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Abstract Equatorial Plasma Bubbles (EPBs) are large-scale depletion structures characterized by sig-

nificantly reduced electron density, which frequently emerge in the low-latitude ionosphere during post-
sunset hours. These dynamic plasma irregularities play a crucial role in space weather phenomena, as
their evolution can induce severe amplitude and phase scintillations in radio signals, leading to disrup-
tions in satellite communications, global navigation systems, and radar operations. Given their substan-
tial impact on technological systems, accurate prediction of EPB evolution has become a critical chal-
lenge in both space physics research and operational space weather forecasting. To address this chal-
lenge, this study introduces a novel data-driven approach for EPB evolution prediction by leveraging the
SimVP (Simpler yet Better Video Prediction) framework, an advanced deep learning architecture de-
signed for spatiotemporal sequence forecasting. The proposed model learns the complex nonlinear dynam-
ics of EPB structures from historical airglow image sequences, capturing both their morphological trans-
formations and drift patterns. Through extensive experimentation, we systematically evaluate the influ-
ence of key parameters—including time resolution, input/output sequence length, and environmental
noise—on prediction performance. Our findings demonstrate that an optimal configuration with a 3 min
temporal resolution and a 6-frame input/output structure achieves superior predictive accuracy, as evi-
denced by high Structural Similarity (SSIM=0.989) and Peak Signal-to-Noise Ratio (PSNR=34.704)
metrics. Further analysis reveals that the spatial complexity of EPB structures, such as bifurcation
events and irregular boundary deformations, significantly affects prediction fidelity, whereas the impact
of light pollution—a common issue in ground-based airglow observations—is comparatively minor. The
model proposed in this paper demonstrates robust cross-station applicability. Beyond forecasting, the
model also exhibits potential for reconstructing corrupted airglow data, offering a computational solu-
tion to enhance observational datasets affected by atmospheric or instrumental noise. This work not on-
ly establishes a robust, machine learning-based tool for EPB evolution analysis but also contributes to
the broader development of Artificial Intelligence (AI) applications in space weather modeling and iono-
spheric research.
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Table 2  Configuration of input/output parameters for models with different temporal resolutions
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varying output time scales

Time/min

BRIZFR Npo N

t =Ty To—T
Model 6x4 6 4 3 15 12
Model 6x6 6 6 3 15 18
Model 6x8 6 8 3 15 24
Model 6x10 6 10 3 15 30

x4 AREMEREBANNERSHILE
Table 4 Parameter configuration for models with

varying input time scales

Time/min
HERIZA FR Npre Nagt
t T =Ty To—T:
Model 4x6 4 6 3 9 18
Model 6x6 [§ 6 3 15 18
Model 8x6 8 6 3 21 18
Model 10x6 10 6 3 27 18
Model 12x6 12 6 3 33 18
Model 14x6 14 6 3 39 18
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Table 5 Some hyperparameters used in the training

of the EPB evolution prediction model

Parameter Value
Loss function MSE
Npre 6
Nage 6
Epoch 1000
Scheduler 0.001
N_S 4
N T 8
Hid_S 64
Hid_T 256
Batchsize 1

0.005
Training loss
@ Validation loss
£ 0.004
=
.8
_—§ 0.003
=
> |
2 0.002{]
o M
g \
S 0.001 ]\
=~ \
= G
M"LV\MM,\AW RIS IR P I
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Epoch
K3 EPB LB K A ERE
ARl R e
Fig. 3  Variation of loss function value with training

epochs for the EPB evolution prediction model
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Table 6 Performance comparison of models with different temporal resolutions
TR AL MSE MAE SSIM PSNR
Model 4x4 1586.788 17551.615 0.978 29.843
Model 6x6 1477.651 16772.386 0.976 30.038
Model 8x8 1152.504 14463.274 0.977 31.518
Model 10x10 1120.877 13889.469 0.982 31.860
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