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Abstract

The ionosphere critically influences Global Navigation Satellite Systems (GNSS),
satellite communications, and Low Earth Orbit (LEO) operations, yet accurate
prediction of its variability remains challenging due to nonlinear couplings between
solar, geomagnetic, and thermospheric drivers. Total Electron Content (TEC), a key
ionospheric parameter, is derived from GNSS observations, but its reliable forecast-
ing is limited by the sparse nature of global measurements and the limited accuracy
of empirical models, especially during strong space weather conditions. In this
work, we present a machine learning framework for ionospheric TEC forecasting
that leverages Temporal Fusion Transformers (TFT) to predict sparse ionosphere
data. Our approach accommodates heterogeneous input sources, including solar
irradiance, geomagnetic indices, and GNSS-derived vertical TEC, and applies pre-
processing and temporal alignment strategies. Experiments spanning 2010-2024
demonstrate that the model achieves robust predictions up to 24 hours ahead, with
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root mean square errors as low as 3.33 TECU. Results highlight that solar EUV
irradiance provides the strongest predictive signals. Beyond forecasting accuracy,
the framework offers interpretability through attention-based analysis, supporting
both operational applications and scientific discovery. To encourage reproducibility
and community-driven development, we release the full implementation as the
open-source toolkit ionopy.

1 Introduction
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lites projected to their vertical equivalent. Accurate vTEC prediction is essential for correcting GNSS
signal delays, particularly during highly dynamic space weather events.

The Madrigal database [6]], maintained by CEDAR and hosted at MIT Haystack Observatory, is
among the largest repositories of upper atmospheric data. It integrates multi-decade observations
from over 159 instruments, including incoherent scatter radars and GNSS-based vTEC, providing
global (albeit sparse) coverage with 5-minute temporal resolution. Sparse GNSS RINEX dat are
instead used by international research groups to generate Global Ionospheric Maps (GIM) of vTEC,
like the one produced by the Jet Propulsion Laboratory (JPL) [7].Comparing GIM products against
Madrigal’s independent observations serves as a standard validation benchmark.
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Despite rich observations, TEC prediction remains challenging due to nonlinear coupling between
solar activity, geomagnetic conditions, and ionospheric response. Empirical models like the Interna-
tional Reference Ionosphere (IRI) [8, 9], though useful for climatology, show reduced accuracy during
geomagnetic disturbances when ionospheric dynamics are most critical. This motivates machine
learning approaches that can capture complex patterns from multi-source data.

Here, we focus on accurate ionospheric prediction by forecasting vTEC using a time-fusion trans-
former architecture, with the sparse GNSS Madrigal dataset serving as the target. Our framework
provides a flexible benchmarking platform that supports probabilistic forecasting, heterogeneous
input sources, and scientific experimentation by accommodating varying input features, time histories,
and resolutions. To foster reproducibility and community-driven innovation, we publicly release our
implementation as ionopy’| offering a foundation for both applied and fundamental ionospheric
research.

"https://cddis.nasa.gov
“https://github.com/spaceml-org/ionopy, accessed 30 August 2025
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2 Background

2.1 Machine Learning and Ionosphere Modeling

The application of machine learning to ionospheric modeling has gained significant momentum in
recent years, driven by the limitations of traditional physics-based and empirical approaches and the
increasing availability of datasets. Early studies have applied classical algorithms such as gradient
boosting (XGBoost) and Multi-Layer Perceptrons (MLP) to predict the global state of the ionosphere
[LO, [11], while more advanced methods, such as Bi-directional Long-Term-Short-Term Memory
(BiLSTM) and transformers, have shown promising results in modeling temporal dependencies,
though sometimes restricted to limited geographic areas. Part of these studies have leveraged the
JPL-GIM as a target data source since it provides a homogeneous set with respect to latitude and
longitude [12| [13]. Instead, some of the regional forecasting models have also used the sparse
GNSS-derived VTEC and demonstrated that modern ML models trained on Madrigal TEC data could
significantly outperform traditional models [14} 15 [16].

The ability to ingest heterogeneous, multi-source data represents a key advantage of machine learning
approaches over empirical and physics-based models. Modern ML models can potentially simultane-
ously incorporate solar activity indices (F10.7, sunspot numbers), geomagnetic activity parameters
(Dst, Kp indices), solar wind parameters, historical TEC observations, or even SDO images, to create
comprehensive predictive frameworks. This multi-modal capability is particularly important for
ionospheric and thermosphere modeling, where the complex interplay between solar, magnetospheric,
and thermospheric processes might require consideration of numerous input variables [[17].

