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ABSTRACT

Though extensive experiments have been performed in the past to measure electron emission properties under electron beam bombardment,
reliable measured data for clean and smooth surfaces are still lacking for most elemental solids. In this study, we have conducted a compre-
hensive Monte Carlo simulation to examine electron emission yields, including secondary electron yield (SEY), backscattering coefficient
(BSC), and total electron yield (TEY), for germanium. The uncertainties associated with theoretical calculations have also been assessed
with a total of 4608 scattering models by considering several dominant factors that can influence the calculated yields, i.e., optical energy
loss function dataset, work function data, dielectric function model for electron inelastic scattering, and scattering potential for electron
elastic scattering. Our results indicate that the work function value significantly affects the simulated SEY, and the energy loss function
dataset and elastic scattering potential moderately influence both SEY and BSC. Our simulated BSC data are somewhat higher than most of
the experimental measurements, while the simulated SEY data are mostly lower than the experimental data within the estimated theoretical
uncertainty. This study highlights the critical need for establishing an accurate database of electron emission yields using theoretical model-
ing, considering particularly the unreliability of the previous experimental data caused by surface contamination during measurements.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivs 4.0 International (CC BY-NC-ND) license (https://creativecommons.org/licenses/by-nc-nd/4.0/). https://doi.org/10.1063/5.0251814

I. INTRODUCTION

Interaction of energetic ions or electrons with materials can
produce the secondary electron emission. Austin and Starke1 were
the pioneers who discovered the secondary electron emission; after-
ward, many studies have been performed experimentally or theoret-
ically. Nowadays, secondary electron emission has numerous
applications in various technical fields, e.g., scanning electron
microscopy (SEM)2 and electron multipliers.3 It also plays a funda-
mental role in lithography technique,4 fabrication of electronic
devices,5 electron accelerator,6 and microwave devices.7 In vacuum
electronic devices, one wishes to either enhance or suppress the

secondary electron emission intensity measured as the secondary
electron yield (SEY).

The incident electrons undergo elastic and inelastic collisions
in the material. A fraction of them will be reflected elastically from
the solid surface without losing their primary energy, while many
others will suffer energy losses inside the solid and result in sec-
ondary electron production. These generated secondary electrons
can start cascade processes of the next generation of secondary
electrons. In the end, these excited secondary electrons will either
rejoin the conduction electrons by losing most of their kinetic ener-
gies or emit from the surface if they still have sufficient energy to
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overcome the surface potential barrier when reaching the surface
region. Conventionally, emitted low energy electrons having ener-
gies below 50 eV are termed as true secondary electrons, while
those with energies greater than 50 eV are counted as backscattered
electrons.8 The ratio between the number of true secondary elec-
trons and the number of incident electrons is defined as the SEY
(δ), while the similar ratio between the number of backscattered
electrons and the number of incident electrons is the backscattering
coefficient (BSC, η).

It has been well known that the surface chemical and physical
states, mostly the surface cleanness and roughness, influence SEY
significantly; a vast literature has already been dedicated to this
study.9–11 This fact also can be clearly seen from an experimental
database of SEY and BSC collected for historically measured values
by various research groups.12 A very high divergence is usually
found for many elemental solids investigated so far. For example,
for Al, Cu, Ag, and Au, the variation in the maximum SEY (δm)
among the measured values can be as large as ∼240%, 150%, 60%,
and 50%, respectively. This extent of variation hinders one to
derive a reliable absolute yield curve, i.e., the δ(Ep)-relationship
where Ep represents the primary energy of incident electrons;
hence, a reduced fitting curve δ(Ep/Epm)/δm where Ep represents
the primary energy corresponding to δm was considered instead
and the curve shape was found universal for most of the materi-
als.13,14 Although a machine learning method has recently been
applied to the updated SEY database15 aiming to combine the
physical and chemical properties of elements in the periodic table
to find the absolute yield curve, it must be noted that the accuracy
of the derived expression is subject to the accuracy of the original
experimental data. The systematic error involved in the measured
data cannot be eliminated by the machine learning method.

Regarding the measured BSC data a very good agreement was
found between various measurements and for many elements but
only at very high primary energies, usually ∼100 keV.16 Below
10 keV, the discrepancy among the measured data becomes very
significant with decreasing primary energy. For example, for Be,
Mo, and W, the variation of η at 1 keV among the measured values
is as high as 57%, 63%, and 40%, respectively.17,18 Despite the
discrepancy, Reuter’s empirical fitting formula derived from the
measured data for normal incidence of 20 keV beam,2

η ¼ �0:0254þ 0:016Z � 1:86� 10�4Z2 þ 8:3� 10�7Z3, where Z
is the atomic number, has been used widely. The reason for the dis-
crepancy has long been rarely discussed until fairly recently by the-
oretical studies with a comprehensive Monte Carlo simulation. It is
explored that the surface contamination during the measurements
is very likely the key responsible reason for the scattered BSC data
measured at low primary energies.17–19 Therefore, both the mea-
sured SEY and BSC values can be well influenced by the sample
properties, which are determined by the vacuum condition and
surface cleaning technique. The historical data in the database12

collected without discriminating surface state, which was rarely
quantified or even described in an old publication, may suffer sig-
nificant systematic measurement error and, hence, are not reliable
for use.

