Voigt model and
two background components Pypi(x,;x;,xy) and
Pui(x,; %1, xn). Here, p is the mean; o is the standard
deviation (0 <o0); and # is the mixing parameter of the
Lorentz and Gauss distributions (0 < # < 1). Thus, our
fitting model consists of K +2 components (i.e.
M = K + 2). Details of the fitting model are given in
Appendix A.

2.2. Prior and posterior probability distribution

A posterior distribution p(0|x, w) is required for MAP
estimation. The posterior distribution has the follow-
ing relationship with the likelihood function p(w|x, 6),
which is the same as L (Equation 4), and prior dis-
tribution r(6):

p(0]x, w) < p(w|x, 0)r(0). (7)

For ease of calculation, we take the logarithm of
Equation (7) as follows:

In(p(0|x,w)) = In(p(w|x, )) + In(r(0)) + const.
®)
In this study, Ppymms (xx|¢, 0,71, A) is used as the fit-
ting model. Here, A = (A4, ..., Ak) is the mixture ratio
for each component (0 < A, <1 and Zle A =1)
(see also Appendix A.1). We set the prior distribution
for the parameters of k-th component as follows:

Gauss (g Xp Vi)

r(u,) = 7
(.“k) CDFGauss (xmax; Xk l//k) — CDFgauss (xmin§ Xics V/k)
%)
r(ox) = Gamma(oy; T, V), (10)
(1) = Beta(n; ax, Br), (11)
and K+2
r() = Dir(klgy) = Cp) [[ A" (12
k=1

where CDFgauss, Gamma, Beta and Dir are the cumu-
lative Gaussian, Gamma, Beta, and Dirichlet distribu-
tions, respectively; y is the mean (Xmin < ¥ < Xpmax); ¥
is the standard deviation (0 <); v is the scale para-
meter (0<v); &, B, and 7 are the shape parameters
(0<a, 0<pf, and 0<7); ¢ is the concentration para-
meter (0 <¢); and C(¢,) is the normalizing constant
in the Dirichlet distribution. As the values of y are
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constrained to the range of the measurement steps
(Xmin < P < Xmayx), we apply a truncated Gaussian dis-
tribution (Equation 9). Since the applied prior distri-
bution of ¢ and # (Equations 10 and 11) satisfies the
defined domain (i.e. 0<¢ and 0 < 5 < 1), it is not
necessary to use truncated distributions. The Dirichlet
distribution is appropriate for A (Equation 12), as it
satisfies ~ the  defined domain (0<A<1
and ZkK;LlZ A =1).

The proposed method extracts the appropriate
peaks using the Dirichlet distribution as the prior
distribution of A. We recommend setting the concen-
tration parameter ¢, to < 1 to effectively remove
excess peaks. When ¢, = 1, the Dirichlet distribution
becomes uniform. The rule for updating A, which is
the same as used by Corduneanu [19], allows for the
removal of excess components. When ¢, <1, the
Dirichlet distribution has high probabilities at the
edges, resulting in some Ay values being close to 0,
effectively removing them from the model. In con-
trast, when ¢, > 1, the Dirichlet distribution has high
probabilities near the centre, leading to the conver-
gence of A values away from 0, and the peaks cannot
be selected by setting the Ax values of the excess peaks
to close to 0. The parameters of the other prior dis-
tributions also affect the estimation of the correspond-
ing parameters. In this study, we set the prior
distribution with a broad distribution, thereby redu-
cing the effect on the estimation to y, 0 and #.

The original objective function to maximize is the
log posterior (Equation 8). The first term on the right-
hand side of Equation 8 (i.e. Equation 4) is maximized
when Equation 6 is maximized so that it can be
replaced by Equation 6. The second term (In(r(0)) is
obtained from Equations 9-12. Put together, the mod-
ified objective function can be defined as Epap(0|x, w)
given in Equation 13.

