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A Gaussian Parameterization for Direct Atomic
Structure Identification in Electron Tomography

Nalini M. Singh, Tiffany Chien, Arthur R.C. McCray, Colin Ophus, and Laura Waller

Abstract—Atomic electron tomography (AET) enables the determination of 3D atomic structures by acquiring a sequence of 2D
tomographic projection measurements of a particle and then computationally solving for its underlying 3D representation. Classical
tomography algorithms solve for an intermediate volumetric representation that is post-processed into the atomic structure of interest.
In this paper, we reformulate the tomographic inverse problem to solve directly for the locations and properties of individual atoms. We
parameterize an atomic structure as a collection of Gaussians, whose positions and properties are learnable. This representation
imparts a strong physical prior on the learned structure, which we show yields improved robustness to real-world imaging artifacts.
Simulated experiments and a proof-of-concept result on experimentally-acquired data confirm our method’s potential for practical
applications in materials characterization and analysis with Transmission Electron Microscopy (TEM).

Index Terms—Atomic electron tomography, Gaussian splatting
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1 INTRODUCTION

THE reliable, precise determination of 3D atomic struc-
tures of nanomaterials is a fundamental goal of ma-

terials science. Knowledge of these 3D structures enables
simulation and characterization of material properties from
first principles, for use in applications ranging from chem-
ical process engineering to protein design. Transmission
electron microscopy (TEM), which uses an electron beam
transmitted through a sample of interest, offers resolution at
the scale of individual atoms due to the small wavelength
of the electron [1]. Atomic electron tomography (AET) in
particular enables the determination of 3D atomic structures
by acquiring a sequence of 2D tomographic projection mea-
surements of a particular particle and then computationally
solving for its underlying 3D structure [2].

Traditionally, solving for 3D atomic structure from AET
projection measurements is a two-step procedure. First, an
algorithm reconstructs a volumetric image of a particle of
interest. Then, a procedure called atom tracing extracts the
locations and chemical species of individual atoms within
the volume via a combination of algorithmic peak finding
and manual post-processing. Although these methods have
been used successfully to identify structures of interest [3],
[4], [5], this approach suffers from several limitations. First,
practical imaging constraints limit the quality of the recon-
structed volume. For example, physical limits on the set of
feasible tilt angles make the tomography inverse problem
ill-posed, yielding physically-unrealistic streak-like artifacts
in the reconstruction that are fully consistent with the ac-
quired data but do not preserve the known atomic nature
of the underlying structure. Second, the atom-tracing step
is error-prone and requires substantial manual human labor
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Fig. 1. Traditional methods for atomic electron tomography (AET) first
computationally reconstruct a volumetric image of the sample and then
identify the underlying atomic structure via a combination of algorithmic
peak finding and manual post-processing. Our proposed method simpli-
fies this workflow to solve for the 3D properties of each atom directly.

to accurately identify structures that may contain several
thousands of atoms. Since this step is downstream of the
image reconstruction stage, image artifacts induced at that
stage may throw off peak-finding algorithms.

In this paper, we reformulate the tomographic inverse
problem to solve directly for the locations and properties
of individual atoms, instead of solving for an interme-
diate voxelized representation that is post-processed into
an atomic structure. We model each sample of interest as
a collection of Gaussians with learnable locations, sizes,
and amplitudes, and we directly optimize these parameters
from AET projection measurements. This parameterization
imparts a strong physical prior on the associated recon-
struction, because in practice atomic electron densities ap-
pear Gaussian. While a voxelized representation is flexible
enough to represent physically-unrealistic structures, our
parameterization can only represent collections of atomic
objects, even in the presence of imaging corruptions that
would otherwise introduce artifacts. Further, the parame-
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terization makes it easy to enforce physical atom-specific
constraints, such as realistic atomic size limits and minimum
bond lengths, that are much harder to express in a voxelized
representation. Because the learned Gaussian locations di-
rectly represent the atomic structure we would like to solve
for, our approach simplifies the two-step process from the
traditional method and allows us to directly optimize for
the structure of interest. We show in simulation and experi-
ment that our parameterization enables fast, accurate atomic
structure determination more robust to realistic imaging
artifacts than conventional methods.

To summarize, our key contributions are as follows:

• We introduce a novel workflow for atomic structure
identification that directly optimizes atomic positions
and characteristics.

• We introduce a set of physics-based priors that en-
force a one-to-one correspondence between atoms
and Gaussians and impose meaningful constraints
on the reconstructed structure.

• In simulation, we demonstrate improvements in re-
construction quality and atomic structure identifica-
tion compared to traditional methods, especially in
the presence of imaging artifacts.

