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Abstract

Coronagraphic observations enable direct monitoring of coronal mass ejections (CMESs) through scattered light
from free electrons, but determining the 3D plasma distribution from 2D imaging data is challenging due to the
optically thin plasma and the complex image formation. We introduce Sun Neural Radiance Field for CMEs
(SuNeRF-CME), a framework for 3D tomographic reconstructions of the heliosphere using multiviewpoint
coronagraphic observations. The method uses a neural radiance-field to estimate the electron density in the
heliosphere through ray tracing, while accounting for the underlying Thomson scattering. The model is optimized
by iteratively fitting the time-dependent observational data. In addition, we apply physical constraints in terms of
continuity, propagation direction, and speed of the heliospheric plasma to overcome limitations imposed by the
sparse number of viewpoints. We utilize synthetic observations of a CME simulation to quantify the model’s
performance for different viewpoint configurations. Within this controlled synthetic setting, the results
demonstrate that our method can reliably estimate the CME parameters from only two viewpoints, with a mean
velocity error of 3.01% =+ 1.94% and propagation direction errors of 3°39 + 1794 in latitude and 1276 £ 0279 in
longitude. We further show that our approach can achieve a 3D reconstruction of the simulated CME from two
viewpoints, where we correctly model the three-part structure, deformed CME front, and internal plasma
variations. Additional viewpoints can be seamlessly integrated, directly enhancing the reconstruction of the
plasma distribution in the heliosphere. These results demonstrate the potential of physics-informed radiance-field
methods for CME tomography, paving the way for future extensions toward observational data and space weather
applications.
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1. Introduction

In the upper solar atmosphere, the solar corona, emerging
magnetic flux, and shearing motions can store large amounts of
magnetic energy, which gradually build up over hours to days,
and can result in the sudden release within minutes
(T. G. Forbes et al. 2006; T. Wiegelmann et al. 2014). This
energy release, in the form of solar flares (L. Fletcher et al.
2011), is frequently associated with the ejection of coronal
plasma, coronal mass ejections (CMEs; D. F. Webb &
T. A. Howard 2012). During this process, coronal plasma is
jointly ejected with the magnetic field into interplanetary
space, transitioning from a magnetically dominated regime, to
a plasma (solar wind) dominated regime. In their early
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evolution, CMEs can undergo deformations, deflections, or
result in failed eruptions (M. Temmer et al. 2023). During the
propagation through interplanetary space, CMEs further
interact with the ambient plasma, leading to further changes
in propagation direction, velocity, and potential deformation
(e.g., solar-wind drag; P. J. Cargill 2004; B. Vr$nak et al.
2013). CMEs also pose a significant space-weather risk
(T. Pulkkinen 2007; M. Temmer 2021), where the precise
estimation of speeds, propagation direction, and total mass, are
essential to provide inputs for heliospheric models (D. Odstrcil
2003; C. Mostl et al. 2015; J. Pomoell & S. Poedts 2018;
T. Amerstorfer et al. 2021; M. Bauer et al. 2021) and space-
weather forecasts.

To investigate the processes driving CME propagation
and to assess their potential space-weather impacts, it is
essential to obtain a 3D characterization of the plasma
density in the solar corona and interplanetary space. Direct
interpretation of observational data, however, is typically
hindered by significant limitations. Observations of propagat-
ing CMEs are primarily obtained from sparse in situ
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measurements, detected radio signatures, and remote sensing
with white-light coronagraphs aboard space- and ground-based
facilities (see D. F. Webb & T. A. Howard 2012, and references
therein). Coronagraphs employ an occulting disk to block the
bright solar disk and reveal the faint emission in the solar
corona. These observations originate from Thomson-scattered
light of free electrons in the solar corona (D. E. Billings 1966),
and enable a direct monitoring of electron density and its
dynamic evolution in the heliosphere (e.g., CMEs). However,
interpreting this data is inherently challenging due to the
complexity of the image formation process. The observed
radiances (surface brightnesses) are line-of-sight integrals
through optically thin plasma, and the Thomson scattering
process has a complex viewpoint dependence, which prevents a
straightforward interpretation of the imaging data. In particular,
the projection of the 3D structures to the 2D plane-of-sky can
lead to an underestimation of the speed and overestimation of
the CME angular width (J. T. Burkepile et al. 2004; B. VrSnak
et al. 2007; M. Temmer et al. 2009).

Various methods aim to estimate CME characteristics
through manual fitting (M. Temmer et al. 2009; A. Thernisien
2011), usage of polarized observations (C. A. de Koning et al.
2009; C. A. de Koning & V. J. Pizzo 2011; R. Susino &
A. Bemporad 2016; C. E. DeForest et al. 2017) or by applying
stereoscopic assumptions (M. J. Aschwanden 2011). The
graduated cylindrical shell (GCS) reconstruction method is a
widely applied and practical approach where the shape of the
CME is approximated as a cone and the white-light
observations are used to find the best matching orientation of
the 3D cone. This allows for the estimation of the CME
orientation and propagation direction directly from the
imaging data (A. F. R. Thernisien et al. 2006; A. Thernisien
2011). While the GCS approach has proven effective for many
events, it has inherent limitations when applied to more
complex CME shapes (e.g., deformed front), and the
interpretation of the observations can introduce systematic
deviations. Specifically, the line-of-sight integrated scattered
light is treated as a proxy for the actual plasma distribution,
which limits applicability and introduces deviations from the
ground-truth distribution. Improvements can be achieved by
using observations from multiple viewpoints and jointly fitting
the 3D model from two perspectives. C. Verbeke et al. (2023)
showed that for an idealized test set, the average GCS fitting
error for two viewpoints with a 60° separation angle is in the
range of 7°8 in latitude and 6°8 in longitude. Similarly,
stereoscopic and triangulation methods aim to directly
reconstruct the CME front using observations from multiple
viewpoints (M. J. Aschwanden 2011). However, for Thomson-
scattered light, there is a significant dependence on the
geometry which needs to be accounted for (A. Vourlidas &
R. A. Howard 2006). A more consistent approach is the use of
observations of polarized and total brightness, where the
brightness ratio can be used to determine the center of mass
along the line of sight in a physically consistent way
(R. C. Colaninno & A. Vourlidas 2009; C. A. de Koning &
V. J. Pizzo 2011). While this approach can provide good
estimates for dense plasma regions, in practice CMEs are
extended 3D structures and the background solar wind plays a
significant role (T. A. Howard 2015).

Tomographic methods address these limitations by inverting
multiple 2D observations to recover the 3D plasma distribution
while accounting for Thomson scattering. With a single
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viewpoint, the inversion problem is inherently ill-posed, and
classical coronal tomography therefore exploits solar rotation
to provide additional constraints for structures that evolve
slowly in time (R. A. Frazin & F. Kamalabadi 2005). For
dynamic phenomena, static assumptions lead to temporal
smearing and reconstruction artifacts. Consequently, time-
dependent extensions have been developed using temporal
regularization (D. Vibert et al. 2016), state-estimation
techniques such as Kalman filtering (R. A. Frazin et al.
2005; M. D. Butala et al. 2008, 2010), and alternative basis
representations such as spherical harmonics (H. Morgan 2019).

A. Asensio Ramos (2023) demonstrated that neural
representations can perform time-dependent tomographic
reconstructions of the solar corona with favorable implicit
regularization for spatiotemporal coherence and high para-
meter efficiency. For CME-specific applications, R. A. Frazin
et al. (2009) reconstructed a 2D slice of a simulated CME
using three viewpoints and level-set techniques. B. V. Jackson
et al. (2006) developed an iterative tomographic framework
that combines interplanetary scintillation (IPS) velocity data
with white-light observations and kinematic constraints,
enabling reconstructions of CME morphology and propagation
together with the background solar wind (B. V. Jackson
et al. 2011).

Even after accounting for all underlying physical processes,
ghost trajectories can lead to ambiguous results (C. E. DeForest
et al. 2013). Therefore, CME parameter estimates are typically
associated with large uncertainties, and interactions in inter-
planetary space are still incompletely characterized.