EMAP(lea W)

I
M=

K
{waIln{>  LiPpy (x,]6k)
1 k=1

+ Ak 1 Puni (% 21, 8) + Ak 2P (%603 X1, 28) }

3
Il

K

+ Z{ln{truncatedGauss(yk; Xeo Vi)
k=1

+ In{Gamma(oy; 7k, vi)

+ In{Beta(#,; ax, B;) + In{Dir(Ac|¢;)}, (13)

where 0 is a vector of the parameters. The parameters
for peak fitting are obtained by maximizing Equation
(13). As the parameters of the prior distributions are
fixed before the calculation, the prior distributions can
be interpreted as the regularisation term of the like-
lihood function in the optimisation of the model.
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3. Peak fitting
3.1. Deterministic annealing

Deterministic annealing is a method for solving an
optimisation problem that avoids parameters from
becoming trapped in local optima [21-23]. A tempera-
ture parameter (T) is introduced to the likelihood
function or posterior distribution, and the optimisa-
tion is conducted by changing the value of T from T}
(1<T;) to Ty = 1. Deterministic annealing has been
used to estimate the maximum likelihood of mixture
models [24,25] and neural networks [26-28]. Katahira
et al. [29,30] applied deterministic annealing to varia-
tional Bayesian inference. Figure 1 provides a sche-
matic illustration of peak fitting using deterministic
annealing. Peak fitting is performed for each value of
wy,/ Tp, and the values of the parameters at Ty = 1 are
adopted as the solution. In the supporting informa-
tion, we have demonstrated the sensitivity of hyper-
parameters to peak fitting through numerical
experiments. Tuning the hyperparameters is crucial
for reducing computational costs and efficiency ana-
lyzing large amounts of spectral data.

3.2. Spectrum-adapted ECM algorithm

We use the spectrum-adapted ECM algorithm to opti-
mise the parameters. The spectrum-adapted ECM
algorithm conducts calculations by iteration between
E- and CM-step, and has the advantages of numerical
stability and low computation cost.

First, the initial value of the temperature parameter
T, and the parameters (4, 09, 7, and Ag) are set.
Enap(0)x,w) is calculated using these values and
Equation (13).

In E-step, the following responsibilities (y,
andy,

(y"ld "ld, n“ld, Aozd), with the initial values (@, 60, 7,
Ao) being used in the first iteration:

> yan+1,
,) are calculated using the current parameters

AZZdPPV(anuk y Ok 5 Mg
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Equations (14)-(16) represent the peak, baseline, and
monotonically increasing background trend, respec-
tively. K is the number of peaks and a positive integer.
As our fitting model consists of K peaks and two
background components, the total number of compo-
nents is K+ 2. y, is the posterior probability of a
latent variable z, for a given x, [20]. In this study, x,
is assumed to be generated from one of the compo-
nents of the fitting model (see Appendix A). z,x repre-
sents the component generated: z,x is equal to 1 when
X, is generated from the k-th component; otherwise,
Znk s equal to 0. For theoretical details, see Bishop [20]
and McLachlan [31].

In CM-step for A, A is updated to A" by solving

4Ewar — (), The following equations calculate 7", A},

new
and Ay 5, using y,

> yZnK+l an yan+2 :

N
¢ -1 +Zn IW”yan

)L"ew = , (17)
(¢ ) + ZK+2 Zn 1 ”yz,,k
new ¢K+1 - 1 + Zil\] 1 n))ZnK+2
/\K+1 = K+2 , (18)
M($iy — 1)+ 2y S way,,
and
new Prip— 1+ Zg 1WnYs ks
M = K+2 . (19
M(¢K+2 ) + Z Zn 1 ”yznk

where M is the total number of components including
the peaks and background (K + 2 in this study). In
CM-step for the other parameters, 4, is updated from

uS' to yr*" by maximisation of the following function:

N K
Q(x,w, T|0) :ZZ TkalnAk

n—1 k=1
+ In Py (xulpy, 0% 1)) }

K
+ Z{ln{Gauss(yk;Xk, v, } + In{Gamma(oy; Tk, vi }
k=1

old old old)

Yo = =K i 1d ) (14)
kS Py (g, 02 o) 4 AZD P (65 1, X)) AR, P (5 X1, Xv)
1d
y . /1[0<+1 uni(xn;xl)xN> (15)
Kl =K q0ld id 1d ’
S A Py (x|, 00 0 b A Puani (303 X1, XN ) + A Puri (%5 X1, x)
and
A%izptri (xn; X1, xN)
yZnK+2 = (16)

S h 1 APy (g, 00, o) +

old A
AK+1Puni(xna X1, xN)

Id
+ /\%+2Ptri(xn; X1, xN)
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Figure 1. Peak fitting with deterministic annealing. Peak fitting is performed at each value of w,, /T}. By decreasing T, from T; to
Ty = 1, peak fitting is eventually performed on the original intensities (w,).

