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Abstract
Whole-atmosphere models such as WACCM-X resolve coupling from the Earth surface to the
Mesosphere-Lower-Thermosphere (MLT), and Ionosphere-Thermosphere (IT) systems with ex-
pensive computational costs. Here we introduce CAM-NET, a geometry-aware Spherical Fourier
Neural Operator (SFNO) surrogate for emulating WACCM-X variability from Earth’s surface to IT
region. CAM-NET is trained on 3-hourly WACCM-X simulations and predicts neutral winds, tem-
perature, pressure-coordinate vertical velocity, electron density, and zonal ion drift. The frame-
work combines a Spherical Fourier Neural Operator (SFNO) backbone with a newly developed
lightweight module that extends the frozen atmospheric representation to plasma variables. For
the held-out simulation, CAM-NET preserves the dominant IT morphology and remains stable
during multi-day autoregressive rollouts. Spherical-harmonic diagnostics show that the model re-
tains low-degree variability while damping high-wavenumber mesospheric structures, especially
near 90 km where gravity wave breaks. CAM-NET is intended as a computationally efficient em-
ulator of WACCM-X, rather than an operational forecasting system. These results demonstrate
its potential for rapid ensemble experiments, uncertainty quantification, and sensitivity studies of
large-scale coupled whole atmospheric variability.

1. Introduction
Variability generated in the lower atmosphere can propagate upward through waves, tides, and
large-scale circulation changes, influencing the thermosphere and ionosphere where space-weather
impacts emerge. Capturing this vertical coupling requires models that span the atmosphere from
the surface to near-Earth space. Physics-based systems such as the Whole Atmosphere Com-
munity Climate Model with Thermosphere-Ionosphere eXtension (WACCM-X) provide this ca-
pability by resolving coupled neutral-atmosphere and ionospheric processes, while operational
weather systems such as the ECMWF Integrated Forecasting System (IFS) primarily target tropo-
spheric and stratospheric dynamics. However, whole-atmosphere simulations remain computa-
tionally demanding, and these computational limitations directly affect practical space-weather
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applications. Uncertainty in thermospheric density, ionospheric electron density, and electrody-
namic drifts propagates into satellite-drag estimation, radio-wave propagation, GNSS positioning,
and studies of lower-atmosphere forcing on geospace variability. A fast emulator that reproduces
the dominant coupled response of a whole-atmosphere model could enable large ensembles, un-
certainty quantification, and sensitivity experiments that remain prohibitively expensive with full-
physics simulations.

Data-driven weather models have recently demonstrated strong foreca. Examples include
FourCastNet (Pathak et al., 2022), GraphCast (Lam et al., 2023), Pangu-Weather (Bi et al., 2023),
FuXi (L. Chen et al., 2023; Zhong et al., 2024), FengWu (K. Chen et al., 2023), ClimaX (Nguyen,
Brandstetter, Kapoor, Gupta, & Grover, 2023), and GenCast (Price et al., 2023), with recent work
also examining uncertainty quantification for data-driven forecasts (Bülte, Horat, Quinting, &
Lerch, 2025). These systems are largely trained on lower-atmosphere reanalysis data such as ERA5
(Hersbach et al., 2020), the fifth-generation atmospheric reanalysis produced by ECMWF. Their
success motivates the central question of this study: Can geometry-aware AI architectures emu-
late the coupled variability of the whole atmosphere? Extending AI weather models to this regime
is nontrivial because the upper atmosphere is governed by changing composition, wave dissipa-
tion, electrodynamic forcing, and neutral-ionospheric coupling that are absent or secondary in
conventional lower-atmosphere benchmarks. Beyond achieving low one-step prediction error,
a successful surrogate must remain stable during autoregressive rollouts, reproduce physically
meaningful variability across spatial scales, and transfer learned atmospheric representations to
ionospheric variables.

The atmosphere exhibits distinct dynamical regimes across altitudes from surface to thermo-
sphere, due to change in density, composition, and dominant forcing mechanisms (H.-L. Liu, Lau-
ritzen, Vitt, & Goldhaber, 2024). Mesoscale structures, with horizontal wavelengths of approxi-
mately 10–1000 km, such as gravity waves (GWs), originate primarily from tropospheric sources
including deep convection and topography. These waves propagate vertically into the middle and
upper atmosphere and eventually dissipate due to increasing molecular viscosity and background
wind shear (Fritts & Alexander, 2003). Wave dissipation generates secondary GWs with broader
spatial scales and faster phase speeds, some of which can reach the Ionosphere-Thermosphere
(IT) region, where they modulate neutral density and ionospheric plasma (Fritts & Lund, 2011;
Vadas & Liu, 2009; Dong, Fritts, Lund, Wieland, & Zhang, 2020; Fritts, Dong, Lund, Wieland, &
Laughman, 2020). Observational evidence, such as electron perturbations, has been linked to these
Mesospheric-Lower-Thermosphere (MLT) layers (Forbes, Bruinsma, Doornbos, & Zhang, 2016;
Azeem et al., 2015; H. Liu, Pedatella, & Hocke, 2017). Therefore, a unified framework spanning
from the Earth surface to the IT region is essentially important for studying how lower-atmosphere
variability projects into near-Earth space. The computational cost of full-physics models, however,
motivates complementary AI surrogates that can reproduce large-scale coupled evolution rapidly
while identifying where current architectures fail to retain small-scale processes.

Here we introduce CAM-NET as a proof-of-concept AI framework for whole-atmosphere pre-
diction across the neutral atmosphere and ionosphere, trained on WACCM-X dataset. The goal
is not to replace WACCM-X, but to learn a fast surrogate of its coupled global evolution that
can support rapid rollouts and future ensemble workflows. CAM-NET builds on the Spherical
Fourier Neural Operator (SFNO) (Bonev et al., 2023b), which represents global fields using spher-
ical harmonics and therefore avoids geometric inconsistencies that can arise when planar Fourier
methods are applied to latitude-longitude geophysical data. This geometry-aware design is im-
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portant for prediction problems that span all longitudes, latitudes, and altitude regimes. Because
the WACCM-X data is sampled at 0.9◦ × 1.25◦ and every fifth vertical level, the present study
focuses on resolved large-scale and planetary-scale variability rather than fully resolved gravity-
wave dynamics at the smallest mesoscale wavelengths. As with other finite spectral representa-
tions, however, the spherical-harmonic truncation also introduces a scale-selective smoothing that
must be quantified.

