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Abstract: High-resolution imaging using Transmission Electron Microscopy (TEM) is
essential for applications such as grain boundary analysis, microchip defect characterization,
and biological imaging. However, TEM images are often compromised by electron energy
spread and other factors. In TEM mode, where the objective and projector lenses are
positioned downstream of the sample, electron–sample interactions cause energy loss,
which adversely impacts image quality and resolution. This study introduces a simulation
tool to estimate the electron energy loss spectrum (EELS) as a function of sample thickness,
covering electron beam energies from 300 keV to 3 MeV. Leveraging recent advances in MeV-
TEM/STEM technology, which includes a state-of-the-art electron source with 2-picometer
emittance, an energy spread of 3 × 10−5, and optimized beam characteristics, we aim to
minimize energy spread. By integrating EELS capabilities into the BNL Monte Carlo (MC)
simulation code for thicker samples, we evaluate electron beam parameters to mitigate
energy spread resulting from electron–sample interactions. Based on our simulations, we
propose an experimental procedure for quantitively distinguishing between elastic and
inelastic scattering. The findings will guide the selection of optimal beam settings, thereby
enhancing resolution for nanoimaging of thick biological samples and microchips.

Keywords: electron-sample interaction; MeV-TEM; Monte Carlo simulation; electron
energy loss spectrum; biological sample; microchip

1. Introduction
The permissible thickness of a sample in electron microscopy is governed by both

the electron beam energy and the underlying mechanisms of image formation. Advanced
techniques, such as cryo-electron microscopy (cryo-EM) and cryo-electron tomography
(cryo-ET) [1–4], widely employed in biological research, often rely on the Weak Phase
Object Approximation (WPOA) to reconstruct the sample’s projected electrostatic potential
from the exit electron wave function. In this framework, images are primarily generated
through the coherent interference of elastically scattered electrons, a process known as
phase contrast. However, phase contrast is highly sensitive to factors such as defocus,
spherical and chromatic aberrations, objective aperture size, and illumination conditions,
all of which collectively influence spatial resolution and image quality.

Inelastic scattering, which occurs when electrons lose energy during interactions with
the sample, contributes to background noise and reduces the signal-to-noise ratio (SNR). For
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thin samples, resolution is mainly limited by elastic scattering and associated aberrations,
with inelastic scattering having a minimal impact. As sample thickness increases, however,
inelastic scattering becomes more significant, leading to increased energy loss and further
degradation of resolution.

For thicker samples, the interplay between sample thickness, spatial resolution and
image quality becomes increasingly complex due to the occurrence of multiple scattering
events. At electron energies above a few MeVs, the assumptions underlying conventional
low-energy TEM, which is primarily used for thin, sub-micrometer samples, are no longer
valid. This necessitates the application of advanced models to optimize imaging perfor-
mance under high-energy conditions. Spatial resolution, as a purely technical measure of
the smallest distinguishable feature size, depends on several factors, including the wave-
length of the electrons (determined by the accelerating voltage of the microscope), lens
aberrations, instrument stability, and detector properties. However, image quality encom-
passes additional information, such as contrast, noise, and overall clarity. Consequently,
high spatial resolution does not inherently ensure high image quality, as noise, artifacts, or
poor contrast can obscure the image. Conversely, good image quality can sometimes be
achieved even with moderate resolution if contrast and signal-to-noise ratio are optimized.
While higher electron energies reduce the relative contribution of inelastic scattering to total
energy loss, they also influence factors such as energy spread and chromatic aberration,
which in turn affect image resolution as well as image quality [5,6]. Addressing this issue
is inherently complex (briefly discussed in Appendix A.1 in the Appendix A) and, in this
manuscript, we specifically focus on numerically estimating how energy loss varies with
electron beam energy and sample thickness.