In this study, we present a novel deep learning approach
for tomographic reconstructions of CMEs based on multi-
viewpoint data. For this, we build on our previous approach,
which leveraged neural radiance fields (NeRFs; B. Mildenh-
all et al. 2021) for tomographic reconstructions of the
extreme-ultraviolet (EUV) corona (Sun Neural Radiance
Fields, SuNeRF; R. Jarolim et al. 2024b), and adapt it for a
physically consistent treatment of white-light coronagraphic
observations (SuNeRF-CME). In this work, the neural
network is used as a continuous implicit parameterization
of a tomographic inverse problem, rather than as a generative
or predictive model trained on a population of samples. The
neural network serves as a function representation of the
reconstruction volume, mapping coordinate points to
their respective physical quantities. The network parameters
are optimized to reproduce a fixed set of white-light
observations through a known physical forward model. We
further leverage Physics-Informed Neural Networks (PINNs;
M. Raissi et al. 2019), which allow us to incorporate
additional physical constraints to mitigate challenges due
to the limited number of observations. With this, we provide
a first implementation of a Physics-Informed NeRF
(Section 2.5). The primary aim of this study is to quantify
how reconstruction performance depends on the available
observational information and on the inclusion of physics-
informed constraints. We utilize synthetic white-light
observations of a CME to validate our approach. The
synthetic observations enable the analysis of various view-
point configurations and provide a quantification of the
model performance by comparing the ground-truth plasma
distribution with our reconstruction. Note that this study is
limited to synthetic data only, while we leave the extension
to observational data for a future study.
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2. Method

For our tomographic reconstruction method, we follow
D. E. Billings (1966) to obtain the total and polarized
brightness observations from the modeled plasma density
(Section 2.1). We build on NeRFs to perform the ray tracing
approach (Section 2.2) and apply additional physics con-
straints through a PINN (Section 2.3). We use the combined
approach (Section 2.4) to perform physics-informed tomo-
graphic reconstructions that combine the white-light observa-
tions with basic assumptions about the solar-wind propagation
(i.e., continuity equation). In this study, we focus solely on
synthetic CME observations (Section 2.5), which are used to
quantify the performance of our approach by comparing to the
ground-truth plasma distribution (Section 2.6).

2.1. Tomography

White-light coronagraph observations are obtained from the
Thomson-scattered light of free electrons in the heliosphere
(T. A. Howard & S. J. Tappin 2009). The detected signal does
not originate from local plasma emission, but from the elastic
scattering of photons in the low-energy regime and, therefore,
depends on the geometric configuration between the scattering
location (i.e., the free electron), the source of the radiation (i.e.,
the solar photosphere), and the observer. The observed
quantity corresponds to the radiance (surface brightness)
measured per image pixel, corresponding to the line-of-sight
integral of the Thomson-scattered signal through the optically
thin plasma. Following T. A. Howard & C. E. DeForest
(2012), radiance denotes the quantity measured by an imaging
detector per solid-angle element, whereas intensity refers to
the radiance integrated over the apparent area of a feature. In
this work, all forward-modeled and observed image quantities
correspond to radiance. We adopt the geometrical formulation
of D. E. Billings (1966). In this framework, the observed
radiance depends on the spatial location of the scattering point
r, the scattering angle x (i.e., the angle between the incident
solar radiation and the line of sight), and the electron density
p(r). The total tB and polarized pB brightness observed are
given by the integral of the Thomson-scattered radiance along
the line of sight /

pB = C [ p()lsin? G0y (], )

B=C f p(O) [ fy (r) — si® COfp (r)]1dl. )

Here, tB corresponds to the Stokes parameter I, while
pB = By — Bg represents a Stokes Q parameter evaluated in a
coordinate system rotated into the local radial-tangential
scattering frame, where B and By denote radiances measured
through tangential and radial polarizers, respectively (e.g.,
C. E. DeForest et al. 2022; S. E. Gibson et al. 2026). C is a
constant scaling factor given by the electron cross section
o, = 795 x 1072° cm? srfl, and the solar brightness
Ip =23 x 10" Wem ™2 s,

7o,
C=1I5L— 3

05 3)

x is the scattering angle sin*(x) = ||I x 7|]. The functions

fr(r) and fp(r) describe the radiance variation based on the
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spatial location to the scattering point r
for) =01 — u)A + uB, @
fr(r) =2[(1 — u)C + uD]. 5)

Here, u refers to the limb-darkening coefficient with u ~ 0.63,
and A, B, C, and D are functions of the angle between the

distance of the scattering point from the solar center r = Il r ||
and the solar radius R
Q = arcsin(R /1), 6)
A = cos Qsin’ (), (7
_ 1 _ ) _ cos?Q )
B= 8[1 3sin?Q — 501 4 3in2 Q)
(5 | ®
4 ’Q
C=2_cos - )
3 3

_ 1 ) cos>Q )
D—§[5 + sin“ 2 — m(S — sin“ Q)

14 sinQ)
x In(12n) ] (10)
The coefficients A, B, C, and D are the classical van de Hulst
coefficients (H. C. van de Hulst 1950), which account for the
finite angular extent of the solar disk and limb darkening of the
solar radiation. In the small solid-angle limit (i.e., at
sufficiently large heliocentric distances, 2 < 1), A, C, and
D vanish, and the formulation reduces to the point-source
approximation, which is typically valid beyond ~2-5R.
depending on the required accuracy (T. A. Howard &
C. E. DeForest 2012). For our implementation, we retain the
full set of van de Hulst coefficients, such that the point-source
limit is recovered naturally at large heliocentric distances,
while close to the Sun these effects remain nonnegligible.

For spatially extended plasma such as the background solar
wind, white-light polarization primarily diagnoses the radial
density falloff rather than a unique 3D position along the line
of sight (S. E. Gibson et al. 2026), provided that the scattering
angle x varies substantially along the line of sight (i.e., by a
significant fraction of 7 within the integrals in Equations (1)
and (2)). In contrast, sharp density enhancements at CME
leading edges and internal substructures fall within the
localized regime, for which polarization provides direct
geometric constraints.

Tomography provides a tool that can consistently combine
multiviewpoint data into a 3D representation of the heliosphere
(e.g., R. A. Frazin & F. Kamalabadi 2005; M. J. Aschwanden
2011). By using a physically consistent forward model, this
approach can account for the underlying physics of the image
formation, providing reconstructions of both CMEs and the
overall plasma distribution in the heliosphere. A fundamental
challenge of tomographic inversion is the large number of
degrees of freedom, which can lead to under-constrained or
nonunique solutions when only a limited number of simulta-
neous observations are available (J. T. Burkepile et al. 2004).
Consequently, classical tomography has been primarily
applied to quasi-static structures in the inner corona, where
solar rotation provides additional viewing angles over time
(R. A. Frazin & F. Kamalabadi 2005; A. M. Visquez et al.
2008). Extension to time-dependent reconstructions requires
additional constraints, either through explicit regularization
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(R. A. Frazin et al. 2005, 2009; B. V. Jackson et al. 2011) or
implicit smoothness enforced by the model representation
(A. Asensio Ramos 2023) or a prescribed set of basis functions
(H. Morgan 2019). In this study, we combine the implicit
spatiotemporal smoothness of neural representations with
explicit physics-based constraints (Section 2.4) to mitigate
the ill-posed nature of the inverse problem.

2.2. Neural Radiance Fields

NeRFs are a ray tracing approach, where a 3D scene is
reconstructed from a set of images and their known observer
positions. A key advantage of an NeRF is that the
reconstructed volume is represented by a neural network,
which maps coordinate points to the respective physical
quantities, instead of using an explicit grid-representation.
Radiance-field approaches such as voxel-based representations
(e.g., Plenoxels S. Fridovich-Keil et al. 2022) and point-based
methods (e.g., Gaussian splatting B. Kerbl et al. 2023) provide
alternatives to NeRFs; however, they are less naturally
compatible with the continuous differential constraints
employed here (Section 2.3). For a classical NeRF approach,
the modeled quantities are given by the opacity and color.
After fitting the model, novel viewpoints can be rendered from
the reconstructed 3D scene. Note that in contrast to other deep
learning approaches, such as large pretrained models or
methods trained on diverse datasets across many scenes, this
method does not rely on a pre-existing dataset. Instead, it
reconstructs a specific scene directly from the available
multivantage observational data, focusing on reconstructing
that scene rather than generalizing across multiple scenes.
Therefore, to obtain a 3D reconstruction from a novel set of
observations, a new model needs to be trained from scratch.

