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Abstract—The Digisonde Portable Sounder (DPS) ionosonde at Hainan Station (19.5°N, 109.1°E; mag-
netic latitude: 11°N) has been monitoring ionospheric conditions since 2002, routinely recording iono-
spheric plasma profiles, sporadic E layers, and Spread-F structures through ionograms. A Spatial Group-
wise Enhanced ConvTransformer (SGE-ConvTransformer) is proposed in this study for spatiotemporal
ionospheric prediction at the Hainan station, with emphasis on Spread-F, enabling a one-hour lead time
with a 15-minute sampling resolution. The SGE module optimizes semantic feature extraction from the
global spatial context, dynamically recalibrating attention to prioritize information-rich regions, such as
F-layer traces, over background noise. To further improve visual clarity, a super-resolution Enhanced Deep
Super-Resolution (EDSR) module is integrated to sharpen the predicted ionograms. Leveraging DPS iono-
sonde data from 2002 to 2015, we constructed a large-scale ionogram sequence dataset comprising 36,240
Spread-F instances and 396,931 non-Spread-F instances, which were further categorized into five distinct
classes. On the 2016 test set, our model achieved an average Spread-F classification accuracy of 90.05%
and a correlation coefficient of 0.8115 for the predicted F-trace. Demonstrating superior robustness under
disturbance conditions, the model maintained high performance during six representative geomagnetically
disturbed intervals (2023-2024), achieving a classification accuracy of up to 95.69%. Furthermore, the
model's generalizability was examined by applying pre-trained weights to data from low-latitude (Brazil,
Peru), mid-latitude (Irkutsk), and high-latitude (Zhigansk) stations. Quantitative Spread-F Classification
Accuracy (SFCA) metrics at low latitudes and qualitative visual assessments across all regions demonstrate
the morphological transferability of our approach across diverse geospatial environments.
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1 Introduction

The ionosphere, a highly dynamic region of Earth’s upper
atmosphere extending from approximately 60 km to more than
1000 km, exerts a profound influence on radio wave propaga-
tion, Global Navigation Satellite System (GNSS) performance,
over-the-horizon radar, and remote sensing applications. Its spa-
tiotemporal variability is driven by complex solar—terrestrial
interactions, including solar radiation, geomagnetic activity,
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thermospheric circulation, and coupling with the lower atmo-
sphere. These interactions give rise to phenomena spanning
from regular diurnal and seasonal cycles to short-lived but oper-
ationally disruptive events, such as equatorial plasma bubbles,
traveling ionospheric disturbances (TIDs), and storm-time iono-
spheric irregularities.

Over the decades, two principal classes of ionospheric models
have been used for specification and forecasting. Numerical phy-
sics-based models, such as the National Center for Atmospheric
Research thermosphere-ionosphere-electrodynamic general circu-
lation model (NCAR/TIE-GCM; Richmond et al, 1992),

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://orcid.org/0009-0008-2585-3946
https://orcid.org/0009-0008-2585-3946
https://orcid.org/0009-0008-2585-3946
https://orcid.org/0009-0003-1275-8302
https://orcid.org/0009-0003-1275-8302
https://orcid.org/0009-0003-1275-8302
https://orcid.org/0009-0001-5624-6515
https://orcid.org/0009-0001-5624-6515
https://orcid.org/0009-0001-5624-6515
https://www.edpsciences.org
https://doi.org/10.1051/swsc/2026015
https://www.swsc-journal.org/
https://creativecommons.org/licenses/by/4.0/

J. Cai et al.: J. Space Weather Space Clim. 2026, 16, 20

Coupled Thermosphere-Tonosphere—Plasmasphere Electrodynam-
ics model (CTIPe; Millward et al., 2001), and SAMI3 (Huba et al.,
2008), solve coupled equations for ion momentum, continuity, and
energy balance. They can explicitly resolve multi-physics pro-
cesses during both quiet and disturbed conditions, but require
extensive geophysical inputs and are computationally intensive,
limiting their real-time usability. By contrast, empirical and statis-
tical models, exemplified by the International Reference Iono-
sphere (IRI; Bilitza et al., 2017) and NeQuick (Radicella &
Leitinger, 2001), rely on decades of observations to produce cli-
matological averages of ionospheric parameters such as foF2
and hmF2. They operate at low computational cost and were
robust for long-term mean-state specification, but inherently
smooth over short-term, nonlinear disturbances, especially during
geomagnetically active periods, because they represented multi-
day to monthly averages, rather than hour-scale dynamics (Pignal-
beri et al., 2021; Cherniak & Zakharenkova, 2016; Nava et al.,
2008).

To bridge predictive skill gaps, data-driven approaches, par-
ticularly recurrent neural networks (RNNs) and their gated vari-
ants, have been widely adopted for ionospheric modeling and
ionospheric parameter forecasting. For example, LSTM-based
networks have been used to predict foF2 variations (Li et al.,
2021; Yang et al.,, 2023), TEC dynamics (Ren et al., 2024),
storm-time foF2 (Thammavongsy et al., 2023), ROTI for equa-
torial plasma bubble characterization (Zhao et al., 2025), and
global TEC reconstruction in combination with IRI-2020
(Gao et al., 2024b). ConvGRU and ConvLSTM have also been
applied to reconstruct two-dimensional ionospheric fields such
as TEC maps (Gao et al., 2024b) and ionograms (Gao et al.,
2024a). While LSTM and GRU mitigate vanishing-gradient
issues and capture temporal dependencies, their iterative mul-
ti-step strategies tend to accumulate prediction errors, and their
capacity to model highly nonlinear spatiotemporal structures,
especially those embedded in both background diurnal cycles
and transient storm-time perturbations, remains limited.

The digital ionosonde is among the most comprehensive
ground-based diagnostic tools for monitoring both the back-
ground ionospheric condition and disturbed states. By transmit-
ting vertically directed HF pulses and recording their echoes,
ionosondes produce ionograms, frequency—virtual height plots
from which full vertical electron density profiles for the
E, F1, and F2 layers can be derived (Hargreaves, 1992). Param-
eters such as foF2 (F-layer critical frequency), hmF2 (F-layer
peak height), h'F (bottomside virtual height), and TEC can be
directly extracted (Reinisch & Huang, 1983; McNamara et al.,
2008). Beyond background specification, ionograms reveal dis-
turbed conditions such as Spread-F (SF), traces exhibiting ver-
tical and/or horizontal spreading due to plasma irregularities,
large-scale equatorial plasma bubbles, or small-scale turbulence.
At low latitudes, SF is typically classified into frequency spread-
F (FSF), range spread-F (RSF), strong range spread-F (SSF),
and mixed spread-F (MSF) (Shi et al., 2011), each linked to dis-
tinct instability drivers, including Rayleigh—Taylor instability,
gradient—drift instability, seed perturbations from atmospheric
gravity waves, wind shear, and TIDs (Abdu et al., 2003; Kelley,
2009).

Accurately forecasting a full ionogram entails predicting not
only scalar parameters (e.g., foF2 trends) but also the morphol-
ogy of the entire ionospheric vertical structure under varying

geophysical conditions. Owing to this complexity, previous
studies have typically decomposed the task into narrower sub-
problems. For parameter prediction, prior efforts have focused
on forecasting individual quantities such as foF2 (Li et al.,
2021; Yang et al., 2023), the occurrence probability of range
Spread-F (RSF) (Thammavongsy et al., 2020, 2023), total elec-
tron content (TEC) variations (Ren et al., 2024), or ROTI
anomalies for equatorial plasma bubble characterization (Zhao
et al., 2025). For event occurrence prediction, approaches have
included equatorial Spread-F (ESF) and general SF detection
using classifiers based on handcrafted features (Pillat et al.,
2015; Lan et al., 2018), convolutional neural network (CNN)-
based morphological recognition (Lan et al., 2020; Luwanga
et al., 2022; Benchawattananon et al., 2024), and ensemble
learning for regional ESF occurrence forecasting (Gao et al.,
2025). More recently, generative approaches, notably GAN-
based methods such as IonoGAN (Qiu et al., 2025), have
reframed ionogram prediction explicitly as an image generation
problem, aiming to preserve the spatial structures and morpho-
logical integrity of ionograms rather than reducing the task to a
limited set of scalar outputs.