A central design choice in CAM-NET is the newly developed lightweight module. Rather
than retraining a full whole-atmosphere network for each new target variable, we keep the at-
mospheric backbone fixed and attach a lightweight ionospheric module for electron density and
zonal ion drift. This module predicts temporal residual increments, reducing the dynamic range
of the learning problem and improving stability during autoregressive rollouts. The resulting
architecture provides a transferable pathway for extending an atmospheric AI backbone toward
whole atmospheric couplings.

This study makes three testable contributions. First, it evaluates whether an SFNO surrogate
can emulate WACCM-X neutral-atmosphere evolution, including wind components and temper-
ature, across representative levels during independent autoregressive rollouts, then compared to
the AFNO baseline. Second, it tests whether a frozen neutral-atmosphere backbone can support
residual prediction of electron density and zonal ion drift. Third, it quantifies scale-dependent
failure modes using spherical-harmonic spectra, showing where large-scale emulation remains
reliable and where high-wavenumber mesospheric variability is damped.

2. Method
The methods are designed to test whether a geometry-aware neural operator can serve as a stable
surrogate for WACCM-X whole-atmosphere evolution. Sub-section 2.1 describes the WACCM-X
training and inferencing data, and subsection 2.2 describes the CAM-NET architecture, autore-
gressive training strategy, and ionospheric fine-tuning module.

2.1 Data Source
WACCM-X is a global atmospheric model that simulates dynamics from the Earth surface to the
ionosphere (H.-L. Liu et al., 2018). Nudged by the Modern-Era Retrospective Analysis for Re-
search and Applications–version 2 (MERRA-v2), WACCM-X produces neutral atmospheric and
ionospheric variables at a temporal resolution of 3 hours and a spatial resolution of 0.9◦ × 1.25◦

(latitude × longitude), across different height levels defined by a hybrid sigma–pressure coordi-
nate. This coordinate transitions from terrain-following sigma coordinates near the surface to pure
pressure levels in the middle and upper atmosphere. To reduce dimensionality while preserving
the large-scale vertical structure, every fifth height level is extracted from the native WACCM-X
vertical grid and used for CAM-NET training and inference. Consequently, CAM-NET produces
outputs at the same horizontal resolution as WACCM-X (roughly 100 km) and at a 3-hour tempo-
ral resolution. The resulting CAM-NET input tensor has dimensions (29 x 4) × 144 × 288 [(altitude
x variable) x latitude x longitude]. The selected vertical levels correspond approximately to geo-
metric altitudes, with diagnostic analyses shown at approximately 20, 90, and 250 km for neutral
variables and 150, 250, and 350 km for ionospheric variables.

The neutral prognostic targets are zonal wind U [m/s], meridional wind V[m/s], temperature
T[K], and pressure vertical velocity ω[Pa/s]. Ionospheric targets are electron density Ne[cm−3]

and zonal ion drift UI[m/s]. Static and external inputs include orography, sea-ice fraction, Kp,
and F10.7 solar radio flux. We use daily mean F10.7 and 3-hourly Kp values consistent with the
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forcing used in WACCM-X. Because the present study focuses on the establishment of an AI surro-
gate of WACCM-X, all training and evaluation objectives are drawn from WACCM-X simulations.
Accordingly, all skill metrics reported below measure emulation of WACCM-X, not observational
forecast accuracy. Observational validation is outside the scope of this first surrogate-modeling
study and is identified as a necessary next step.

Each 3-hourly NetCDF output file is stacked along the time dimension and aggregated into
yearly HDF5 files for training and inference. Data from 2001–2011 are used for training, 2012–2013
for validation/testing, and 2014 for held-out inference. CAM-NET is initialized from a WACCM-X
atmospheric state and then advanced autoregressively to predict subsequent 3-hourly states. This
design evaluates whether the model can maintain stable coupled evolution when its own predic-
tions are repeatedly recycled as inputs. The 2001–2011 training period contains 32,136 samples, the
2012–2013 validation/test period contains 5,848 samples, and the 2014 held-out inference period
contains 2,920 3-hourly samples before excluding boundary samples required for input history
and rollout construction. Normalization coefficients, climatologies, and any temporal smoothing
are computed only from the training period.

2.2 CAM-NET Architecture and Training/Validation Strategy
CAM-NET leverages SFNO to model global atmospheric dynamics while reducing computational
cost relative to full-physics WACCM-X simulations. Unlike conventional Fourier Neural Opera-
tors (FNOs), which transform fields in a Euclidean domain, SFNO replaces the discrete Fourier
transform with the spherical harmonic transform (SHT) to preserve Earth’s spherical geometry
(Bonev et al., 2023a, 2023b). The SHT projects a spatial field u(θ, ϕ) onto the spherical harmonic
basis Ym

ℓ , yielding spectral coefficients:

ûℓm = Fs[u](ℓ, m) =
∫

S2
u(θ, ϕ)Ym∗

ℓ (θ, ϕ) dΩ, (1)

where ℓ and m denote spherical-harmonic degree and order. In spectral space, CAM-NET
applies a learned complex-valued filter K through mode-wise multiplication,

v̂ℓm = Kℓmûℓm. (2)

The filtered signal is then transformed back to physical space using the inverse SHT,

v(θ, ϕ) = F−1
s [v̂](θ, ϕ) =

L

∑
ℓ=0

ℓ

∑
m=−ℓ

v̂ℓmYm
ℓ (θ, ϕ). (3)

Here θ is colatitude, ϕ is longitude, Kℓm is the learned spectral filter, and L is the maximum
retained spherical-harmonic degree.

The CAM-NET backbone structure comprises three major components: (1) an input encoder
that projects atmospheric variables into a latent space and incorporates positional embeddings
to preserve spatial structure, (2) spectral convolutional layers based on SFNO that operate in the
frequency domain, and (3) a decoder that reconstructs predictions in physical space. Each SFNO
layer projects the input into spectral space, applies spectral filtering, and returns to physical space
with residual connections and Multi-Layer Perceptrons (MLPs).