However, solar rotation-based tomography relies on the
assumption of quasi-static structures, which is violated for
rapidly evolving phenomena such as CMEs and leads to
temporal smearing and reconstruction artifacts.

In solar physics, NeRFs were applied to reconstruct the
emission and absorption profile of the solar corona by using
multivantage-point observations and the solar rotation (R. Jarolim
et al. 2024b). Directly related to our study, A. Asensio Ramos
(2023) used an NeRF approach in the context of solar rotational
tomography to estimate the solar K-corona from single-viewpoint
observations. While such approaches enable time-dependent
reconstructions, they remain limited by their reliance on solar
rotation, where structural evolution during the observation
window can introduce temporal smearing and reconstruction
ambiguities for rapidly evolving structures.

2.3. Physics-informed Neural Networks

PINNs are conceptually related to NeRFs in that both use
neural networks to represent a continuous volume by mapping
spatial coordinates to physical quantities. However, the core
distinction lies in how they are trained and applied. NeRFs are
typically optimized to overfit a small number of multivantage-
point observations, allowing them to reconstruct a specific 3D
scene by interpolating between the views. In contrast, PINNs
are trained to solve boundary value problems, where the
governing set of partial differential equations (PDEs) is used to
extrapolate the sparse observational data. Neural networks are
fully differentiable functions; therefore, the neural representa-
tion can be used directly to compute smooth derivatives of the

Jarolim et al.

output quantities with respect to the input coordinates. By
minimizing the residuals of the PDEs and satisfying boundary
conditions, PINNs provide smooth and physically constrained
solutions that can incorporate noisy or incomplete data. This
makes them particularly useful for data-driven simulations
where observational data alone are insufficient.

In solar physics, PINNs have been applied to magnetic field
modeling (R. Jarolim et al. 2023, 2024a), radiative hydro-
dynamic simulations (C. U. Keller 2025), and spectropolari-
metric inversion (C. J. Diaz Baso et al. 2025; R. Jarolim et al.
2025). In this work, we use PINNs to integrate physical
constraints into the NeRF framework, thereby overcoming its
inherent limitation of poor extrapolation for a limited number
of viewpoints.

2.4. Physics-informed Neural Radiance Field

In this study, we combine the concepts of NeRFs and PINNs
for the tomographic reconstruction of CMEs. Our approach
leverages the concept of a neural representation, which enables
a memory-efficient representation of the 4D volume. Specifi-
cally, the neural representation can encode the full temporal
evolution of the 3D volume in ~1.8 million free parameters.
The function representation of the neural network implies an
intrinsic spatiotemporal smoothness, which mitigates sponta-
neous fluctuations in the reconstructed plasma distribution
(A. Asensio Ramos 2023; R. Jarolim et al. 2024b, 2025). We
adopt the full spatially dependent formulation of Thomson
scattering to account for variations in scattering efficiency
across the line of sight. In addition, we incorporate physics-
informed constraints (PINN) to mitigate unphysical recon-
structions due to limited viewpoints by enforcing physical
consistency across the time dimension.

2.4.1. Model

Given that coronal tomography is generally poorly con-
strained by limited observations, we surmised that the model
architecture (e.g., number of layers, neurons) is of secondary
importance, and the quality of the reconstruction primarily
depends on the available input data. Therefore, we select a
standard SIREN architecture, consisting of eight hidden layers
with 512 neurons each. This configuration ought to provide a
sufficient number of trainable parameters to represent the 3D
simulation volume, consistent with related NeRF implementa-
tions (B. Mildenhall et al. 2021; R. Jarolim et al. 2024b). We
use the default SIREN configuration with wy = 30 for the first
layer and wy = 1 for the remaining layers (e.g., V. Sitzmann
et al. 2020).

2.4.2. Ray Tracing

We build on our previous tomography method for EUV
observations (SuNeRF; R. Jarolim et al. 2024b), which uses an
NeRF approach to estimate the 3D emission and absorption
profile in the solar corona. Here, we implement the
tomographic reconstruction of white-light coronagraphic
observations of polarized and total brightness based on
Equations (1) and (2). Figure 1 provides an overview of our
method. For each observation, we cast rays through each
image pixel, where we use the helioprojective angles and their
known orbital position rops = (r, 8, ¢), where r corresponds to
the radius, 0 to the latitude, and ¢ to the longitude in
Heliocentric coordinates. Note that this contrasts with the
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Figure 1. Overview of the SuNeRF-CME method for tomographic
reconstruction of coronal mass ejections (CMEs) using physics-informed
neural radiance fields (NeRFs). The approach leverages multiviewpoint
observations of total tB and polarized pB brightness to estimate the electron
density in the heliosphere. The tomographic reconstruction is performed via a
ray tracing approach (red): (1) Rays are traced per pixel into the reconstruction
volume, sampling spatial-temporal coordinates x, y, z, t along the line of sight.
(2) A neural network maps these coordinates to local electron density p and
plasma velocity v = (v, vy, v;). (3) The electron density and coordinate
positions are used to compute Thomson-scattered radiance, integrating along
the line of sight. (4) The resulting estimated total and polarized brightness
values are compared to the observations, and the model is updated to minimize
the deviation. To address challenges posed by sparse viewpoint coverage,
additional physical constraints are incorporated (blue): (1) Points are randomly
sampled within the 3D domain. (2) The neural network maps the coordinate
points to electron density and velocity. (3) Using automatic differentiation, the
derivatives of the output values with respect to the input coordinates are
constructed. (4) In combination with the ray tracing loss, the model is
constrained by minimizing the residuals of the continuity equation,
regularizing for an approximately radial solar wind, and enforcing consistency
with an expected ambient solar-wind speed range.

employed Carrington frame in R. Jarolim et al. (2024b). The
ray direction is computed such that the central coordinate
points are positioned at the image center. For each ray, we
sample points in a spherical shell of 130 solar radii around the
Sun. Each coordinate point (x, y, z, ) is mapped through the
neural network to the corresponding logarithmic electron
density Inp, and the velocity vector v = (vy, vy, v;). Defining
the neural network output as the logarithm of the plasma
density ensures physically meaningful (nonnegative) densities
throughout the reconstruction domain.

The output electron density is scaled by a radial drop-off in
accordance to an expected solar-wind profile Inp = Inp" — 2Inr,
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where r corresponds to the radial distance of the sampling point
from the Sun center, and Inp’ denotes the model-predicted
logarithmic density. The final electron density is then obtained by
p = e, The velocity is modeled as a perturbation to a base
radial solar-wind profile

v=vy+ 7V, (1)

where vy = 300 km s~! 7 represents the background radial
solar-wind speed, and v = (v;, vy/, vz/) denotes the model-
predicted velocity perturbation.

2.4.3. Forward Rendering

Based on the modeled electron density, we compute the total
and polarized brightness according to Equations (1) and (2),
where C = 100 is selected to provide a computationally
efficient range. Therefore, the calculations are performed in
model units for the density, and the resulting quantities are
rescaled to physical units for evaluation. For the integration,
we use finite differences, where dl corresponds to the spatial
distance between adjacent sampling points.

The pixel brightness (radiance) values are computed in two
steps, where we first sample 64 points across the full ray path
with an equal spacing and random perturbations (stratified
sampling). The resulting B and pB brightness values are then
used to sample 128 points weighted by the radiance
distribution along the ray (hierarchical sampling). Both
samplings are performed with the same NeRF model, in
contrast to a coarse and fine model (e.g., B. Mildenhall et al.
2021; R. Jarolim et al. 2024b). This strategy provides
comparable performance to separate coarse/fine models while
reducing computational requirements. The hierarchical sam-
pling strategy enables a higher sampling in regions that
strongly contribute to the observed emission, resulting in a
better resolved reconstruction (B. Mildenhall et al. 2021).

