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Abstract. We propose a physics-informed
neural network (PINN) framework for true-
height inversion of ionosonde traces that re-
places the classical POLAN algorithm with
a two-stage learning strategy. A global foun-
dation model is pre-trained on ∼5 million
synthetic profiles drawn from the Interna-
tional Reference Ionosphere (IRI-2020) span-
ning 30 years of solar and geomagnetic vari-
ability, conditioned on geophysical param-
eters (latitude, longitude, day-of-year, Kp,
F10.7) via Feature-wise Linear Modulation
(FiLM). A station-specific fine-tuning stage
adapts the foundation model to a particular
ionosonde using a physics-only loss — no la-
beled true-height profiles are required. The
fine-tuning objective is formally equivalent to
variational data assimilation (4D-Var), with
the Abel-integral group-height operator as
the observation operator and the IRI-trained
prior as the background state. The trained
model is exported as plain NumPy weight
arrays and integrated into the open-source
pynasonde framework as a drop-in replace-
ment for TrueHeightInversion, requiring
no additional dependencies for inference. We
argue this approach represents a genuinely
novel contribution at the intersection of space
physics, data assimilation, and scientific ma-
chine learning.

1 Introduction
Ionosondes have continuously monitored the

Earth’s ionosphere since the 1920s, producing
hundreds of millions of ionogram records across
a global network of stations. The fundamental
scientific product derived from an ionogram is the
true-height electron density profile N(h), obtained
by inverting the virtual-height trace h′(f) — a
measurement of the apparent round-trip travel
time of radio pulses at each sounding frequency f .
This inversion is an Abel-type integral equation:

h′(f) =

∫ h(f)

0
µ′(f, N(h)) dh, (1)

where µ′ is the group refractive index. Solving
Eq. (1) for N(h) given noisy, sparse observa-
tions of h′(f) is an ill-posed inverse problem that
has been the subject of research for more than
60 years.
Classical algorithms — POLAN [1], NHPC,

and the quasi-parabolic segment approach [2]
used in ARTIST/SAO systems — rely on lamina-
tion or segment fitting. They are robust on clean
traces but struggle with valley regions, oblique
propagation, and automated processing of large
archives without manual quality control.

Neural-network-based inversions have recently
appeared [3, 4], but they share a common limi-
tation: they are trained on POLAN (orther al-
gorithm or hand-scaled) output as ground truth,
inheriting POLAN’s systematic errors, and they



do not generalize across stations or geophysical
conditions without retraining on labeled data.

This work describes a fundamentally different
architecture that avoids these limitations.

2 What Has Not Been Done Be-
fore

The following combination of ideas is, to the
authors’ knowledge, absent from the iono-
spheric inversion literature:

1. A global foundation model for iono-
gram inversion conditioned on continuous
geophysical state, trained on IRI across
30 years of variability — not on a single
station or season.

2. Physics-only fine-tuning on real data:
the network adapts to a specific ionosonde
using only the Abel integral as supervision,
requiring zero labeled true-height profiles
from the target station.

3. A rigorous data assimilation framing
of the fine-tuning step, with the IRI prior
playing the role of the background state in
4D-Var and a KL divergence term acting
as the background cost function.

4. Geophysical conditioning via FiLM
[7] so that a single network parameterizes
the full range of ionospheric states from
solar minimum quiet to solar maximum
storm.

5. Complete open-source integration with
zero inference-time dependencies beyond
NumPy, enabling deployment on any
ionosonde processing system without GPU
or deep-learning framework.

3 Proposed Architecture

3.1 Network design

The network Fθ maps an observed virtual-
height trace h′ ∈ RNf (sampled at Nf ≈ 140
frequencies) and a geophysical conditioning vec-
tor c = [ϕ, λ, doy, UT, Kp, F10.7] to an electron

density profile N̂(h) ∈ RNh
>0 :

N̂(h) = Fθ

(
h′, c

)
. (2)

The architecture consists of three blocks:
(i) Conditioning MLP. c → two-layer MLP

→ (γ, β) per encoder layer (FiLM scale and shift
parameters).