• We demonstrate a proof of concept that our method
is able to identify atomic structures from real-world
experimental projection data.

Our proposed framework is a step toward a more
streamlined, direct atomic structure identification process
that could enable the reconstruction of nanoparticles and
experimental datasets that were previously unusable.

2 BACKGROUND AND RELATED WORK

In TEM, a beam of electrons passes through a thin sample
of interest. Individual electrons scatter as they interact with
atoms in the sample and then the detector records the im-
age intensity for processing and visualization [1]. Scanning
transmission electron microscopy (STEM), which we use
here, focuses the electron beam with subatomic precision
and then raster scans it across the sample to form a 2D im-
age [6]. This 2D image represents a projection that integrates
the atomic potential in the direction of the electron beam
through the sample. Atomic electron tomography (AET)
tilts the sample to collect a series of these 2D projections
from different angles [7]. The 3D atomic structure is then
reconstructed computationally by an optimization problem
searching for an atomic configuration that is consistent with
the whole set of projection measurements.

2.1 Forward Model
The relationship between the unknown 3D structure and the
observed projections follows the forward model given by:

p(⇢, n̂) =
Z

f(r) �(n̂ · r� ⇢) d`, (1)

where r 2 R3 is the position vector, n̂ 2 S2 is the unit
direction vector of the projection (where S2 is the unit
sphere in R3), ⇢ 2 R is the perpendicular distance from
the origin to the projection plane, p : R ⇥ S2 ! R is the

projection data, f : R3 ! R is the function representing the
object being imaged, � : R ! R is the Dirac delta function,
and d` is the differential line element along the projection
path.

If we assume that f is reconstructed on a finite, discrete
grid of pixels, we can write the set of equations of the form
above as a linear matrix system of equations:

p = Af + ✏, (2)

where p 2 RN combines all acquired projection measure-
ments, f 2 RM represents the vectorized 3D object, A is the
system matrix that models the contribution of each voxel
in f to each measurement in p, M is the total number of
voxels in the object representation, and N is the number
of acquired projection measurements. Here we have also
included a measurement noise term ✏ 2 RN .

In the ideal setting, the number of unknowns M is
equal to the number of acquired projections measurements
N – i.e., A is a square matrix. In practice, however, most
tomographic acquisitions suffer from the “missing wedge”
problem, in which some projection angles are inaccessible
due to physical constraints. In AET, as shown in Fig. 2,
the sample and its holder occlude the measurement at high
projection angles, making it impossible to tilt the sample
through a full 180� range. Instead, projections are limited
to roughly ±70� from the horizontal axis. The Fourier slice
theorem [8] states that the 2D Fourier transform of a 2D
projection of a 3D volume is equivalent to a slice of the
object’s 3D Fourier transform. Thus, we can think about the
missing projection measurements as lost information about
the object’s Fourier transform in a particular angular direc-
tion. Mathematically, this means A is a wide matrix with
more columns than rows, leading to an underdetermined
inverse problem.

Further, to limit the electron dose applied to the sample,
angles may be sampled sparsely even in the acquisition
region outside of the missing wedge, corresponding to addi-
tional lost slices in the object’s Fourier space representation
and making the inverse problem even less well-determined.

Fig. 2. Tomographic acquisition setup showing the sample that will
be reconstructed (dark blue) tilted at various angles (dotted purple).
Several particles outside of the region of interest (light blue) lie on the
sample holder, and at high tilt angles (right), interfere with the acquired
projection measurements. This results in the missing wedge problem
where projection measurements cannot be acquired at certain angles,
yielding an underdetermined inverse problem. Even beyond the missing
wedge, angles maybe sampled sparsely for dose reduction.
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2.2 Inverse Problem
Image reconstruction involves solving an inverse problem
to recover the 3D atomic potential f from the 2D projections
p. For a voxelized representation of f , the inverse problem
is typically formulated as a minimization problem [9]:

f̂ = argmin
f

⇢
1

2
kAf � pk22 + �R(f)

�
. (3)

The first term is a data consistency term measuring how well
the reconstructed atomic potential agrees with the acquired
measurements under the tomography forward model. If A

is a well-conditioned matrix and the noise ✏ is not over-
whelming, achieving a low data consistency loss is sufficient
for solving the inverse problem. However, if A is poorly
conditioned, as in the case of a significant missing wedge,
many solutions achieve equally low loss under the data
consistency term. These solutions are disambiguated by
the second term that applies a regularizer R(f) to describe
prior knowledge about the atomic potential. For example,
atomic images often benefit from regularization with the
`1 norm for sparsity, R(f) = kfk1, or the total variation
norm, R(f) = krfk1 [10]. The relative importance of the
data consistency term and the regularizer are traded off by
the hyperparameter �.

