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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 (NN-POLAN) is pre-trained on
~5 million synthetic electron density pro-
files drawn from the International Refer-
ence Ionosphere (IRI-2020) spanning 30 years
of solar and geomagnetic variability, condi-
tioned on geophysical parameters (latitude,
longitude, day-of-year, universal time, K,
Fyp.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 at any
real station. The physics loss is formulated
via Abel inversion of the observed virtual-
height trace, which is both singularity-free
and gradient-stable, resolving a fundamen-
tal training instability inherent in forward-
Abel-based loss functions. The fine-tuning
objective is formally equivalent to variational
data assimilation (4D-Var), with the IRI-
trained prior as the background state. The
trained model is integrated into the open-
source pynasonde framework as a drop-in re-
placement for TrueHeightInversion, requir-
ing no additional dependencies for inference.
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1 Introduction

Tonosondes have continuously monitored the
Earth’s ionosphere since the 1920s, producing
hundreds of millions of ionogram records across
the global GIRO network [? ]. 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) — the
apparent round-trip travel time of radio pulses
at each sounding frequency f. This inversion is
governed by the Abel integral equation:

b (f)

W (f) = iase + / W (f, N(B)) dh, (1)

hbase

where /' = [1 — fg(h)/f2]*1/2 is the
O-mode group refractive index, f,(h) =
V/N(h)/1.2441 x 10 MHz is the plasma fre-
quency, and h,(f) is the reflection height where
fp = f. Solving Eq. (??) for N(h) given noisy,
sparse observations of h/(f) is an ill-posed inverse
problem that has been the subject of research for
over 60 years.

Classical algorithms — POLAN [? |, NHPC,
and the quasi-parabolic approach [? | used in
ARTIST/SAO systems — rely on analytical pro-
file families (Chapman, parabolic) or lamination.
They are robust on clean traces but struggle with
valley regions, oblique propagation, and auto-
mated processing of large archives without man-
ual quality control.




Neural-network-based inversions have recently
appeared [? 7 ], but they share a common lim-
itation: they are trained on POLAN or other
algorithm output as ground truth, inheriting sys-
tematic errors, and they do not generalize across
stations or geophysical conditions without retrain-
ing on labeled data.

This work describes a fundamentally different
architecture that avoids these limitations, with
explicit documentation of the non-trivial training
engineering challenges encountered and how they
were resolved.

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 a single sta-
tion or season.

2. Singularity-free Abel inversion loss:
a physics supervision signal derived by ana-
lytically inverting the observed h/(f) trace,

bypassing the 1/,/f? — f2 singularity that

makes forward Abel losses untrainable.

3. Physics-only fine-tuning on real data:
the network adapts to a specific ionosonde
using only the Abel inversion as super-
vision, requiring zero labeled true-height
profiles.

4. A rigorous data assimilation framing
of the fine-tuning step, with the IRI prior
as the background state in 4D-Var.

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

6. Spatial-latent encoder that preserves
frequency-position information through
the bottleneck via flatten rather than

global pooling, enabling well-conditioned
Abel gradients throughout the network.

3 Proposed Architecture

3.1

The network JFyp maps an observed virtual-
height trace h’ € RYs (sampled at Ny = 141
frequencies, 1.0-15.0 MHz at 0.1 MHz step)
and a geophysical conditioning vector ¢ =
(¢, A\, DOY, UT, Kj, Fio.7] to an electron den-
sity profile N(h) € ]Rivgz

Network design

N(h) = Fy(W, c). (2)
The architecture consists of four components.
(i) Conditioning MLP (FiLM generator).

¢ — shared two-layer MLP (6 — 128 — 128,

SiLU) — per-layer projection heads, each out-

putting (v, B,) for the corresponding encoder or

decoder block. Two separate FiLM generators
are instantiated: one for the encoder and one for
the decoder.

(ii) 1-D CNN encoder. Eight convolutional
blocks applied to h’, with FiLM modulation (mul-
tiplicative residual form) after each BatchNorm:

z¢11 = SiLU((1 + ~,) ©® BN(Conv(z¢)) + By) .

(3)
Four of the eight blocks use stride-2 convolutions,
progressively halving the sequence length: Ny =
141 — 71 — 36 — 18 — 9. Channel progression:
1 — 32 — 64 — 128 (held at 128 for the last
four blocks). The final feature map (B, 128,9) is
flattened to (B,1152) and projected through a
linear layer to the latent vector z € R2?56.

(iii) MLP decoder. A symmetric transposed-
convolution stack expanding z to a spatial se-
quence of length 144, followed by a 1x1 projec-
tion layer and linear interpolation to N, = 904
output points. The height grid spans 60-511.5 km
at 0.5 km step (N, = 904). Softplus activation
enforces N'(h) > 0. FiLM modulation is applied
after each BatchNorm in the decoder as well.