To address these challenges, we have developed an innovative tool within the BNL-
MC simulation code [7] to model the electron energy loss spectrum (EELS) as a function of
both sample thickness and electron beam energy (Figure 1). Our simulations demonstrate
that, for thick samples, up to 15 µm, and an electron energy of 3 MeV, the energy loss
resulting from electron–sample interactions leads to a normalized energy spread that is
significantly lower than at an electron energy of 300 keV, on the order of a few ×10−4.
We expect this value to decrease further with an increase in electron beam energy, which
will be the focus of our future studies. The primary objective of this study is to optimize
electron beam parameters in MeV-TEM/STEM, with a particular focus on minimizing en-
ergy spread. By leveraging the newly developed EELS simulation tool, integrated with the
enhanced BNL Monte Carlo (MC) code, we aim to identify optimal electron beam settings
for a broad range of applications. These include studying biological macromolecules, such
as proteins and viruses, where high resolution is critical for observing molecular structures,
and inspecting microchips and advanced materials, where precision imaging is essential
for defect detection and material characterization. Our simulations will predict the effects
of various parameters on image quality, enabling fine-tuning of beam settings to meet the
specific requirements of each application. This work represents a significant advancement
in improving the resolution and capabilities of high-energy electron microscopy, with broad
implications for molecular biology, drug development, and materials science by reducing
energy loss during electron–sample interactions. Especially in drug development, the
ability to image thick biological samples in their native state allows for high-resolution
visualization of complex macromolecules, such as proteins and nucleic acids, as well as
their interactions with drug candidates. This capability offers detailed structural insights
into molecular mechanisms, including protein conformational changes, binding dynamics,
and the identification of key drug-target interactions. Such precision not only acceler-
ates the drug discovery process but also aids in the rational design of more effective,
targeted therapeutics.
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Figure 1. The normalized energy loss of the amorphous ice sample as a function of sample thickness
was calculated using the mean-energy-loss method (described in Section 2.3.2), for two different
electron beam energies: 300 keV (magenta) and 3 MeV (blue).

Furthermore, based on our simulations, we propose an experimental procedure de-
signed to quantitatively distinguish between elastic and inelastic scattering events. This
procedure aims to provide a more accurate understanding of scattering mechanisms in
electron microscopy, which is essential for improving both the precision of imaging and the
interpretation of complex sample interactions.

2. Results
2.1. Implementing MC Simulation with EELS Capability

The electron beam profile was generated using state-of-the-art parameters: a 2 pm
geometrical emittance, a 3 × 10−5 normalized energy spread ( σE

E ) that is dimensionless, and
optimized chromatic (1.8 cm) and spherical (16 cm) aberrations of the objective lens [5,8,9]
and listed in Table 1. This compact, ultra-high-brightness MeV electron source is achieved
through the optimization of both emittance and energy spread from the photoinjector [5].
The optimization process involves fine-tuning key parameters, such as laser duration, trans-
verse size, and the amplitude and phase of the accelerating fields. By minimizing energy
jitters induced by fluctuations in the amplitude and phase stability of the accelerating
fields, the energy spread is significantly reduced. This results in a substantially smaller
energy spread, especially when the bunch charge is reduced to a single electron per pulse,
effectively eliminating space charge effects and improving the overall performance of the
MeV electron source.

Table 1. Electron beam parameters used as input for MC simulations.

E dsam α ∆E/E ϵgeo

MeV nm mrad pm·rad
3.0 2 1 <10−4 2
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The initial distribution used in the MC simulations had an RMS (root-mean-square)
beam size of 1 nm, a convergence semi-angle of 1 mrad at the focal position, and a total
of 10,000 electrons. For each simulation step, an electron was randomly selected from
this distribution. Each event, whether elastic (channel 1, denoted c1), inelastic (c2), or no
scattering (c3), was chosen probabilistically based on the event’s likelihood over the sample
thickness, dt (set to 0.5 nm), as described by Equations (1) and (2):

σel ≈
h2c2Z4/3

πE2
0 β2

, β2 = 1 −
[

E0

E + E0

]2
(1)

σinel ≈
1.5 × 10−6Z1/2

β2 ln (
2
θc
), θc =

⟨∆E⟩
β2(E + E0)

(2)

The total inelastic scattering cross-section (σinel) was scaled to three times the total
elastic scattering cross-section ( σel), with Rin2el ≈ 3 [10,11], consistent with values reported
by Dr. Henderson [12] and Peet et al. [13] for 500 KeV electrons, without considering high
voltage effects on the ratio. When an electron interacts with the specimen, the probability of
undergoing event i (elastic or inelastic scattering) within a sample thickness dt is given by

P = σiρdt = Kidt (3)

where σi is the cross-section for event i, ρ is the sample density, and Ki is the scattering
coefficient. The density of amorphous ice (0.92 g/cm3), as used by Langmore and Smith [14]
and Jacobsen et al. [15], was applied in the simulation. The scattering angle for each event
was determined based on the differential scattering cross-section for each angle interval
(dθ) for both elastic (Equation (4)) and inelastic (Equation (5)) scattering.