2.3 Previous Approaches
Previous approaches [3], [4], [5] first construct a volumetric
reconstruction of the 3D atomic potential and then run a
procedure called atom tracing to identify individual atom
locations. Both of these steps are discussed below.

2.3.1 3D Reconstruction
Filtered backprojection (FBP) is a standard approach for
solving the tomography reconstruction problem, where the
forward model in Eq. 2 is inverted by effectively smearing
each projection measurement across the voxels that con-
tribute to it. Each projection is high-pass filtered before
this process, to account for the less dense sampling of the
high-frequency content when filling in Fourier space with
projections.

Unfortunately, this filtering also increases the algo-
rithm’s sensitivity to noise and other artifacts. A separate
class of iterative techniques, including the simultaneous
iterative reconstruction technique (SIRT) and the simulta-
neous algebraic reconstruction technique (SART) [11], start
with an initial solution to the problem in Eq. 2 and refine
this solution based on knowledge of the system matrix A.
A newer subset of iterative approaches including Equally
Sloped Tomography (EST) [12] and the Generalized Fourier
Iterative Reconstruction (GENFIRE) [13] additionally oper-
ate in Fourier space to improve these reconstructions.

None of the previously described approaches incorpo-
rate prior information about the atomic potential, i.e. the
regularizer term in Eq. 3. To that end, a different class
of Model-Based Image Reconstruction (MBIR) approaches
directly optimize Eq. 3, including such a prior [14], [15].

More recently, deep learning has become a popular
tool for solving the tomographic inverse problem. Implicit
neural representations (INRs) use a multi-layer perceptron
to map input coordinates (x, y, z) to a function value in

continuous space. In the context of AET, these networks
can be used to represent the atomic potential f [16]. Unlike
other deep learning approaches that require an auxiliary
dataset for training, INR weights are learned by optimizing
the objective function in Eq. 3, a fully self-supervised loss
function. Nearby inputs to the network typically produce
similar outputs, imparting an implicit spatial smoothness
prior on the learned volume.

Supervised deep learning methods train convolutional
neural networks (CNNs) to map projection data that is
corrupted by artifacts (e.g. the missing wedge artifact) to
high-quality 3D reconstructions. These approaches typically
take advantage of large collections of simulated data to
encourage a dataset-specific prior on the output reconstruc-
tion. They have shown promise in reducing artifacts and
improving resolution [17], but they require a significant
amount of ground-truth data for training, which are often
difficult to create or evaluate for novel materials. For this
reason, in this paper we focus on the setting where no
additional data are available beyond the measurements to
be reconstructed.

2.3.2 Atom Tracing
After a 3D volume is reconstructed, conventional AET meth-
ods process the volume to identify the locations of atoms
in a process called atom tracing. A typical atom tracing
strategy [3], [4], [5] first identifies local maxima from a
volume reconstruction. Then, beginning at the peak with the
highest intensity, a 3D Gaussian function is fit to the peak. If
the distance between the peak and any previously selected
peak is larger than a specified threshold (often based on
the covalent bond length of the known constituent atoms),
the current peak is added to a list of candidate atoms [4].
Template atoms based on the Gaussians are learned for
atomic species present in the particle as well as a ”non-
atom” category, by averaging the set of fitted Gaussians
that are estimated to clearly be part of each category based
on histogram intensity. Each candidate atom is labeled as
belonging to the category whose template is the closest.
This process is repeated iteratively, successively updating
the categories and the atom estimates. The learned peaks
are manually inspected and reassigned as appropriate.

Artifacts that affect the reconstruction can cause prob-
lems at several points in this process. For example, streaking
artifacts in the reconstruction caused by the missing wedge
may affect the computed local maxima, and/or may cause
a poor match between any individual peak and the correct
corresponding template atom. This process thus relies heav-
ily on manual inspection, which is a laborious and time-
consuming process for 3D particles containing thousands of
atoms.