To test whether CAM-NET can remain stable when used as a forecasting surrogate, the model
is trained in two stages. In the first warm-start stage, it learns the single-step mapping from
time t to t + δt. In the second stage, the model is rolled forward for K successive steps using its
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Figure 1: (top)Schematic representation of a Spherical Fourier Neural Operator (SFNO) backbone
model for global geophysical data prediction. The model takes ground truth data, encodes it,
and combines it with positional embeddings. The encoded feature tensors pass through multiple
SFNO layers, which utilize a multi-head architecture with spherical harmonic transforms (F ) and
inverse transforms (F−1) to process global-scale information efficiently. Each head applies a linear
filter (κ) and a multi-layer perceptron (MLP) before aggregating the outputs. The decoder recon-
structs the final global prediction, preserving spatial structures. (bottom) Ionospheric fine-tuning
schema coupled with the CAM-NET backbone. Physical variables are projected into latent feature
spaces and concatenated with ionospheric feature embeddings from a lower-capacity branch. The
fused features are passed through additional SFNO blocks and decoded to predict temporal incre-
ments of ionospheric variables.

own predictions as inputs, and the loss is accumulated across the rollout. This closed-loop train-
ing reduces exposure bias and directly targets the error growth that arises during autoregressive
whole-atmosphere prediction.

Lmulti−step =
K

∑
k=1

wk||ût+k − ut+k||22 (4)

Figure 1 summarizes the architecture of the CAM-NET backbone. The process begins with in-
put data (“truth”), then passed through an encoder that integrates positional embeddings to pre-
serve spatial structures. Each SFNO block centers around a Fourier transform pipeline F−1 ◦ κ ◦F ,
where F denotes the SHT and κ is a complex-valued, frequency-wise learnable filter. This block
effectively performs global convolution on the sphere by manipulating spectral coefficients. To
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reduce memory usage and capture multiscale behavior, SFNO blocks also incorporate up- and
down-scaling by truncating high-frequency modes in F or evaluating F−1 at higher spatial resolu-
tion. Point-wise MLPs follow each spectral operation to introduce local nonlinear feature mixing.
The spherical-harmonic transform preserves the global spherical representation, although static
fields and positional embeddings mean that the full network is not strictly rotation-equivariant.
Finally, outputs from all SFNO layers are passed to a decoder that reconstructs the full-field pre-
diction in physical space.

For whole-atmosphere AI models to be useful beyond a single diagnostic, they must be reusable
across related prediction tasks without requiring full retraining. This requirement is especially im-
portant for thermosphere-ionosphere applications, where target variables may be sparse, highly
variable, or tied to specific space-weather questions. CAM-NET therefore separates the learned
atmospheric backbone from application-specific ionospheric modules, allowing the same large-
scale atmospheric representation to condition multiple downstream prediction tasks.

Conventional whole-atmosphere models often couple a dynamical core to specialized iono-
spheric or diagnostic modules. CAM-NET adopts an analogous modular strategy in an AI frame-
work. The pretrained atmospheric branch encodes the neutral state using the frozen SFNO back-
bone, while a lower-capacity ionospheric branch encodes electron-density and ion-drift informa-
tion. These feature representations are concatenated and passed through four additional SFNO
blocks to predict residual increments of the ionospheric variables. Because the atmospheric back-
bone remains frozen, ionospheric fine-tuning does not alter the neutral-atmosphere prediction and
instead acts as a downstream module conditioned on the learned whole-atmosphere state.

CAM-NET comprises a physical backbone and a lower-capacity ionospheric fine-tuning mod-
ule, both with embedding dimension 384. The backbone uses 232 channels with lmax/mmax =64/49
and approximately 8.2 × 107 trainable parameters, while the fine-tuning module uses 29 channels
with lmax/mmax =24/19 and approximately 1.8 × 107 parameters, reflecting its conditional predic-
tion role. Each sample provides 9 hours of atmospheric history, and the model iteratively predicts
the next 3-hour state. Training used Adam with an initial learning rate of 2.5 × 10−4, StepLR
scheduling, a global batch size of 8, z-score normalization from the physical training set, no ex-
plicit weight decay, and an absolute squared geometric L2 loss with equal variable/channel and
rollout-step weights. Checkpoints were selected by minimum validation loss on 2012–2013 roll-
outs. After warm start, training and validation losses steadily decreased and plateaued before
inference, indicating convergence and supporting CAM-NET’s use as a low-cost surrogate for
multi-day whole-atmosphere prediction.

To isolate the role of spherical geometry, we also trained an Adaptive Fourier Neural Operator
(AFNO) baseline using the same WACCM-X training, validation, and held-out inference periods
as CAM-NET. AFNO applies Fourier-domain token mixing on the latitude-longitude grid and
therefore provides a planar spectral baseline against which the spherical-harmonic representation
can be evaluated. The AFNO baseline used the same input variables, 9-h input history, 3-h pre-
diction interval, normalization procedure, and autoregressive evaluation protocol as the SFNO
backbone. This comparison is intended to test whether the geometry-aware spherical represen-
tation improves global whole-atmosphere emulation relative to a conventional Fourier operator
applied directly to gridded geophysical fields. The AFNO baseline used embedding dimension
384, 8 layers, a global batch size of 8, and approximately 8.5 × 107 trainable parameters. The
AFNO baseline was configured to match the SFNO backbone as closely as possible in input his-
tory, output variables, training data, and rollout protocol, so that the comparison primarily reflects
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the difference between planar Fourier and spherical-harmonic representations.

3. Results
We evaluate CAM-NET by asking whether a single AI framework can preserve the dominant
global structures of a coupled whole-atmosphere simulation across altitude regimes while remain-
ing stable during autoregressive prediction. The evaluation has three parts: (1) Quantitative error
analysis between WACCM-X and CAM-NET, and spectral diagnostics of scale-dependent skill,
(2) direct benchmarking against a planar AFNO baseline, and (3) assessment of the residual iono-
spheric extension. Neutral variables are evaluated at approximately 20, 90, and 250 km, represent-
ing the lower stratosphere, mesopause region, and thermosphere, while ionospheric variables are
evaluated at approximately 150, 250, and 350 km.