On the other hand, Monte Carlo simulation methods20–23

have been developed for applications to various electron beam tech-
niques including electron probe microanalysis,24,25 electron beam

lithography,26–28 scanning electron microscopy,29–33 electron
spectroscopy,34–36 and radiation research.37 In these simulations,
backscattered electrons and secondary electrons are either the inter-
ested output signals or typical variables for model validation.
Through immense theoretical attempts devoted lasting over half
century,38–47 a very accurate Monte Carlo physical modeling has
now been established, with which the electron elastic scattering
resulted from electron–nucleus interaction and electron inelastic
scattering from electron–electron interaction can be accurately
described by the Mott cross section and dielectric function,
respectively.48–50 In particular, Penn’s algorithm has enabled one to
derive, although approximately in formulation but very efficiently
in computation, the momentum transfer- and frequency-dependent
dielectric function, ε(q, ω), from the experimentally measured data
of optical dielectric function, ε(q ¼ 0, ω),51 or the optical energy
loss function (ELF), Im{�1/ε(0, ω)}. The accuracy of such Monte
Carlo modeling has been confirmed by comparing the calculated
energy spectrum of backscattered electrons and the simulated elec-
tron emission yields with experiments.52,53 The main advantage of
this up-to-date Monte Carlo model over the early approaches based
on the continuous slowing down approximation41,42 lies in the fact
that it has enabled the simulation of individual electron scattering
events free of fitting parameters. In addition, in general the use of
experimental dielectric function, or the optical constants,54 in the
Monte Carlo physical modeling replicates more exactly the elec-
tronic excitation happened in a realistic material than the full ab
initio approach with the first-principles computation except for a
few cases.55

The weakness of this Monte Carlo modeling with the optical
ELF is that for many materials, the optical constants measured in a
wide frequency range are still lacking. Furthermore, the compiled
data of optical constants measured with optical methods54 often
suffer some defects, i.e., missing data in some frequency ranges
and/or having the unsatisfactory data accuracy tested by the sum
rules. A recent study has indicated that the accuracy of the ELF
data can, indeed, influence the calculated BSC values to a consider-
able extent.56 Fortunately, in recent years, a reverse Monte Carlo
technique has been developed to derive the optical constants in a
wide frequency range or the energy loss range up to ∼200 eV from
the experimentally measured reflection electron energy loss spec-
troscopy (REELS) spectra.57–69 It is then highly expected that a
more accurate optical constants database based on electron beam
technique will be constructed in the near future, at least for elemen-
tal solids. Therefore, with such continuous efforts toward improv-
ing modeling accuracy, the role of the Monte Carlo simulation
method for the study of electron–matter interaction has come to
the turning point that it can help to validate experimental measure-
ment other than the opposite previously.

The reliable modeling of electron–matter interaction, there-
fore, enables the electron emission yields for ideal clean and
smooth surfaces to be obtained for establishing a compact and
accurate theoretical database. In order to do so, more studies con-
cerning the theoretical uncertainty have to be done first. The
process of characterizing, identifying, and quantifying those aspects
that can influence a simulation output is uncertainty quantification.
It is involved in an extensive range of simulations for many engi-
neering and scientific problems.70–72 At present, different research
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areas and modeling domains are already implementing the uncer-
tainty quantification standard at different levels; the modeling data
will be judged as imperfect without evaluating the related uncer-
tainties. In the case of Monte Carlo simulation of electron–matter
interaction, there has not been much work done on uncertainty
quantification till now, and the main reason for the partial atten-
tion of researchers toward the uncertainty quantification of Monte
Carlo simulation might be the high cost required for the computa-
tion. In this work, we have considered a number of factors that can
affect the simulated SEY and BSC values and evaluated the simula-
tion uncertainties.