2.4 Gaussian Splatting
Our proposed representation, a collection of Gaussians,
draws heavily on Gaussian splatting [18], a technique from
computer vision originally developed for the problem of
scene rendering. The idea is to represent any photographic
scene using a collection of Gaussians, whose positions, co-
variances, colors, and opacities are learned such that scenes
rendered via the rendering equation match photographs
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taken from multiple views surrounding the subject. Com-
plex non-spherical shapes can be accurately modeled using
large numbers of Gaussians with highly anisotropic covari-
ances. The contribution of each Gaussian to a particular
scene projection can be computed quickly because the 2D
projection of a 3D Gaussian is always a 2D Gaussian. Then,
a particular scene projection can be computed by iterating
over the collection of Gaussians and integrating the projec-
tion components. This process is much more computation-
ally efficient than standard ray tracing, where densities must
be integrated over rays covering the entire imaging volume.

A key technical challenge in Gaussian splatting is appro-
priately guiding the optimization of the Gaussians, because
the number of Gaussians required is unknown a priori. In
practice, a data consistency loss based on the scene render-
ing equation is used to optimize the Gaussian parameters,
just as it would be used to optimize voxel values. As the
optimization progresses, it progressively adapts the num-
ber of Gaussians. Extraneous Gaussians are culled when
their opacity drops below a threshold. Gaussians that are
insufficient to represent a local shape are replaced with
two Gaussians that are further optimized according to the
standard process; these Gaussians are detected when they
have a positional gradient above some threshold.

Our work uses the same core parameterization and
optimization strategy as the original computer vision-based
Gaussian splatting approach, but the AET problem differs
from scene rendering in several important ways. First, our
forward model is different. Unlike camera models, tomo-
graphic projections are orthographic, with all measurements
on the detector derived from parallel rays, and there is
no opacity saturation as in the computer vision model.
Further, the goal in the scene rendering setting is novel view
synthesis—views of the scene rendered from new positions
should be accurate—with no regard to the internal structure
being reconstructed. In contrast, the goal of tomography is
explicitly to solve for the internal structure accurately.

These issues have previously been explored in work that
adapts Gaussian splatting for computed tomography, where
tomographic X-rays are used to produce volumetric images,
often of the human body [19], [20], [21]. However, unlike
the general tomography case, for our application of atomic
structure identification, it is not sufficient to accurately
estimate the atomic potential with any number of Gaussians.
To achieve precise structure determination, we must do so
in a way that preserves a 1-to-1 correspondence between
Gaussians and atoms in the structure.

3 PROPOSED METHOD

In this section, we first outline our reformulation of the
tomographic inverse problem as a problem to solve for
atoms, instead of a volume. We then describe our optimiza-
tion procedure and introduce two physics-based priors that
guide the optimization and enable us to achieve 1-to-1 cor-
respondence between learned Gaussians and atoms, thereby
solving an atomic structure. Detailed information about our
implementation and compute requirements are available
in the Supplementary Material. Our code is available at
https://github.com/nalinimsingh/gaussian-atoms.

3.1 Model
In our framework, the particle of interest is represented as
a collection of atoms. The electrostatic potential for a single
atom can be modeled as a Gaussian:

fa(r; ra,⌃a, qa) = qa · exp
✓
�1

2
(r� ra)

T⌃�1
a (r� ra)

◆
,

(4)
where ra is the position of atom a, qa is the amplitude, and
⌃a is the covariance of the Gaussian. For a collection of
atoms, the total potential is then

f(r) =
KX

a=1

fa(r), (5)

where K is the total number of atoms. The projection
measurements can then be computed according to Eq. 2.

Our inverse problem estimates atomic positions {ra},
variances {⌃a}, and amplitudes {qa}. We do not know a
priori how many atoms are in the nanoparticle of interest,
so we must also optimize K . This is formulated as:

argmin
K,ra,qa,�a

(

L
"

p, p̃

 
KX

a=1

f(·; ra, qa,�a)

!#)

, (6)

where p̃ represents the predicted projection data for a given
set of atomic parameters according to Eq. 1 and L is a loss
function. Qualitatively, this optimization is quite different
from the one in Eq. 3. Of particular note, the unknown
nature of K makes the number of optimization variables
dynamic.

The key advantage of our approach is that the final
atomic positions are directly available from the optimized
Gaussian centers {ra}Ka=1. This eliminates the need for the
additional atom tracing step required in traditional meth-
ods. Atoms of different elements exhibit distinct scattering
potentials, which are reflected in the optimized qa and ⌃a

values and can be leveraged for element identification.

3.2 Optimization
We employ a gradient-based optimization approach to re-
fine the Gaussian parameters based on the consistency
between simulated projections and experimental measure-
ments. Our approach to this builds on the optimization
scheme proposed in Gaussian splatting [18]. We initialize
Gaussians at random locations across the volume to be
reconstructed, and then we optimize according to the loss
function. We use an L1 loss between simulated and exper-
imental projections as in traditional Gaussian splatting but
remove the SSIM term which we empirically find performs
poorly on atomic projection measurements and often en-
courages Gaussians to overfit small nuisance details.