(ii) 1-D CNN encoder. Three convolutional
layers with ReLU activations applied to h′, with
FiLM modulation after each layer:

zℓ+1 = ReLU(γℓ ⊙ Convℓ(zℓ) + βℓ) . (3)

FiLM allows the same convolutional weights to
produce geophysically appropriate responses at
high and low latitudes, storm and quiet condi-
tions, without separate network instances.
(iii) MLP decoder. Flattened latent repre-

sentation → three fully-connected layers → Soft-
plus activation → N̂(h) ≥ 0. A height grid of
Nh = 225 points from 60 to 510 km in 2 km steps
is used.

3.2 Differentiable forward model

The Abel integral operator H in Eq. (1) is im-
plemented as a differentiable NumPy (inference)
and PyTorch (training) function:

ĥ′(f) = H[N̂ ] =

∫ hr(f)

0

dh√
1− f2

p (h)/f
2
, (4)

where fp(h) =

√
N̂(h)/1.24× 1010 MHz is the

local plasma frequency and hr(f) is the reflection
height where fp = f . The integral is computed
by trapezoidal quadrature on the fixed height
grid, which is trivially differentiable via automatic
differentiation in PyTorch.

4 Two-Stage Training Strategy

4.1 Stage 1: Global foundation model
(IRI pre-training)

The foundation model is trained on synthetic
profiles generated by IRI-2020 [5] across a param-
eter grid:

• Latitude/longitude: global 5° × 5° grid
(∼2,500 locations)

• Day-of-year: 12 representative days per year
(seasonal coverage)

• Solar flux: F10.7 ∈
{70, 100, 130, 160, 200} SFU
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• Geomagnetic activity: Kp ∈
{0, 1, 2, 3, 4, 5, 6, 7}

• Universal time: 0, 6, 12, 18 UT

Totalling ∼5 million unique ionospheric states.
For each state, N(h) is drawn from IRI-2020
and the corresponding ionogram trace h′(f) is
computed via Eq. (4).

The Stage 1 loss combines supervised regression
on the IRI profile with the physics consistency
term:

L1 = ∥N̂ −NIRI∥2︸ ︷︷ ︸
supervised

+λ1 ∥H[N̂ ]− h′∥2︸ ︷︷ ︸
physics

+ λ2
∑

hReLU(−∆N̂)︸ ︷︷ ︸
monotone

, (5)

where the monotone penalty discourages non-
physical decreases in N(h) above the F2 peak.

4.2 Stage 2: Station-specific fine-
tuning (data assimilation)

The foundation model is adapted to a specific
ionosonde by fine-tuning on real (unannotated)
soundings using no labeled true-height profiles.
The Stage 2 loss retains only the physics and
prior terms:

L2 = ∥H[N̂ ]− h′
obs∥2︸ ︷︷ ︸

obs. cost

+µ DKL(qϕ∥pθ)︸ ︷︷ ︸
background cost

+ λ2
∑

hReLU(−∆N̂)︸ ︷︷ ︸
monotone

, (6)

where pθ is the distribution over N(h) implied
by the Stage 1 foundation model and qϕ is the dis-
tribution induced by the fine-tuned network. The
KL term penalizes departure from the IRI-learned
prior — formally equivalent to the background
cost Jb = (x − xb)

TB−1(x − xb) in variational
data assimilation [6].

The mapping to 4D-Var is exact:

4D-Var concept This framework

Background xb Stage 1 prior pθ
Observation y Real ionogram h′

obs
Obs. operator H Abel integral (Eq. 4)
Bg. covariance B FiLM prior variance

Analysis xa Fine-tuned N̂(h)

Only the decoder and the last encoder block are
updated in Stage 2; the early convolutional layers
and conditioning MLP are frozen to preserve
physical priors learned from IRI. Convergence
for a single station archive (∼1,000 soundings) is
reached in under 30 minutes on a single GPU.