2.4.4. Image-based Loss Functions

For the image-based losses, the resulting total and polarized
brightness values are compared to the observations. We
minimize the difference between the logarithmically scaled
total and polarized brightness,

L = (Inlg ops — Inlp prea)” (12)
LpB = (lnIpB,obs - lnIpB,pred)2 . (13)

This corresponds to a squared L? norm in logarithmic space,
emphasizing relative differences and balancing contributions
across the dynamic range. While alternative weightings (e.g.,
asinh) are possible, logarithmic scaling provides a simple and
effective choice.

In addition, we optimize the brightness ratio Ry = I,5/Ip
between observed and predicted observations

LR = (RB, obs — RB,pred)z- (14)

While this approach can provide tomographic reconstructions
of the electron density in the heliosphere, a limited number of
viewpoints can result in unconstrained solutions.

2.4.5. Physics-based Loss Functions

To further constrain the inversion, we impose a physics-
informed loss. We randomly sample spatiotemporal coordinates
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(x, v, z, 1) within the bounds of the reconstruction volume (i.e.,
the modeled spherical shell over time) and use them as query
points for the same neural network that represents the
tomographic model, which maps them to the corresponding
plasma quantities. From the resulting outputs (Inp, v), we

compute derivatives with respect to the input coordinates (”g;” ,

%, ‘1“‘, ...) and evaluate the continuity equation, which can be
x Oy
written in logarithmic form as
0]
L4V (=0 (15)
ot
Olnp +V.v+v: Vinp=0. (16)
ot
The squared residuals of the continuity constraint
2
ch(ag"’+v-v+v-v1np), (17)
1

are minimized jointly with the image-based reconstruction,
enforcing consistency with the continuity equation throughout
the probed volume. This has two key implications. First, the
velocity profile is coupled with the dynamics of the
reconstructed plasma density. Second, the plasma can only
enter through the inner boundary and leave through the outer
boundary, while other sinks or sources of plasma density
within the spherical shell are suppressed.

In addition, we regularize the solar-wind distribution to be
approximately radial

v xr Y
Lyygia = ( ) > (18)

idllitgl

and to be within an appropriate solar-wind speed range

(Hv” - Vmin)2 if ||V|| < Vmin
Lvelocity = (HV” _ Vmax)2 if ||V|| > Vo (]9)
0 otherwise

We set Vin = 200 and vipa = 800 km s~!, corresponding to a
broad range of typical solar-wind speeds.

With the additional velocity regularization, we aim to
mitigate unphysical solutions, such as ghost trajectories that
deviate strongly from the radial condition or static plasma
clouds that violate the minimum velocity constraint. These
limits are chosen such that regular CME dynamics, including
deformations, high velocities, and moderate nonradial propa-
gation, are not suppressed. For the reconstructions considered
here, the maximum velocity is typically not reached, but the
upper bound could be increased for applications closer to the
Sun or in the presence of particularly fast CMEs.

2.4.6. Combined Loss Function

The combined loss is then given by

Lot = )\image - (L + LpB)
+ Aratio * Lr
+ Acontinuity * Lc
+ Aradial * Lradial
+ Avelocity * Lvelocitys (20)
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where the A denote the individual weighting parameters. Note
that in the absence of polarized brightness observations, this
optimization is reduced to only total brightness.

The loss terms are formulated as squared residuals (i.e.,
Lz—type losses), with the image-based terms (L, Lyg) evaluated
in logarithmic space and the continuity constraint formulated in
terms of Inp. The consistent use of squared residuals strongly
penalize large residuals, while the logarithmic formulation
enables coherent optimization across the orders-of-magnitude
dynamic range of densities and white-light observations.

2.4.7. Training Parameters

Throughout this work, we set Amgge = 1, Ao = 1,
Acontjnuity = 001, Aradial = 001, and )‘velocity = 0.01. These
values are chosen such that the observational data terms and the
continuity equation constitute the primary minimization objec-
tives, while Ly,giar and Lyejociry act only as regularization terms.

A systematic ablation study of the physics-informed weighting
factors is provided in Appendix B, where we demonstrate the
existence of a well-defined stability regime. Moderate weights in
the range 1072-10"' vyield optimal performance, whereas
excessively large weights lead to degraded reconstructions as
the optimization becomes dominated by the physical constraints.
In Section 3.4 we additionally provide a comparison with a pure
NeRF approach ()‘continuity = Aradial = /\velocity = 0).

2.4.8. Optimization

The reconstruction is obtained by minimizing the total loss
function defined in Equation (20) using the Adam optimizer. We
use an initial learning rate of 10~*, which we exponentially decay
to 107> over 10° training iterations. The number of sampled rays
and randomly sampled points can be adjusted according to the
available compute resources. For our reconstructions, we use four
NVIDIA A100 GPUs, sampling 8192 rays (pixels) for ray tracing
and 4096 randomly chosen coordinate points to evaluate the
physical constraints. Each model is trained until convergence,
which corresponds to approximately 40 epochs and is typically
achieved within 12 hr.

The optimization problem is nonconvex, and convergence is
therefore to a local minimum. In contrast to classical
tomography methods, reconstruction quality is assessed through
synthetic truth tests and robustness analyses rather than through
theoretical convergence guarantees.

2.5. Data

We build on synthetic white-light observations obtained from
magnetohydrodynamic simulations of the inner heliosphere with
a propagating magnetized CME, performed using the
GAMERA-Helio model (E. Provornikova et al. 2024). In these
simulations, the CME structure is represented by the Gibson-
Low model (S. E. Gibson & B. C. Low 1998). The solar-wind
background in GAMERA-Helio is driven by inner boundary
conditions obtained from a semiempirical model of the solar
corona, WSA-ADAPT (C. Arge et al. 2004). Here, the
simulated electron density was used to render synthetic total
and polarized brightness observations as described in
Section 2.1. Specifically, we use the public CME challenge
dataset,”” which aims to provide a dataset of synthetic

13 CME challenge: https://download.hao.ucar.edu/pub/punch/cme_
challenge_v2/.
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observations and the corresponding ground-truth electron
density distribution, as test set for the Polarimeter to Unify
the Corona and Heliosphere mission (PUNCH; C. Deforest
et al. 2022; C. DeForest et al. 2025). The simulation covers the
inner heliospheric domain from 21.5 to 220 R, and —72° to
72° latitude, where the plasma density is specified at the cell
centers of the computational grid. Therefore, the field of view
of the rendered observations is comparable to that from the
composite images produced by the three PUNCH/WFI
spacecraft. The observations provide a field of view of 90°
and are placed at a distance of 1 au; however, we truncate the
observations to 21.5-130 R, in the plane-of-sky projection.
For all of our evaluations, we only compare the region between
30 and 120 R.. We use CMEO (“reference case”) for our
study, where the primary propagation direction is in the
ecliptic plane (latitude = 0°). For the observer location, we use
the heliographic latitude and longitude. In this frame, the
primary CME propagation direction corresponds to long-
itude = 135°. For our reconstructions, we throughout use all
available 75 time steps, which correspond to an observing
series of ~1.55 days. In the CMEQ simulation, the WSA-
ADAPT solution for Carrington Rotation 2095 (2010 March
27-April 22), corresponding to the magnetogram 2010 March
26 20:00 UT, was used to set the inner boundary conditions.
The defined start time of the simulation is 2010 April 3 09:04
UT. The synthetic observation series ranges from 2010 April
13 19:40 UT to 2010 April 15 08:45 UT, where the first frame
corresponds to 250.6 hr of simulation time. Note that the initial
200 hr serve to simulate the solar-wind background, into which
the CME is subsequently injected. Examples of synthetic tB
and pB observations can be seen in Figure 2.

Synthetic white-light observations are produced by forward-
modeling Thomson-scattered emission from the GAMERA
electron density across multiple viewpoints. We use positions
at three latitudes (—40°, 0°, 40°) and longitudes spaced every
20°. To evaluate our method, we use subsets of these synthetic
observations to assess performance under sparse observational
coverage.