3.1 Benchmark Against a Planar Fourier Baseline and 120-h Rollout Stability
The AFNO comparison provides a direct test of whether the spherical representation contributes
to CAM-NET skill. Because the AFNO baseline became numerically unstable during autoregres-
sive integration beyond approximately 30 h, meaningful comparisons between the two architec-
tures were limited to this forecast horizon. We therefore use the 30-h lead time as a common
benchmark to isolate the impact of the spherical representation before evaluating the long-term
autoregressive stability of CAM-NET separately. Table 2 shows that SFNO outperforms AFNO
across all representative neutral variables and altitudes at the 30-h lead time. Relative to AFNO,
SFNO reduces RMSE for every listed variable-altitude pair, with the largest gains appearing in
lower-atmosphere horizontal winds and temperature, where AFNO produces weak or negative
anomaly correlation while SFNO retains strong spatial pattern skill. Averaged across the neutral-
variable benchmark, ACC increases from approximately 0.04 for AFNO to approximately 0.69
for SFNO. These results support the central design choice of CAM-NET: global whole-atmosphere
emulation benefits from a spectral representation that respects spherical geometry. AFNO can effi-
ciently model long-range dependencies, but its planar Fourier representation is less well matched
to latitude-longitude fields spanning the poles, equator, and all longitudes. SFNO reduces this
geometric mismatch by operating in a spherical-harmonic basis.

The improvement is not uniform, however. Pressure-coordinate vertical velocity remains
less skillful than temperature and horizontal winds, especially at higher altitude, indicating that
geometry-aware representation improves the baseline but does not fully solve the problem of
intermittent wave-driven variability. Since the AFNO baseline could not maintain stable autore-
gressive integration beyond approximately 30 h, the long-term evaluation focuses exclusively on
CAM-NET. We therefore assess whether the selected SFNO architecture remains stable during
120-h (5-day) autoregressive rollouts.

To assess rollout stability, we evaluate CAM-NET over 120-h autoregressive predictions on the
held-out period. Bias, MAE, RMSE, and error standard deviation are averaged over the full rollout
window, while the 120-h ACC summarizes pattern skill at the end of the 5-day integration, as Table
1. CAM-NET retains high 120-h pattern skill for large-scale temperature and horizontal winds at
20 and 250 km, but skill decreases near 90 km and for pressure-coordinate vertical velocity. At 250
km, mean 120-h ACC is approximately 0.70 for zonal wind, 0.84 for meridional wind, and 0.78
for temperature, while pressure vertical velocity has lower mean ACC of approximately 0.28. At
90 km, where gravity-wave-related structures are more intermittent, mean 120-h ACC decreases
to approximately 0.42 for zonal wind, 0.44 for meridional wind, and 0.53 for temperature. These
results support the visual interpretation that CAM-NET preserves large-scale morphology but has
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reduced fidelity for mesospheric high-wavenumber variability.
The ionospheric variables show stronger 120-h pattern skill over the available rollouts. Mean

120-h ACC for electron density is approximately 0.96, 0.88, and 0.80 at 150, 250, and 350 km, re-
spectively. Mean 120-h ACC for zonal ion drift is approximately 0.84–0.85 across the same altitude
range. These values indicate that the lightweight residual ionospheric module preserves the dom-
inant large-scale ionospheric morphology during 5-day rollouts, although localized extrema and
sharp gradients are smoothed in the map comparisons.

Taken together, the benchmark and rollout results show two complementary strengths of
CAM-NET. First, the geometry-aware SFNO backbone substantially improves neutral-atmosphere
emulation relative to a planar AFNO baseline. Second, the same SFNO-based architecture remains
stable during 120-h autoregressive integration, preserving coherent large-scale atmospheric and
ionospheric structures even as fine-scale mesospheric variability becomes increasingly damped.

3.2 Neutral Whole-Atmosphere Prediction Across Altitude Regimes
The snapshots in Figures 2 – 8 were selected from a representative quiet-time interval. To avoid
over-interpreting individual examples, all visual comparisons are accompanied by domain-wide
metrics computed over the held-out evaluation period. Figure 2 compares CAM-NET temper-
ature predictions with WACCM-X target fields at 250, 90, and 20 km during the held-out 2014
rollout. CAM-NET captures the dominant large-scale temperature structures at all three altitudes,
including smooth lower-stratospheric gradients and the day-night thermospheric contrast. The
largest discrepancy occurs near 90 km, where WACCM-X contains patchy and filamentary struc-
tures associated with gravity-wave activity and wave breaking. CAM-NET smooths much of this
variability. This behavior identifies an important boundary of the present approach: the model
is effective for planetary-scale and synoptic-scale whole-atmosphere structure, but it does not yet
fully retain localized mesospheric variability generated by intermittent wave processes.

Figures 3–5 extend this comparison to zonal wind, meridional wind, and pressure-coordinate
vertical velocity. At 20 km, CAM-NET reproduces coherent large-scale circulation patterns and
latitudinal gradients. At 250 km, it captures the dominant thermospheric wind morphology, in-
cluding broad flow reversals and planetary-scale structures, although spatial shifts and amplitude
differences increase. The largest visual mismatch again occurs near 90 km, where CAM-NET pre-
serves the background circulation but smooths the patchy and filamentary structures present in
WACCM-X. This limitation is most pronounced for vertical motion, which is particularly sensi-
tive to small-scale wave dynamics and nonlinear momentum deposition. Because ω is a pressure-
coordinate vertical velocity, its magnitude and interpretation vary strongly with altitude and back-
ground pressure. We therefore evaluate ω using both absolute errors and normalized errors rela-
tive to WACCM-X variability at each level.