+ In{Beta(#,;; ax, B } + In{Dir(Ac|¢;}}, (20)

old old
bl

where A, 0, and 7 are fixed to be A", ¢°, and 7
respectively, with the initial values used in the first
iteration. The maximisation is conducted using
Brent’s method [32]. In CM-step for o, oy is updated
from 0 to 07" by maximizing Equation (20), and A,

old respec-

. and 7 are fixed to be ™", ", and 5
tively. In CM-step for 7, 77, is updated from 72 to <"
by maximizing Equation (20), and A, y, and o are fixed
to be A", u"", and 0"*", respectively.

The iteration between E-step and CM-step is
stopped when the convergence criteria is satisfied;
otherwise, the algorithm returns to E-step. When the
iteration converges at T = 1, the calculation is com-
plete and the current parameters are adopted as the
solution. Otherwise T#1, the current temperature
parameter T is updated to the next temperature para-
meter Ty, and the current parameters are used as the
initial values when returning to E-step.

4. Analysis of synthetic data
4.1. Generation of synthetic data

We applied the spectrum-adapted MAP-ECM algo-
rithm to synthetic spectral data analysis. We define
the synthetic spectral data D as follows:

D:<x’1; x;?k x}‘j>7 (1)
wioooowh L Wy
where x, is the measurement energy step and w is the
intensity of the spectrum at the corresponding energy.
We generated a synthetic pseudo-Voigt mixture
model for MAP estimation. As the intensity in XPS
analysis is the number of photoelectrons measured at
each measurement step, we assume that w; are ran-
domly generated from a Poisson distribution
(Poisson(X|£¥)), where X is a discrete random variable
integer starting from 0 (0, 1, 2, ...) and £* is the mean
of the Poisson distribution. We defined &* corre-
sponding to w} as follows:

£ exp(—€)

(22)
wi!

Poisson(w, |£") =
We use a pseudo-Voigt mixture model with four peak
components and a linear background, £*, which is
expressed as follows:

4
& =1 _{INPev(x;lui, oi )} + B} x 10, (23)
k=1

where d is a constant (d > 0) related to the measure-
ment time. The background component (B) is
expressed as follows:

ax, +b
> (ax; +b)

where a and b represent the slope and intercept of the
background, respectively, and x, was selected from
between 0 and 100 in steps of 0.5, so that the total
number of steps was 201. The parameters of the peak
components were as follows: y; = {35,50,65,72.5},
ot ={3,3,3,3}, #.=1{04,06,0.1,0.1}, and
A =1{02,02,02,02,01}. We set a =500,
b = 15000, and A, = 0.3 for the background com-
ponent. The synthetic spectral data were generated
with d set to 7 and 4. The synthetic data when d =7
represent high-resolution spectral data with a large
number of counts, and the synthetic data when d=4
represent noisy, low-intensity spectral data.

B=X1,{ H (24)

4.2. Initial conditions of synthetic data analysis

We applied the proposed method to synthetic
data. In the calculation, the initial number of
peaks was set to K=9 so that the fitting model
included redundant peaks. The initial values of y,
o, and n were generated randomly from each prior
distribution, and the initial A values were 1/11, as
the total number of components M is 11. The
parameters of the prior distribution are listed in
Table 1.

The temperature parameter set Tj, was prepared as
follows:
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Table 1. Parameters of the prior distribu-
tion for the synthetic data analysis.