During geomagnetic storms and post-sunset instability
growth phases, the ionosphere undergoes complex multi-phy-
sics coupling involving electrodynamics, plasma transport,
and atmospheric wave forcing. For example, the initiation of
ESF is influenced by a combination of factors, including back-
ground electron density gradients, unstable electrodynamic con-
figurations driven by pre-reversal enhancement (PRE),
penetration electric fields, and disturbance dynamo effects, as
well as small-scale seed perturbations that are amplified through
Rayleigh—Taylor and gradient—drift instabilities. Climatological
models such as IRI and NeQuick, which average over multi-
week to monthly timescales, are inherently unable to resolve
the hour-scale nonlinear evolution associated with these pro-
cesses, and thus can only provide probabilistic occurrence esti-
mates rather than detailed morphological forecasts during
disturbed conditions. Similarly, statistical regression and classi-
cal time-series models (e.g., ARIMA) fail to capture the coupled
evolution of slow-varying background trends, such as diurnal
and seasonal cycles, and rapid transient disturbances that occur
on storm—substorm timescales.

In this work, we frame future ionospheric condition fore-
casting in terms of full ionogram sequence prediction, as iono-
grams provide a comprehensive representation of the
ionosphere’s vertical structure, including both quiet-time back-
ground parameters and disturbed features. This formulation
allows the forecasting framework to encapsulate both the
large-scale background state and small-scale transient irregular-
ities, delivering a complete morphological prediction of the
ionosphere. A generative sequence-to-sequence forecasting
model directly operating on ionogram time series offers a uni-
fied framework to capture both the evolving background state
and transient disturbed features, including the initiation and
development of SF patterns. By treating ionograms as spa-
tiotemporal fields, the model can encode physical morphology
implicitly, preserving relationships between height- and fre-
quency-dependent features, while learning from sequential
dynamics over forecast horizons of several hours.

While recurrent neural network (RNN) variants such as long
short-term memory (LSTM) and gated recurrent units (GRU)
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Figure 1. The whole process to predict 1-hour ahead ionograms from a 2-hour input sequence.

have been applied to ionospheric forecasting, they remain sub-
ject to inherent limitations. Iterative multi-step prediction
schemes tend to accumulate errors; their inherently sequential
processing hinders parallelization, and the fixed dimensionality
of hidden states constrains their ability to capture the full com-
plexity of spatiotemporal patterns. ConvLSTM/ConvGRU
architectures offer improved spatial representation, yet still
struggle with long-range dependency modeling. In contrast,
Transformer-based architectures (Vaswani et al., 2017) leverage
a self-attention mechanism to model dependencies across all
time steps simultaneously, enabling efficient parallel computa-
tion and enhancing scalability, computational efficiency, and
stability over extended forecasting horizons.

Therefore, we address the limitations of prior methods by
proposing a Spatial Group-wise Enhanced ConvTransformer
framework for ionogram sequence prediction. Unlike parame-
ter-by-parameter LSTM forecasts, ConvTransformer (Liu
et al., 2020) models ionogram sequences with multi-head con-
volutional attention, simultaneously capturing local high-fre-
quency structures (important for SF morphology) and
contextual evolution patterns over timescales from tens of min-
utes to an hour. This enables the model to detect and propagate
transient perturbation signatures while maintaining background
continuity. The Spatial Group-wise Enhancement (SGE) mod-
ule (Li et al., 2022) selectively amplifies informative spatial
groups, enhancing semantic extraction from the F-region layer,
where most SF-related structures develop. To ensure predicted
ionograms preserve fine-scale morphological fidelity, an
Enhanced Deep Super-Resolution (EDSR) module is applied
to enhance spatial clarity and mitigate blurring common in gen-
erative tasks. Crucially, comparative experiments demonstrate
that the proposed model outperforms existing advanced meth-
ods, exhibiting superior predictive stability and minimizing per-

formance variance even under complex storm-time conditions.
Furthermore, to verify the model’s physical consistency beyond
the training site, we conducted a zero-shot cross-site evaluation.
Quantitative tests on two additional low-latitude stations (For-
taleza, Brazil, and Jicamarca, Peru) confirmed robust perfor-
mance across distinct longitudinal sectors, while qualitative
inspections on mid- and high-latitude stations (Russia) demon-
strated the model's ability to reconstruct fundamental trace struc-
tures even in unseen climatological regions. By predicting the
entire ionogram, the model provides a holistic forecast of the
ionospheric vertical structure, offering both operational and sci-
entific value in monitoring and understanding space weather
dynamics.

2 Data and methods

At the Chinese Meridian Project low-latitude station in Hai-
nan (Hainan Fuke, 19.5°N, 109.1°E, magnetic latitude 11°N),
the ionograms have been produced since 2002 and typically
have a temporal resolution of 15 minutes. Since the Spread-F
events always last 1-4 hours, in this paper, we seek to accu-
rately generate the next 4 ionograms (1 hour) to assess iono-
spheric variations and choose an ionogram sequence with
8 ionograms (2 hours) in the past as input. The entire workflow
is illustrated in Figure 1.

2.1 lonogram sequence dataset

To capture both short-term precursors and overall variation
trends, each training sample was defined as a sequence of
12 consecutive ionograms, corresponding to a three-hour obser-
vation window. Following an approach similar to that of
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Gao et al. (2024a), a total of 517,331 chronologically recorded
ionograms, spanning from 2002 to 2015, have been manually
labeled into five categories and processed into 75,930 sequences.
The dataset comprises 10,505 frequency spread-F (FSF)
sequences, 4,848 range spread-F (RSF) sequences, 14,111 mixed
spread-F (MSF) sequences, 6,776 strong range spread-F (SSF)
sequences, and 39,690 sequences without any spread-F signa-
tures. These sequences were randomly divided into a training
subset (80%) and a validation subset (20%). We retained an
entirely independent test set, containing 47,278 ionogram
sequences collected in 2016, which is completely disjoint from
the training and validation sets. This test set was used to evaluate
the performance of the proposed model, thereby ensuring an
unbiased assessment of its generalization capability.

For the quantitative evaluation (specifically the Spread-F
Classification Accuracy (SFCA) metric, defined in Section 2.4)
on the 2016 test set, a unified validation strategy was adopted:
the Spread-F labels for both the ground truth and predicted iono-
grams were determined by the same pre-trained automatic clas-
sifier (Wang et al., 2023). While this strategy provides an
objective and scalable benchmark for relative model compar-
ison, we explicitly acknowledge that it does not constitute an
independent physical ground truth. Consequently, there is an
inherent risk of classifier bias propagation, as the absolute eval-
uation performance is implicitly bounded by the auxiliary clas-
sifier's limitations. Therefore, the SFCA should be interpreted
primarily as a measure of relative semantic consistency under
a fixed automated standard, rather than a direct measurement
of absolute physical forecasting skill. To mitigate this bias and
ensure scientific rigor, our evaluation framework does not rely
solely on SFCA; it is robustly complemented by the Absolute
Value of the Correlation Coefficient for the F-trace (AVCC-F)
metric (Which directly quantifies fine-scale vertical structure cor-
relation, also described in Section 2.4) and comprehensive mor-
phological visual inspections.