dσel
dΩ

=

 2ZR2
(

1 + E
E0

)
aH

(
1 +

(
θ

θel

)2
)


2

, θel =
λ

2πR
, R = aHZ− 1

3 (4)

dσinel
dΩ

≈
Zλ4

(
1 +

E
E0

)2

4π2a2
H


1 −

(
1 +

θ2
0 + θ2

θ2
0

)−2

(
θ2 + θ2

E
)2

, θE =
∆E
E

E + E0

E + 2E0
(5)

For elastic scattering, the cross-section for each angle interval is the sum of the oxygen
(σO_atom) and hydrogen (σH_atom) cross-sections, as σice = σO_atom + 2σH_atom. For inelastic
scattering, the cross-section is set to 110% of the oxygen cross-section [11]. The cross-
sections of oxygen in amorphous ice are calculated using Equations (1), (2), (4) and (5),
and listed in Table 2. The angle interval dθ is defined with varying values to maintain a
nearly constant probability density: 0.001 mrad for θ less than 0.6 mrad, 0.01 mrad for θ

less than 6.3 mrad, 0.1 mrad for θ less than 67 mrad, 1 mrad for θ less than 600 mrad, and
10 mrad for larger θ values. The electron’s position was updated based on the scattering
angle and the distance dt along the scattering direction, while the event type was recorded.
The procedure was repeated, e.g., for a 15 µm thick sample, resulting in 30,000 iterations
(15 µm/dt).
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Table 2. Electron scattering cross-section for oxygen from 300 keV to 3 MeV. θ0 and θE are the
characteristic scattering angles for elastic and inelastic scattering.

Elastic Cross-Section (nm2) Inelastic Cross-Section (nm2)

Detector Collection Angle Detector Collection Angle

Electron energy (eV) θ0 (mrad) 0–10 mrad 10–50 mrad 50–100 mrad Total θE (mrad) 0–10 mrad 10–50 mrad 50–100 mrad Total

300,000 11.8 2.1 × 10−5 2.6 × 10−5 2.6 × 10−6 5.0 × 10−5 0.080 9.4 × 10−5 6.8 × 10−6 3.4 × 10−7 1.0 × 10−4

3,000,000 2.1 2.9 × 10−5 1.3 × 10−6 5.5 × 10−8 3.1 × 10−5 0.011 4.1 × 10−5 1.7 × 10−7 6.9 × 10−9 4.1 × 10−5

The original MC code categorizes each electron at depth t into one of five groups:
no scattering, single elastic scattering, multiple elastic scattering, at least one inelastic
scattering, or scattered outside the detector collection angles [14–16]. The BNL-MC code
extends this approach by retaining the scattering event labels for each electron as it traverses
each sample layer, ensuring consistency across the distribution.

For each layer of thickness dt, an event, whether elastic scattering (c1), inelastic
scattering (c2), or no scattering (c3), is selected based on the probabilities associated with
each event. As the electron traverses the sample, it is assigned to one of these identities
(c1, c2, or c3) for each layer. The EELS is then determined through MC simulation using
the BNL-MC code. For each electron, the number of inelastic scattering events is counted,
and the inelastic scattering frequency is determined as a function of sample thickness. This
process is repeated for all electrons in the distribution to generate a histogram of inelastic
scattering events at a specific thickness. Histograms at various sample thicknesses then
yield the EELS.

The mean energy loss (MEL), or stopping power, represents the energy lost by an
electron during an inelastic scattering event. This experimentally determined quantity is
essential for calculating inelastic cross-sections and, consequently, the EELS. For a 300 keV
electron in amorphous ice, the measured MEL is 39.3 eV [10,17].