A particular Monte Carlo simulation method/code is based on
the combination of the physical modeling of electron scattering
and the simulation algorithm, which is the set of numerical proce-
dures used to generate electron trajectories.25 The combined
standard uncertainty of the simulation result can then be expressed
as, u2simulation ¼ u2modelling þ u2numerical þ u2specimen, where umodeling,
unumerical, and uspecimen are the uncertainties due to physical mod-
eling, numerical calculation, and specimen factors for the geometri-
cal structure of the sample, respectively.33 As discussed
previously,18 the uncertainty term unumerical is negligible here. The
uncertainty term due to the specimen, uspecimen, includes the geo-
metrical, physical, and chemical factors that can influence the sim-
ulation result. Here, we put the physical and chemical factors into
the umodelling term, and the geometrical factor is null because the
sample is structure less, or more precisely, we deal with the ideal
planar surface. Then, the uncertainty umodelling is the sole term
involved in the evaluation.

Although it has been recognized that the most accurate
models for elastic and inelastic scattering are Mott’s cross section
and dielectric functional theory, respectively, there are still uncer-
tainties involved in the inputs of a Monte Carlo simulation at the
moment. For elastic scattering, a number of interaction potential
models are available and there is no established criterion to select
the best one. For electron inelastic scattering, several optical ELF
datasets from different sources are usually available,54,73 and, if
there is no much difference between the sum rules, the optical ELF
will be an uncertainty factor. Although this factor will disappear in
future with the increasing accuracy of the ELF data measured by
REELS, it is still necessary at present to include it. Additionally,
some physical parameters, such as mass density and work function,
will also contribute to the uncertainty when modeling a practical
sample. For example, an experimentally prepared amorphous mate-
rial often has varied density values. The work function value is
usually distributed in a range in literature studies;74 in addition, the
surface contamination would alter not only the surface chemical
environment but also the work function, which, in turn, results in
the change in the electron emission yield.75,76

In this work, the uncertainties related to physical modeling
together with experimental input data are investigated. In our
investigation, we have considered different scattering potential
models for electron elastic scattering. The effect of work function
and energy loss function data is also taken into consideration.
Here, we investigate a semiconductor material, Ge, for the uncer-
tainty quantification of electron emission due to the following
reasons: the practical applications of Ge are in a broad range; there
are different optical constants datasets and work function values.

Furthermore, the measured SEY and BSC data have quite large
variation.

II. THEORETICAL MODELING

In this work, we utilize our up-to-date Monte Carlo code,
CTMC-SEM.17 This code is able to perform the simulation of
primary and cascade secondary electron trajectories in a bulk target
to predict electron emission yields.

A. Elastic scattering

Mott’s cross section has been commonly used to precisely cal-
culate electron elastic scattering even at low electron energies. The
differential cross section is given as77

dσe

dΩ
¼ j f (θ)j2 þ jg(θ)j2, (1)

where f (θ) and g(θ) represent the scattering amplitudes expressed
by the partial wave expansion as

f (θ) ¼ 1
2ik

X1
l¼0

{(‘þ 1)(e2iδ
þ
‘ � 1)þ ‘(e2iδ

�
‘ � 1)}P‘(cos θ), (2)

g(θ) ¼ 1
2ik

X1
‘¼1

{�e2iδ
þ
‘ þ e2iδ

�
‘ } P1

‘ (cos θ), (3)

where δþl and δ�l represent the phase shifts for spin up and spin
down of the ‘th partial wave, respectively. P‘(cos θ) is the Legendre
function, and P1

‘ (cos θ) is the first-order associated Legendre func-
tion. The phase shifts are computed from a radial equation describ-
ing electron transport in an atomic potential field,

V(r) ¼ Vst(r)þ Vex(r)þ Vcp(r)� iWabs(r), (4)

where r is the distance between the electron and the atomic
nucleus. Vst(r), Vex(r), and Vcp(r) represent the electrostatic poten-
tial, exchange potential, and correlation-polarization potential,
respectively. Wabs(r) is the imaginary absorption potential, which is
regarded as zero here. The selection of potential models is one of
the main factors contributing to the uncertainty quantification.

Salvat’s latest version of ELESPA78 with additional functionality
has been used to calculate the differential and total elastic cross sec-
tions. In ELSEPA, the default model is for free atoms, while in this
work, we have considered both muffin-tin potential and free atom
potential. A combination of four electron exchange potential models,
four nuclear charge distribution models, four electron distribution
models, and three models of correlation polarization potential then
resulted in a total of 384 (=2 × 4 × 4 × 4 × 3) distinct scattering poten-
tials (see Ref. 17 Table A1) and their associated cross section datasets;
in comparison with one of our previous works, totally 192
(=4 × 4 × 4 × 3) scattering potential models were included.19 Figure 1
shows the elastic mean free paths in a Ge solid calculated from the
384 Mott’s total cross section datasets. One can find a large variation
among them in the whole energy range, particularly in the lower
energy region. The variation extent is much more prominent than
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that of a similar semiconductor, Si,79 because of the difference in the
atomic number. It can, thus, be predicted that the uncertainty of
SEY for Ge would be greater than the case of Si.