2.2 Spatial group-wise enhanced ConvTransformer

The ConvTransformer model (Liu et al., 2021) integrates the
representational power of Convolutional Neural Networks
(CNNs) with the global dependency modeling capability of
self-attention mechanisms, making it particularly well-suited
for longer-range spatiotemporal prediction tasks. Its architecture
comprises three primary components: an encoder, a decoder,
and a positional encoding module. The encoder leverages a
multi-head convolutional attention mechanism in conjunction
with a two-dimensional convolutional feed-forward network
to capture both local spatial structures and long-range temporal
dependencies within the input image sequence, thereby produc-
ing a compact yet information-rich spatiotemporal representa-
tion. The decoder processes this latent representation through
additional convolutional attention and 2D convolutional feed-
forward layers, before generating the final predicted images
via a convolutional layer with sigmoid activation to constrain
pixel intensities to the valid range. To preserve temporal order
information that is otherwise lost in pure convolutional process-
ing, the positional encoding module employs sine and cosine
functions of varying frequencies to embed temporal indices
directly into the feature space, enhancing the model’s ability

to learn sequential dependencies. This design enables
ConvTransformer to simultaneously exploit fine-grained spatial
detail and long-horizon temporal correlations, addressing limita-
tions inherent in purely recurrent or convolutional architectures.

Spatial Group-wise Enhance (SGE) was introduced by Li
et al. (2022). This method was designed to enhance feature
learning in convolutional neural networks (CNNs) by grouping
spatial features and applying group-wise normalization and
attention mechanisms. The core idea of SGE is to divide the fea-
ture map into multiple groups along the channel dimension and
process each group independently. This allows the model to
focus on distinct spatial regions, capturing fine-grained details
and improving the representation of local features. By combin-
ing group-wise processing with attention mechanisms, SGE
enhances the model's ability to emphasize important spatial
information while maintaining global context. This makes it
particularly effective for tasks requiring precise spatial feature
extraction, such as image segmentation, object detection, and,
in this study, ionogram prediction.

In our research, particular emphasis is placed on the F-layer
region of ionograms, with the objective of analyzing and char-
acterizing the developmental trends of the ionospheric F-layer in
the predicted ionogram sequences. This focus enables the detec-
tion of Spread-F phenomena and the identification of their
specific morphological types. Consequently, the proposed net-
work is explicitly designed to allocate greater representational
capacity to the F-layer region. To this end, the Spatial Group-
wise Enhancement (SGE) module is integrated into the
ConvTransformer architecture as a natural extension. As illus-
trated in Figure 2, within the integrated framework, the SGE
module selectively amplifies salient local spatial features, partic-
ularly in the F-layer, while the multi-head attention mechanism
of the ConvTransformer captures long-range dependencies and
temporal correlations across the sequence. This synergistic com-
bination equips the framework with the capability to effectively
model multi-hour spatiotemporal context, thereby enhancing its
suitability for high-fidelity ionogram prediction tasks.

2.3 Super-resolution EDSR model

Although the integration of the SGE module with the
ConvTransformer yields measurable improvements across mul-
tiple evaluation metrics, the visual clarity of the predicted iono-
grams remains insufficient for precise interpretation. To address
this limitation, a post-processing stage based on the Enhanced
Deep Super-Resolution (EDSR) network (Lim et al., 2017) is
incorporated into our framework. EDSR employs a deep resid-
ual learning strategy to enhance spatial resolution and recover
fine-grained structural details. In our implementation, the net-
work is trained directly on Hainan ionograms, leveraging their
relatively simple visual patterns to achieve convergence within
a limited number of training epochs (Gao et al., 2024a). By
refining the intermediate outputs of the SGE-ConvTransformer,
the EDSR module produces high-clarity ionograms that pre-
serve both large-scale morphology and subtle layer structures.
This enhancement not only improves the perceptual quality of
the forecasts but also provides a more reliable basis for subse-
quent analyses of ionospheric phenomena, including the identi-
fication and classification of Spread-F events.
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2.4 Quality evaluation metrics

In assessing the quality of the predicted ionograms, our
evaluation framework goes beyond conventional image recon-
struction metrics such as mean squared error (MSE), structural
similarity index (SSIM), and peak signal-to-noise ratio (PSNR),
which, while valuable for measuring generic visual fidelity, do
not fully capture the geophysical relevance of ionospheric data.
To bridge this gap, we introduce two ionospheric domain—speci-
fic metrics: Spread-F Classification Accuracy (SFCA) and the
Absolute Value of the Correlation Coefficient for the F-trace
(AVCC-F). These metrics are designed not only to quantify
reconstruction accuracy but also to directly reflect the scientific
utility of the predicted ionograms in space weather research and
operational monitoring.

To evaluate the semantic consistency between the predicted
and ground truth ionograms, we introduce a metric termed
Spread-F Classification Accuracy (SFCA). This metric utilizes
a pre-trained classification model (Wang et al., 2023), serving
as an auxiliary discriminator, to determine the occurrence and
specific type of Spread-F. Formally, we define SFCA using an
indicator function II(-). For a given sample, if the classification
result of the predicted ionogram matches that of the ground
truth, implying that the model correctly captured the Spread-F
characteristics, the function returns 1; otherwise, it returns 0.
Consequently, SFCA is defined as the proportion of total sam-
ples for which the auxiliary discriminator yields identical classi-
fication labels for both the predicted and ground truth
ionograms. Mathematically, it is expressed as:

SFCA = > 11(C(3) = C0v)) (1)

where N denotes the total number of test samples, y; represents
the ground truth ionogram, and y; denotes the corresponding
predicted ionogram. Additionally, C(-) refers to the pre-trained
auxiliary discriminator, which determines the occurrence and
specific type of Spread-F based on the class with the highest
output probability score (argmax). And I/(-) is the indicator
function that equals 1 if the classification results are consistent,
and 0 otherwise. Furthermore, the final reported SFCA repre-
sents the average accuracy calculated frame-by-frame across
the entire 4-step prediction window.

In contrast, the AVCC-F metric quantifies the correlation
between the F-traces extracted from the predicted ionograms
and the ground truth observations. Here, the F-trace is defined
as the lower envelope of the ordinary wave (O-mode) echoes.
Given that the frequency components (abscissa) are identical
for both traces, the comparison is effectively reduced to an
evaluation of their virtual height vectors. Let #°7 and A"
denote the virtual height vectors of the F-trace for the ground
truth and predicted ionograms, respectively. Consequently,
AVCC-F is defined as the absolute value of the Pearson corre-
lation coefficient (p) between these two vectors:

Cov(h°"h"™)
O_(hGT) .o (hPre)

AVCC —F = |p(h"h"™)| =

) (2)

where Cou(-) denotes the covariance and o () represents the
standard deviation. We define AVCC-F using the absolute

Pearson correlation to standardize the range to [0, 1], thereby
quantifying the magnitude of structural similarity. This formula-
tion prevents statistical cancellation during aggregation and
ensures scale consistency with other metrics like SFCA. The
AVCC-F metric specifically evaluates the reconstruction accu-
racy of the F-layer's fine-scale vertical structure. This ensures
that the model not only captures large-scale features but also
preserves high fidelity in subtle layer characteristics, particularly
during ionospheric quiet periods.

Together, SFCA and AVCC-F extend evaluation beyond
image-level similarity, enabling a scientifically grounded assess-
ment that balances model performance in both disturbed and
quiet ionospheric regimes. By incorporating these metrics into
the testing process, the framework is guided toward producing
outputs that are not only visually convincing but also scientifi-
cally meaningful, thereby ensuring the reliability of subsequent
analyses and the credibility of conclusions drawn from the pre-
dicted ionograms.