As in traditional Gaussian splatting, the simple an-
alytical expression describing Gaussian densities admits
an explicit analytical expression for gradient descent up-
dates to the Gaussian parameters. Instead of using auto-
differentiation with respect to the parameters of the Gaus-
sian, they are optimized via a closed-form update. We derive
the analogous update for the tomographic forward model
and use the corresponding analytical expressions to perform
gradient descent, as in prior work on Gaussian splatting for
tomography [21].
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Following traditional Gaussian splatting, we adaptively
control the number of Gaussians during optimization. Peri-
odically throughout the optimization, we duplicate Gaus-
sians with high gradient magnitudes @L/@r, indicating
areas where the model struggles to fit the data. We also
periodically prune Gaussians with very small amplitude qa
that are not contributing substantially to projection mea-
surements and are thus unlikely to represent real atoms.

3.3 Atomic Priors
A key advantage of our Gaussian representation compared
to volumetric representations is the ability to incorporate
known physical priors about atomic structures. Unlike nat-
ural images where Gaussian splatting was originally intro-
duced, images of atoms are highly structured in ways that
are easy to express with our parameterization. We introduce
two simple, easy-to-implement constraints to ensure that
our reconstructions are physically plausible and there is a
one-to-one correspondence between Gaussians and atoms.

Isotropy Constraint: Since atoms generally exhibit spheri-
cally symmetric electron density distributions, we enforce
isotropy by learning a single standard deviation �a per
Gaussian, and constructing a covariance matrix that is
spherically symmetric with this standard deviation. In other
words, we set ⌃a = �aI , where I is the identity matrix.

Interatomic Distance Constraint: To enforce physically-
plausible atomic arrangements, we periodically apply a
minimum interatomic distance constraint as the optimiza-
tion progresses. At each stage, we compute the pairwise
distances between all Gaussians. For each Gaussian, we find
the neighbors within a threshold distance, and replace them
all with a single Gaussian with the mean amplitude, loca-
tion, and scale of the neighbors. This process ensures that no
atoms are within the threshold distance of each other in the
final structure. Computing and storing pairwise distances
across the entire set of atoms is computationally costly for
particles with large numbers of atoms. For particles with
more than 10,000 atoms, we instead search each Gaussian’s
top 20 nearest neighbors for candidates within the threshold
distance. Since this process is repeated periodically, clusters
merge gradually over the course of the optimization, and the
constraint on interatomic distances is still strongly enforced
in practice.

4 EXPERIMENTAL RESULTS

4.1 Simulated Data
We perform a comprehensive evaluation of our method on
simulated data where the ground truth structure is known,
allowing us to verify the correctness of the approach. We
also demonstrate a proof-of-concept result on an experimen-
tal dataset.

We generate synthetic datasets of four nanoparticles
chosen to cover a variety of sizes, atomic compositions, and
amount of periodic structure:

• Au: spherical face-centered cubic gold nanoparticle
with both stacking faults and twin defects.

• FePt: iron-platinum nanoparticle with grain bound-
aries.

• aPd: amorphous pure palladium nanoparticle.

• HEA: amorphous nickel-palladium-platinum high-
entropy alloy.

A table comparing characteristics of each particle is avail-
able in the Supplementary Material.

To simulate projection measurements, we first compute
the electrostatic potential of the atomic configuration of each
nanoparticle using abTEM [22]. We then use the forward
model in Eq. 1 to compute projection measurements at each
tilt angle at a resolution of 0.25Å. We simulate the effects
using a finite-size electron probe by convolving the pro-
jected potential with a Gaussian blur kernel with a standard
deviation of 0.5Å.

Finally, we apply noise to simulate deviations from the
idealized imaging process. In practice, our data are ptycho-
tomographic, where a ptychography dataset is acquired and
reconstructed for each tomographic angle. A ptychography
dataset consists of many individual diffraction patterns that
each have a Poisson noise profile. These datasets are recon-
structed via an iterative algorithm into phase images used as
tomographic projections, and this work focuses on the tomo-
graphic reconstruction of such these images dataset. While
the raw measurement noise is Poisson, there is no clear
statistical characterization of the noise after propagation
through the ptychographic reconstruction algorithm. In the
absence of a tractable noise model, we use additive Gaussian
noise as a stand-in to represent stochastic variations from
the forward model.