Parameter Value
X 20,0
X 275
Xs 350
Xa 425
Xs 50.0
Xe 575
X 65.0
Xs 725
Xo 80.0
¥ 10
¥, 10
U3 10
2 10
Us 10
Ye 10
2 10
Yg 10
Wy 10
T 10
T 10
3 10
Ty 10
Ts 10
Te 10
T7 10
Tg 10
Tg 10
Uy 5
%) 5
U3 5
Ug 5
Us 5
Ug 5
U7 5
Ug 5
Ug 5
aq 7
a 7
as 7
ay 7
dsg 7
Qg 7
ay 7
ag 7
dg 7
B, 7
B, 7
B, 7
B, 7
Bs 7
B, 7
B, 7
By 7
By 7
0, 001
é, 0.01
b, 0.01
&, 0.01
o 0.01
b 0.01
b, 0.01
bs 0.01
b, 0.01

» 0.01

" 0.01

ZN
Th — n=1 Wn

where

th =1t +

(h — 1){log,o (SN, wn) — to}

H-1

)

(25)

(26)
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tp = 3, (27)

and H is the total number of temperature parameters.
We set H=15 (h =1{1,2,3,4,5}). These values were
heuristically selected. A theoretical analysis to find the
appropriate values is an ongoing problem.

The iterative calculation is considered to have con-
verged when the difference between the values of
Equation (20) before and after the CM-steps is
<1078, The calculation is terminated after 50,000
iterations. A solution is obtained when the iterative
calculations are complete at T = 1. The calculation
was conducted using code written in R (http://cran.r-
project.org/), an open-source programming language
and software environment for statistical analysis. The
computer running the calculations had an Intel Core
m?7 processor, dual cores running at 1.3 GHz, and 8
GB memory.

4.3. Results of the synthetic data analysis

The estimated fitting curve shows a good fit to the
synthetic spectral data and contains the correct num-
ber of peaks (K=4), including a minor peak
(4 = 72.5) near the major peak (u = 65). Figure 2
shows the fitting curves using the initial and estimated
parameters. The proposed method extracts a four-
component pseudo-Voigt mixture model from the
initial nine-component model.

Figure 3 shows the variation in each parameter with
each iteration. Each parameter converged within
<400 seconds. Five mixture ratios (A, A3, A4, s, A9)
converged to 0, and the other six mixture ratios were
correctly assigned to four peak components and two
background components. This results show that the
proposed method extracts appropriate peaks by
assigning a value of 0 to the mixture ratios A of the
excess peaks. In addition, the parameters of the
removed peaks converged to the mode of the prior
distribution (Table 2).

Figure 4 shows a comparison of three related meth-
ods: (1) the proposed method, (2) the proposed
method without deterministic annealing, and (3) the
spectrum-adapted ECM algorithm [8]. The calculation
times of the three methods were 285.1 seconds (5816
iterations), 3251.7 seconds (50,000 iterations), and
2268.0 seconds (50,000 iterations), respectively. The
calculations were terminated after 50,000 iterations.
A large calculation cost was required to satisfy the
convergence criteria using the methods that did not
use deterministic annealing. This suggests that the
proposed method can more efficiently produce a sui-
table fitting curve. The proposed method performed
appropriate peak fitting by removing excess peaks;
however, the proposed method without deterministic
annealing produced a curve with two components for
the left and centre peaks. Similarly, the curve produced
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Figure 2. (Upper panel) Initial fitting curves and (lower panel) estimated fitting curves. The proposed method successfully
produced a fitting curve with an appropriate number of peaks (K = 4).
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deterministic annealing, and (lower panel) the spectrum-adapted ECM algorithm. The proposed method determined the
appropriate number of peaks and performed more efficiently than the other methods.

by the spectrum-adapted ECM algorithm includes
excess peaks; therefore, individual peaks cannot be
decomposed adequately.