3 Experimental results

In this section, we detail the experimental configuration and
full training process for the Spatial Group-wise Enhanced
ConvTransformer. The investigation commenced with a system-
atic exploration of the key hyperparameters in the baseline
ConvTransformer, with the objective of maximizing predictive
skill across both quiet and disturbed ionospheric conditions.
Once the optimal configuration was established, the Spatial
Group-wise Enhancement (SGE) module was incorporated into
the architecture. Its contribution was rigorously evaluated using
domain-relevant assessment strategies, including expert-driven
qualitative inspection of ionogram morphology and quantitative
metrics encompassing both general image reconstruction mea-
sures (e.g., MSE, SSIM, PSNR) and ionospheric-specific indi-
cators (e.g., SFCA, AVCC-F), and diagnostic assessments of
classification reliability (e.g., Confusion Matrix, F1-score). This
integrated evaluation framework ensured that the observed per-
formance improvements were not only statistically significant
but also scientifically meaningful within the context of iono-
spheric forecasting.

All experiments were performed on a Dell workstation
equipped with dual NVIDIA GeForce RTX 3090 Ti GPUs.
The principal hyperparameters employed in the experiments
are summarized in Table 1. The implementation was developed
using the PyTorch framework, building upon the publicly avail-
able codebase.'

Each ionogram in the input sequence is represented as a
224 x 224 x 3 array, where 224 x 224 denotes the spatial res-
olution and the final dimension of “3” corresponds to the RGB
color channels. The “Batch_Size” was set to 6, a value deter-
mined by the available GPU memory capacity, balancing com-
putational efficiency and memory constraints. Within the
ConvTransformer architecture, “Num_layers” specifies the
number of stacked encoder and decoder layers, directly influ-
encing the network’s capacity to model complex spatiotemporal
dependencies. “D_layer” denotes the dimensionality of the hid-
den representations in each layer, which governs the expressive-
ness of the learned features. Both “Num_layers” and “D_layer”

! https://github.com/iamrakesh28/Video-Prediction/
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Table 1. Hyperparameters for Our SGE-ConvTransformers.

Parameters Value Unit/Description
Input_Shape 224%224*3 pixels x pixels x channels
Batch_Size 6 number of ionogram sequences
Num_layers 2/3/4/5 number of layers

D layer 8/16/32 number of dimensions
Num_heads 4 number of heads
Filter_size 3*3 pixels x pixels

Epoch 50 epochs

Optimizer Adam -

Table 2. SFCA comparison of different hyperparameter combinations (%).

Hyperparameters Average Pred 1 Pred 2 Pred 3 Pred 4

D_layer 2 8 4 3x%3 88.64 88.75 88.64 88.60 88.57
2 16 4 3x3 88.67 88.77 88.67 88.64 88.62

2 .32 4 3x3 88.78 88.88 88.85 88.71 88.67

Num_layers 332 4 3%3 88.84 89.03 88.80 88.77 88.76
4 32 4 3x3 88.86 88.82 88.84 88.90 88.87

532 4 3x3 88.99 88.95 89.02 88.98 89.02

are critical hyperparameters whose optimal values were identi-
fied through a series of comparative experiments. The parameter
“Num_heads” refers to the number of attention heads in the
multi-head convolutional attention mechanism. Increasing the
number of heads allows the model to capture a broader range
of spatial-temporal patterns in parallel, albeit with higher com-
putational cost. The “Filter_size” was set to 3 x 3, corresponding
to the kernel size of the convolutional layers, a widely adopted
choice that balances local feature extraction with computational
efficiency. The networks were trained for 50 epochs using iono-
gram sequences from the Hainan station dataset. Gradient
updates were conducted using the “Adam” optimization algo-
rithm in combination with the chosen optimizer, facilitating effi-
cient backpropagation and convergence.

As mentioned above, the ionogram sequences from 2016
were used as an independent test set to evaluate the performance
of the proposed SGE-ConvTransformer in all subsequent exper-
iments, ensuring a fair assessment of its generalization
capability.

3.1 Two key hyperparameters

The number of encoder—decoder layers (Num_layers) and
the hidden dimension of the ConvTransformer layers (D_layer)
are two critical hyperparameters in the ConvTransformer frame-
work (Liu et al., 2020). A series of experiments was first con-
ducted to identify the optimal combination of these
parameters. As shown in the “Hyperparameters” column of
Table 2, the four entries correspond to Num_layers, D _layer,
Num_heads, and Filter_size, respectively. The results indicate
a clear upward trend in the SFCA metric as the hidden-layer
dimension increases. The configuration “2 32 4 3 x 3”
yielded the highest SFCA score of 88.78%. Furthermore, fixing
the hidden-layer dimension at 32 reveals that increasing the
number of encoder—decoder layers leads to additional improve-
ments in SFCA, consistent with the widely recognized principle
in deep learning that deeper architectures generally exhibit
stronger feature-extraction capability. Based on these results,

the optimal hyperparameter configuration for the baseline
ConvTransformer was determined to be five encoder—decoder
layers, a hidden-layer dimension of 32, four attention heads in
the multi-head attention mechanism, and 3 x 3 convolution ker-
nels in the convolutional layers. Under this setting, the baseline
ConvTransformer achieved an SFCA of 88.99%.

3.2 The SGE module

In the SGE method, the number of groups (G) plays a crit-
ical role in determining the granularity of distinct semantic sub-
features. When the total number of channels is fixed, an exces-
sively large G reduces the dimensionality of the sub-features
within each group, resulting in weaker and less discriminative
feature representations for individual semantic responses. On
the other hand, an insufficient number of groups may constrain
the diversity of semantic features, limiting the model's ability to
capture nuanced spatial patterns. Therefore, selecting an optimal
G is essential to balance feature richness and representation
strength, ensuring robust and diverse semantic feature extrac-
tion. In the following experiments, three configurations of the
Spatial Group-wise Enhance module were tested: the first con-
figuration excluded the SGE module entirely, the second
divided the embedded image features into 4 groups, and the
third divided them into 16 groups.

To rigorously assess the contribution of the SGE module to
the ConvTransformer architecture, we employed both iono-
sphere-specific performance indicators and conventional image
quality metrics. Table 3 presents the results for two key iono-
spheric metrics: SFCA and AVCC-F. Among all tested config-
urations, the 16-group SGE-ConvTransformer achieved the best
overall performance. This configuration not only demonstrated
an enhanced ability to predict the occurrence of Spread-F phe-
nomena and accurately classify their morphological types, but
also produced more realistic F-trace reconstructions within the
F-layer region. The observed improvement in SFCA reflects
the model’s strengthened capability to detect and differentiate
fine-scale ionospheric irregularities, while the gain in AVCC-F
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Table 3. Comparison of three ConvTransformer networks.

Hyperparameters SFCA (%) AVCC-F

Average Pred 1 Pred 2 Pred 3 Pred 4 Mean Variance
532 4 3x3 88.99 88.95 89.02 88.98 89.02 0.6704 0.0866
532 4 3x3 4G 89.03 89.05 89.03 89.04 89.00 0.6794 0.0860
532 4 3x3_16G 89.22 89.22 89.28 89.26 89.13 0.7013 0.0846
Table 4. Comparison of three ConvTransformer networks.

Hyperparameters MSE] SSIMT PSNRT LPIPS| Mutual Information?
532 4 3x3 0.0031 0.9100 25.7352 0.0953 0.9817
532 4 3x3_4G 0.0029 0.9180 26.0870 0.0931 1.0427
532 4 3x3_16G 0.0029 0.9384 26.1525 0.0836 1.0700

|~ Inputs -}- Ground Truth and Predictions >
t=1 =2 =3 t=4 t=5 t=6 =7 =8 =9 =10 =11 =12
ConvTransformer

SGE_ConvTransformer

SGE_ConvTransformer+EDSR

Gao’s method

Figure 3. Visual comparison of predicted ionograms by convtransformer variants and Gao’s method.

indicates improved fidelity in representing the background
F-layer structure, both of which are critical for understanding
the physical evolution of ionospheric disturbances. Notably,
for the AVCC-F metric, critical for quantifying the fidelity of
F-layer structure reproduction under both quiet and disturbed
ionospheric conditions, the 16-group SGE-ConvTransformer
improved the score from 0.67 (baseline) to 0.70, representing
a gain of more than 0.03.