The energy loss of an electron is described by the Bethe–Bloch formula (Equation (6)) [10,18]

dE
dt

=
4πNAr2

e mec2
(

ln 2mec2β2

I − β2
)

β2 =
(

4πNAr2
e mec2

)
· f (E) (6)

which represents the rate of energy loss due to ionization, depending on the electron’s
velocity and the material’s properties. Here, NA, re, me, c, β, and I are Avogadro’s number,
the classical electron radius, the electron mass, the speed of light, the electron’s velocity
as a fraction of the speed of light, and the material’s mean excitation energy, respectively.
Energy dependence is reflected in the relativistic β-term, as shown in Equation (7):

f (E) =
(

ln
2mec2β2

I
− β2

)
/β2 (7)

Using the Bethe–Bloch formula and the experimentally measured MEL of 39.3 eV for
a 300 keV electron in amorphous ice, along with the calculated mean free path (MFP) for
different electron beam energies (Figure 2) [5,6], we can derive MEL for various electron
beam energies. This relationship is expressed as

MEL(E) =
dE
dt

·MFP (8)

where dE
dt = dE0

dt ·
f (E)
f (E0)

, (E0 = 300 keV). Ianik Pante [19] has extensively studied the be-
havior of elastic and inelastic scattering cross-sections, finding that both decrease as the
electron energy increases. However, these cross-sections gradually approach saturation for
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electron energies exceeding 1 MeV, with an MFP approximately equal to 0.5 µm (as shown
in Figure 2 for inelastic scattering).
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Figure 2. The estimated MFP as a function of electron energy for an amorphous ice sample, based on
our early study [5,6], is shown.

For example, using Equation (8), the MEL for a 3 MeV electron is calculated to be
102.8 eV. This method can be similarly applied to calculate MEL for other electron energies.

2.2. Simulating EELS

EELS is simulated using the BNL-MC code. For each electron passing through multiple
layers of the sample, the number of inelastic scattering events is recorded, providing the
count of such events as a function of sample thickness. This process is repeated for all
electrons in the distribution, generating histograms of inelastic scattering events at each
sample thickness with a step size of 0.5 nm. These histograms correspond to the electron
energy loss spectra, as shown in Figure 3a,b for sample thickness up to 15 µm, and in
Figure 3c,d for a thin sample with thickness ranging from 0–1.5 µm. The energy loss, in
units of electron volts (eV), is obtained by multiplying the values on the horizontal axis by
MEL = 39.9 eV for 300 keV and MEL = 102.8 eV for 3 MeV. Therefore, in the manuscript,
we label the corresponding axis as energy loss in units of MEL regarding the electron beam
energy per inelastic scattering event.

2.3. Analyzing EELS via Two Methods

Two methods are employed to estimate energy loss as a function of sample thickness
from the simulated EELS data.

2.3.1. Method 1: Gaussian Fitting

Gaussian fitting is applied to each EELS curve, as in the example shown in Figure 4a
for a 1 µm thick sample. This technique allows for the extraction of key parameters, such as
the peak position, width, and amplitude. The peak position represents the average energy
loss and is used to estimate energy loss in units of MEL per inelastic scattering event. This
approach is referred to as the Gaussian Fit EELS (GF-EELS) method. Figure 4b–d shows
the peak positions, widths, and amplitudes obtained from applying the GF-EELS method
to the EELS curves in Figure 3a,b.
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3 MeV (d), respectively.
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Figure 4. (a) Gaussian fitting of the EELS curve for a 1 µm thick sample at 300 keV is used as
an example to extract the peak position, width, and amplitude, a method referred to as GF-EELS.
GF-EELS analysis was applied to the MC simulation results for thick samples up to 15 µm, with
electron beam energies of 300 keV (magenta) and 3 MeV (blue), extracting the peak positions
(b), peak widths (c), and peak amplitudes (d). Energy loss was analyzed using two methods:
GF-EELS (dashed lines) and MELM (solid lines). The energy loss as a function of sample thickness
is shown for two electron beam energies: (e) 300 keV and (f) 3 MeV. Panel (g) displays the energy
loss estimated using MELM for 300 keV (magenta) and 3 MeV (blue). The vertical axis represents the
energy loss in units of MEL per inelastic scattering event, which varies with electron beam energy.

2.3.2. Method 2: Analytical Estimation of Energy Loss

Alternatively, the mean energy loss for each EELS can be calculated by integrating
energy loss distribution, as described in Equation (9) [20]. This method, called the Mean
Energy Loss Method (MELM), provides a quantitative measure of the average energy lost
by electrons due to inelastic scattering. Unlike the GF-EELS method, which estimates the
mean energy loss based on the EELS peak position, MELM takes into account the entire
energy loss distribution, making it more robust, especially when the spectral shape deviates
from Gaussian. MELM is also more reliable when the EELS peak is near zero energy loss,
where Gaussian fitting can introduce significant errors.