B. Inelastic scattering

Coulomb’s interaction between a kinetic electron and atomic
electrons results in electron inelastic scattering with which the
kinetic electron loses an energy to cause electronic excitation.
The dielectric functional approach provides a unified description of
the core- and valence-electron excitations in terms of the dielectric
function of the medium. The differential inverse inelastic mean free
path is given as80

d2λ�1
in

d(�hω)dq
¼ 2

1þ γ

1
πa0(E � Eg)

Im
�1

ε(q, ω)

� �
1
q
, (5)

where λin is the electron inelastic mean free path (IMFP), Eg is the
bandgap of the material,γ ¼ 1þ (E � Eg)/mec2 is the relativistic
correction factor, me is the electron rest mass, and a0 is the Bohr
radius. Im{�1/ε(q, ω)} is the momentum transfer (�hq)–energy loss
(�hω)-dependent ELF, which determines the probability of an inelas-
tic scattering event. In the above equation, the kinetic energy E of
an electron is referenced to the bottom of the valence band. For
Ge, the bandgap is Eg≃ 0.7 eV and the valence bandwidth is
Ev≃ 12.6 eV.

The conduction electrons are excited in two ways, i.e., collec-
tive excitation and single-particle excitation.81,82 In the case of a
free electron metal, they can be precisely characterized by the
Lindhard dielectric function.82,83 However, in general, the dielectric
function is hard to obtain theoretically for a non-free electron
material. In addition, the accuracy of ab initio calculation of dielec-
tric function is still limited, particularly, for large energy losses
(higher than several tens eV) and heavy elements. Therefore, it has

been suggested to use the experimentally measured optical con-
stants or optical dielectric function ε(ω) at long wavelength limit
q ! 0 to derive approximately the q-dependent ELF.84 Penn has
further proposed a formalism for the extension of optical ELF to
the q-dependent ELF.51 According to this full Penn algorithm
(FPA), the optical ELF, Im{�1/ε(ω)}, is extended into the
(q, ω)-plane with an expansion according to the Lindhard ELF as

Im
�1

ε(q, ω)

� �
¼

ð1
0
dωpg(ωp)Im

�1
εL(q, ω; ωp)

� �
, (6)

where the expansion coefficient is given as

g(ω) ¼ 2
πω

Im
�1
ε(ω)

� �
: (7)

Here, the Lindhard dielectric function for free electron gas
having plasmon energy �hωp is represented by εL(q, ω; ωp); its real
and imaginary parts are given by, respectively,

εrL ¼ 1þ 2
πa0q

1
Z

1
2
þ 1
8Z

F Z � X
4Z

� �
þ 1
8Z

F Z þ X
4Z

� �� �
, (8)

and

εiL ¼

1
8a0kF

X
Z3

, 0� X � 4Z(1�Z),

1
8a0kF

1
Z3

1� Z� X
4Z

� �2
" #

, j4Z(1�Z)j � X � 4Z(1þZ),

0, otherwise,

8>>>>><
>>>>>:

(9)

where X ¼ �hω/EF, F(x)¼ (1� x2) ln j(xþ 1)/(x� 1)j, Z ¼ q/2kF.
EF ¼ �h2k2F/2m and kF are the Fermi energy and Fermi wave vector,
respectively.

Alongside the plasmon dispersion line, Lindhard ELF is the
δ-function where εrL ¼ 0 and εiL ¼ 0 is equal to zero. The calcula-
tion is then carried out separately for the plasmon and single elec-
tron excitation components,

Im
�1

ε(q, ω)

� �
FPA

¼ Im
�1

ε(q, ω)

� �
e

þ Im
�1

ε(q, ω)

� �
pl

: (10)

It is simple to calculate the single excitation component as

Im
�1

ε(q, ω)

� �
e

¼
ð1
0
dωpg(ωp)Im

�1
εL(q, ω; ωp)

� �
Θ[qþ(ω; ωp)� q]Θ[q� q�(ω; ωp)], (11)

FIG. 1. Calculated elastic mean free paths for 384 different elastic scattering
cross section datasets for Ge using the ELSEPA code.
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where

q�(ω; ωp) ¼ �kF(ωp)þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
k2F(ωp)þ 2mω/�h

q
,

qþ(ω; ωp) ¼ kF(ωp)þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
k2F(ωp)þ 2mω/�h

q
,

8><
>: (12)

are the area’s left and right limits when εiL = 0.
The plasmon excitation component can be computed as

Im
�1

ε(ω, q)

� �
pl
¼ g(ωp)