Figure 5 shows that the proposed method extracted
a four-component pseudo-Voigt mixture model from
an initial nine-component pseudo-Voigt mixture
model even from spectral data with noisy peaks due
to low signal intensity. The obtained fitting curve
comprised three major peaks and one minor peak,
correctly estimating the true peak shape. The esti-
mated parameters were similar to those from higher-
intensity spectral data (Table 2). In addition, the cal-
culation time was shorter than that required to analyse
high-intensity spectral data; therefore, the proposed
method can perform peak fitting robustly and effi-
ciently even with low-intensity spectral data. This cal-
culation behavior is due to the sensitivity of the
objective function to changes in parameters depend-
ing on the intensity of the spectra. This study observes
that when the intensity of the spectra is high, more
iterations are required to satisfy the convergence cri-
teria. This is because the objective function becomes

sensitive to changes in parameters on the peak fitting
of high-intensity spectra. Even slight changes in the
parameters cause significant fluctuations in the objec-
tive function, necessitating more computational time
to satisfy the convergence criteria compared to when
analyzing noisy spectra with lower intensity.

5. Analysis of experimental data
5.1. Experimental data acquisition

Experimental data were acquired by XPS mapping the
surface of a TFET, as undertaken by Nakamura et al.
[33]. The TFET data were acquired using a 3D
nanoESCA core-level photoelectron microspectrometer
[34,35] at the BLO7LSU soft X-ray beamline at the
SPring-8 synchrotron radiation facility. The photon
energy of the synchrotron radiation used for the analy-
sis was 1000 eV. 3D nanoESCA can scan a sample with
high lateral spatial resolution (~ 70 nm) and record
photoelectron spectra for quantitative analysis of the
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Figure 5. (Upper panel) Initial fitting curves and (lower panel) estimated fitting curves for noisy spectral data. The proposed
method produced a fitting curve with no excess peaks in the analysis of noisy spectral data.

chemical state. The TFET data consist of 7396 spectra
from 86 x 86 measurement points. Figure 6 shows a
map of the total intensity of the spectra. More details
about the TFET are given by Nakamura et al. [33].

5.2. Initial conditions

The number of peaks K in the fitting model was set to
nine, yielding a fitting model with redundant peak
components. We set the initial values of y over equal
intervals within the range of binding energy of the
spectra: {{y, fy, fhss fhys P> B Hys Hys Mot = {222.000,
224.875, 227.750, 230.625, 233.500, 236.375, 239.250,
242.125, 245.000}. The initial o and 7 values were
generated randomly from each prior distribution.
Each initial A is 1/11 because the total number of
components including the background components
M is 11. The prior distribution parameters were set
heuristically and are listed in Table 3. These prior
distributions provided minor constraints on the pos-
sible values of the parameters and allowed the conver-
gence of each to a reasonable value. To use
deterministic annealing, a set of temperature para-
meters Tj was prepared using the same procedure as
with the synthetic data (Equations 21 and 22), with
ty=225and H =5 (h={1, 2, 3, 4, 5}).

5.3. Results of the experimental data analysis

Figure 7 shows typical fitting curves obtained using
the proposed method. Seven peak components were
removed from the fitting model as the mixture ratio
converged to 0. The other two peak components
remained in the fitting model, and the background
on the low energy side was linear (Figure 7a-d).
These results show that the spectral data from the
MoS, sheet were successfully decomposed into a Mo
3ds/, peak, 3ds), peak, and background components.
Although the S 2s peak should occur near 227 eV, it
was not detected due to the noise level of the spectra. If
the signal-to-noise ratio of the measurements can be
improved, this peak should be detected. In contrast, no
Mo 3d3, or 3ds/, peaks were detected in the spectral
data on the p*-WSe, sheet (Figure 7e) and hexagonal
boron nitride (h-BN; Figure 7f). These fitting curves
consist predominantly of the background component.
As the spectral data from the p™-WSe, sheet and h-BN
have no clear peaks within the measured range of
binding energies, fitting curves consisting predomi-
nantly of background components are realistic.
These fitting curves (Figure 7a-f) were obtained
using the same initial conditions. Thus, appropriate
fitting curves are obtained without tuning the initial
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Table 2. Summary of the estimated values of the parameters
for the synthetic data analysis.