As presented in Table 4, a suite of conventional image qual-
ity metrics, including mean squared error (MSE), structural sim-
ilarity index measure (SSIM), peak signal-to-noise ratio
(PSNR), Learned Perceptual Image Patch Similarity (LPIPS),
and mutual information, was employed to assess the clarity,
structural fidelity, and overall visual quality of the predicted
ionograms. The results clearly demonstrate that the 16-group
SGE-ConvTransformer consistently outperforms all other con-
figurations across every evaluated parameter, confirming that
partitioning the embedded features into 16 groups yields more
effective feature representation than using only 4 groups. Con-
sequently, the 16-group configuration was selected as the opti-
mal architecture for our ionogram prediction tasks.

3.3 Super-resolution

In terms of visual quality, the integration of the SGE module
substantially enhances the performance of the ConvTrans-
former. As shown in Figure 3, the predicted ionograms in the
third row on the right exhibit notably greater structural fidelity
and clarity compared with those produced by the baseline model
without SGE. Nevertheless, when compared with the corre-
sponding ground truth (GT) ionograms, the F-layer region still
presents suboptimal sharpness, which may limit the precision of
subsequent scientific analyses. To address this limitation, a
super-resolution post-processing step, based on a pre-trained
EDSR network (Gao et al. 2024a), was applied to the SGE-Con-
vTransformer outputs. The resulting ionograms (the fourth row
in Figure 3) exhibit markedly improved morphological fidelity
within the F-layer region, along with enhanced overall image
clarity. The bottom row of Figure 3 presents the results obtained
by the Gao et al. (2024a) model. Since their ConvGRU-based
approach is sequential and originally limited to predicting only
the next 2 frames, we employed a recursive strategy to extend
the prediction to the four frames.
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Table 5. Comparison of three ConvTransformer networks after super-resolution.

Hyperparameters SFCA (%) AVCC-F
Average Pred 1 Pred 2 Pred 3 Pred 4 Mean Variance
532 4 3x3 89.04 89.14 89.07 88.99 88.96 0.7972 0.0844
532 4 3x3 4G 89.13 89.15 89.13 89.14 89.10 0.8060 0.0710
532 4 3x3 16G 90.05 90.17 90.17 90.06 89.80 0.8115 0.0781
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Figure 4. Confusion matrix for the binary detection task (SF vs non-
SF) evaluated on the class-balanced test subset.

The visual comparison indicates that our SGE-ConvTrans-
former can generate slightly richer echo content than the recur-
sive baseline. Even at the initial forecasting steps ( = 9 and
t = 10), our model preserves more morphological details com-
pared to Gao’s model. This disparity becomes more distinct in
the subsequent frames (z= 11 and ¢ = 12). As the prediction time
extends, Gao’s model shows signs of rapid echo content loss.
This degradation is attributed to its recursive generation archi-
tecture, where prediction errors inevitably accumulate step-by-
step. In comparison, while our model also experiences minor
signal attenuation, the ConvTransformer's parallel processing
capability allows it to model global temporal dependencies
simultaneously. This approach alleviates the error propagation
inherent in recursive schemes, thereby preserving significantly
more morphological details across the entire sequence.

In addition to the vision-based qualitative comparisons
shown in Figure 3, quantitative evaluations were also conducted
on the 2016 test set using two ionospheric-specific metrics, with
results summarized in Table 5. The 16-Group SGE-ConvTrans-
former model maintained superior overall performance across
all configurations. By comparing Table 3 with Table 5, the fol-
lowing conclusion is obvious. For the SFCA metric, while abso-
lute improvements appeared modest, all three models with
super-resolution outperformed their original counterparts.
Specifically, the model with hyperparameters “5 32 4 3x
3 16G” achieved a 0.83% SFCA enhancement, increasing from
89.22% to 90.05% after super-resolution implementation. More
notably, the annual averaged AVCC-F exhibited substantial
improvement, rising from 0.7013 (variance = 0.0846) to
0.8115 (variance = 0.0781) after super-resolution. This signifi-
cant AVCC-F enhancement is physically meaningful, as sharper

and more structurally accurate ionograms enable more reliable
F-trace extraction, particularly under complex disturbed condi-
tions. Such improvements directly benefit space weather moni-
toring and ionospheric morphology studies, providing
researchers with higher-quality data for both automated algo-
rithms and manual interpretation.

Although the absolute numerical differences for the classifi-
cation metric (SFCA) in Tables 2-3 appear modest, these gains
are highly meaningful within the context of ionogram forecast-
ing. Because the baseline ConvTransformer already achieves
strong predictive performance (approaching 89% accuracy),
the model encounters a “ceiling effect” where large absolute
improvements are inherently difficult to extract from the mor-
phologically ambiguous transitional Spread-F cases. More
importantly, the proposed SGE enhancements demonstrate sys-
tematic advantages across multiple complementary evaluation
criteria, including SSIM, PSNR, and LPIPS (Table 4), indicat-
ing a robust stabilization of the generative quality rather than
incidental fluctuations. Furthermore, while generic image classi-
fication gains are incremental, the physics-specific structural
metric reveals a much more profound impact. The incorporation
of the super-resolution module yields a substantial leap in
AVCC-F (from 0.7013 in Table 3 to 0.8115 in Table 5). This
confirms that the proposed architecture effectively preserves
the fine-scale morphological structures, particularly the F-region
trace and Spread-F boundaries, that are critical for subsequent
geophysical interpretation and space weather monitoring.

3.4 Classification performance diagnosis

While the SFCA and AVCC-F metrics confirm the model's
overall efficacy, the extreme class imbalance in the 2016 test set
(where “Strong Range” samples constitute less than 1% of the
data) can mask the true performance on minority classes. To
address this and ensure a rigorous assessment that reflects both
operational reality and diagnostic precision, we employed a
diagnostic evaluation strategy using a class-balanced subset.

We constructed this balanced subset by randomly sampling
300 images for each Spread-F subtype and 1,200 “non-Spread-
F” images, maintaining a strict 1:1 ratio between Spread-F
(1,200 samples) and non-Spread-F (1,200 samples) events. This
setup allows for a clearer visualization of the model's discrimi-
native capability across different morphological types without
the bias of the majority class.

Figure 4 presents the Confusion Matrix for the binary detec-
tion task (Spread-F vs. non-Spread-F) evaluated on this balanced
subset. A key finding is the model's exceptional Precision for the
“Spread-F” class, reaching 99.62% with only 2 false positives
misclassified as Spread-F out of 1,200 quiet samples. In the
context of space weather forecasting, minimizing false alarms
is often critical to prevent “alarm fatigue” among human
operators.
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However, as highlighted by the confusion matrix, this high
precision comes at the cost of limited sensitivity (Recall =
44.0%), where the number of false negatives (672) significantly
exceeds the true positives (528). This clear precision-recall
trade-off characterizes the SGE-ConvTransformer as a low-
false-alarm but sensitivity-limited predictor. The elevated
false-negative rate is fundamentally tied to both algorithmic
characteristics and the physics of early-stage ionospheric irreg-
ularities. Driven by the MSE loss function, the generative model
tends to smooth out faint, high-frequency textural details in
favor of predicting the structural mean. Consequently, weak,
onset-stage, or morphologically ambiguous Spread-F signatures
are inherently difficult to reproduce faithfully one hour in
advance and are often filtered out, leading to missed detections.