⟨∆E⟩ =
∫ ∞

0 (∆E)Iineld∆E∫ ∞
0 Iineld∆E

(9)

Energy loss is analyzed using two methods: GF-EELS (dashed lines) and MELM (solid
lines). These two methods are equivalent when the EELS curve follows a Gaussian distribu-
tion. A detailed mathematical derivation of their equivalence is provided in Appendix A.2
of the Appendix A. Energy losses as a function of sample thickness are shown in Figure 4e,f
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for two electron beam energies: (e) 300 keV and (f) 3 MeV. Figure 4g displays the energy
loss estimated using MELM for 300 keV (magenta) and 3 MeV (blue). The vertical axis
represents the energy loss in units of MEL per inelastic scattering event, which varies
strongly with electron beam energy.

Energy loss exhibits nonlinear behavior as a function of sample thickness when the
thickness exceeds 1.9 µm for 300 keV and 2.9 µm for 3 MeV, as illustrated in Figure 4b,g,
with further details provided in Section 2.4. At these electron beam energies, the critical
angles for both elastic and inelastic scattering are significantly large, on the order of several
milliradians or more, as observed in MeV-STEM studies [5,6] and shown in Table 2. This
increases the likelihood of large angle scattering events, leading to longer effective electron
path lengths and resulting in deviations from energy loss predictions that are based solely
on sample thickness and MFP.

2.4. Simulating EELS for Thin Samples

MC simulations were conducted to obtain the EELS for 300 keV (Figure 3c) and
3 MeV (Figure 3d) beam energies for thin samples with thicknesses less than 2 µm. The
corresponding peak positions, widths, and amplitudes were extracted using the GF-EELS
method, as shown in Figure 5a–c, respectively.

In the thin-sample regime, the energy loss is nearly linearly proportional to the sample
thickness. This linear relationship arises because the probability of inelastic scattering
increases with thickness, leading to a corresponding increase in the average energy lost by
the electrons as they pass through the sample.
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elastic from inelastic scattering processes, which involve scattering without and with 
energy loss, respectively. This distinction can be made by repeating the experiment with 
a zero-energy loss filter, consisting of a dipole spectrometer and a downstream aperture, 
as described in [21]. The scattering cross-section quantifies the probability of specific 
scattering events, emphasizing the need for experimental methods that can effectively 
differentiate elastic and inelastic scattering angle distributions. This is particularly 
important across a broad range of sample thicknesses, from a single to tens of MFPs, 
where both single and multiple elastic and inelastic events occur. 

Figure 5. In the thin sample range of 0 to1.5 µm, we apply GF-EELS to analyze MC simulation results
for two different electron beam energies: 300 keV (magenta) and 3 MeV (blue). This analysis provides
the peak positions (a), peak widths (b), and peak amplitudes (c). Additionally, energy loss is analyzed
using two methods: GF-EELS (dashed lines) and MELM (solid lines). The energy loss as a function
of sample thickness is shown for two electron beam energies: (d) 300 keV and (e) 3 MeV. Panel
(f) shows the energy loss estimated via MELM for 300 keV (magenta) and 3 MeV (blue). The vertical
axis represents the energy loss in units of MEL per inelastic scattering event. A linear relationship
between energy loss and sample thickness is maintained for the 300 keV case up to a thickness of
1.9 µm and for the 3 MeV case up to 2.9 µm. (g) The difference in energy loss obtained using MELM
and GF-EELS is plotted for 300 keV (magenta) and 3 MeV (blue) as the sample thickness increases
from 0.1 to 15 µm.

Energy loss was analyzed using both MELM (solid lines) and GF-EELS (dashed lines)
methods, as shown in Figure 5d–f. Significant discrepancies between the methods are
observed when the sample thickness is ≤0.5 µm. However, these differences diminish
as the thickness increases, stabilizing at a constant value of approximately 0.3 MEL units
beyond 0.5 µm (Figure 5g). This behavior is expected, as the accuracy of Gaussian fitting
decreases when the EELS peak approaches zero energy loss, making the results less reliable.
The slight lower-energy shifts observed in the GF-EELS data are due to the tail contribution
not fully captured by the Gaussian fit. This offset remains nearly constant (Figure 5g) and
can be corrected. Once the electron energy is fixed, both methods predict the same slope, as
shown in Figure 5d,e.