5 Integration in pynasonde

5.1 Zero-dependency inference

After training, all weights are exported as a
single .npz file containing plain NumPy arrays.
Inference requires only NumPy — no PyTorch,
no ONNX Runtime, no GPU. Station-specific
weight files (e.g., wi937 v1.npz, pl407 v1.npz)
ship with the package.

5.2 Drop-in API replacement

NNTrueHeightInversion exposes an identical
interface to the existing TrueHeightInversion

(POLAN) class:

# Existing POLAN

edp = TrueHeightInversion(

monotone_enforce=True

).fit_from_df(o_df)

# NN - same call, same output

edp = NNTrueHeightInversion(

weights="wi937_v1",

conditioning={"Kp": 2.3,

"F107": 145.0}

).fit_from_df(o_df)

print(edp.foF2_mhz, edp.hmF2_km)

edp.plot() # identical EDPResult

The returned EDPResult dataclass is identical
to the POLAN output, ensuring backward com-
patibility with all downstream analysis modules
(IonogramScaler, AbsorptionAnalyzer, etc.).

5.3 Folder layout

nn_inversion/

inversion_nn.py # NNTrueHeightInversion

forward_model.py # numpy Abel integral

network.py # numpy inference

weights/

global_v1.npz

wi937_v1.npz

pl407_v1.npz

training/ # torch-only

architecture.py

film_conditioning.py

physics_loss.py

synthetic_data.py
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trainer_stage1.py

trainer_stage2.py

6 Comparison with Prior Work

Method
No

labels
Global
prior

Phys.

loss
Open
src

POLAN [1] ✓ – – –
QP-seg. [2] ✓ – – ✓
CNN [3] – – – –
VAE [4] – – – –
This work ✓ ✓ ✓ ✓

The key differentiators are: (1) no labeled true-
height profiles are needed at any real station;
(2) a single model serves the global ionosphere via
geophysical conditioning; (3) physics constrains
every gradient step, not just post-hoc validation;
(4) full open-source deployment.

7 Development Roadmap

1. Forward model (forward model.py) — dif-
ferentiable Abel integral in NumPy and Py-
Torch; unit-tested against POLAN on syn-
thetic profiles. [Target: pynasonde v1.5]

2. Synthetic data pipeline — IRI-2020 batch
generation across global grid, 30-year parame-
ter sweep, parallel execution. [Target: pyna-
sonde v1.5]

3. Stage 1 training — FiLM-conditioned
CNN+MLP on IRI data, validation against
POLAN on held-out locations. [Target: pyna-
sonde v1.6]

4. Stage 2 fine-tuning — physics-only loss on
WI937 and PL407 archives; ablation study of
KL weight µ. [Target: pynasonde v1.6]

5. Inference integration —
NNTrueHeightInversion class, weight
export, API validation, shipped .npz files.
[Target: pynasonde v2.0]

6. Journal paper — comparison of POLAN
vs. NN on APEP2 eclipse data, ionospheric
storm case studies, uncertainty quantification.
[Target: Radio Science / JGR-Space Physics]

8 Discussion
Why publish before pynasonde 2.0? Cir-
culating this design now serves three purposes:

(i) establishing scientific priority for the IRI-
pretraining + physics-only fine-tuning combi-
nation; (ii) gathering community feedback on
architecture choices before implementation is
locked; (iii) inviting collaborators with access
to diverse ionosonde archives (GIRO network,
SuperDARN-adjacent stations) to contribute fine-
tuning datasets.

Uncertainty quantification. Stage 2’s varia-
tional framing naturally supports posterior uncer-
tainty estimates: the spread of the posterior dis-
tribution qϕ over N(h) provides height-resolved
confidence intervals on the inversion — some-
thing POLAN cannot provide. This is directly
useful for the APEP2 eclipse campaign, where
model–data comparisons require quantified un-
certainty.

Extensibility. The FiLM conditioning vector
is not fixed. Future versions can condition on
magnetic dip angle, solar zenith angle, proximity
to terminator, or assimilated TEC from GNSS,
extending the framework toward a full ionospheric
data assimilation system.
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