In Section 3.6 we provide an additional comparison of
model performance under different noise levels, where we
apply additive Gaussian noise to the synthetic observations,

IS @) = Ip(x) + T N (0, 0?), @1
™ (x) = L) + 1 N(0, 0?). (22)

using noise amplitudes o € {0, 0.01, 0.05, 0.1,
0.2, 0.3, 0.4}, which are specified as fractions of the mean
brightness I. After the addition of noise, we mask negative
values from further processing. The corresponding mean
signal-to-noise ratio is

SNR = L. 23)

g

Note that the local noise level varies across the field of view,
as the brightness rapidly decreases from the inner to the outer
parts of the observations.

2.6. Evaluation

For all evaluations, we compute the grid-representation of our
reconstruction by sampling the volume in spherical coordinates
from 30-120 R, in radius. In addition, we unnormalize the
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Figure 2. Synthetic observations and corresponding tomographic reconstruc-
tions of a CME event, shown 12.5 hr after launch. (a) Synthetic white-light
images from two ecliptic viewpoints located at 175° and 235° longitude. (b),
(c) Slices of the reconstructed electron density and plasma velocity obtained
using our tomographic reconstruction method, illustrating the 3D CME
structure. Note that panel (b) shows ecliptic slices at 0° latitude and panel (c)
shows slices at 135° longitude. White arrows indicate velocity vectors
> 300 km s~ '. The white dashed lines mark the main propagation direction of
the CME at 0° latitude and 135° longitude in heliocentric coordinates.

model units of our reconstruction to physical units. We compare
longitudinal and latitudinal slices of the ground-truth and
SuNeRF-CME reconstructed electron density (p in N, cm ),
where we use the primary axis of CME propagation
(latitude = 0°, longitude = 135°). Our quantitative evaluations
compare differences per grid-cell, where the polar regions are
excluded as given by the GAMERA-Helio simulations. We use
the snapshots 10 (2010 April 14 00:41 UT) to 39 (2010 April 14
15:13 UT) for our model evaluation, which corresponds to the
time frame from the first clear CME signature to the point
where the shock front reaches ~100 R.. Note that we use all
available time steps for our reconstructions to obtain a better
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reconstruction of the background solar wind, but limit our
evaluation to the duration of the primary CME propagation.

2.6.1. CME Parameters

For determining the primary CME parameters, we first
remove the background from both the reconstructed and
ground-truth electron density. For this, we compute the mean
electron density over the first seven snapshots, which
correspond to the time period prior to the CME. The obtained
background electron density is then subtracted from each
individual data volume, resulting in a more isolated CME. All
negative values are ignored for further evaluation. Note that
this step is performed independently for the reconstructions
and the ground-truth data cubes.

From the resulting electron density, we compute the center
of mass (CoM) as

E,‘]\;1piriAi: dr;

(24)
Ei]\ilp,-Ai, dr;

Fcom =

where i indexes the grid cells, and N is the total number of cells.
Here, p; is the electron density at cell i, r; is the position vector,
and dr; is the radial grid spacing at that location. The area element
A; in spherical coordinates is given by A; = r? sin 6;, with r; and
0; denoting the radial distance and latitude, respectively. From the
center of mass, we compute the latitudinal 6 and longitudinal
¢ position and determine the difference between the ground truth
(GT) and reconstruction (SUNeRF)(A0 = |0com: GT—0coM: SuNeRFls
A =|pcom: GT—PcoM: sunerr|)- Analogously to Equation (24),
we compute the total mass Z[N: 1 piAi, dr;, where we use the
electron density without background subtraction. In addition, we
determine the position of the shock front, by computing the point
with the strongest negative gradient along the primary CME
propagation direction (latitude = 0°, longitude = 135°). We
estimate the velocity of the center of mass vcon and shock front
vert Dy applying a linear fit to the radial distance as a function
of time.

2.6.2. Metrics

For the quantitative evaluation, we compare our recon-
structed electron density to the corresponding GAMERA
simulation snapshots at each time step. For each snapshot, we
compute the mean absolute error (MAE) and the cross-
correlation coefficient (CC) between the predicted and ground-
truth densities. The MAE is defined as

1 N
MAE = NZ lpsunerri — Par.ils 25)
i-1

where psunerr,; and pgr,; denote the reconstructed and ground-
truth electron density at grid point i, respectively, and N is the
total number of grid points.

The cross-correlation coefficient is given by

cC — Cov(psunerr: pGT)’ (26)

OSuNeRF OGT

where Cov(psunerFs PgT) 18 the sample covariance between the
reconstructed and ground-truth electron densities, and osyNerE
and ogr are their respective standard deviations.
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3. Results

We use the synthetic white-light observations described in
Section 2.5 to study the performance of our approach for different
observer configurations. In Section 3.1, we reconstruct the 3D
plasma distribution in the heliosphere based on a variable number
of viewpoints. Section 3.2 provides an application to space-
weather forecasting, where we compare estimated CME para-
meters and their viewpoint dependence. To advance this further,
we assess the ability of our method to reconstruct the 3D plasma
distribution of CMEs (Section 3.3). Finally, we evaluate the
impact of physics constraints (Section 3.4), polarization
(Section 3.5), and noise (Section 3.6) on the resulting
reconstructions. For all reconstructions, the ground truth is used
exclusively for post hoc evaluation of the reconstructions and is
not available to, or used by, the reconstruction algorithm itself.
We provide reconstructions of additional CME events in
Appendix A, where all evaluations against the ground truth are
performed strictly after training.

Figure 2 shows sample input data from two viewpoints, both
in terms of total (top) and polarized (bottom) brightness. From
the corresponding 3D reconstructions, we extract a long-
itudinal slice from the ecliptic plane (latitude = 0°; panel (b))
and latitudinal slice in the CME propagation direction
(longitude = 135°; panel (c)). In addition, our approach
intrinsically models the plasma velocity, by minimizing the
continuity equation. The derived velocity maps (panels (b) and
(c)) show the increased velocity of the CME plasma
(~600 km sfl), and the background solar-wind speed of
~250 kms~'. While the velocity field can provide additional
insights into the CME dynamics, we focus our further
evaluation on the reconstructed plasma density only.

3.1. Heliospheric Reconstruction

We apply our approach to a varying number of input
observations and compare the 3D reconstructions of plasma
density to the ground-truth data. Here, we compare reconstruc-
tions with the full set of synthetic observations (total of 54
viewpoints; “All”), observations from the ecliptic plane only
(total of 19 viewpoints; “Ecliptic”), to three simultaneously
and equally spaced observers (“3 Views”), and to a config-
uration of three observers at different latitudes (—40, 0 , 40°
latitude; “Polar”). Figure 3 shows a direct comparison of the
latitudinal and longitudinal slices through the reconstructed 3D
volume. The configuration with all observers demonstrates that
the method can directly integrate all available observations
into a unified 3D picture of the electron density, where even
small-scale streamers in the ecliptic plane are reconstructed. In
contrast, reconstructions using only ecliptic viewpoints result
in a noticeably coarser representation in the ecliptic plane. The
comparison to the longitudinal slice shows that similar
reconstructions are obtained out of the ecliptic. This
demonstrates that reconstructions in the observer plane are
typically less reliable than those from out-of-plane (i.e., at
higher latitudes). The configuration with three viewpoints
demonstrates a realistic setting (e.g., SOHO/LASCO +
STEREO-A/COR + STEREO-B/COR) and shows again that
reconstructions in the observer plane are typically less reliable.
In addition, the reduced number of observers makes the
reconstruction of solar-wind streamers more challenging.
However, the CME propagation direction, extent, and position
of the shock front are well captured, in particular in the
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Figure 3. Tomographic reconstruction of the full heliosphere from varying observer configurations. We compare ecliptic (top) and latitudinal slices at 135° longitude
(bottom) for the ground truth and reconstructions using all available viewpoints, only ecliptic viewpoints, three ecliptic-plane observers, and a high-latitude
configuration (polar). Observer positions are indicated by blue arrows. The results show that additional viewpoints improve reconstruction quality, particularly for
the background solar wind. Reconstructions are more accurate when the target structures are viewed from multiple angles (latitudinal slices), while reconstructions

within the observer plane are less reliable.

longitudinal slice. As a theoretical configuration, we also
examine the configuration with observers at multiple latitudes,
which could be provided by a future solar polar mission. While
this configuration also only uses three viewpoints, the slices
demonstrate an improvement of the reconstructed solar-wind
structures in the ecliptic plane.

