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A multi-modal feature fusion radar knowledge recommendation

method based on attention mode
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Abstract: In order to quickly and accurately find the radar knowledge and information that researchers are
interested in and make recommendations from a large number of radar knowledge data, this paper proposes
a multi-modal feature fusion radar knowledge recommendation method based on attention model, which can
learn high-level fusion feature representation from multiple modalities for the radar knowledge. Then the
radar knowledge recommendation can be performed using the learned fusion feature. The proposed method
consists of four stages, i.e., data preprocessing, multi-modal feature extraction, multi-modal feature
fusion, and radar knowledge recommendation. Extensive experiments demonstrate that, compared to the
existing methods using only single-modal features and simple concatenation of multi-modal features, the
multi-modal fusion features learned by the proposed method achieves significant improvement in precision,
recall, and F, value for radar knowledge recommendation, suggesting its effectiveness for radar knowledge
recommendation.
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Fig. 1 The process of radar knowledge recommendation
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Fig. 2 The flow chart of attentional model
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Fig. 3 Structure of deep neural network
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Fig. 4 Comparison of I, value results
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Fig. 5 Case study of radar knowledge recommendation
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