The total model has ~1.43 million trainable
parameters.

3.2 Why flatten, not pool?

A critical design decision — and one that
was not obvious a priori — is replacing global-



average-pooling with spatial flattening at the en-
coder bottleneck.

The Abel integral has a fundamentally
frequency-dependent gradient structure: near
foF2 the integrand diverges and gradients are
large; at low frequencies they are small and
smooth. After 4 stride-2 layers the encoder re-
tains a 9-point spatial feature map where each
spatial position corresponds to a different fre-
quency band. A global-average-pool collapses
this to a single vector, uniformly mixing informa-
tion from all frequency bands. As a result, the
gradient from the Abel physics loss — which orig-
inates at specific frequency cells — is averaged
away before it can reach the weights responsible
for those frequency bands. We observed this as
complete failure of the Abel loss to decrease dur-
ing training (convergence diagnostic: Config B
flat /increasing, confirmed across MSE, log, and
cumulative Abel loss formulations).

Replacing the pool with x.flatten(1) preserves
the frequency-position ordering in the latent vec-
tor, enabling Abel-loss gradients to flow directly
back to the specific encoder weights that pro-
cessed the corresponding frequency bands.

3.3 Differentiable forward model

For validation and self-consistency diagnostics,
the Abel integral operator H in Eq. (?7?) is im-
plemented as a differentiable PyTorch function
(torch_forward batch in physics_loss.py):

ha (f) dh

V1= fr(h)/f?

(4)
computed by trapezoidal quadrature on the fixed
height grid.

This operator is retained in the code-
base for wuse in convergence diagnostics
(diagnose_physics.py) and inference visualiza-
tion (test_inference.py). It is not used in the
training gradient path — see Section 77 for why,
and how this was resolved.

ill(f) = H[N] = Npase +/

hbase

3.4 Abel inversion operator

The substitution f = f,sin in the Abel inte-
gral identity yields a singularity-free expression

for the reflection height:

/2 Nq
ho(f,) = 2/ W(fysin0)d0 ~ — S H(f,sinb)
™ Jo Nq 1
(5)
where 0, = (k — 1)n/(2N,) are midpoint-rule

quadrature nodes (N, = 64 in practice). At the
reflection height h,(fp,), the plasma frequency
equals f, by definition, so:

Naver(hr(fp)) = f2 x 12441 em™,  (6)
where the constant 12441 cm~3 MHz 2 converts
MHz? to elAectron density. Interpolating the set of
{(h+(fp), Nabel(hr))} pairs onto Hgrip_kMm gives
the Abel-inverted Ne target for the observed bot-
tomside.

Crucially, the integrand in Eq. (??) is
h'(fpsin®), which samples the observed virtual-
height trace at sub-critical frequencies where
fpsin® < f, < f everywhere — the 1/4/f2 — &2
singularity of the classical kernel is entirely ab-
sent.

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 [? | across a

parameter grid:

e Latitude / longitude:
(~2,500 locations)

global 5°x5° grid

e Years: 1995-2024 (30 years, temporal split
below)

e Day-of-year: 9 representative days per year
(45-day step)

e Universal time: 0, 6, 12, 18 UT
e Solar flux and K,: real OMNI values from

pyomnidata

Totalling ~5 million unique ionospheric states.
For each state, IRI-2020 provides N(h); the
corresponding virtual-height trace h'(f) is com-
puted by the NumPy forward batch model
(forward_batch in forward model.py). Profiles
failing quality filters (foF2 ¢ [1.5, 15.0] MHz or
fewer than 5 valid frequency cells) are discarded.



Data are partitioned temporally to avoid leak-
age: training <2016, validation 2017-2020, test
>2020.

The Stage 1 loss combines supervised regres-
sion on the IRI profile with an Abel inversion
consistency term and a topside monotonicity reg-
ulariser:

L1=pg [ Nn = N2
N———

background (IRI prior)

Z <log10

heB

~ 2
+ Ao 57 ‘ —logyg Nabel(h))

Abel inversion physics

1 ral).
™ N, Z ReLU(Afyp(h) +€) - 1[h > hpeakﬁ Resolution: replace AdaptiveAvgPoolld(1)
h

AdaptiveAvgPool1d (1), reducing the spatial fea-
ture map (B,128,9) to a single vector (B, 128)
before projection. The Abel loss gradient with
respect to a given frequency band is localised
in spatial position after stride-2 downsampling.
Global average pooling uniformly mixes gradi-
ents from all nine spatial positions, attenuating
the frequency-specific Abel gradient by approxi-
mately 1/9 while mixing it with gradients from
unrelated frequency bands. The net effect was
that Config B (Abel-only training, convergence
diagnostic) showed the loss as flat or increas-
ing across all three Abel loss formulations tested
(MSE, log-ratio, and cumulative frequency inte-

Ve
topside monotone regulariser

(7)

where N,, is the network output in normalised log-
space, B is the set of height grid points within the
observed bottomside (determined by the Abel in-
version, Eq. 77), and the monotone term penalises
upward plasma-frequency excursions only above
the F2 peak height. Default weights: A,z = 1.0,
Ay = 10~* (ramped linearly from 0 over 10 post-
warmup epochs), Ay, = 0.1.