Table 1 provides a quantitative evaluation of the reconstruc-
tion, where we compute the correlation coefficients and the
absolute error of p in N, cm ™ and in relative units. We compute
the metrics per snapshot within —60° to 60° in latitude and then
compute the mean value and standard deviation over the full set
of 30 snapshots. Throughout, a larger number of viewpoints
leads to improved reconstructions, where “All” and “Ecliptic”
achieve correlation coefficients of 0.99 and 0.98, respectively.
The realistic configuration with three observers shows a stronger
decrease in correlation to 0.93, and absolute errors in the range
26%. This is largely attributed to the background solar-wind
structure, which shows increased deviations from the ground-
truth. The comparison to the “Polar” configuration shows that
on average a similar performance is achieved (e.g., correlation
of 0.92). This indicates that while observations from higher
latitudes can lead to better reconstructions in the ecliptic plane,
the full heliospheric reconstruction is primarily determined by
the number of total viewpoints. We note that the cross-
correlation coefficient can remain relatively high even when
background structures are not perfectly captured, owing to the
dominant radial density gradient. The high correlation coeffi-
cient is largely influenced by the dominant radial density
gradient, while improvements in the reconstructions are more
clearly reflected in the relative variation.

3.2. Estimation of CME Parameters

From a space-weather perspective, it is of primary
importance to estimate CME parameters, in terms of

Table 1
Comparison of Methods Based on Density Correlation Coefficient, MAE, and
Relative MAE

Method CC MAE MAE
(Necm™) (%)

All 0.99 + 0.00 3.32 + 0.06 497 + 0.05

Ecliptic 098 + 0.00 5.53 + 0.15 8.29 + 0.15

3 Views 093 + 0.00 17.19 + 0.93 2575 + 1.17

Polar 092 + 0.00 17.37 + 0.74 26.03 + 0.88

propagation direction, velocity, and total mass. In this section,
we compute the CME parameters from the 3D electron density
both from the ground-truth and the tomographic reconstruc-
tions. We use configurations with two observers with a 60°
separation angle and study their viewpoint dependency in the
range from 0° (halo) to 320° in steps of 40° longitude. This is a
representative configuration that could be achieved with the
anticipated Vigil mission (S. Kraft et al. 2017), located at
Lagrange point 5, in combination with observations from
PUNCH or the Large Angle Spectroscopic Coronagraph
(LASCO; G. E. Brueckner et al. 1995). In addition, we
compare a constellation of three observers that represent
observations from Lagrange points 1, 4, and 5, which could be
achieved through the addition of the STEREO mission
(M. L. Kaiser et al. 2008). Note that we consider idealized
observations with the same field of view and calibration, while
in practice, observational differences can impose additional
challenges.

As described in Section 2.6.1, we apply a background
subtraction and estimate the center of mass. We compute the
average velocity, latitudinal direction, and longitudinal direc-
tion over the CME evolution. In addition, we estimate the
speed of the shock front in the primary propagation direction.
The mass difference is computed from the entire volume



THE ASTROPHYSICAL JOURNAL, 1004:168 (18pp), 2026 June 20

Jarolim et al.

a ® side ® halo ® >100deg ® 3views
20 v S 75 e
g o ® o S ¢ 61 E £ 151 R
- o 0 = =201 K 44 o L 5.0 "
S o & o o ° ° s LY of 17 o°*
< . o I —40 - < 2 e ® g 2.5 e® © ° 5 I
: . — ole ¢ — ° =
-100 0 100 -100 0 100 -100 0 100 -100 0 100 -100 0 100

Observer [deg] Observer [deg]

ground-truth

3 views
90°

120°

10t

102
Density [N cm™?]

10t 102 10° 10° 10*

Density [Ne cm™?]

Observer [deg]

halg

10?

Density [Ne cm™?]

Observer [deg] Observer [deg]

sidgg far-side

10?
Density [Ne cm™]

102
Density [N, cm™]

10° 10" 10°

Figure 4. Evaluation of derived CME parameters across different observer configurations. (a) Errors in center-of-mass velocity (Avcenm), shock-front velocity
(Avgrr), latitudinal position (A#), longitudinal position (A¢), and total CME mass (AMcwmg). (b) Ecliptic slices of the reconstructed electron density for the ground
truth, a three-viewpoint configuration, a halo-CME setup, two side-on viewpoints, and a far-side configuration. Observer positions are indicated by blue arrows. The
most accurate reconstructions are obtained when observers are located within 100° of the CME. However, the propagation direction can still be reasonably recovered

even from far-side observations.

spanning —60° to 60° in latitude, 70° to 200° in longitude, and
30 to 120 R, in radial distance from the solar center. Note that
we explicitly refrain from using the actual CME parameters
that were used as input for the GAMERA simulation to
provide a more independent evaluation that also includes the
background solar-wind structure.

Figure 4 provides a comparison between the parameters
derived from our tomographic reconstructions and those
obtained from the ground-truth plasma distribution (panel
(a)). The angular distance shown on the horizontal axis is
defined with respect to the CME propagation direction, where
0° corresponds to a full-halo CME as seen from the observer’s
viewpoint. Panel (b) displays longitudinal slices of the electron
density in the ecliptic plane, comparing the ground truth (left),
the reconstruction using three viewpoints (center left), and
reconstructions using three different two-viewpoint configura-
tions (right panels). Observer locations are indicated by blue
arrows. The two-viewpoint cases include: a full-halo CME
configuration, a side view with an 80° angular offset, and a far-
side reconstruction with a 160° offset.

Among all configurations, the three-viewpoint reconstruc-
tion yields the best parameter estimates. For the cases with two
viewpoints where at least one observer is within 100° of the
CME propagation direction, we also achieve reliable CME
parameter estimates. Across these configurations, we obtain
the following mean errors with respect to the ground truth:

1. Latitude: 3:39 + 194

2. Longitude: 176 + 0.79

3. Shock-front velocity: 3.01% =+ 3.45%

4. Center-of-mass (CoM) velocity: 11.24% =+ 3.87%
5. Total mass: 8.10% =+ 5.50%

These results demonstrate that our method can reliably
recover CME kinematic and geometric parameters across a
broad range of observer configurations, provided that the
viewing geometry ensures favorable line-of-sight intersection
with the CME structure. A noticeable reduction in

10

performance occurs only when one of the observers is located
on the solar far side, with an angular separation >160° in
longitude from the CME propagation direction. In these cases,
the reconstructions show increased uncertainties, with velocity
deviations >20% and latitude errors >5°. Even under this far-
side configuration, where the two observers are positioned at
160° and —140° relative to the propagation direction, the
model recovers the CME trajectory with longitude and latitude
errors below <8° and <9°, respectively. We also note a slight
bias in parameter estimation toward the center of mass,
introduced by the centered evaluation volume. This choice
ensures consistent comparisons across configurations and
avoids contamination from regions outside the valid recon-
struction domain.

The velocity estimates of the center of mass are in the range
of 10%, while velocity estimates of the shock front are in the
range of 5% (excluding far-side configurations). This shows
that the shock front can be well separated from the background
solar wind and appears as distinct density variation in our
reconstructions. This is in agreement with related reconstruc-
tion methods that are based on polarized light, where the best
reconstructions are expected for confined regions of increased
electron density (C. A. de Koning & V. J. Pizzo 2011;
S. E. Gibson et al. 2026).

Similar to the full heliospheric reconstruction (Section 3.1),
a primary limitation is the approximation of the background
structures. Here, a longer time sequence or more sophisticated
background estimation could help to disentangle the CME
from the more static solar-wind structures.

3.3. CME Tomography

While the estimation of CME parameters can be a useful
input for space-weather forecasting, a more complete under-
standing of the CME morphology and its temporal evolution is
required to understand the physical processes driving plasma
propagation in the heliosphere (M. Temmer et al. 2023). In this
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section, we explore the ability of our method to fill this gap by
estimating the 3D structure based on a limited number of
observations.