π

jdεrL(q, ω; ωp)/dωpj
				
εrL(q,ω;ωp)¼0

Θ[q�(ω; ωp)� q],

(13)

while the Lindhard dielectric function’s slop for the real part near
the plasmon dispersion line is expressed as

dεrL(q, ω; ωp)/dωpjεrL(q,ω;ωp)¼0

¼� 2
3ωp

2þ 1
πa0q

1
Z
þ 1
2πa0q

1
Z

�

� 2�C1 ln
C1 þ 1
C1 � 1

				
				�C2 ln

C2 þ 1
C2 � 1

				
				

�

þ X
4Z2 C1 ln

C1 þ 1
C1 � 1

				
				�C2 ln

C2 þ 1
C2 � 1

				
				

� ���
, (14)

whereas C1 ¼ Z�X/4Z and C2 ¼ ZþX/4Z.

C. Energy loss function

The inelastic interaction is a fundamental mechanism during
the electron transport process in a material that leads to the genera-
tion of secondary electrons. As a result, the simulated electron
emission yields are affected by the quality of the optical ELF data
as a crucial input to our Monte Carlo simulation. Palik has col-
lected the measured optical constants for a number of elemental
solids and compounds from multiple sources to construct a data-
base,54 where the photon energy �hω is ranged from sub-eV to over
keV. Recent studies of REELS have provided an additional database
of optical constants where the energy loss �hω is ranged from ∼1 eV
to 50–200 eV.57–68,73 At high photon energies, additional databases
are available.85,86 The combinations of them give four ELF datasets
for Ge, as illustrated in Fig. 2, which are named “Present,”
“Novak,” “Marton,” and “Yang.” Table I shows the data compo-
nents for the four ELF datasets in detail. The involved data are
taken from several sources, including Palik,54 Novák et al.87 Marton
and Toots,88 Yang et al.,62 and Henke et al.85 Below 2 eV, the
dataset of “Yang” was simply estimated by a straight line in a log–log
plot so that the electronic and phonon excitations below 2 eV are
poorly described. Therefore, the dataset of “Present” for �hω , 2 eV
uses the data measured by the optical method instead, having more
accurate description around and below the bandgap.

Two sum rules, the perfect-screening sum rule and the oscilla-
tor strength sum rule, for optical constants90 are used to test the
accuracy of the datasets. They constitute the limiting form of

Kramers–Kronig integral.91 The f-sum rule is

Zeff ¼ 2

πΩ2
p

ðωmax

0

ωIm
�1
ε(ω)

� �
dω, (15)

where �hΩP ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4πnae2/m

p
. Once ωmax ! 1, the expected value of

Zeff has to be the atomic number of the element for an elemental
solid. The ps-sum rule is

Peff ¼ 2
π

ðωmax

0

1
ω
Im

�1
ε(ω)

� �
dωþ Re

�1
ε(0)

� �
: (16)

In the case of conductors Re{1/ε(0)} ¼ 0. For non-conductors,
the value of refractive index n is greater than the extinction coeffi-
cient k at lower frequencies. Therefore, Re{−1/ε(0)}≃ 1/n2(0).
n(0) = 4.0043 is used to calculate Peff for Ge. The value of Peff
should be equal to unity, once ωmax ! 1. By the ω-factor in
Eq. (15), the high photon energy region of ELF dominates the accu-
racy of the f-sum rule. On the other hand, the low photon energy
region for phonon scattering and valence-electron excitation domi-
nates the accuracy of the ps-sum rule, due to the ω�1-factor in
Eq. (16). While this is merely an overall justification, it is impossi-
ble to evaluate accuracy in a given photon energy range.

Table II displays the f-sum rule and ps-sum rule, along with
their relative errors, for the four ELFs under consideration. The
sum rule plot is shown in Fig. 3. Each ELF has different sum rule
values. The relative errors of f-sum rule are satisfactory for
“ELF-Yang” and “ELF-Present,” being below 1%, while their rela-
tive errors for ps-sum rule are somewhat larger. For “ELF-Marton”
and “ELF-Novak,” in comparison, the f-sum rule error is larger
and the ps-sum rule error is smaller. By overall evaluation, the four

FIG. 2. Comparison of the four ELFs adopted for the Monte Carlo simulation.
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datasets have no big difference in accuracy and the “ELF-Present”
and “ELF-Yang” datasets may be better.