2.2 Temporal Fusion Transformers

We employ Temporal Fusion Transformers (TFT) [[18] to forecast vTEC behavior, leveraging their
state-of-the-art design for multi-horizon time series forecasting with built-in interpretability. TFT
integrates specialized components such as the variable selection network, sequence-to-sequence
LSTM layers to replace positional encodings, and multi-head attention to handle heterogeneous
inputs and temporal patterns common in real-world forecasting.

Key features include the variable selection network, which identifies and weights relevant input
features, critical for ionospheric modeling, where parameter importance varies across conditions.
Moreover, static covariate encoders incorporate time-invariant factors such as location, conditioning
temporal processing with geographic and seasonal/daily contexts. Finally, the sequence-to-sequence
LSTM layers replace positional encoding, better capturing local trends enriched with static infor-
mation. Most importantly, TFT’s interpretable multi-head attention highlights influential time steps
and features, offering transparent insights into relationships between solar activity, geomagnetic
disturbances, and vTEC behavior.

3 Data & Methodology

In terms of input features, day-of-year, longitude, and seconds-in-day are sine/cosine encoded to
preserve cyclical relationships, while other coordinates are standardized or log-normalized depending
on their statistical properties. Target vTEC values are log-transformed and standardized using pre-
computed statistics to address typical skewness in ionospheric measurements. The dataset was
constructed from Madrigal data by selecting ten million samples with as uniform time coverage as
possible over the 2010-2024 period.

The framework integrates diverse data sources with different temporal resolutions, including Ther-
mosphere, Ionosphere, Mesosphere Energetics and Dynamics (TIMED) Solar EUV Experiment
(SEE) Level 3, OMNI solar wind, indices and magnetic field data, JPLD Global Ionospheric Maps,
solar activity proxies (F10.7, M10.7, S10.7, Y10.7), and geomagnetic indices (Dst, Ap). Temporal
alignment and resampling are applied, followed by standardization or log-transformation for highly
skewed data. JPLD data is subsampled to 10 equally spaced global points. Static features (latitude,
longitude, day-of-year) and temporal features (geomagnetic and solar inputs) are aligned, normalized,
and prepared for input into a TFT model.

Input datasets include NASA’s OMNIWeb 1-minute high-resolution data [19]], Ap index from Ce-
lestrack [20,121]], F10.7, M10.7, S10.7, Y10.7 solar proxies [22], TIMED SEE Level 3 solar irradiance



data up to 190nm at 1nm resolution [23], and JPL-GIM dataﬂ [7]. The data was split into training
(about 80%), validation (about 10%), and test (about 10%) sets following a strategy similar to that
used in [12}17]. For each year from 2010 to 2024, one month was held out for validation and another
for testing, with the selected months varying across years. Care was taken to ensure that periods
containing strong geomagnetic storm events were included within the validation and test sets. This
split ensures that the model is evaluated on completely unseen periods of time while maintaining
seasonal and solar activity representativeness, critical for maintaining accuracy to unseen space
weather conditions

4 Results

Table [T] summarizes the outcomes of experiments using the Temporal Fusion Transformer (TFT) with
two attention heads, two LSTM layers, a hidden state size of 64, and a 10% dropout rate. Each row
of the table corresponds to a different experimental setup, where the input features, their historical
time windows (lag), and temporal resolutions (res) were varied. Model performance was evaluated
on a completely held-out test set spanning 2010-2024, using root mean squared error (RMSE) and
mean absolute error (MAE). Both the mean ( ) and standard deviation ( ) of vVTEC (in TEC units,
1 TECU = 1016 electrons/m?) are reported, since these values are available in the Madrigal dataset
and predicted by the TFT. Prediction horizons ranged from 60 minutes up to 24 hours. In bold, the
minimum errors across all experiments are reported.
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Figure 2: Results of Ionopy temporal fusion transformer model with 1 hour lead time (left column)
against ground truth target vTEC data derived from GNSS (right column), and the corresponding
calibrated JPL-GIM map (center column).

Overall, models that incorporated the complete set of features and utilized longer historical time
windows demonstrated superior performance, as anticipated. Importantly, the results demonstrate
that TIMED SEE L3 irradiance data can effectively replace traditional solar proxies, providing
comparable predictive accuracy while offering direct EUV irradiance measurements. Moreover,

*https://sideshow. jpl.nasa.gov/pub/iono_daily/gim for_research/jpld/
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