Figure 5 provides an analysis of a full tomographic
reconstruction from three and two viewpoints only, and
compares slices of electron density to the ground-truth data.
The first row shows latitudinal slices through the ecliptic
plane, where the blue dashed lines with a spacing of 10°
indicate the longitude positions from which we extract the
slices. Panel (a) shows the ground-truth distribution of electron
density for the respective slices. In panel (b), we show the
reconstruction results from three viewpoints, where we use the
same viewpoint configuration as in Section 3.2 (95°, 155°,
215° in heliographic longitude). Panel (c) shows the
reconstructions with two viewpoints at 175° and 235° in
heliographic longitude. In addition to the extracted slices, we
provide difference maps between our reconstructions and the
ground-truth data. The comparison demonstrates that with only
two viewpoints, the model yields a 3D tomographic recon-
struction that captures the key CME morphological features,
including the bright core, dark cavity, and bright shock front.
For both reconstructions, the CME orientation and spatial
extent are in good agreement with the actual plasma
distribution. Moreover, the reconstructions capture the
deformed CME front, where the northern front is slightly
more extended in the radial direction. The slices also show that
the model reproduces the internal CME structure (blue
arrows). The difference maps show that most discrepancies
occur near the shock front, where both reconstructions exhibit
a slight positional shift that makes the CME appear more
compact. While the CME itself is reconstructed with high
fidelity, background structures are more challenging, which
can be attributed to the limited number of viewpoints and
relatively short time frame. The streamer in Figure 5 (gray
arrows) appears shifted by >10° longitude for the reconstruc-
tion with three viewpoints and is not recovered in the two-
viewpoint case. In general, the reconstructions with three
viewpoints show more spatial details and are in better
agreement with the ground truth, indicating that our method
benefits directly from additional viewpoints. Additional 3D
reconstructions of different CMEs from the CME Challenge
dataset are provided in Appendix A, including tomographic
results obtained from two to four viewpoints.

3.4. Importance of Physics Constraints

In this section, we assess the impact of incorporating
additional physical constraints into the tomographic recon-
struction. To illustrate their role, we compare two reconstruc-
tions: one including the physics-informed loss terms and one
omitting them entirely. Our focus is on the temporal evolution
of the reconstructed CME, where physical consistency across
time is particularly critical. A systematic ablation of the
corresponding weighting factors is provided in Appendix B

In Figure 6(a) we compare a series of latitudinal slices
through the ecliptic plane over 12.5 hr between the ground
truth, the tomographic reconstruction with physical con-
straints, and the reconstruction without physical constraints.
Both reconstructions use two viewpoints at 175° and 235°
longitude, as indicated by the blue arrows. The temporal
evolution shows that both reconstructions capture the propaga-
tion of the CME plasma; however, the additional physical
constraints provide a more coherent evolution, while the
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unconstrained reconstructions show additional projection
artifacts at around 180° longitude. This can also be seen from
panel (b), where we show the radial distance of the shock
front, the spatial location of the center of mass (radius, latitude,
longitude), and the total mass as a function of time. Here, the
physically constrained reconstructions better reproduce the
temporal evolution of the position of the center of mass, while
the unconstrained reconstructions show a more random drift of
the CME propagation direction (red arrows). For the total
mass, we notice an offset for both reconstructions, but the
overall evolution is well reproduced by the additional physics
constraints, which is attributed to the continuity equation,
which mitigates sinks or sources of electron density within the
modeled volume. In contrast, the unconstrained reconstruc-
tions show an unphysical drop in total mass (blue arrow).

We further note that including the continuity equation in the
optimization has further implications on the background solar-
wind structure, where the constrained reconstructions result in
a smoother background. While the ground-truth data show a
slowly evolving streamer (~100°-150° longitude), both
approaches fail to reconstruct the background structures from
the limited set of observations.

3.5. Importance of Polarized Observations

The previous evaluation focused on configurations with both
polarized and total brightness observations, whereas, in
practice, frequently only total brightness measurements are
available. Here, we assess the performance of our reconstruc-
tion approach for different combinations of total (¢B) and
polarized (pB) brightness data. When only B observations are
available, the loss terms for polarized brightness and the
polarization ratio (Lp and L,,;,) are omitted from the total loss
(Equation (20)).

Figure 7 summarizes the tomographic reconstructions
obtained from the following configurations:

1. Two viewpoints with B observations only;

2. Two viewpoints where one observer provides both 7B
and pB, and the other provides only tB;

3. Three viewpoints with B observations only;

4. Three viewpoints where one observer provides both B
and pB.

Slices through the ecliptic plane and along the CME
propagation direction show that two viewpoints with 7B alone
are insufficient to reconstruct the CME. Adding a single pB
observation significantly improves the reconstruction, where
the primary propagation direction and the overall extent are
recovered, although the results still lack spatial detail, and the
position and extent of the CME front remain limited. The
configuration with three 7B viewpoints improves the recovered
CME extent, but the deformation of the shock front in the
ecliptic slice is only partially reproduced. A combined
configuration with two ¢B observers and one observer
providing both ¢B and pB yields reconstructions comparable
to those obtained from two viewpoints with both B and pB
(Figure 4(b)). This configuration is also relevant from an
observational standpoint, as similar combinations of instru-
ments are available through PUNCH, STEREO, and Parker
Solar Probe. This behavior is consistent with the polarization
diagnostics of S. E. Gibson et al. (2026), which show that pB
measurements provide strong constraints on line-of-sight
localization through the Thomson scattering geometry. In our
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relative to the ground truth. (c) The same as panel (b), but for a two-viewpoint reconstruction. The comparison highlights that the CME morphology can be

reconstructed with a high degree of fidelity even from a sparse set of observations.

tomographic framework, this additional depth information
reduces reconstruction ambiguities, such that a single pB
viewpoint can effectively substitute for an additional tB
viewpoint when combined with multiview observations. We
also note that initial experiments using only a single viewpoint,
even when providing both #B and pB, did not yield successful
reconstructions.

3.6. Noise Robustness

While our evaluation is primarily based on idealized
synthetic data, we also provide a basic analysis of how noise
affects the reconstructions. To this end, we apply Gaussian
distributed additive noise to each frame, with the noise level o

12

scaled by the mean brightness of the corresponding frame (see
Section 2.5).

We emphasize that real coronagraph observations are
subject to a more complex combination of noise sources,
including Poisson-distributed photon statistics, detector read-
out noise, amplification effects, and stray-light contamination.
Our adopted Gaussian model does not aim to replicate the full
instrumental noise characteristics. Instead, it provides a
tunable and controlled framework to evaluate reconstruction
stability under progressively degraded signal conditions.
Because observational noise levels vary across instruments
and observed regions, we perform a broad parameter sweep
ranging from noise-free images to strongly degraded cases
corresponding to signal-to-noise ratios below 5. This analysis
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is intended to quantify the intrinsic robustness of the inversion
framework rather than to reproduce instrument-specific noise
properties.

Panel (a) of Figure 8 shows the model performance,
quantified by MAE and CC, as a function of the applied
noise. The reconstructions remain stable up to noise levels of
approximately 5% of the mean brightness (SNR = 20) and
then gradually degrade as the noise increases. This degradation
is primarily caused by the amplified noise in the faint outer
regions of the observations, where the signal becomes
comparable to or weaker than the noise (Figure 8(b)).

The robustness to noise levels corresponding to SNR ~ 20
is encouraging for applications to real observations. Extending
the method to observational data will, however, require
addressing additional complexities such as varying fields of
view, calibration accuracy, stray light, background stars, and
other instrumental noise sources. While the framework
introduced here provides the core components to tackle these
challenges, we defer the modeling of these observational
effects to future applications, where they can be incorporated
directly into synthetic test data tailored to the specific
instrument characteristics.
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4. Discussion

In this study, we presented a method for tomographic
reconstructions of electron density in the heliosphere based on
observation series of total and polarized brightness. We
evaluated the performance of our approach in dependence of
different viewpoints using synthetic observations from a
GAMERA simulation and comparing the reconstruction result
to the corresponding ground-truth electron density. While 3D
reconstructions of CMEs from a limited number of viewpoints
(e.g., two or three observers) are considered challenging, we
showed that our physics-informed NeRF can provide tomo-
graphic reconstructions of CMEs even from two viewpoints.