This inherent morphological ambiguity and transitional
overlap between sub-classes also extend to the detailed 5-class
classification, where the model yielded an overall F1-score of
0.62. While this metric might appear modest when compared
to benchmark results in generic artificial intelligence tasks, it
represents a highly competitive and physically meaningful
achievement for Spread-F subtype classification and broader
ionospheric studies. While the model performs robustly in iden-
tifying the “Frequency” type, distinguishing between specific
transitional subtypes (e.g., “Range” vs. “Mixed”) remains a sig-
nificant hurdle. This observation aligns with the conclusions
drawn by Wang et al. (2023), who noted that “it is relatively
easy to determine whether the ionograms show the presence
of Spread-F, but is more challenging to classify the type of
Spread-F based on the image features only”.

Taken together, these diagnostic results confirm that while
capturing every marginal event and achieving perfect fine-
grained typing remain open challenges, the SGE-ConvTransfor-
mer excels at the most critical operational task. When it gener-
ates a Spread-F alert, the prediction is highly credible, validating
its practical utility for operational warning systems.

4 Discussion and analysis

While the experimental results and diagnostic analyses in
Section 3 demonstrated the superior quantitative performance of
the SGE-ConvTransformer on the Hainan dataset, establishing a
model's operational viability requires a more rigorous validation
beyond standard metrics. In this section, we extend the evaluation
to assess the model's performance from multiple dimensions:
morphological fidelity, robustness under extreme conditions, spa-
tial generalization capability, and physical interpretability.

4.1 Fine-grained morphological fidelity and example
analysis

Given that the EDSR module contributes significantly to the
improvement in AVCC-F (from ~0.70 to 0.81), it is critical to ver-
ify that this gain stems from accurate signal restoration rather than
the “hallucination” of non-existent structures. To rigorously vali-
date this, we conducted both visual and quantitative fidelity checks.

Figure 5 presents a visual overlay of F-traces extracted from
the Ground Truth (Green), Pre-EDSR (Blue), and Post-EDSR
(Red) ionograms. As illustrated in Figures 5(a) and 5(b), the
Post-EDSR traces demonstrate tighter adherence to the Ground
Truth compared to the traces before super-resolution. A notable

improvement is observed at the high-frequency tail of the traces,
where the Pre-EDSR predictions tend to be truncated due to
low-resolution blurring. The EDSR module effectively recovers
these faint signals, extending the trace to match the physical
ground truth without generating spurious artifacts or outliers.
Furthermore, we quantified this improvement using the Mean
Absolute Error (MAE) and Dynamic Time Warping (DTW) dis-
tance across the entire 2016 test set. The application of EDSR
reduced the average MAE from 23.77 km to 23.62 km and
the DTW distance from 2749.15 to 2645.62. These results con-
firm that the super-resolution module enhances the physical
fidelity of the ionograms by sharpening genuine features,
thereby facilitating more accurate F-trace extraction for down-
stream analysis.

To provide an intuitive visualization of the model's capabil-
ities and limitations, Figure 6 illustrates representative predic-
tions across distinct ionospheric conditions, ranging from
typical quiet periods to complex failure examples. Overall,
visual inspection of Figure 6 reveals that the model excels in
capturing the principal morphological dynamics of ionograms
while filtering out transient artifacts, including multi-hop echoes
and Sporadic E (Es) layers. Specifically, under non-Spread-F
conditions, the model accurately reconstructed the complete
F-layer echo traces in the ionograms, demonstrating high local-
ization accuracy. In complex scenarios involving Frequency
Spread-F (Fig. 6b) and Range Spread-F (Fig. 6¢), the SGE-Con-
vTransformer effectively preserves the global semantic structure
and distinct spread patterns. Although the generative process
introduces a degree of texture smoothing due to the loss of
high-frequency details, this trade-off significantly enhances
visual clarity by eliminating background clutter, ensuring that
the primary ionospheric features remain distinct and identifiable.

The bottom row, Figure 6(d), presents a challenging sample
that highlights certain limitations of the model. In the prediction
of this sequence, although the model successfully captures the
dominant trends in the morphological evolution of the iono-
grams, yielding shapes that closely resemble the ground truth,
there is a significant discrepancy between the predicted colors
and those of the ground truth. Given that color in these iono-
grams encodes the directionality (Angle of Arrival) of received
echoes, this discrepancy signifies a distortion of directional
information. Such a distortion poses a risk of misleading human
experts during the manual interpretation of signal sources.

The observed chromatic discrepancy can likely be attributed
to two primary factors. First, the architectural design of the SGE
module and convolutional operations is primarily aimed at
extracting “semantic features” and the “global spatial content.”
This design implicitly guides the model to prioritize structural
information (morphology) over textural details (i.e., color infor-
mation). Second, the use of the MSE loss function during train-
ing drives the model to minimize the aggregate prediction error.
Consequently, in the face of uncertainty, the model tends to pre-
dict the statistical mean of the samples, resulting in a smoothing
effect on the color values. Therefore, we explicitly advise that
while the proposed SGE-ConvTransformer is highly effective
for the morphology-oriented forecasting of Spread-F evolution,
it is not yet suitable for operational applications or scientific
analyses requiring reliable Angle-of-Arrival interpretation.
Users must exercise caution and avoid relying on the predicted
color mapping for directional physical studies.
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Ground Truth
Pre-EDSR
Post-EDSR

Ground Truth
Pre-EDSR

Post-EDSR

(a) Non-Spread-F (b) SRange

Figure 5. Detailed visual comparison of the extracted F-traces before and after the application of the EDSR super-resolution module for two
representative ionospheric scenarios: (a) a quiet Non-Spread-F condition and (b) a disturbed Strong Range (SRange) Spread-F condition. The
background images display the corresponding ground-truth ionograms. Within each panel, the solid lines represent the ground-truth F-trace
(green), the SGE-ConvTransformer prediction prior to EDSR refinement (blue), and the final high-fidelity prediction after EDSR post-
processing (red). The insets provide a magnified view of the high-frequency tail regions, illustrating the model's enhanced capability to recover
faint echo signals and extend the trace to match physical observations without generating spurious artifacts.
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Figure 6. Visual comparison of representative four-step, one-hour-ahead ionogram forecasts generated by the SGE-ConvTransformer across
four distinct ionospheric conditions: (a) Non-Spread-F, (b) Frequency Spread-F, (c) Range Spread-F, and (d) a challenging suboptimal
prediction. For each condition (row), the four left panels display the ground-truth observational sequence at consecutive 15-minute intervals
(from ¢ = 9 to ¢ = 12), while the four right panels (from 7= 9 to = 12) display the corresponding model predictions. While cases (a)-(c)
demonstrate the model's proficiency in capturing principal morphological dynamics and global semantic structures, case (d) highlights a
limitation. Although the structural shapes are largely preserved, noticeable chromatic discrepancies occur, indicating a potential distortion in the
Angle of Arrival (directional) information.

interval contains at least one hour with Disturbance Storm Time
(Dst)<—50 nT based on the WDC for Geomagnetism, Kyoto
provisional hourly Dst record. Among them, the 10-17 May

4.2 Performance under extreme conditions

Previous studies have noted that LSTM-based ionospheric

prediction models often suffer from performance degradation
during geomagnetically disturbed periods (Kim et al., 2021).
To evaluate the resilience of the proposed SGE-ConvTransfor-
mer under such conditions, we selected six representative geo-
magnetically disturbed intervals from 2023 and 2024. Each

2024 interval was the most severe, reaching a minimum hourly
Dst of —406 nT.

