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Abstract: With the swift advancement of radar jamming techniques, the variety of active jamming types and the diversity of
jamming strategies have surged, urging for accurate identification of jamming types. Conventional active jamming identification
methods lack efficiency and universality. Meanwhile, current deep learning-based approaches are encumbered by large-scale parame-
ters and the need for extensive data, which significantly limit their practical applications. To enhance recognition capabilities under
conditions with limited parameters and data, a lightweight few-shot radar active jamming identification method based on multi-
modality fusion is proposed. Lightweight fusion is achieved by leveraging the temporal locality of time-frequency features and the
high-resolution range profile features. Additionally, few-shot classification performance is improved through exploiting metric learn-
ing and feature retrieval techniques. Experiments conducted on both simulated and measured datasets demonstrate the superior per-
formance of the proposed method under a variety of conditions.
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Table 3  Training stratigies and hyperparameters
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Table 4 Classification metrics of different modalities or backbones

T B il e e FLOPs AUPRC Precision Recall
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Fig. 5 Confusion matrix of different modalities in simulation

experiment under normal condition
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Table 5 Metrics of each method with different shots on

simulated dataset
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Fig. 6 Model metrics at different JNRs
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Fig. 7 An illustration of the outfield experiment
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Table 6 Metrics on measured dataset by different backbone
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Fig. 10 Confusion matrix of different methods on measured

dataset
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Table 7 Metrics of each method with different shots on

measured dataset
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