Figure 4 compares the computed IMFP curves calculated by
the FPA model with the four distinct ELF datasets. It shows that
the four IMFP curves are very close to one another. In particular,
the “IMFP-Yang” curve and “IMFP-Present” curve agree. Below
50 eV, “IMFP-Novak” is higher than the other three IMFP curves,
while above 50 eV, it is slightly lower. The difference of IMFP
curves corresponding to four optical ELFs follows the sum rule
results of the ELFs reported in Table II. Because the ps-sum rules
for “ELF-Present” and “ELF-Yang” are underestimated, while the
f-sum rules for “ELF-Present” and “ELF-Yang” are quite reason-
able, the resultant “IMFP-Present” and “IMFP-Yang” would be
slightly overestimated in the low energy region. Comparatively, the
f-sum rule for “ELF-Novak” is overestimated, and the resultant
“IMFP-Novak” curve is underestimated in the high energy region.
Previous calculations on BSCs for specific metals utilizing different
ELF datasets, in which the sum rule errors are different, have
already demonstrated that sum rules can describe well the disparity
between the computed BSCs of different ELFs.56 The electron emis-
sion yields can be influenced by the ELF input data because distinct
ELFs produce different IMFPs depending on energy.

D. Secondary electron generation

An electron may reach the surface for emission following a
series of elastic and inelastic collisions within the sample. A
quantum mechanical transmission coefficient92 is used to deter-
mine whether the electron will reflect or refract from the surface,

T(E, β) ¼
4

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� U0/Ecos2β

p
1þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� U0/Ecos2β

ph i2 , if Ecos2β . U0,

0, otherwise,

8>><
>>: (17)

where β represents the angle between the traveling electron’s

direction and the surface normal. U0 represents the surface poten-
tial barrier. In this study, the reference level for the electron kinetic
energy E in the Monte Carlo simulation is the vacuum level and
the bottom of the conduction band of an insulator or semiconduc-
tor when an electron is in vacuum or material, respectively.
Therefore, when an electron penetrates the surface from either the
bulk or vacuum side, its kinetic energy is changed according to the
reference level. From Eq. (17), it can be seen that the SEY is greatly
influenced by the surface barrier value. The work function can be
experimentally measured with a variety of methods, including the
photoelectric, effusion, thermionic, contact potential difference,
calorimetric, and field-emission methods. The measured work
function for Ge ranges from 3.52 to 4.83 eV. In the simulation, we
utilized this range for uncertainty range evaluation.

III. UNCERTAINTY QUANTIFICATION

Once a functional formula for the given variables is provided,
the uncertainty propagation resulting from their uncertainty can be
calculated analytically. The overall standard uncertainty for a func-

tion y ¼ f (x1, x2, . . . xN ) is expressed as u2y ¼
PN
i¼1

(@f /@xi)
2u2xi for

the measured y, where uxi represents the uncertainty of the ith input
quantity.93 Although in the current scenario, it is not possible to
provide an explicit functional dependence of electron emission
yields on the concerned variables (elastic scattering cross section,
ELF data, and work function). So, in order to assess the uncertainty
propagation, we used Monte Carlo uncertainty quantification.94,95

Defining the probability density functions for input quantities and
then starting the Monte Carlo simulation are the main steps in the
approach. The simulation will give the output distribution, as well
as the output’s uncertainty. A detailed description of the flow chart
used in the current theoretical computation of electron emission
yields and the associated uncertainty quantification can be found in
our previous work.79 Monte Carlo simulation process for estimating
the theoretical uncertainty of electron emission yields starts with the
simulation for a specified number of iterations M, whereas the main
input parameters are work function, energy loss function (ELF), and
scattering potential. To check the uncertainty due to a specific
parameter, we kept all other parameters constant and ran Monte
Carlo computation, which itself contains step by step tracking of
electron trajectories within the material. The output data provide
electron emission yields and the corresponding uncertainties.

The probability density function for each uncertain variable is
assumed uniform in this work. For every incident energy, a series
of Monte Carlo trials for M = 4608 scattering models (384 elastic
scattering potentials, 4 ELF datasets, and 3 work function values)

TABLE II. The relative errors of the f- and ps-sum rules for Ge.

ELF

f-sum ps-sum

Value Relative error (%) Value Relative error (%)

Present 32.206 0.64% 0.935 −6.40%
Novak 33.228 3.83% 0.942 −5.70%
Marton 32.891 2.78% 0.968 −3.13%
Yang 32.206 0.64% 0.937 −6.23%

TABLE I. The optical ELF data used for Ge.

ELF Photon energy range and the corresponding dataset

Present 0.001–2 eV54 2–200 eV62

200–2000 eV89 2000–10 000 eV85Novak 0.01–200 eV87

Marton 0.01–7.66 eV87 7.66–200 eV88

Yang 0.1–200 eV62
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were performed. The Monte Carlo computation was carried out on
a parallel computer; for every simulation input, we have tracked the
trajectories of 1 × 105 incident electrons as well as many times sec-
ondary electron cascades to derive SEY and BSC, hence the total
electron yield (TEY) being the sum of SEY and BSC.