The physical prior imparted by our Gaussian represen-
tation should alleviate some issues with the ill-posedness
of the inverse problem in Eq. 3. To study this effect, we
simulate two tomographic configurations for each sample:
one with all tilt angles at 1° spacing between ±90° and
one with angles at 3° spacing between ±70°, similar to the
missing wedge encountered in experimental settings.

We compare our Gaussian splatting approach against
several tomographic reconstruction techniques:

• Filtered Backprojection (FBP) is a widely-used clas-
sical method for tomographic reconstruction, es-
pecially in computed tomography. It spreads each
projection measurement back across the rays that
contributed to it, high-pass filtering the projection
data to preserve high-frequency details in the image.
We apply standard 2D FBP to each slice along the
projection axis to form our 3D FBP reconstruction.

• Simultaneous Algebraic Reconstruction Technique

(SART) [11] is an algebraic method for tomographic
reconstruction that iteratively updates the image es-
timate based on differences between projection mea-
surements and the forward model applied to the
current image estimate.

• Implicit Neural Representations (INRs) are multi-
layer perceptrons trained via a data consistency loss
to output the voxel intensities at given continuous in-
put coordinates. We train an INR for each projection
dataset as described in [16].

Each of these baseline reconstruction methods produces
a volumetric reconstruction, which requires subsequent
atom tracing to extract atomic coordinates. In each case, we
run a simplified first step of atom tracing in the style of [4],
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Fig. 3. A single (central) slice of the 3D reconstruction and its corresponding atom identification for the simulated gold nanoparticle, for both the
full-data case where all projection angles are available and the case of limited data (angles between -70°and -68°in 3°increments). We compare
our reconstruction, which directly solves for atom properties, to several baseline algorithms that use volumetric reconstruction followed by atom
tracing: Filtered Backprojection (FBP), Simultaneous Algebraic Reconstruction Technique (SART), and Implicit Neural Representation (INR). All
methods perform fairly well in the case with no missing wedge, but the baseline performance degrades in the missing wedge case. Our method
accurately finds the majority of atoms without yielding excessive false positives.
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where we identify all local intensity peaks, and iteratively
add candidate peaks to our atom list if they are above a 2.0Å
threshold in distance from the closest previously-identified
peak.

On simulated data where ground truth is available,
we assess our method quantitatively using metrics that
characterize both reconstruction quality and atomic position
accuracy. Specifically, we evaluate reconstruction quality
in terms of the structured similarity index metric (SSIM)
between the ground truth and reconstructed atomic po-
tentials. Our quantitative evaluation of atom identification
focuses on the accurate identification of atom locations. We
match each ground truth atom to the closest algorithmically-
identified atom location and report the rates at which (1)
atoms are found and (2) false positives are reported, con-
sidering an atom correctly identified if its position is within
0.75Å of the ground truth, less than half the typical bond
length for atoms in the particles we study.

Figure 3 shows a qualitative comparison of the gold
nanoparticle reconstructions obtained from all methods, for
both the case with all projection measurements and a dataset
affected by the missing wedge. All methods recover accurate
reconstructions in the ideal case, and the atom tracing
procedure is largely accurate. In the missing wedge case,
however, the baseline methods suffer from reconstruction
artifacts that yield inaccurate atom identification. Noise in
the filtered backprojection reconstruction, blurring in the
SART reconstruction, and streaking in the INR yield either
missed or artificially identified local maxima. Our Gaussian-
based approach, which directly solves for the atom lo-
cations instead, largely avoids these errors. The atoms
learned by our method are spherical and appropriately
spaced as enforced by our parameterization and physical
priors, while the baseline methods reconstruct physically
unrealistic structures that lead to downstream atom tracing
mistakes. Qualitative results for all other particles in our
dataset are in the Supplementary Material.

Quantitatively, Figure 4 shows this trend holds across
our dataset of simulated particles. In general, our method
performs comparably to the baselines in the setting of full
data availability. In the limited data setting, our method
outperforms the baselines in terms of reconstruction quality
and false positive rate while maintaining a similar true
positive rate. The Supplementary Material contains results
of an ablation study further describing the performance of
all methods in more specific cases of the limited data setting,
isolating the effects of angle spacing from a contiguous
missing wedge.