A warmup curriculum runs the background-
only loss (A = Ap, = 0) for 10 epochs to establish
a non-degenerate Ne prior before enabling the
Abel and monotone terms. Without warmup, a
near-zero initial Ne pushes the forward integral
to the top of the grid, and the background term
is needed to rescue the profile into a physically
plausible range first.

4.2 Training challenges and their reso-
lution

Getting each loss term to decrease simultane-
ously was non-trivial and required two distinct
architectural and algorithmic interventions. We
document them explicitly because they are rele-
vant to any physics-informed inversion network
operating near integral singularities.

Challenge 1:
destroys Abel gradients.
architecture, the encoder

Global-average-pooling
In the initial
bottleneck used

swith flatten(1), concatenating the full
(B,128,9) map to (B,1152) and projecting via
a 1152 — 256 linear layer. This preserves the
spatial ordering of frequency-band information
in the latent vector, allowing Abel gradients to
propagate directly back to the encoder weights
that processed each frequency band.

Challenge 2: Forward Abel loss has a gra-
dient singularity near foF2. Even with the
spatial latent fix, training with the forward Abel
loss || %[ N]—h’||2 was partially unstable. The inte-
grand p/ = [1 —f;(h)/fQ]_l/2 diverges as f, — f
(i.e., near foF2), producing group refractive index
values up to pl,.. = 50 on a discrete grid. The
gradient OH/ON o< p'? is therefore up to 2500x
larger at near-foF2 heights than at low-frequency
heights. In mixed training, this dominates the
background-loss gradient and drives the Ne pro-
file toward collapse in the early physics epochs.
Clamping p’ at 50 reduced but did not eliminate
the instability.

Resolution: replace the forward Abel loss en-
tirely with the Abel inversion loss (Eq. 77-77).
The observed h'(f) is analytically inverted to a
Ne target Nabel with no forward model in the
computational graph. The training loss is then a
log1g-space MSE between the network prediction
and this fixed target on the observed bottomside:

Z (10g10 N(h

heB

N 2
~ logy, Nabel(h)) .

(8)

abel |B|



Because Nabel is  pre-computed  with
torch.no_grad(), the Abel singularity is
entirely absent from the gradient graph. The
log1g metric is scale-invariant across 4+ orders
of magnitude of Ne and yields gradients of O(1)
at convergence.

A convergence diagnostic
(diagnose_convergence.py)
dependent gradient-step experiments from the
same checkpoint: background-only (Config A),
Abel-only (Config B), monotone-only (Config C),
and Abel4+BG (Config D). A healthy Config B
shows a DECREASING Abel loss; a pool-
based encoder or forward Abel loss produces
FLAT/INCREASING.

4.3 Stage 2: Station-specific
tuning (data assimilation)

tool

runs four in-

fine-

The foundation model is adapted to a specific
ionosonde by fine-tuning on real (unannotated)
soundings using no labeled true-height profiles.
Real virtual-height observations h/, _ from filtered
echo DataFrames (RIQ files via EchoExtractor
+ IonogramFilter) are binned into the same
Ny = 141 frequency grid and Abel-inverted using
Eq. (?7?) to produce the observation-based Ne
target.

The Stage 2 loss retains only the physics and
monotone terms:

Z (108;10 N(h

heB

N 2
)‘¢ ‘B’ 10g10 Nabel(h))

Abel inversion obs. cost

1
+An 5 D ReLU(ASy +€) - 1[h > hpear],
h
h

topside monotone
(9)
with no background term (A, = 0) — the Stage 1
prior is implicitly encoded in the initial weights
and preserved by the low fine-tuning learning
rate.
The mapping to 4D-Var is exact:

4D-Var concept This framework

Background Stage 1 prior
trained weights)
Real ionogram h/
Abel inversion (Eq. 77?)
FiLM prior, fine-tuning
LR

Fine-tuned N (h)

(IRI-
Observation y
Obs. operator

Bg. covariance B

Analysis x4

During Stage 2, the FiLM generator parame-
ters can optionally be frozen (--freeze film)
to preserve the global geophysical condition-
ing learned from IRI; only the encoder/decoder
weights are updated. 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

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)
will ship with the package.