The comparative performance of our model versus (Gao
et al., 2024a) is illustrated in Figure 7. The upper x-axis denotes
the years, while the lower x-axis identifies the specific disturbed
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Figure 7. Comparison of mean SFCA during six selected geomag-
netically disturbed intervals in 2023-2024. Red circles denote the
performance of the proposed SGE-ConvTransformer, and gray
squares denote the Gao et al. (2024a) baseline. The blue bars
represent the maximum inverse hourly Dst within each labeled
interval, calculated as max[-Dst(t), 0] using provisional hourly Dst
data (UT) from the WDC for Geomagnetism, Kyoto. The upper
x-axis indicates the year, the lower x-axis defines the specific interval,
and larger bar heights correspond to stronger peak geomagnetic
disturbances.

intervals. The left y-axis shows the SFCA values, and the right
y-axis indicates the maximum inverse hourly Dst. In the figure,
the bar heights correspond to the maximum inverse hourly Dst
within each interval, calculated as max[-Dst(t), 0] from the
WDC Kyoto provisional data (UT), with taller bars signifying
greater geomagnetic disturbance intensity. For instances such
as the March and September 2024 cases, which contain partially
overlapping storms, the bar height represents the strongest
hourly disturbance within that selected time window. The red
circles represent the mean SFCA achieved by our SGE-Con-
vTransformer, while the gray squares denote the results from
the Gao et al. (2024a) baseline model.

Notably, our model exhibits robust performance across
intervals with different geomagnetic intensity. During the
September and May 2024 disturbed intervals, our model
achieved accuracies of 92.93% and 95.69%, respectively, out-
performing the Gao model (88.93% and 94.47%). While both
models capture disturbed-time features effectively, our approach
demonstrates slightly better stability, minimizing performance
fluctuation across different levels of geomagnetic disturbance.

This improvement can be attributed to the distinct iono-
spheric morphology induced by intense geomagnetic forcing.
At the low-latitude Tucuman-Argentina station (26.9°S,
294.6°E; magnetic 15.5°S), Gonzalez (2021) found that geo-
magnetic activity creates favorable conditions for the initiation
of ionospheric irregularities, manifested by ionogram Spread-F
and TEC fluctuation. Li et al. (2010) suggested that the simul-
taneous turning of IMF-Bz led to the rapid penetration of the
eastward electric field into low latitudes, enhancing the normal
ionospheric electric field. This process lifted the F-layer, creat-
ing favorable conditions for the development of spread-F.
It was also confirmed by Rastogi et al. (2014) by checking

the spread-F at low-latitude stations around the world during
a magnetic storm.

These physical processes result in stronger morphological
signatures than those observed during quiet times. Unlike the
faint, patchy, or diffusive irregularities characteristic of mild dis-
turbances, storm-induced patterns typically manifest as large-
scale, high-intensity Spread-F signatures, such as deep equato-
rial plasma bubbles with sharp gradients. From a computer
vision perspective, these high-contrast features are more salient
and easier for the Convolutional Neural Network to extract and
classify, which helps explain the relatively high accuracy main-
tained during strongly disturbed intervals. Furthermore, a sec-
ondary factor contributing to this improvement is the
alleviation of data imbalance. Statistical analysis reveals that
the occurrence rate of Spread-F increases significantly during
disturbed intervals. For instance, during the March 23-26,
2023 interval, the Spread-F occurrence rate surged to 19.53%
(225/1,152), nearly triple the annual average of 7.12% (4,266/
59,912). This increased density of positive samples locally mit-
igates the class imbalance inherent in ionospheric datasets,
reducing the model's bias toward the negative class and further
enhancing detection sensitivity.

4.3 Generalization capability: a zero-shot cross-site
evaluation

A critical question remains: does the model's success rely on
overfitting to the specific local trends of the Hainan station? To
address this, we conducted a zero-shot evaluation to assess the
generalization capability of the proposed SGE-ConvTransfor-
mer beyond its primary training site.

We first extended the evaluation to two additional low-lati-
tude stations located in distinct longitudinal sectors: FZAOM
(Fortaleza, Brazil, 3.9°S, 38.4°W) and JI91J (Jicamarca, Peru,
12.0°S, 76.8°W). Although these stations share similar geomag-
netic characteristics with Hainan (19.5°N, 109.1°E), they oper-
ate in different electromagnetic environments. Crucially, the
model, trained exclusively on Hainan data, was directly applied
to these test sets without any fine-tuning.

The experimental results demonstrate robust cross-site per-
formance. For the FZAOM station, utilizing a full-year dataset
from 2016 (1,191 valid sequences), our model achieved a stable
average SFCA of 87.55%. To further validate this resilience, we
tested the model on another randomly sampled dataset of
1,500 sequences from the JI91J station, where it yielded an even
higher average accuracy of 89.01%. This consistent perfor-
mance across three geographically dispersed sites indicates that
the SGE-ConvTransformer effectively captures the fundamental
morphological features of Spread-F, such as characteristic dif-
fuse traces and layer distortions, that are physically consistent
across the equatorial ionosphere, rather than overfitting to site-
specific artifacts or local background trends.

A key advantage of our proposed method lies in its reliance
on pure visual data. Unlike physics-based models that often
require rigorous site-specific parameter calibration, our model
learns to forecast the morphological evolution of traces directly
from image sequences. This characteristic allows the model to
be efficiently deployed on various ionosondes capable of gener-
ating standard ionograms, significantly reducing the barrier for
cross-site application.

Page 12 of 16



J. Cai et al.: J. Space Weather Space Clim. 2026, 16, 20

* ZHIGANSK > |
t=1 t=2 t=3 t=4 t=5 t=6 t=7 t=8
i ,*:H
{ u’"“
e o -~ st -l A;. .'a 4
t=9 t=10 t=11 t=12 =9 =10 =11 =12
ﬂ l . ,n ‘ i
S J."V!! &;Ju g}iigi i | "’"l ilw j
| < Irkutsk >
t=1 t=2 t=3 t=4 t=5 t=6 t=7 t=8
4 i i i AN
J ) ' j - J
t=9 t=10 t=11 t=12 =9 =10 t=11 =12
| | "L
i1 A | 4 i
:,,3 f,g? o 2 i ! » -

Figure 8. Zero-shot generalization results on unseen mid-latitude (Irkutsk) and high-latitude (Zhigansk) stations.

To further explore the limits of the model’s generalization
capability, we extended the visual inspection to regions with dis-
tinct climatological characteristics. We randomly selected repre-
sentative ionogram sequences from a mid-latitude station IR352
(Irkutsk, Russia, 52.3°N, 104.3°E, year 2011) and a high-lati-
tude station ZH466 (Zhigansk, Russia, 66.8°N, 123.4°E, year
2014). As illustrated in Figure 8, even without any fine-tuning
on data from these regions, the model demonstrates a capability
to reconstruct the primary F-layer traces and background
structures.

However, it is important to note that ionospheric dynamics
at high latitudes are governed by different physical mechanisms
compared to low latitudes. A specific limitation arises from the
training data distribution: the Hainan dataset follows a specific
5-class taxonomy for low-latitude Spread-F. Consequently, the
model has not learned specific spread types more common in
other regions, such as “branch” or “slant” spread. When
encountering these unseen morphologies, the model tends to
approximate them as a generic range or frequency spread, lead-
ing to a potential loss of fine-grained structural details. Never-
theless, this zero-shot qualitative success suggests that the
SGE-ConvTransformer has learned robust, generalized visual
representations of ionograms that are not strictly bound to a sin-
gle station’s data distribution. Therefore, we explicitly state that
these zero-shot results should be interpreted strictly as evidence
of morphological plausibility and structural transferability under
out-of-distribution conditions. They do not constitute a validated
measure of physical forecasting skill at mid- and high-latitude

stations, as establishing true predictive capability in these funda-
mentally different regimes would require region-specific quanti-
tative benchmarks and station-level fine-tuning.