Next, we perform an ablation study to investigate the
importance of the physical priors we enforce to adapt
traditional Gaussian splatting specifically for our atomic
problem. We run this experiment on a simulated double-
wall Zinc-Tellurium carbon nanotube with no additional
artifacts (i.e. no missing wedge, blur, or Gaussian noise).
Figure 5 shows the effect of removing each physical prior
on the atom correspondence. Each method correctly finds
nearly all of the atoms in the sample. However, the ablated
versions of our method without physical constraints tend to
use multiple Gaussians to represent each atom. While these
solutions may yield projections that fit the data equally well,
they are not sufficient for our problem of atomic structure

Fig. 4. Quantitative results on the particles in our dataset. All methods
achieve a fairly high true positive rate on data with all angles, and this
performance degrades slightly in the limited angle setting. However,
other methods’ performance degrades dramatically in terms of false
positive rate in the limited data setting, while our method is less affected.
Similarly, the reconstruction quality of other methods decreases more
dramatically in the limited data setting.

identification. We also show that the physical constraints im-
prove separation of different atomic species by their learned
intensity. The intensity distributions for carbon, tellurium,
and zirconium atoms are much more separable when the
physical constraints are enforced, and follow the ordering
expected based on atomic number. Only the reconstruction
that incorporates the full set of physical priors achieves the
1-to-1 Gaussian to atom correspondence that is necessary for
atomic structure identification.

4.2 Experimental Data
For preliminary experimental validation, we use experimen-
tally collected projection data of a Zr-Te sandwich carbon
nanotube from the National Center for Electron Microscopy
(NCEM) at Lawrence Berkeley National Laboratory (LBNL).
This data was acquired with atomic electron ptychotomog-
raphy, and the ptychographic reconstructions were man-
ually aligned and averaged across several sections of the
periodic nanotube to achieve higher SNR. These data were
previously published and analyzed in [3].

Figure 6 shows the reconstruction of the Zr-Te double-
walled nanotube from experimental projection data. For
clarity, we omit the tube edges, which are artifacted in all
reconstructions because of a missing wedge artifact in the
horizontal dimension and the presence of closely-spaced
light Carbon atoms on the tube walls that are difficult to
distinguish. We focus instead on the heavy atoms at the
center of the carbon nanotube. Compared to a previously
published model-based reconstruction and an INR baseline,
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Fig. 5. Ablation study showing the effect of physical constraints on our method’s structure identification. Top row: atom localization for an idealized
slice of the simulated double-wall Zirconium-Tellurium carbon nanotube with all projection angles and no noise or probe blur. Bottom row: learned
Gaussian amplitude for matched atoms. When the isotropic and minimum distance constraints are not included, multiple Gaussians are fit to each
atom, yielding an inaccurate structural representation. Each Gaussian is typically fit with a lower amplitude to compensate for the presence of
several other atoms close by (note the different x-axis scales). Our physical constraints force a 1-to-1 correspondence between Gaussians and
atoms, which in turn allows their learned opacities to distribute separably by atomic species.

Fig. 6. Projection along a single repeating unit of a double-wall Zirconium-Tellurium nanotube reconstructed from experimental data. Our recon-
struction is compared with a previously published [3] model-based image reconstruction (MBIR) and the output of an implicit neural representation
(INR). All reconstructions suffer from significant artifacts, but our reconstruction preserves some atomic structure that is harder to observe in the
baselines. In particular, individual atoms are clearly discernible at the center of the tube in an arrangement mimicking the known structure of the
particle (reproduced from [3]).

our reconstruction provides a clearer reconstruction that
matches the solved structure of the particle. In particular,
individual columns of atoms are visible in the center of
the structure that are not separated in the baseline recon-
structions. Our reconstruction is promising as a proof of
concept that a Gaussian parameterization could be effective
in recovering heavy atom structures from real-world data.

5 DISCUSSION

At the core of our contribution is the reformulation of the re-
construction task as an optimization with respect to atomic
parameters rather than voxel values, which has significant
implications for the conditioning of the inverse problem.

In standard volumetric reconstruction, the inverse prob-
lem solves for voxel intensities, a problem well-studied in
classical tomography literature, with the condition number
typically scaling with the resolution of the reconstruction
and the completeness of the projection data. The number
of unknowns is the number of voxels to be reconstructed,
while the number of measurements is proportional to the
number of projection angles. In contrast, our approach di-
rectly solves for atomic parameters (positions, scales, and
intensities). A typical particle that we study contains several
thousand atoms, so in theory this approach improves the
conditioning of the inverse problem relative to the case of
solving for network weights or individual voxel values,
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of which there may be several hundreds of thousands or
millions. However, the variable number of Gaussians makes
it more difficult to reason about the conditioning of the
problem. In particular, any individual Gaussian could be
replaced with a sum of many smaller Gaussians that pro-
vide the same total intensity contribution in any projection
direction, creating a degenerate solution space. Further,
particularly on experimental data, small deviations from
idealized data can be easily overfit by adding extra Gaus-
sians to fit these nuisance variations. Our minimum distance
constraint enforced via clustering is thus key for correctly
solving the problem; it effectively reduces the total number
of Gaussians that can be solved for, thereby preventing the
inverse problem from exploding in the number of variables
to be optimized.