Additionally, to determine the maximum sample thickness where a linear relationship
between energy loss and sample thickness is maintained, we performed linear fitting. The
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linear relationship holds up to 1.9 µm for 300 keV and 2.9 µm for 3 MeV, as shown in
Figure 5f.

2.5. Differentiating Elastic and Inelastic Scattering via a Dipole Spectrometer

Energy-resolved angular broadening characterization is essential for distinguishing
elastic from inelastic scattering processes, which involve scattering without and with
energy loss, respectively. This distinction can be made by repeating the experiment with a
zero-energy loss filter, consisting of a dipole spectrometer and a downstream aperture, as
described in [21]. The scattering cross-section quantifies the probability of specific scattering
events, emphasizing the need for experimental methods that can effectively differentiate
elastic and inelastic scattering angle distributions. This is particularly important across a
broad range of sample thicknesses, from a single to tens of MFPs, where both single and
multiple elastic and inelastic events occur.

Accurate characterization of angular broadening and differentiation of elastic and
inelastic contributions, as shown in Figure 6, as a function of sample thickness and composi-
tion, is critical yet challenging. In our previous studies, the detector signals we numerically
simulated [6,21] were a mix of elastic and inelastic scattering events. The dipole spectrome-
ter allows us to separate angular broadening caused by elastic and inelastic scattering.
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Figure 6. For an electron beam energy of 300 KeV, panels (a,b) display the cumulative angle profiles
for elastic and inelastic scattering, respectively, for various sample thicknesses: 1 µm (red), 5 µm
(blue), 10 µm (green) and 15 µm (cyan). The bin width was 1 mrad for elastic scattering and 0.1 mrad
for inelastic scattering. For an electron beam energy of 3 MeV, panels (c,d) show the corresponding
cumulative angle profiles for elastic and inelastic scattering at the same sample thickness. The bin
width was 0.1 mrad for elastic scattering and 0.05 mrad for inelastic scattering. The high noise level
observed in panels (a,c) is primarily due to the small bin widths. These bin widths were selected to
retain more detail in the plots.

The zero-energy loss filter can be operated in either ON or OFF mode. In the ON
mode, only electrons with zero energy losses (including un-scattered, single elastically
scattered, and multiple elastically scattered events) reach the detector, as illustrated in
Figures 6a and 6c for 300 keV and 3 MeV, respectively. In the OFF mode, similar to previ-
ous studies [6,22], both zero and non-zero energy loss electrons (including un-scattered,
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elastically scattered, and inelastically scattered events) are detected. Since angular broaden-
ing profiles for various sample thicknesses are similar to those in Figure 6a (300 KeV) and
Figure 6c (3 MeV), we focus on the differences between the OFF and ON modes, as shown
in Figure 6b,d. These differences represent the contribution from inelastic scattering only,
improving measurement accuracy by isolating elastic scattering events.

Our previous study [6] demonstrated that the ratio of critical angles for elastic and
inelastic scattering remains nearly constant across the electron energy range 0.3–3 MeV.
Under zero-energy loss filter conditions, elastic scattering events typically produce much
larger scattering angles compared to inelastic events. These measurements are crucial for
accurately extrapolating the critical angles, refining scattering models, and enhancing our
understanding of elastic and inelastic scattering processes in different materials.

3. Conclusions
In our previous study [6], we explored the interplay between sample thickness, electron

energy, and resolution in high-energy electron microscopy, with a focus on MeV-STEM.
This work extends those findings by providing valuable insights into estimating energy loss
as a function of sample thickness and its impact on resolution, particularly in the context
of TEM imaging mode. In comparing MeV-TEM with MeV-STEM, we emphasize that
each mode offers distinct advantages for specific applications. MeV-TEM is particularly
effective for studying local non-periodic structures, such as defects, vacancies, dislocations,
and domains in condensed matter systems, providing sufficient spatial resolution for
real-space imaging. However, its resolution is often limited by chromatic aberration,
which is influenced by factors such as the objective lens’s chromatic aberration coefficient,
electron energy spread, and convergence semi-angle. In TEM mode, energy spread induced
by electron–sample interactions becomes a significant source degrading image qualities,
especially for thicker samples. As sample thickness increases, energy loss accumulates,
further degrading resolution.