Spherical-harmonic spectra are computed from normalized anomalies after removing the global
mean at each level and time. The spectra are area-weighted and normalized by the total spectral
energy at each altitude. Figure 6 shows representative spectra at 15-, 45-, and 60-h lead times,
while the summary statistics are computed over the held-out evaluation samples. We define low-
degree variability as ℓ ≤ 20, corresponding approximately to horizontal scales larger than 2000
km, and high-degree variability as ℓ > 20. CAM-NET reproduces the large-scale portion of the
spectrum at low spherical-harmonic degrees across altitudes and lead times. For ℓ ≤ 20, the
mean relative spectral error remains below 4.3% at 20 km and 4.8% at 250 km. At 90 km, agree-
ment is maintained at the largest scales, but mesoscale energy is increasingly underestimated at
higher degrees, especially for vertical velocity and temperature. Thus, CAM-NET is stable and
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Figure 2: Temperature (T[K]) at (a) 250 km, (b) 90 km, and (c) 20 km at 21 UT on 10 May , 03
UT and 18 UT on 12 May 2014. In each panel, rows display results from CAM-NET (top) and
WACCM-X (bottom).
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Figure 3: Zonal winds (U[m/s]) at (a) 250 km, (b) 90 km, and (c) 20 km at 21 UT on May 10th, 03
UT and 18 UT on May 12th 2014. In each panel, rows display results from CAM-NET (top) and
WACCM-X (bottom).
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Figure 4: Meridional winds (V[m/s]) at (a) 250 km, (b) 90 km, and (c) 20 km at 21 UT on May 10th,
03 UT and 18 UT on May 12th 2014. In each panel, rows display results from CAM-NET (top) and
WACCM-X (bottom).
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Figure 5: Pressure-coordinate vertical velocity (Omega[pa/s]) at (a) 250 km, (b) 90 km, and (c) 20
km at 21 UT on May 10th, 03 UT and 18 UT on May 12th 2014. In each panel, rows display results
from CAM-NET (top) and WACCM-X (bottom).
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Figure 6: Spectra are averaged globally and normalized by total spectral energy at each altitude.
Energy spectrum comparison at three different altitudes: 250 km (top), 90 km (middle) and 20 km
(bottom), showing the normalized spectrum energy as a function of spherical harmonic degrees
(l). The solid lines represent target values, while the dashed lines plot the predicted values for
different variables: zonal wind (U) in blue, meridional wind (V) in magenta, vertical velocity (ω)
in green, and temperature (T). A vertical dashed line marks a reference point for large and small
scale separation.
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accurate for planetary-scale whole-atmosphere structure, but its fidelity decreases for localized
high-wavenumber variability.

The under-representation of small-scale energy is not only a model error but also a diagnostic
of how current neural-operator architectures represent multiscale geophysical variability. CAM-
NET retains large-scale, globally coherent structures but damps localized high-wavenumber fea-
tures, consistent with both neural-network spectral bias (Rahaman et al., 2019; Khodakarami,
Oommen, Bora, & Karniadakis, 2025) and the finite truncation of spherical-harmonic represen-
tations. This result suggests that future AI whole-atmosphere models will likely require hybrid
strategies, such as multiresolution operators, stochastic parameterizations, or physics-informed
correction modules, to recover intermittent mesospheric processes while retaining the efficiency
of global spectral architectures.

3.3 Modular Extension to Ionospheric Electron Density and Zonal Ion Drift
Figure 7 evaluates whether the frozen atmospheric backbone can support ionospheric prediction
through the residual fine-tuning module. CAM-NET reproduces the dominant electron-density
morphology at 350, 250, and 150 km, including day-night asymmetry, equatorial plasma en-
hancements, and longitudinal variability associated with IT coupling. At 350 km, the model
preserves the broad equatorial electron-density structure but underestimates localized maxima
and sharp gradients. At 250 km, it captures the evolving large-scale plasma distribution, although
mesoscale structures become increasingly diffuse with lead time. At 150 km, where spatial gradi-
ents are smoother, CAM-NET shows stronger agreement with the WACCM-X background ioniza-
tion structure. These results show that the atmospheric backbone contains information useful for
ionospheric prediction when coupled to a lightweight residual module.

Figure 8 compares CAM-NET zonal ion drift predictions with WACCM-X reference fields at
350, 250, and 150 km. Across these altitudes, CAM-NET reproduces the dominant large-scale elec-
trodynamic morphology, including longitudinally extended drift bands, high-latitude variability,
and hemispheric asymmetries. The coherent spatial organization across autoregressive rollouts
indicates that residual prediction stabilizes the ionospheric extension even when the model re-
peatedly uses its own prior predictions as input.

At 350 km, where ion drift is strongly influenced by coupled IT electrodynamics and geomag-
netic forcing, CAM-NET captures the primary drift polarity and broad spatial organization but
smooths localized extrema, particularly in auroral and subauroral regions. Similar behavior oc-
curs at 250 km, where broad equatorial and midlatitude structures are retained but embedded
smaller-scale variability is attenuated. At 150 km, predicted drift structures are smoother and
lower in amplitude, consistent with both reduced ion-drift magnitudes and the tendency of spec-
tral neural operators to preserve large-scale variability preferentially. The gradual loss of small-
scale structure mirrors the neutral-atmosphere spectral damping identified above. Importantly,
however, the large-scale ion-drift morphology remains coherent across rollout times, showing that
residual fine-tuning can transfer information from the neutral atmospheric backbone into iono-
spheric prediction while preserving the computational advantages of a frozen whole-atmosphere
model.

4. Discussion and Summary
CAM-NET demonstrates that a geometry-aware neural operator can emulate the large-scale re-
sponse of WACCM-X across both neutral and ionospheric variables during multi-day autoregres-
sive rollouts. Its primary value is as a computationally efficient surrogate rather than as a replace-
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Figure 7: Global distribution of Electron Density [106cm−3] at (a) 350 km, (b) 250 km, (c) 150 km for
three selected times (2014-05-10 21 UT, 2014-05-12 03 UT, and 2014-05-12 18 UT).
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Figure 8: Global distribution of zonal ion drifts [m/s] at (a) 350 km, (b) 250 km, (c) 150 km for three
selected times (2014-05-10 21 UT, 2014-05-12 03 UT, and 2014-05-12 18 UT).

16



Table 1: Time-averaged error metrics and 120-h lead-time pattern skill for neutral and ionospheric
variables over the held-out autoregressive rollouts. Bias, MAE, RMSE, and error standard de-
viation are computed over all evaluated longitudes, latitudes, and times at each representative
altitude; Bias is CAM-NET minus WACCM-X. The 120-h ACC summarizes pattern skill from
available saved 5-day autoregressive rollout curves. Parentheses indicate the range of 120-h ACC
across available rollouts. Electron-density errors are reported in units of 106 cm−3.

