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Abstract Coronal mass ejections (CMEs) are one of the major drivers of severe space weather
events. Dynamic visualization of their propagation process is important for understanding the
underlying physical mechanisms and for supporting space weather monitoring and warning
decisions. Augmented reality (AR) technology provides an intuitive way to present CME
propagation characteristics by integrating virtual and real scenes. However, the effective
application of AR in this context relies on high-precision CME image matching, which remains
challenging because existing image-matching methods often suffer from insufficient feature
representation and are highly sensitive to noise. To address these problems, this paper proposes a
CME image matching algorithm based on a Dual-Domain Attention Enhanced Fusion Network
(DDFN). The proposed method introduces spatial-domain and channel-domain attention
mechanisms on the basis of convolutional neural networks and vision transformer architectures,
thereby enhancing feature representation from complementary perspectives. Specifically, the
convolutional structure is used to capture local image patterns, while the Vision Transformer
contributes to global contextual modeling. The dual-domain attention design further strengthens
discriminative feature extraction by emphasizing informative spatial regions and important feature
channels. In addition, a contrastive learning framework is employed to improve the robustness of
the model against noise interference and brightness variations, which are common in CME image
data and may degrade matching performance. Experimental results demonstrate that the proposed
DDFN achieves Top-1 matching accuracies of 81.76% and 68.44% on the original and noisy
datasets, respectively, outperforming the comparison models. These results indicate that the
proposed algorithm can effectively improve CME image matching accuracy while maintaining
robustness under degraded imaging conditions. Furthermore, the algorithm has been deployed in
an AR system, enabling efficient CME image matching and dynamic visualization of the CME
propagation process. The proposed method provides a technical basis for integrating intelligent
image matching with AR-based space weather visualization, and it offers potential support for the
analysis, interpretation, and visual presentation of CME propagation behavior.

Key words Space weather; Coronal Mass Ejection; Contrast learning; Dual-Domain Attention;
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Fig. 2 The adaptive enhancement preprocessing results of CME images
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Fig. 3 The structure of Dual-Domain Attention Enhanced Fusion Network
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Fig. 5 Matching results of different models for real-world scene image
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Fig. 6 Mismatch results of DDFN for real-world scene image
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Fig. 7 Confidence evaluation results of Top-3 Accuracy for different models
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Table 3 The evaluation results of the impact of the attention mechanism on the overall performance of the model

SAM CAM ¥igsE Top-1 Accuracy Top-3 Accuracy Top-5 Accuracy
J FihHdESE 79.41% 95.88% 97.64%
e 7 66.67% 94.98% 98.52%
J JRAEH R 80.59% 94.12% 97.05%
nneg B 64.89% 96.17% 97.94%
J J JRAEH AR EE 81.76% 95.29% 97.65%
e s 68.44% 94.69% 98.82%

NRE— B RE AEM B Ak, A SCHE T DDFN BiF T/ mSss . SRR I T R
BEAT AR ] 5 18 56 b B AT AEM R [ 3 N AL B R DT Ak Af %, SRR 4 RANE 4 B
R 4 7, 51\ AEM B AT B T4 21 (1) DDFN 500K, £ Top-1 /% Top-5 VLECAE £ I
IR T AR B UL E A 5% . EAERMR, 7EM S TS T, AEM fff Top-5 #EHf
RARF R, RUDZBYOE R A R A TR & RN . S g Rt — R,
AEM BURBESSIRYE CME UGN R X I R E M2 S, FIE R G s e ms, A U5 1
FUMGARRIE R X A0 Ve S itk SR T T RARIT IO MR . %45 RIGIUE T AEM J7VAAE AL B
B e fise . AR DDFN B B ERHELFERE ST, {0 AEM 1E A Tidb 2R B B i s
MEOL A &, A AR AR I B35 R 5 T (0 R ARG B REN ,  RER T MG O B X 81
FAEXSEURE, A JE SRR IESR IR i T SEAR AN S AT

* 4 AEM BEHuG R B AR R SA N R PRAG 45 R

Table 4 The evaluation results of the impact of the AEM module on the overall performance of the model

AEM b Top-1 Accuracy Top-3 Accuracy Top-5 Accuracy
SRR EE 80.00% 94.71% 96.47%
T = 66.96% 94.10% 97.93%
JRAE 81.76% 95.29% 97.65%
gt s 68.44% 94.69% 98.82%
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Fig. 8 Display results of the AR system
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