To address this, we developed a simulation tool that estimates the EELS as a function
of sample thickness across a broad range of electron beam energies (300 keV to 3 MeV).
Leveraging advancements in MeV-TEM/STEM technology, we aim to refine electron beam
parameters to minimize energy spread. By incorporating EELS capabilities into the BNL
MC simulation code, we evaluate and optimize electron beam settings to mitigate the
impact of electron–sample interactions on energy spread and resolution. For thin samples,
inelastic scattering minimally affects energy loss, with resolution primarily determined
by elastic scattering and aberrations. However, as sample thickness increases, inelastic
scattering becomes more pronounced, exacerbating energy loss and further degrading
resolution. This study advances our previous work by providing a systematic methodol-
ogy to account for these effects and optimize beam parameters to enhance resolution in
thicker samples.

Additionally, we developed a predictive model for mean energy loss as a function of
sample thickness across a wide range of electron beam energies (300 keV to 3 MeV) [22].
EELS capabilities were integrated into the BNL-MC simulation code, and energy loss
was computed using two methods: Gaussian fitting of the energy-loss peak and direct
analysis of the energy loss distribution. Both thin (<2 µm) and thick (2–15 µm) samples
were evaluated revealing that, while the methods yielded consistent results in most cases,
significant discrepancies arose for very thin samples (<1 MFP), where Gaussian fitting
introduced substantial errors due to the lack of a well-defined peak.

Key findings include the following: (a) Beam energy dependence: Energy loss is
strongly influenced by electron beam energy, decreasing as the electron energy increases.
(b) Thin samples (<2 µm): Energy loss exhibits a linear relationship with sample thickness
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across the entire energy range, including at 300 keV. (c) Thick samples (2 to 15 µm): The
relationship between energy loss and sample thickness becomes nonlinear, especially for
thicker samples, due to the increasing complexity from multiple scattering events. The
linear relationship between energy loss and sample thickness holds up to 1.9 µm for an
electron energy of 300 keV and up to 2.9 µm for 3 MeV (Figure 5f). These differences can be
attributed to the fact that, at lower beam energies, elastic and inelastic critical angles are
significantly larger (several milliradians or more, as observed in MeV-STEM studies [22]
and listed in Table 2), increasing the likelihood of large-angle scattering. This results in
longer effective electron path lengths and deviations from energy loss predictions based
solely on sample thickness and MFP.

To experimentally validate these findings and precisely characterize MEL per inelastic
scattering event, we propose utilizing the intensity profile in the dispersive direction of
a standard magnetic spectrometer. By employing a wedged sample with varying, rang-
ing from one to several tens of MFPs, we can systematically observe and analyze the
effects. In future studies, we plan to use a silicon wafer as a model system to demon-
strate the applicability of the wedge-shaped sample fabrication methodology to a wide
range of materials. The analysis focuses on a silicon sample with a thickness range from
0.0 to 20.0 µm. The Metrology group at NSLS-II has a silicon wafer with dimensions of
30 mm × 10 mm × 20 µm, which can be used for this purpose. The wedged sample will
be fabricated using the Focused Ion Beam with Shadow technique. Silicon, a commonly
used substrate material in microchip production, serves as a representative material, while
carbon, a low-Z material, is selected for its similarity to biological materials in terms of
atomic composition. Furthermore, to fully leverage the EELS capabilities with the assis-
tance of Artificial intelligence (AI) [23], it is essential to characterize angular broadening
for both elastic and inelastic scattering in relation to sample thickness and composition,
as shown in Figure 6. By incorporating AI, we can efficiently analyze and model these
complex relationships, enabling more accurate predictions and a deeper understanding
of scattering mechanisms. This comprehensive approach will form the foundation for our
future investigations.
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Appendix A.
Appendix A.1. Beam Energy Spread Influence on TEM Resolution

Our previous study showed that achieving 1 nm resolution requires an energy spread
of approximately 10−5 at a convergence semi-angle of α ≈ 0.5 mrad. In contrast, an energy
spread of 10−3 at the same α would degrade the resolution to over 10 nm, as shown in
Figure A1 [8,9].
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The EELS curve is assumed to follow a Gaussian distribution (Equation (A1))
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where σ and Epeak are the standard deviation and the mean or expectation of the distri-
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Equation (A2) can be simplified as follows:
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So far, we have mathematically derived that when the EELS curve follows a Gaussian
distribution, the two methods, GF-EELS and MELM, are equivalent.
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