Parameter High-intensity spectra Noisy spectra
Uy 20.00 20.00
Uy 35.00 34.88
U3 35.00 35.00
Uy 42.50 4250
Us 49.99 50.00
U 57.50 57.50
I 7249 49.82
Ug 65.00 72.59
U 80.00 65.27
04 1.80 1.80
0y 3.00 2.79
03 1.80 1.80
04 1.80 1.80
Os 3.00 1.80
o 1.80 1.80
o7 3.01 3.25
Og 3.00 2.74
Og 1.80 3.08
n 0.50 0.50
n, 0.41 0.53
N3 0.50 0.50
N4 0.50 0.50
Ns 0.58 0.50
N 0.50 0.50
n; 0.11 0.49
nNg 0.13 0.47
Ng 0.50 0.38
M 0.00 0.00
A 0.20 0.21
A3 0.00 0.00
Ay 0.00 0.00
As 0.20 0.00
Ae 0.00 0.00
A 0.10 0.19
Ag 0.20 0.10
Ag 0.00 0.23
Mo 0.11 0.10
M1 0.19 0.17

conditions individually, even for spectral data col-
lected from composite materials.

The total time to analyse the 7396 spectra was 271.4
hours, and the median calculation time for individual
spectra was 92.44 seconds. Thus, most spectra were
analysed within 2 minutes (Figure 7a-e), although
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206 spectra took >600seconds to fit (Figure 7f).
Subtracting the background and determining the
number of peaks is conducted efficiently using a single
calculation using the ECM algorithm. Thus, the pro-
posed method fits the peaks sufficiently quickly for
practical use.

We collected the peaks where 229.4 <y <230.0,
0.10<0<0.45, and 1>0.06, and assumed that these
peaks correspond to the Mo 3ds/, peak. Figure 8
provides a map of the binding energy of the Mo
3ds/, peak, which shows that it varies spatially
between 229.4 and 230.0 eV (Figure 8). The Mo 3d;,
peak on the thick-MoS, sheet was 0.1-0.2 eV lower
than that on the three-layered MoS,. In the region
where the thick MoS, sheet overlaps with the
p-WSe; sheet, the binding energy of the Mo 3ds,
peak was 0.2-0.3 eV lower than in the other areas.
These shifts in binding energy with MoS, thickness
were due to differences in charge doping from the
pT-WSe,. In addition, some areas have binding ener-
gies that are 0.3-0.4 eV lower than those in the sur-
rounding region. These regions of low binding energy
are bubbles that were introduced during sample
preparation.

6. Discussion and implications

This paper has introduced a novel method for the
complex task of selecting the optimal number of
peaks in peak fitting analyses. We present this new
technique and demonstrate its effectiveness using both
synthetically generated and real spectral datasets. Our
findings confirm that the method accurately identifies
the appropriate number of peaks, proving its practical
value in real-world experimental settings.
Additionally, the versatility of the proposed method
allows it to be applied across a broad range of spectral

Schematic illustration of the cross-section at a—f

®) ©

3ML MoS,

Thick MoS,

Figure 6. (Left) Total spectral intensity map and (right) schematic cross-sections corresponding to positions a—f on the map. a—f
indicate the locations where the spectral data shown in Figure 7 were collected. The regions on the thick (a, ¢) and three-layered
(b, d) MoS; sheet and p™-WSe; sheet (e) yield higher intensities than the region of h-BN (f). The red dashed line indicates the
boundary between the thick and three-layered MoS, sheet and the blue dashed line indicates the edge of the p*-WSe;, sheet.
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Table 3. Parameters of the prior distribu-
tion for the experimental data analysis.

Parameter Value
X 222.000
X 224875
Xs 227.750
Xa 230.625
Xs 233.500
Xe 236.375
Xs 239.250
Xs 242.125
Xo 245,000
¥ 5
¥, 5
U3 5
2 5
Us 5
Ye 5
2 5
Yg 5
Wy 5
T 10
T 10
T3 10
T4 10
Ts 10
Te 10
T7 10
Tg 10
Tg 10
Uy 0.1
%) 0.1
U3 0.1
Uy 0.1
Us 0.1
Ug 0.1
U7 0.1
Ug 0.1
Ug 0.1
aq 7
a 7
as 7
ay 7
dsg 7
Qg 7
ay 7
ag 7
dg 7
B 7
B, 7
B, 7
B, 7
Bs 7
B, 7
B, 7
By 7
By 7
, 001

X 001
b, 001
&, 0.01
o 0.01
b 0.01
®, 001
bs 001
b, 001
P10 0.01
¢, 001

types, making it ideal for addressing various analytical
challenges in material sciences. The proposed meth-
od’s broad applicability and practical analysis capabil-
ities make it an invaluable tool for experimental
researchers.