IV. RESULTS AND DISCUSSION

For the “Present-ELF” and work function value of 3.52 eV, the
calculated SEY, BSC, and TEY curves in the primary energy range
of 10 eV –10 keV with the 384 elastic cross section models are
shown in Fig. 5. The calculated results were compared with the
experimental data to check the range of uncertainty in yields due to
elastic scattering models. It can be seen from the graphs that the
yields can be affected significantly by the scattering potential model.
As a result of inclusion of 384 elastic cross section models, our TEY
results are in reasonable agreement with the experimental data of
Bronstein and Fraiman for up to 4 keV [Fig. 5(c)], who employed in
situ deposition technique to prepare a clean surface for the measure-
ment of electron yields.96 Reimer and Tollkamp have measured TEY
in the higher energy range above 1 keV, and their data are much
greater than this calculation.97 The calculated mean and minimum
BSC curves show reasonable agreement with the experimental data-
sets of Bishop,98 Drescher,99 Hunger and Küchler,100 and
Palmberg.101 One can also see that there is a significant difference
with the BSC of El Gomati et al.102 for which the authors suspect
that there could still be oxygen or carbon contamination on the
sample surface. The previous studies17–19 have already shown that
the BSC value will be decreased whenever there exists a contamina-
tion of lower atomic number elements on the sample surface.

The case for SEY is quite different from BSC. The experimen-
tal SEY data10,96,97,101,103–105 in Joy’s database are rather widely

dispersed, and the dispersion is larger as compared to other materi-
als. Palmberg’s SEY data show the greater values, whereas
Bronstein’s data present the smaller values. The data from Johnson
and McKay,103 Kanaya and Ono,104 and Whetten105 are in between
and more close to Palmberg’s data. However, Walker’s data10 are
smaller than Bronstein’s data96 below 300 eV and greater above
300 eV perhaps due to residual contamination even for the
“cleaned surface.” The information that is currently known in the
literature on the impact of contamination on SEY is, however,

FIG. 3. Comparison of (a) f-sum and (b) ps-sum integrations for the four different ELFs.

FIG. 4. Calculated IMFPs by FPA model with the four different ELFs.
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FIG. 5. Comparison of the simulations by using 384 elastic scattering potentials
with experimental data for (a) SEY, (b) BSC, and (c) TEY. The FPA model,
“ELF-Present” data, and work function of 3.52 eV are used to calculate the sim-
ulation results. The black, green, and orange colors represent, respectively, the
mean, the minimum, and the maximum values of the 384 yield data at each
energy. The gray area represents the standard deviation range.

FIG. 6. Comparison of the simulations by using 384 elastic scattering potentials
with experimental data for (a) SEY, (b) BSC, and (c) TEY. The FPA model,
“ELF-Present” data, and work function of 4.16 eV are used to calculate the sim-
ulation results. The black, green, and orange colors represent, respectively, the
mean, the minimum, and the maximum values of the 384 yield data at each
energy. The gray area represents the standard deviation range.
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questionable. Several experiments show that SEY for surfaces that
are as-inserted with oxygen or carbon on their surface10,106 is lower
than that of the clean surface. However, other studies have indi-
cated that the cleaned surface had lower SEY values than the
sample as-received.107,108 A recent theoretical study investigated the
most likely source of increase in SEY for adsorbed surfaces, despite
the possibility of an increase in the work function. Both oxygen
and carbon atoms affect the IMFP and density of states via chemi-
cal adsorption.109 Because of the combined impacts of the change
in the density of states and work function, a systematic inaccuracy
in the measurement of SEY data could result from even minute
amount of contaminants on the surface. Furthermore, ion sputter-
ing of the surface can enhance surface roughness and alter the sec-
ondary electron emission.110

Figures 6 and 7 present the calculation results of SEY, BSC,
and TEY when the work function is taken as 4.16 and 4.83 eV,
respectively, and comparison with the experimental data. Together
with Fig. 5, it is easily found that the simulated SEY and TEY
values are reduced for the elevated work function value. The
maximum SEY and TEY values correspond to the minimum work
function value (3.52 eV). Experimentally, this also manifests as the
source of measurement uncertainty due to contamination.