Zero-dependency inference

5.2 Drop-in API replacement

NNTrueHeightInversion will
an identical interface to the
TrueHeightInversion (POLAN) class:

# Existing POLAN

edp = TrueHeightInversion(
monotone_enforce=True

) .fit_from_df (o_df)

expose
existing

# NN-POLAN same output
edp = NNTrueHeightInversion(
weights="wi937_v1",
conditioning={"Kp": 2.3,
"F107": 145.0}
).fit_from_df (o_df)

same call,

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/
config.py
forward_model.py

# typed NNCfg dataclass
# F_GRID_MHZ, H_GRID_KM,
#  forward_scalar/batch
inversion_nn.py # NNTrueHeightInversion [
planned]
network.py
planned]
training/
architecture.py
params)
physics_loss.py

# NumPy-only inference [

# NNPolan (1.43 M

# PhysicsLoss,



#
abel_invert_batch,

#
torch_forward_batch
synthetic_data.py # IRI shard
generation
trainer_stagel.py # Stage-1 training
loop
trainer_stage2.py # Stage-2 real-echo

fine-tuning
diagnose_convergence.py #
health check

per-loss gradient

diagnose_physics.py # forward-Abel self-
consistency
test_inference.py # 3-panel visual
validation

weights/ # [planned, post-
training]

global_v1.npz
wi937_v1.npz

6 Comparison with Prior Work

No Global Phys. Open
Method labels prior loss src
POLAN [? ] v - - -
QP-seg. [? ] v - - v
CNN [? ] - - - -
VAE [? ] - - - -
This work v v v v

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 FiLM conditioning; (3) the Abel inversion
physics loss is gradient-stable across all frequen-
cies including near-foF2; (4) full open-source de-
ployment.

7 Development Roadmap

1. Synthetic data pipeline — IRI-2020 batch
generation across global grid, 30-year pa-
rameter sweep, temporal train/val/test split.
synthetic_data.py. [Complete]

2. Stage 1 training — FiLM-conditioned CNN
encoder-decoder on IRI data; Abel inversion
loss + warmup curriculum. Full run on VEGA
HPC (V100/A100 nodes, 270 shards, 50-100
epochs). [In progress]

3. Stage 2 fine-tuning — physics-only loss on
WI937 and PL407 archives. [Planned, pending
Stage 1 best.pt/

4. Inference integration — NumPy-only
NNTrueHeightInversion class (network.py,
inversion nn.py), weight export (.npz),
API validation. [Planned]

5. Sporadic-E extension — dedicated E-
region module capable of representing thin
ionized layers at 90-130 km. Requires (i) syn-
thetic Es profile generation (Gaussian peak
on IRI background), (ii) monotone regulariser
restricted to F-region only (h > 150 km),
(iii) Es-aware Abel inversion splitting the trace
at the blanketing frequency f,Es, and (iv) pos-
sible dual-decoder branch for Es parameters
(hEs, foEs, fEs). [Future, v2.0]

6. Journal paper — comparison of POLAN
vs. NN-POLAN on APEP2 eclipse data, iono-
spheric storm case studies, uncertainty quan-
tification. [Target: JGR: Machine Learning
and Computation / Radio Science]

8 Discussion

Why the Abel inversion loss is a non-triv-
ial contribution. The combination of a near-
singular forward operator and a deep feature-
space bottleneck creates a training regime that
fails silently: the network converges on the back-
ground loss, producing visually plausible Ne pro-
files, but the Abel physics constraint is effec-
tively inactive (gradient magnitude near foF2
overwhelms or the pool layer severs it entirely).
Standard remedies — learning-rate tuning, loss
reweighting, gradient clipping — do not resolve
the root cause. The Abel inversion loss is the
structural fix: by moving the singularity outside
the computational graph entirely, gradients are
well-conditioned at every frequency up to foF2.

Why publish before pynasonde v2.07 Cir-
culating this design now serves three purposes:
(i) establishing scientific priority for the IRI-
pretraining + Abel-inversion physics supervision
combination; (ii) gathering community feedback
on architecture choices before implementation is
locked; (iii) inviting collaborators with diverse
ionosonde archives (GIRO network, SuperDARN-
adjacent stations) to contribute Stage 2 fine-
tuning datasets.



Uncertainty quantification. Stage 2’s vari-
ational framing naturally supports posterior un-
certainty estimates: the network’s output uncer-
tainty over N (h) provides height-resolved confi-
dence intervals on the inversion. This is directly
useful for the APEP2 eclipse campaign, where
model-data comparisons require quantified un-
certainty — something POLAN cannot provide.

Extensibility. The FiLM conditioning vector
is not fixed: future versions can condition on
magnetic dip angle, solar zenith angle, assimi-
lated TEC from GNSS, or absorption measure-
ments from riometers, extending the framework
toward a full ionospheric data assimilation sys-
tem. Sporadic-E support is the most immediate
extension target (Section 7, item 5), requiring
relatively contained changes to the data gener-
ation, loss function, and decoder, while keeping
the foundation model architecture unchanged.
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