The proposed method selects peak components
without the conventional trial-and-error approach.

T. MATSUMURA ET AL.

The proposed method removes excess peaks using
MAP estimation. The computation is performed effi-
ciently using the spectrum-adapted ECM algorithm
with deterministic annealing.

Because the proposed method does not use a criter-
ion for evaluating the number of peaks, it is not
necessary to conduct the calculation for each number
of peaks independently. This reduces the computa-
tional cost of repeated analysis for individual spectra
and contributes significantly to the efficiency of the
analysis, especially in high-throughput analysis where
individual analyses must be processed quickly. In con-
trast, a weakness of the proposed method is that it
requires many iterations to converge, as a fitting
model with multiple peaks is optimised. This weakness
can be improved by deterministic annealing, as shown
by our analysis of synthetic data.

Deterministic annealing is essential for performing
the proposed method effectively. With deterministic
annealing, it is easier to optimise a fitting model with
multiple peak components rapidly. Peak fitting can be
performed faster and more accurately than when using
the conventional spectrum-adapted EM algorithm by
setting the temperature parameters appropriately.
Hyperparameter tuning has the potential to accelerate
the calculation process, increasing the computational
speed several to tens of times (Figure S2). Although
achieving accurate fitting curves is also possible with
ample time, it is impractical for high-throughput ana-
lysis without deterministic annealing technique. In
this study, hyperparameters are set heuristically; pre-
cise adjustment could enhance method efficiency.
Systematic exploration of optimal settings is essential
for future research. Although the choice of tempera-
ture parameters is heuristic, the synthetic and experi-
mental data analyses show promising results.
Establishing a tuning procedure for the temperature
parameters is essential to further develop a high-
throughput peak fitting method.

MAP estimation enables us to employ domain
knowledge, including the theoretical peak positions
determined by previous research, into the prior dis-
tribution. Even when faced with spectral data contain-
ing complicated peak shape, it is possible to detect
peaks using an appropriate prior distribution. In addi-
tion, a broad prior distribution does not affect peak
fitting and is almost equivalent to peak fitting using
the spectrum-adapted ECM algorithm based on max-
imum likelihood estimation [7,8].

The conventional workflow of peak fitting involves
multiple steps: (1) background subtraction; (2) deter-
mining the number of peaks: (3) setting initial condi-
tions for the fitting algorithm; (4) optimizing the
fitting model. These tasks often require repetitive
effort to achieve an accurate fitting curve. The process,
which is manually intensive and not standardized,
involves handling each spectrum individually.
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Figure 7. Typical fitting curves for the experimental data. a~f correspond to the locations shown on Figure 6. Clear Mo 3ds, and
Mo 3ds, peaks are seen in a-d. The proposed method successfully selected only these two peaks. In contrast, spectra e and f have
no clear peaks, and a fitting model consisting only of the background was produced.
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Figure 8. Map of the binding energy of the Mo 3ds, peak. As there are no Mo peaks in the spectra collected on the p*-WSe, sheet
and h-BN, peaks detected in these regions are artifacts of the noisy spectral data.

Analysts, relying heavily on their experience, invest
considerable time in finding better solution. Given
the many analyzed spectra, this conventional
approach is costly and impractical.

The proposed method directly integrates back-
ground subtraction and the selection of peak numbers
into the peak-fitting calculations and simplifies the
workflow by focusing on setting on the initial condi-
tions. Consequently, it reduces analysts’ workload and
dependency, significantly enhancing the efficiency of
the peak fitting. Moreover, the proposed method’s
versatility allows its application to various types of

spectra, such as Raman and XAF, not just the XPS
spectra demonstrated in this study. The proposed
method contributes to obtaining low-dimensional fea-
tures, including the peak position and full width at half
maximum, extracted from the considerable volumes
of spectral data produced.