Variable Altitude [km] Bias MAE RMSE Error STD 120-h ACC
ω [Pa s−1] 250 3.05×10−11 1.76×10−9 2.85×10−9 2.84×10−9 0.28 (0.04–0.37)
ω [Pa s−1] 90 9.87×10−8 1.99×10−6 2.66×10−6 2.66×10−6 0.36 (0.32–0.46)
ω [Pa s−1] 20 1.26×10−5 2.04×10−4 2.70×10−4 2.70×10−4 0.37 (0.32–0.41)
T [K] 250 -8.13 49.17 56.60 55.38 0.78 (0.55–0.95)
T [K] 90 4.06 6.54 8.07 6.95 0.53 (0.48–0.60)
T [K] 20 2.10 2.86 3.78 3.12 0.74 (0.55–0.92)
U [m s−1] 250 -0.30 32.81 44.82 44.16 0.70 (0.55–0.80)
U [m s−1] 90 -1.36 18.37 23.22 23.14 0.42 (0.29–0.62)
U [m s−1] 20 -3.56 5.44 7.07 6.08 0.85 (0.74–0.93)
V [m s−1] 250 -2.78 24.63 40.69 40.51 0.84 (0.71–0.89)
V [m s−1] 90 -1.58 18.47 23.31 23.09 0.44 (0.33–0.54)
V [m s−1] 20 0.86 3.42 4.52 4.41 0.58 (0.49–0.76)
Ne [106 cm−3] 350 -0.058 0.195 0.271 0.262 0.80 (0.76–0.90)
Ne [106 cm−3] 250 -0.016 0.108 0.148 0.146 0.88 (0.85–0.90)
Ne [106 cm−3] 150 -0.003 0.020 0.025 0.025 0.96 (0.96–0.97)
Ui [m s−1] 350 8.58 48.22 70.05 69.29 0.85 (0.81–0.94)
Ui [m s−1] 250 7.41 39.50 66.12 65.46 0.85 (0.80–0.93)
Ui [m s−1] 150 5.23 32.84 58.93 53.77 0.84 (0.80–0.93)

Table 2: Neutral-atmosphere benchmark comparing the planar AFNO baseline with CAM-
NET/SFNO. Bias, MAE, RMSE, and Error STD are averaged over the evaluated autoregressive
rollout period, while ACC is reported at a 30-h lead time. Bias is computed as model minus
WACCM-X reference. Lower absolute Bias, MAE, RMSE, and Error STD indicate smaller errors,
while higher ACC indicates better spatial anomaly-pattern agreement.

AFNO SFNO
Variable Altitude [km] Bias MAE RMSE Error STD ACC Bias MAE RMSE Error STD ACC
ω [Pa s−1] 250 1.06 × 10−9 3.30 × 10−9 7.95 × 10−9 7.88 × 10−9 0.018 −3.51 × 10−11 1.57 × 10−9 3.25 × 10−9 3.25 × 10−9 0.204
ω [Pa s−1] 90 −2.21 × 10−7 3.93 × 10−6 8.88 × 10−6 8.87 × 10−6 0.046 6.97 × 10−8 1.89 × 10−6 2.53 × 10−6 2.53 × 10−6 0.484
ω [Pa s−1] 20 −9.05 × 10−4 1.05 × 10−3 2.76 × 10−3 2.61 × 10−3 0.028 3.67 × 10−6 2.45 × 10−4 3.33 × 10−4 3.33 × 10−4 0.506
T [K] 250 -84.78 100.36 235.28 219.48 -0.371 6.03 48.66 58.34 58.03 0.919
T [K] 90 17.20 20.00 45.06 41.65 0.172 2.45 5.65 7.55 7.14 0.633
T [K] 20 -5.35 11.94 27.99 27.47 0.150 0.76 2.02 2.72 2.61 0.921
U [m s−1] 250 2.70 39.73 71.79 71.74 0.207 8.18 30.62 44.08 43.32 0.699
U [m s−1] 90 7.19 63.76 122.28 122.07 0.033 -0.62 15.67 20.54 20.53 0.631
U [m s−1] 20 19.06 83.37 250.18 249.45 -0.037 -1.14 4.32 6.14 6.03 0.957
V [m s−1] 250 -59.14 72.98 174.25 163.91 0.063 -1.50 17.96 34.72 34.69 0.765
V [m s−1] 90 43.25 55.45 101.99 92.37 0.103 -0.27 16.59 21.65 21.65 0.640
V [m s−1] 20 -30.74 31.37 68.72 61.46 0.047 -0.26 3.27 5.03 5.02 0.862
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ment for WACCM-X. Once trained, CAM-NET can rapidly generate WACCM-X-like realizations
for ensemble design, sensitivity analysis, and hypothesis testing, allowing computationally inten-
sive full-physics simulations to be focused on the most informative cases.

Direct comparisons with state-of-the-art AI weather models are inherently limited because
those systems primarily target the lower atmosphere and do not extend into the IT system. CAM-
NET is therefore complementary to models such as FourCastNet, GraphCast, and Pangu-Weather.
Its contribution is not improved medium-range weather forecasting, but the demonstration that
geometry-aware neural operators can emulate variability across the coupled whole atmosphere
and ionosphere.

The AFNO baseline clarifies what aspect of CAM-NET is most important for this applica-
tion. The improvement of SFNO over AFNO verifies that treating the latitude-longitude grid as
a flat periodic domain is not optimal for vertically extended global geophysical fields, especially
for multi-variables across whole atmospheric region. The spherical-harmonic representation bet-
ter matches the geometry of WACCM-X output and improves both amplitude and spatial-pattern
metrics for neutral variables. However, the comparison also shows that geometry awareness alone
is insufficient for full multiscale fidelity. SFNO still damps high-wavenumber mesospheric struc-
tures, implying that future progress will require not only spherical geometry but also architectures
or losses designed to retain intermittent small-scale variability.

A second contribution is modularity. By freezing the atmospheric backbone and training a
lower-capacity residual ionospheric branch, CAM-NET separates the learned representation of
whole-atmosphere dynamics from application-specific prediction targets. This design mirrors the
modular philosophy of physics-based modeling systems, where dynamical cores are coupled to
specialized parameterizations or diagnostic modules. In future applications, the same strategy
could be tested for additional upper-atmosphere diagnostics, provided that there are suitable
training targets and that the frozen backbone is shown to retain the relevant physical informa-
tion.

