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2. Beijing Institude of Space Mechanics and Electricity, Beijing 100094, China)
Abstract: To address the problems of insufficient feature exploitation and inadequate information fusion in drone
radio frequency fingerprint identification, this thesis proposed a multi-path parameter attention fusion network
architecture. Using the DroneRF dataset as the research object, RF signals collected in the low-frequency and
high-frequency bands were modeled separately, and the original signals were represented simultaneously as

statistical features and spectrograms, thereby constructing four input paths: low-frequency statistical features,
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low-frequency spectrograms, high-frequency statistical features, and high-frequency spectrograms. In the
feature extraction stage, the TabNet-SA model was introduced to perform feature selection and deep rep-
resentation learning for statistical features, while the EffNet-Slim model was adopted to extract discriminative
features from spectrograms. In the multi-path feature fusion stage, a parameter attention fusion strategy was
designed to perform adaptive weighting through learnable parameters, thereby enhancing the complementarity
among features of different modalities and frequency bands and improving the overall feature representation
capability. To verify the effectiveness of the proposed method, twelve groups of comparative experiments were
conducted, including single-path, dual-path, average-fusion, different fusion-strategy, and backbone-
replacement experiments. The classification results on the DroneRF dataset demonstrate average accuracies
of 100.00%, 99.70%, and 99.54% in 2-class, 4-class, and 10-class tasks, respectively. This method
provides a viable solution for UAV target identification in complex electromagnetic environments.

Key words: RF fingerprint identification; drone regulation; multi-path feature extraction; parameter atten-

tion fusion; deep learning
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Tab.1 Calculation formulas for each statistical feature
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Fig. 2 Boxplots of statistical features
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Tab.4 Detailed 10-fold classification performance of MPAFNet on 2-class, 4-class, and 10-class tasks
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Fig.9 Testing confusion matrices
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Tab.5 Comparison of classification performance under different path combinations
o Accuracy/ % F1 Score/ %
=pial
a3k pes R ES oy Pes R ES
LF-TSA 99.71 93.06 90.21 99.50 93.69 89.29
HF-TSA 93.41 80.42 79.21 88.05 83.53 77.91
LF-ESlim 99.96 96.30 94.33 99.93 96.81 93.73
HF-ESlim 99.91 92.64 94.09 99.85 94.39 93.63
LFHF-TSA 99.83 96.67 97.87 99.70 97.40 97.70
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Tab. 6 Comparison of classification performance under different network architectures and fusion strategies
- Accuracy/ % F1 Score/ %
P i 5 S S I S S
e, = UPieS RES “dk B RES
TSA+ESlim-AvgF 99.99 99.74 99.34 99.99 99.80 99.29
TSA-+EClassic-PAF 99.97 99.63 99.41 99.97 99.69 99.36
TClassic+ESlim-PAF 100.00 98.35 96.37 100.00 98.73 95.99
TClassict+EClassic-PAF 99.99 97.39 88.66 99.99 97.97 87.54
MPAFNet 100.00 99.70 99.54 100.00 99.77 99.50
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Tab.7 The classification performance of the selected existing methods in different classification tasks
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DNNZ 99.70 84.50 46.80 99.50 78.80 43.00
MPAFNet 100.00 99.70 99.54 100.00 99.77 99.50
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