4.4 Predictive mechanism and physical interpretability

To rigorously verify whether the model suffers from a char-
acteristic delay, specifically, whether it can anticipate an event
onset without simply extrapolating the state of the immediate
past, we conducted a statistical analysis on “Sudden Onset”
cases within the 2016 test set. We focused on critical transition
sequences where the ground truth remains in a Non-Spread-F
state at the third prediction step (t45m;,) but abruptly transitions
to a Spread-F event at the fourth prediction step (tigomin)- This
scenario presents a rigorous test for the model: a naive predictor
driven by temporal inertia would likely fail to detect the change,
propagating the “quiet” status from the preceding frame. How-
ever, our results demonstrate that the SGE-ConvTransformer
successfully predicted the Spread-F onset in 73.49% of these
challenging cases.

This capability is well-supported by the specific timescales
of ionospheric dynamics. Based on the studies mentioned
above, it is evident that the ionosphere is highly susceptible to
sudden space weather events such as solar flares and geomag-
netic storms, which typically induce abrupt ionospheric changes
on timescales ranging from minutes to a few hours. Although
2-3 hours of historical data may be insufficient to capture
long-term periodicities (e.g., diurnal or seasonal cycles), such
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short-term sequences can effectively characterize the initial fea-
tures of sudden disturbances, including sharp enhancements in
electron density and early gradient changes associated with
the formation of equatorial plasma bubbles (EPBs).

In this context, the ConvTransformer architecture incorpo-
rating convolutional multi-head attention mechanisms is
believed to better extract localized transient features (e.g., spiky
pulses or abrupt gradient changes), outperforming traditional
recurrent models such as LSTMs. Furthermore, the attention
mechanism of ConvTransformer enables the model to learn
and identify temporal dependencies before and after disturbance
events, thereby substantially improving the prediction of iono-
spheric sudden events. This advantage over conventional LSTM
models in capturing nonlinear transient phenomena has been
demonstrated in the original study by Liu et al. (2021).

Another critical question arises regarding the role of external
geophysical drivers (e.g., solar flux, geomagnetic indices),
which are known to govern the generation of Spread-F. While
our current SGE-ConvTransformer relies solely on visual
inputs, it effectively internalizes these physical dependencies.
We posit that the ionogram sequence serves as a high-fidelity,
integrated observational manifestation of the underlying physi-
cal state. For instance, the rapid uplift of the F-layer, a known
precursor to the Rayleigh-Taylor instability driven by pre-rever-
sal enhancement electric fields, is captured as a distinguishable
vertical displacement trend in the input image sequence. Conse-
quently, the model is able to predict the onset of Spread-F by
recognizing these morphological precursors inherent in the kine-
matic history of the plasma, rather than merely identifying exist-
ing spread traces.

This mechanism is supported by our empirical experiments,
which indicated that directly fusing coarse-resolution scalar
indices (e.g., 3-hour Kp) with high-resolution ionogram features
yielded negligible performance gains for short-term (1-hour)
forecasting. This suggests that for nowcasting tasks, the dense
spatiotemporal information encoded in the historical ionograms
provides a sufficient predictive signal, rendering explicit scalar
inputs redundant in this specific architecture. Nevertheless, we
acknowledge that explicitly incorporating these indices remains
a high-value direction for future research, particularly for
longer-term forecasting. As the prediction horizon extends
beyond the immediate kinematic trajectory of the ionosphere,
the "inertia" of the historical image sequence diminishes, mak-
ing external forcing parameters increasingly critical. However, a
central challenge in extending the forecasting horizon is that the
model may begin to capture trend features similar to those of
climatological statistical models like IRI or NeQuick, thereby
diminishing its sensitivity to the instantaneous, transient varia-
tions that characterize Spread-F events.

5 Conclusions

In this work, we have developed an end-to-end framework
for ionospheric nowcasting through full ionogram sequence pre-
diction, advancing beyond traditional scalar-parameter forecast-
ing. By formulating the problem as spatiotemporal field
generation, the proposed Spatial Group-wise Enhanced
ConvTransformer (SGE-ConvTransformer) model simultane-
ously captures background trends in electron density profiles,

morphological evolution of storm-induced irregularities (e.g.,
equatorial Spread-F), and precursors to plasma instability onset.
Methodologically, our approach overcomes key limitations of
prior data-driven models: Unlike sequential recursive models
(e.g., ConvGRU used in Gao et al., 2024) which are prone to
error accumulation over multi-step forecasts, the ConvTrans-
former architecture leverages multi-head convolutional attention
to model long-range dependencies (60—120 min) and the initial
features of sudden disturbances while avoiding such compound-
ing errors; the Spatial Group-wise Enhancement (SGE) module
dynamically amplifies discriminative features in the F-region
structures where over 90% of Spread-F signatures originate;
and EDSR-based super-resolution restores high-frequency
details in predicted ionograms, achieving a 15.7% increase in
F-trace correlation (AVCC-F) versus baseline generative mod-
els. Using ionosonde observations from Hainan Station, the
model achieves up to 95.69% accuracy in predicting disturbed
ionospheric conditions during geomagnetic storm periods, effec-
tively capturing transient and small-scale variations that are
often missed by statistical models such as IRI and NeQuick.
Importantly, beyond the primary training site, the model’s
cross-site transferability was also examined. In a zero-shot
cross-site evaluation on two additional low-latitude stations
(Fortaleza, Brazil, and Jicamarca, Peru), the model yielded high
average accuracies of 87.55% and 89.01%, respectively. More-
over, qualitative inspections on mid- and high-latitude stations
(Russia) suggest that the SGE-ConvTransformer relies on intrin-
sic visual patterns rather than site-specific parameters, allowing
it to reconstruct fundamental F-layer traces even in unseen cli-
matological regions. These results indicate that the SGE-Con-
vTransformer captures fundamental, morphologically plausible
Spread-F features across different longitudinal sectors, rather
than overfitting to site-specific artifacts. The generation of four
future ionograms (typically one hour ahead) based on eight pre-
ceding ionograms has been shown to offer a robust balance
between sensitivity to rapid fluctuations and the stability neces-
sary for operational use.

The experimental results confirm that advanced Al genera-
tive architectures can substantially enhance the predictive capa-
bility of ionospheric condition models, with implications for
space weather services, HF communication planning, and
GNSS performance management. Unlike purely statistical or
physics-only models, our data-driven framework maintains
responsiveness to short-term ionospheric disturbances while
exhibiting promising transferability across varying spatial-tem-
poral conditions.

Looking forward, two main research directions are envis-
aged. First, while our qualitative evaluation confirmed the mod-
el's basic adaptability to high-latitude regions, specific
limitations remain. Since our current model was trained exclu-
sively on low-latitude data with a specific 5-class taxonomy, it
effectively approximates general spread features but struggles
to resolve complex morphologies unique to high-latitude dynam-
ics, such as “branch” or “slant” spread types. Therefore, extend-
ing the training dataset to include high-latitude observations will
allow the model to learn these diverse scattering signatures,
thereby improving generalization and fine-grained classification
on a global scale. Second, regarding methodological evolution, a
key objective is to bridge the gap between vision-based nowcast-
ing and physics-driven long-term forecasting. While this study
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suggests that visual features may be sufficient for short-term
forecasting horizons, extending the prediction window beyond
the immediate kinematic trajectory will likely require the integra-
tion of external geophysical drivers (e.g., solar and geomagnetic
indices). Developing a hybrid architecture that fuses these phys-
ical constraints with data-driven visual representations offers a
promising pathway to unify operational real-time warning with
medium-term background specification, ultimately enhancing
the resilience of space-based systems against adverse space
weather.
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