Two limitations are particularly important. First, CAM-NET has a reduced representation of
small-scale mesospheric variability. Near 90 km, where gravity waves break, interact nonlinearly,
and generate secondary waves and turbulence, the model systematically underestimates high-
degree spectral energy and smooths localized structures. This behavior likely reflects the finite
truncation of spherical harmonics, the tendency of L2 losses to favor conditional means, and the
reduced vertical resolution used for training. Consequently, the current model should be inter-
preted as a surrogate for large-scale whole-atmosphere variability rather than as a complete rep-
resentation of mesospheric dynamics.

Second, the storm-time evaluation in Appendix B reveals reduced fidelity under strongly dis-
turbed geomagnetic conditions. CAM-NET remains numerically stable and retains portions of
the broad thermosphere–ionosphere organization, but it does not reproduce the location, ampli-
tude, and temporal evolution of localized storm-time electron-density enhancements and ion-drift
structures with the same fidelity achieved during quieter conditions. This limitation likely reflects
the use of scalar Kp and F10.7 inputs, which do not fully describe the spatial distribution and time
history of magnetospheric forcing, as well as the limited representation of extreme events in the
training record. The reduced state representation and frozen atmospheric backbone may further
limit the recovery of rapidly evolving electrodynamic and composition responses.

The most direct next experiments are: (1) increase lmax and mmax to quantify the resolution–skill
tradeoff; (2) train with spectral or gradient-weighted losses to penalize high-wavenumber damp-
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ing; (3) test multiresolution spherical operators or spherical wavelets; (4) add stochastic residual
models to represent unresolved mesospheric variability; (5) evaluate whether finer vertical sam-
pling improves gravity-wave-related structures near 90 km; (6) increase the representation and
weighting of geomagnetically disturbed intervals during training; and (7) test whether additional
storm-relevant drivers or state variables improve the representation of disturbed thermosphere–
ionosphere conditions.

In summary, CAM-NET emulates large-scale WACCM-X whole-atmosphere–ionosphere vari-
ability during multi-day autoregressive rollouts. The AFNO benchmark shows that the spherical
neural-operator formulation substantially improves neutral-atmosphere emulation relative to a
planar Fourier baseline, supporting the use of geometry-aware architectures in global geospace
applications. CAM-NET retains useful large-scale pattern skill for temperature, horizontal winds,
electron density, and zonal ion drift, while pressure-coordinate vertical velocity, high-wavenumber
mesospheric structures, and strongly disturbed storm-time conditions remain more challenging.
In particular, the March 2015 storm evaluation shows that the model can remain numerically stable
while exhibiting substantial errors in the location, amplitude, and timing of localized ionospheric
and electrodynamic structures. The current system should therefore be interpreted as a fast emula-
tor of large-scale WACCM-X behavior, primarily under quiet to moderately disturbed conditions,
rather than as an observationally validated operational space-weather forecast model. These re-
sults provide a foundation for future ensemble, sensitivity, and uncertainty-propagation studies,
while also identifying extreme-event generalization as a central target for further development.
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A Additional AFNO–SFNO baseline diagnostics
Figure S1 extends the AFNO–SFNO comparison from the summary metrics in the main text to the
full lead-time evolution of the anomaly correlation coefficient (ACC). The comparison is organized
by neutral variable–pressure-coordinate vertical velocity ω, temperature T, zonal wind U, and
meridional wind V–and by representative altitude. For temperature and horizontal winds, SFNO
generally maintains higher and more stable ACC than AFNO as lead time increases, especially
at 20 and 90 km. AFNO can retain useful short-lead skill but undergoes rapid autoregressive
error growth and becomes unstable after approximately 30 h. The comparison is therefore limited
to the common 30-h interval. SFNO preserves coherent large-scale structure over this interval
and remains stable in the 120-h rollouts evaluated in the main text. Pressure-coordinate vertical
velocity remains the most difficult variable, particularly at 250 and 90 km, consistent with its
sensitivity to intermittent wave-driven and small-scale motion.

Figure S2 summarizes the same comparison using time-averaged amplitude-error ratios. Each
cell reports the AFNO error divided by the corresponding SFNO error for mean absolute error
(MAE), root-mean-square error (RMSE), and error standard deviation. Every ratio exceeds one,
showing that SFNO reduces time-averaged error for every variable, altitude, and metric included
in the comparison. The largest improvement occurs for lower-atmosphere horizontal winds, par-
ticularly U at 20 km, where AFNO RMSE and error standard deviation exceed the SFNO values
by more than a factor of 40. Temperature and meridional wind also show substantial improve-
ments, with ratios commonly between approximately 4 and 14 depending on altitude and metric.
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The smallest relative improvement occurs for U at 250 km, where SFNO nevertheless reduces
the errors by factors of approximately 1.3–1.7. Together, Figs. S1 and S2 show that the spherical-
harmonic representation improves both pattern retention and amplitude accuracy relative to the
planar AFNO baseline, although the benefit varies by variable and altitude.

Figure S1: Lead-time dependence of the anomaly correlation coefficient (ACC) for AFNO and
SFNO neutral-atmosphere rollouts. ACC is shown for pressure-coordinate vertical velocity ω,
temperature T, zonal wind U, and meridional wind V at approximately 250, 90, and 20 km. Solid
lines denote AFNO, dashed lines denote SFNO/CAM-NET, and colors indicate altitude. Lines
show the mean ACC across the evaluated autoregressive rollouts, while shading shows the rollout
range. The horizontal gray line marks zero ACC. Higher ACC indicates better spatial anomaly-
pattern agreement with WACCM-X. SFNO generally maintains higher and more stable ACC than
AFNO, especially for temperature and horizontal winds, while ω remains the most challenging
variable.

B CAM-NET Performance and Limitations During a Geomagnetic Storm
Geomagnetic storms represent an especially challenging regime for whole-atmosphere emulation
because the thermosphere–ionosphere system undergoes rapid, nonlinear, and spatially local-
ized changes. We therefore evaluate CAM-NET during the March 2015 geomagnetic storm as
an extreme-event stress test. Unlike the quiet-time evaluation in the main text, this analysis is
intended primarily to identify the limitations of the current model rather than to demonstrate
equivalent performance to WACCM-X. The storm-period rollout was initialized from a WACCM-
X state at 09:00 UTC on 16 March 2015. The snapshots at 21:00 UTC on 16 March and at 03:00
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and 18:00 UTC on 18 March correspond to lead times of 12, 42, and 57 h, respectively, and sample
pre-storm and storm-recovery conditions.