Furthermore, the theoretical uncertainty element of the scat-
tering potential model has been taken into account in the current
methodology. We have considered 384 elastic scattering potential
models, using the FPA model and “ELF-present.” In each figure of
Figs. 5–7, we change only the elastic scattering potential model
while keeping other parameters fixed. One may find that the scat-
tering potential also greatly affects the simulation results of SEY
and TEY, but weakly for BSC, whereas for SEY, the minimum and
the maximum curves do not correspond to certain unique poten-
tials. Different potential models result in the maximum SEY in dif-
ferent primary energy regions and so does the minimum SEY. One

FIG. 7. Comparison of the simulations by using 384 elastic scattering potentials
with experimental data for (a) SEY, (b) BSC, and (c) TEY. The FPA model,
“ELF-Present” data, and a work function of 4.83 eV are used to calculate the
simulation results. The black, green, and orange color represents, respectively,
the mean, the minimum, and maximum values of the 384 yield data at each
energy. The gray area represents the standard deviation range. FIG. 8. Effect of work functions on SEY at different primary energies.
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may find a few suitable models that can fit the results in the entire
range if accurate experimental data were known. In the figures, the
shaded area represents the standard deviation from the simulated
384 models. The SEY curve changes abruptly at 50 eV because the
backscattered electrons are counted as secondary electrons by defi-
nition. One can see from Figs. 7(a) and 7(c) that, for the work
function of 4.16 eV, the simulated mean SEY and TEY values
closely agree with Bronstein’s measurement96 within the range of
theoretical uncertainty.

Figure 8 shows the effect of work function on SEY for differ-
ent primary energies of 500, 1000, 2000, 5000, and 10 000 eV. For
each primary energy, the SEY decreases slowly with the increase in
the work function.

Figure 9 shows that the calculated electron emission yields by
using different ELF datasets while fixing the scattering potential
model and work function value. The elastic scattering cross section
used in our calculation was computed from a particular scattering
potential labeled “42 001.” Here, each digit has a specific meaning:
the first digit “4” represents Helm’s uniform–uniform nuclear
charge distribution model, the second digit “2” represents the
Thomas–Fermi–Dirac electron distribution model, the third digit
“0” indicates the absence of an exchange potential, the fourth digit
“0” indicates the lack of a correlation-polarization potential, and
the fifth digit “1” implies the utilization of the bound atom muffin-
tin model. The “ELF-Novak” produces higher SEY/TEY values
than the remaining ELFs. Although the “ELF-Yang” and the
“ELF-Present” have very different values below the bandgap but
show almost the same electron emission yields because the energy
loss below the bandgap has negligible contribution to the transport
of secondary electrons. Therefore, the different ELF datasets slightly
effect the simulation results. Our results are in good agreement
with the experimental data of Bronstein96 for SEY, BSC, and TEY.
In the case of BSC, experimental data of Reimer97 and Palmberg101

also align well with our simulated results.

V. CONCLUSION

The existing experimental data of measured electron emission
yields (SEY, BSC, and TEY) show significant dispersion, especially
for SEY. This dispersion is mainly due to the varied physical and
chemical properties of the sample surface during measurements.
Consequently, available experimental databases cannot provide
accurate and reliable electron emission yield data for validating the-
oretical models of electron–matter interaction. In this study, we
have conducted a calculation of electron emission yields from ger-
manium together with theoretical uncertainty. We have considered
several factors, such as elastic potential models for calculating elec-
tron elastic scattering cross sections, optical ELF datasets for calcu-
lating electron inelastic scattering cross sections, work function
values, in the Monte Carlo simulations. Our simulation results
indicate that the theoretical uncertainty of BSC is small. However,
for SEY and TEY, the uncertainty is significant, with the work
function and elastic potential as the main contributing factors. For
384 elastic potential models, the value of SEY varies from 0.46 to
1.32 at a primary energy of 0.5 keV, with a standard deviation of
0.26 when the work function is 3.52 eV. In the case of 4.16 eV work
function, the SEY ranges from 0.38 to 0.99 and the standard

FIG. 9. Comparison of the simulations by using four different ELFs,
“ELF-Yang,” “ELF-Novak,” “ELF-Marton,” and “ELF-Present,” with experimental
data for (a) SEY, (b) BSC, and (c) TEY. The FPA model, “No. 42001” elastic
potential, and a work function of 4.16 eV are used to calculate the simulation
results.
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deviation is 0.18, while for the 4.83 eV work function, the SEY is
0.32–0.79 with 0.13 standard deviation. A notable finding from our
study is that our theoretical SEY calculations are lower than the
published experimental SEY data in Joy’s database. This suggests
that the previously measured SEY data may contain serious system-
atic errors and are likely overestimated. This work serves as a foun-
dation for future efforts in establishing a theoretical database for
electron emission. In this study of electron emission from germa-
nium, we gained valuable insights into the uncertainties associated
with the calculated SEY due to theoretical modeling. However, it is
necessary to note that the systematic uncertainties, such as surface
effects in theoretical modeling and limitations of the dielectric
function theory, were not considered. The present study serves as a
step to further research to move further for the comprehensive
quantification of electron emission processes.
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