Two practical limitations of AET also significantly affect
the conditioning of the inverse problems. The first is the
missing wedge problem; the tilt range of our experiments is
typically restricted to approximately ±70° from the horizon-
tal axis. This results in a wedge-shaped region of unsampled
information in Fourier space, leading to elongation artifacts
and reduced resolution in conventional reconstructions. The
missing projection measurements make the inverse problem
ill-posed, and reconstructions with these elongation artifacts
are a solution that is consistent with the acquired data. Our
Gaussian splatting approach effectively imparts a strong
enough prior to disambiguate the solutions; only the so-
lution with spherical atoms fits the Gaussian parameteriza-
tion.

The second practical limitation is resolution. Beam-
induced blur and other imaging artifacts can make it dif-
ficult to distinguish neighboring atoms. This does not affect
the conditioning of the inverse problem with respect to
voxel values; even if we cannot distinguish which atom con-
tributed to a particular voxel, we can solve for that voxel’s
intensity during the volume optimization stage. However,
there is then no guarantee that the subsequent atom tracing
step will succeed, as it is likely that adjacent atoms whose
intensities touch after the blur will be lumped together as
one atom. Our method directly incorporates atomic priors
which may help during the optimization process. If atoms
are overlapping but not entirely merged, it is possible to
fit two Gaussians to each peak under our parameteriza-
tion. That said, if the blurred atoms are so close as to be
indistinguishable, no method will be able to resolve them
individually.

5.1 Limitations

While our results show promise in simulation and experi-
ment, we acknowledge several limitations of our proposed
method. First, our evaluation focuses largely on simulated
datasets, and comprehensive validation on diverse experi-
mental data remains ongoing. In particular, our simulation
strategy introduces a Gaussian blur kernel, and the similar-
ity between the structure of this kernel and the Gaussian
parameterization of our model may raise suspicion of an
inverse crime, where the same forward model is used to
simulate synthetic data and to algorithmically reconstruct
that data. We note that our Gaussian simulation is based
in known physics of the imaging system. Atomic densities

are modeled with Lobato potentials [23], which are then
convolved with the point spread function of the microscope,
commonly modeled as Gaussian. The resulting data that we
fit is not exactly Gaussian but approximately so, which also
appears true in experiment. Our proof-of-concept result on
experimental data, where we have no control over the data
generation process but can see the core atomic structure,
provides promising evidence that this is the case.

Nevertheless, our simulation procedure does not model
several potential artifacts in the AET acquisition process,
and additional work is needed to ensure the method works
as an out-of-the-box tool for AET practitioners studying
arbitrary samples. For example, we do not explicitly model
carbon contamination, a common issue in electron mi-
croscopy experiments [24]. Carbon deposits can accumulate
on the sample during imaging, affecting projection quality
and potentially introducing artifacts in the reconstruction.
Future work will incorporate models for background con-
tamination [16] to address this limitation.

Further, the current method assumes perfect alignment
of projection images with each other. In practice, experimen-
tal data contains alignment errors that must be corrected
during reconstruction. While our physical priors may pro-
vide some robustness to misalignment, explicit treatment of
alignment uncertainty within the Gaussian splatting frame-
work represents an important direction for future research.

6 CONCLUSION

We have presented a novel approach to atomic electron
tomography that uses a Gaussian parameterization with
physics-based priors to directly reconstruct atomic struc-
tures from projection data. By reformulating the recon-
struction problem in terms of atomic parameters rather
than voxel values, our method achieves physically plausible
reconstructions and accurate atomic structures that are more
robust to imaging artifacts than other techniques.

The incorporation of our physical constraints signifi-
cantly improves the conditioning of the inverse problem
and enables reliable learning of 1-to-1 Gaussian to atom cor-
respondences even in challenging imaging conditions. Sim-
ulation and experimental validation confirm our method’s
potential for resolving a wide variety of atomic structures
without making strong assumptions (e.g. periodicity of the
sample).

Our approach has the potential to accelerate materials
characterization and discovery across numerous scientific
disciplines, from catalyst design to nanostructure engineer-
ing. Future work will focus on extending the approach to
more complex particles and corruption classes, and address-
ing the limitations identified in this study. Beyond this,
Gaussian-based representations show promise for inverse
problems in any type of atomic imaging – for example, 2D
ptychographic imaging.
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