All reconstructions in this work are based exclusively on the
available observational data and the applied physical con-
straints, without relying on pre-training or prior knowledge
from other events. Each model is trained from scratch for a
given CME event, making the reconstructions entirely data-
driven and event-specific.

Our reconstructions demonstrate that the method efficiently
integrates available observations, with performance improving
as the number of viewpoints increases: from a CC of 0.98 and
an MAE of 8.3% for ecliptic-plane configurations to a CC of
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0.92 and MAE of 25.8% in the more realistic three-viewpoint
case (Table 1). The primary errors stem from background
solar-wind structure, while CME features remain well
recovered, though reconstructions in the observer plane
(ecliptic) are less reliable than those from out-of-plane views.
For space-weather applications, the approach shows strong
potential in estimating CME parameters, achieving mean
errors of 3239 + 1994 in latitude, 1:76 £+ 079 in longitude,
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3.01% =+ 3.45% in shock-front velocity, and 8.10% + 5.50%
in total mass with two observers separated by 60° longitude
(Figure 4). As compared to the performance metrics reported
in C. Verbeke et al. (2023), this corresponds to an
improvement of roughly a factor of 2—4 over GCS fitting
results. Far-side configurations recover approximate propaga-
tion directions (JA¢| < 8°), though with larger uncertainties.
Our method also provides 3D tomographic reconstructions of
CME:s, reproducing the three-part structure, deformed shock
front, and internal density variations from as few as two
viewpoints, while additional observers enhance spatial detail
and shock-front localization. Using both polarized and total
brightness observations yields the most accurate reconstruc-
tions, whereas two viewpoints with total brightness alone are
insufficient for reliable results. The comparison across noise
levels offers an initial assessment of applicability to observa-
tional data and indicates robustness up to noise levels of 5% of
the mean brightness (SNR = 20), although future work
should incorporate additional observational realism (e.g.,
varying fields of view, background stars, and instrumental
effects).

The presented results illustrate the applicability of NeRFs to
tomographic reconstructions of astrophysical observations.
This method can be flexibly adjusted to the underlying physics
of image formation and smoothly integrate data from multiple
viewpoints into a unified 3D reconstruction. In this study, we
demonstrated that NeRFs can be directly coupled with PINNs
to solve PDEs as part of the model optimization to mitigate
unphysical reconstructions. In the present case of CME
tomography, the additional physical constraints can help to
enforce realistic propagation dynamics, suppressing nonradial
or ghost trajectories (C. E. DeForest et al. 2013). The intrinsic
spatiotemporal smoothness of neural representations has
further implications on the reconstructions obtained where
coherent solutions are intrinsically preferred by the model




THE ASTROPHYSICAL JOURNAL, 1004:168 (18pp), 2026 June 20

(e.g., A. Asensio Ramos 2023; C. J. Diaz Baso et al. 2025;
R. Jarolim et al. 2025).

One remaining limitation is the treatment of the ambient
solar-wind background, which affects CME reconstructions.
While additional simultaneous viewpoints are not available,
the reconstructions could be improved by incorporating longer
temporal sequences. Such an approach is particularly suited for
more quasi-stationary solar-wind structures and the inner
heliosphere, where solar rotation can provide additional
constraints to approximate the background and better couple
the CME with its surrounding plasma (A. Asensio
Ramos 2023).

A direct next step is the application to observation data,
where this approach has the potential to provide a 3D
tomographic reconstruction of a CME and its dynamic
evolution. The results presented in this study are based on
synthetic observations and a basic noise assessment. Applying
the method to real data will require accounting for additional
effects such as variable fields of view, scattered light, solar
energetic particles, and background stars. The SuNeRF-CME
framework is well suited to incorporate these challenges, as
noisy inputs can be combined naturally with physical
constraints during reconstruction (G. E. Karniadakis et al.
2021). The approach also offers the possibility of extending
the model to include the full set of MHD equations and an
inner boundary condition, enabling heliospheric simulations
that are directly informed by coronagraphic observations.
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Appendix A
Additional Reconstructions

The primary analysis focused on a single CME event, for
which we varied the observer configuration to enable a direct
comparison with the underlying ground truth. Here, we present
additional reconstruction examples using different CME
events from the CME Challenge dataset, comparing results
obtained from two to four viewpoints, as available in the
dataset. For these additional tests, the CME Challenge events
are used strictly as independent cases: no ground-truth density
information or prior event data were used for hyperparameter
adjustment or model configuration. As in the previous
evaluation, the reconstructions depend exclusively on the
corresponding synthetic white-light images.

Figure 9 shows reconstructions of “CME]1” from the CME
Challenge, with the corresponding observer locations indicated
by blue arrows. Reconstructions from two viewpoints recover
the central part of the CME front (within approximately +10°),
but the full extent is distorted due to interactions with the
background solar wind. Adding a third viewpoint improves the
reconstruction, revealing more of the extended shock front and
providing clearer signatures across a wider range of latitudinal
slices (up to +20°). Using all four available viewpoints yields
the most complete reconstruction; however, even in this case,
the bright core and outer shock front remain more diffuse,
reflecting the increased complexity of reconstructing a faint
and spatially extended CME.

Figure 10 shows reconstructions of “CME2” from the CME
Challenge. As for “CMEL,” reconstruction quality improves
consistently with the number of viewpoints. The correct
identification and separation of background streamers remains
challenging, especially with only two viewpoints. Never-
theless, adding a third viewpoint already leads to a clear
improvement, which we attribute to the better localization of a
prominent far-side streamer. “CME?2” exhibits a more complex
internal density structure than the CME analyzed in our main
analysis, yet reconstructions from three and four viewpoints
still reproduce the key morphological features, including the
internal structure and overall shock-front geometry.

Taken together, these additional examples confirm the
trends identified in the primary analysis. While the bright
CME front can be reconstructed robustly, structures over-
lapping with the background solar wind are more difficult to
disentangle and tend to appear smoother in the reconstructions.
The successful application to multiple independent CME
events demonstrates that the chosen training configuration and
reconstruction strategy generalize beyond the specific case
used for method development, supporting the broader applic-
ability of the proposed framework.
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Appendix B
Ablation Study of Physics-based Loss Weighting

To further quantify the role of the physics-informed
constraints, we perform a systematic ablation study of the
corresponding loss weights. In contrast to the qualitative
comparison presented in Section 3.4, here we explicitly vary
the weighting factors associated with the physical regularization
terms. Specifically, we jointly vary the physics-informed loss
components )\continuity = )\radial = )\velocity € {0» 10_5» 10_4:
10*3, 1072, 1071, 1}, while keeping the image-based loss terms
fixed (Acontinuiy = Araio = 1). For each configuration, we
reconstruct the CME event using the same observational setup
with three observers, analogously to Section 3.6, and compute the
reconstruction accuracy relative to the ground-truth plasma
distribution.

Figure 11 summarizes the resulting performance in terms of
the MAE and CC. The results demonstrate a systematic
improvement in reconstruction quality as the physics-based
regularization is increased from zero. Moderate weighting
factors in the range 1072 to 10" yield the best performance,
indicating an optimal balance between observational fidelity
and physical consistency.

For vanishing weights (A = 0), the solution reduces to a pure
NeRF formulation, which is more susceptible to projection
artifacts and temporal inconsistencies. Conversely, when the
physics weights become dominant (A = 1), the reconstruction
quality deteriorates substantially. In this regime, the optim-
ization is overly constrained by the physical regularization
terms, preventing the model from adequately fitting the
observational data and leading to degraded solutions.

These results confirm that the physics-informed constraints
act as effective regularizers, improving stability and accuracy
when appropriately balanced with the observational loss
terms. Importantly, we observe a well-defined transition
regime: reconstruction quality improves monotonically
up to intermediate weights, followed by a clear degradation
once the physics terms become dominant. This sharp
cutoff indicates that the optimization exhibits a distinct
stability boundary rather than a gradual drift, which is
favorable for selecting suitable weighting factors in practice.
The existence of this regime suggests that the optimal balance
between data fidelity and physical consistency can be
robustly identified.
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