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Abstract

Coronal Mass Ejections (CMEs), as highly destructive space weather phenomena, require precise
forecasting of their propagation time to ensure the safety of spacecraft, satellite navigation, and the
stability of power networks. Addressing the gap in existing research where LASCO observational
images and textual physical parameters have not been fully integrated, this paper proposes a com-
prehensive data fusion scheme and forecasting model. Initially, through timestamp matching, we

SCESIH: KRR, ERS T HRE G0 H &0 A BRI R Bk D). N TR RE S LA BT, 2026, 15(3):
876-887. DOI: 10.12677/airr.2026.153081


https://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2026.153081
https://doi.org/10.12677/airr.2026.153081
https://www.hanspub.org/

KRR, EXRH

merge the time-series images of 255 CME events with 19-dimensional textual physical features, en-
compassing kinematics, source region magnetic field, and background solar wind parameters. Sub-
sequently, we employ a transfer-learning-based ResNet 50 model to extract image deep features,
which are then reduced to 5-dimensional image features. These features are concatenated with the
textual features to form a 24-dimensional fused dataset. Based on this, this paper constructs XGBoost
and Random Forest models, and further employs their stacked ensemble learning model. The re-
sults show that the stacked ensemble learning model performs optimally, with an average absolute
error as low as 7.8048 hours on the test set and an R2 of 0.7613, significantly outperforming the two
individual models. This fully validates the effectiveness of data fusion and the complementary ad-
vantages of ensemble learning. Furthermore, this paper compares and analyzes this learning model
with the classic DBM model, finding that the model learning trend aligns with actual physical laws,
thus verifying the model’s effectiveness.
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Figure 1. Image data example
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Figure 2. Convolution schematic diagram
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Figure 3. Comparison chart of predicted propagation time and actual propagation time of coronal mass ejections in model test sets
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Figure 4. XGBoost training process
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