Figure S2: Time-averaged AFNO-to-SFNO error ratios for neutral-atmosphere variables. Rows
show pressure-coordinate vertical velocity ω, temperature T, zonal wind U, and meridional wind
V at approximately 250, 90, and 20 km; columns show MAE, RMSE, and the standard deviation of
the model–reference error. Cell annotations give the linear ratio, defined as AFNO error divided
by SFNO error. The color scale shows log10(AFNO error/SFNO error). Ratios greater than one
indicate smaller SFNO errors. All plotted ratios exceed one, showing that SFNO reduces the time-
averaged amplitude error for every variable, altitude, and error metric shown.

B1 Neutral-atmosphere winds
Figures S3 and S4 compare CAM-NET predictions with WACCM-X reference fields for zonal wind
(U) and meridional wind (V), respectively, at approximately 250, 90, and 20 km during the March
2015 geomagnetic storm. Relative to the quiet-time examples in the main text, the selected storm-
time snapshots exhibit stronger regional asymmetries and more rapidly varying spatial structure,
particularly near 90 km. CAM-NET continues to reproduce the dominant global-scale circulation,
including broad thermospheric flow patterns at 250 km and coherent lower-atmosphere struc-
tures at 20 km. The largest differences occur near 90 km, where WACCM-X contains more local-
ized and spatially variable wind structures. CAM-NET preserves the broad circulation but pro-
duces smoother fields with weaker localized extrema. This behavior is consistent with the scale-
dependent limitation identified in the quiet-time evaluation: CAM-NET retains planetary-scale
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and large-scale variability more successfully than intermittent high-wavenumber mesospheric
structures. Overall, the storm-period wind comparisons indicate that CAM-NET remains stable
at the global scale, while localized mesospheric variability remains the most challenging regime.

B2 Ionospheric variables at 250 km
Figure S5 compares electron density (Ne) and zonal ion drift (Ui) from CAM-NET and WACCM-X
at approximately 250 km during the March 2015 geomagnetic storm.

For electron density, CAM-NET retains the broad low-latitude and day–night organization
seen in WACCM-X, but the agreement degrades as the storm evolves. Before the main phase,
both models show an enhancement over the African–Indian Ocean sector, although the CAM-NET
feature is more compact and smoother. During the recovery phase on 18 March, larger discrep-
ancies emerge in the longitude, spatial extent, and amplitude of the enhanced-density regions.
CAM-NET places the strongest features mainly over the African–Atlantic and later the Southeast
Asian–western Pacific sectors, whereas WACCM-X produces broader enhancements extending
across the Pacific, Asian, American, and Indian Ocean sectors. These differences indicate that
CAM-NET preserves part of the large-scale plasma organization but does not reliably reproduce
the timing and longitudinal evolution of localized storm-time enhancements.

For zonal ion drift, both CAM-NET and WACCM-X show the strongest variability at high
latitudes and broadly similar eastward–westward polarity patterns. CAM-NET, however, con-
sistently produces smoother auroral and subauroral structures, weaker extrema, and less distinct
narrow drift bands. As the drift magnitudes decrease on 18 March, the model retains the broad
spatial organization but continues to attenuate sharp regional gradients. The residual ionospheric
module therefore remains numerically stable during the storm interval, while showing reduced
fidelity for localized electrodynamic structures and peak amplitudes.

Compared with the quiet-time examples in the main text, the storm-period fields show qualita-
tively larger differences between CAM-NET and WACCM-X, particularly in the locations and am-
plitudes of localized extrema. Several factors may contribute to this reduced storm-time fidelity.
Although CAM-NET receives Kp and F10.7 as external inputs, these scalar indices provide only
bulk measures of geomagnetic and solar activity and do not fully characterize the spatially and
temporally varying energy input into the thermosphere-ionosphere system. In WACCM-X, storm-
time variability is represented through self-consistent thermosphere-ionosphere electrodynamics,
including high-latitude electric-field forcing, ion-neutral coupling, ion drag, Joule heating, and
auroral forcing (H.-L. Liu et al., 2018). These processes depend not only on the overall level of ge-
omagnetic activity but also on the spatial distribution and temporal evolution of magnetospheric
forcing. Consequently, periods with similar Kp or F10.7 values can produce substantially differ-
ent thermosphere-ionosphere responses. Since CAM-NET does not explicitly ingest these spatially
distributed external forcing fields, it has limited ability to reconstruct localized storm-time struc-
tures from atmospheric states and scalar activity indices alone. Furthermore, strongly disturbed
conditions occupy only a relatively small fraction of the training dataset compared with quiet and
moderately disturbed periods, further reducing the model’s ability to learn rare extreme-event
behavior.

24

Anonymous
Comment on Text
As mentioned in an earlier comment, I don't think this can be used as a reason, as WACCM-X captures this variability with just these inputs.

Anonymous
Comment on Text
If the training dataset does not need to be continuous in time, couldn't multiple unrealistic extreme events be run and be added alongside the historic, already-available, output? As CAM-NET is trying to reproduce WACCM-X rather than true conditions, this may be a solution to this issue.



Figure S3: Zonal wind (U, m s−1) at approximately (a) 250 km, (b) 90 km, and (c) 20 km. Columns
show 21:00 UT on 16 March, 03:00 UT on 18 March, and 18:00 UT on 18 March 2015. Within each
panel, the upper row shows CAM-NET and the lower row shows WACCM-X.
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Figure S4: Meridional wind (V, m s−1) at approximately (a) 250 km, (b) 90 km, and (c) 20 km.
Columns show 21:00 UT on 16 March, 03:00 UT on 18 March, and 18:00 UT on 18 March 2015.
Within each panel, the upper row shows CAM-NET and the lower row shows WACCM-X.
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Figure S5: Storm-period comparison of ionospheric electron density (Ne; top) and zonal ion drift
(Ui; bottom) at approximately 250 km during the March 2015 geomagnetic storm. Columns show
21:00 UT on 16 March, 03:00 UT on 18 March, and 18:00 UT on 18 March 2015. For each variable,
the upper row shows CAM-NET predictions and the lower row shows WACCM-X reference fields.
Electron density is reported in units of 106 cm−3, and zonal ion drift is reported in m s−1.
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