We are committed to further enhancing our
method. We plan to develop optimization techniques
for hyperparameters and refine the algorithm to
improve computational cost. We also aim to develop
graphical user interfaces to enhance usability.
Moreover, we recognize that the choice of initial
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values affects the computational cost (e.g. Figure 2
bottom and Figure 4 top), and a few initial value sets
can take exceptionally long calculation times.
Although this is not the focus of this research, it will
be an important issue when advancing the proposed
method. These advancements are poised to signifi-
cantly evolve the traditional peak fitting workflow,
the potential impact of our research in the material
science.

7. Conclusions

We introduced the spectrum-adapted MAP - ECM
algorithm for high-throughput peak fitting. The
method estimates the model’s parameters and selects
the peaks in a single calculation. It produced a curve
that fits synthetic spectral data well, with the correct
number of peaks. Furthermore, a similar result was
obtained for noisy synthetic spectral data. The method
can provide appropriate fitting curves without the
conventional trial-and-error approach, even for
experimental spectral data from a tunnel field-effect
transistor. The method is therefore a valuable tool for
high-throughput analysis.
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Appendix A. Derivation of the fitting model

A1. Pseudo-Voigt mixture model

We use a pseudo-Voigt mixture model (Ppymm) to
represent the peak shape. The pseudo-Voigt distribution
is a general peak-fitting model for spectral data and is
easy to calculate. Ppymm is defined as a linear super-
position of K normalised pseudo-Voigt distributions
Ppv (x4|p, 0,7) as follows:

K

Povmm (xa |, 0,1,A) = ZAkPPV(xn“"kvo'kvnk)a (A1)
=

where A is the mixture ratio for each component (0 <A <1
and Y5 Ak =1) and Ppy(x,|u,0,%) is expressed as
follows:

pseudoVoigt(x,|u, 0, 7)
SN pseudoVoigt(x,|u, 0, 1)

Ppv (xnlpt, 0,17) = . (A2)

where

pseudoVoigt(x,|u, 0,1) = nL(x,|¢, V21In20)
+ (1= n)N(x|p,0),  (A3)

L and N are Lorentz and Gauss distributions, respectively; u
is the mean; o is the standard deviation (0 < ¢); and # is the
mixing parameter of the Lorentz and Gauss distributions
(0 < 7 <1). As the distribution has a broad tail and finite
measurement energy steps x,,, each distribution is expressed
as a normalised distribution over the range of x,,.

A2. Linear background model

We introduce a linear background model that is used for
background subtraction. This model assumes that a straight
line can approximate the background shape. We define the
background model B(x,; x;,xy) on N measurement points
Xyu. We assume that the background intensity monotonically
increases from x; to xy and that a continuous function can
approximate the background component. Based on these
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assumptions, we define the linear background model using
triangle Py;(x,; x1,xy) and uniform Pypi(x,;x1,xy) distri-
butions as follows:

Pg (%0 %1, %8) = Ak 1 Puni (%03 %1, X8)

+ A2 Puri (%03 21, X0 ), (A4)
where
1
P (%03 %1, %8) = (A5)
XN — X1
and
2(x, — x
Puri (%05 X1, X8) = (nilz (A6)
(xn — x1)

Equation (A4) is determined uniquely by the end points of
the measurement step (x;, xy) and the mixing ratio of the
background component (Ag1, Axi2)-

A3. Fitting model

The fitting model is a pseudo-Voigt mixture model (Ppymm)
with a linear background model (Ppymms), which can be
expressed as follows:

Ppvmms (X4 |@t, 0,1,1) =

K
D MPoy (sl 0k, 1) 4 A1 Puni (%3 X1, )
P
+ Ak 2Puri (X5 21, XN). (A7)

The first term on the right side of Equation (A7) represents
the peak components, the second term represents the base-
line of the background, and the third term represents the
trend of the background. In addition, as the total number of
mixture ratios A is K42, A sums to 1 (ie. 0 <A <1,

kKIIZ Ak = 1). Optimizing Equation (A7) for spectral data
means that peak fitting and background subtraction are
performed simultaneously.
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