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Multimodal Feature Fusion-Based Method for Communication Interfer-
ence Recognition

MENG Tongyuan, HU Denghua’, SHI Juan™,SUN Jizhe, WANG Zhentao
(Air Defense and Antimissile School, Air Force Engineering University, Xi’an,710051, China)

Abstract: Addressing the challenges of low accuracy in identifying communication jamming signal types
and the limitations of single features in comprehensively characterizing signals under complex electromag-
netic conditions, this study proposes a multi-branch attention fusion network named MBAFNet. This net-
work simultaneously processes four modalities of data: cyclic spectrum, constellation diagram, power
spectrum, and frequency-domain sequence. It employs different networks to extract deep features tai-
lored to the characteristics of each modality. A learnable weighting mechanism is introduced to adap-
tively adjust the contribution of each modality, while self-attention module enhances the fused features to
fully exploit the inherent dependencies among feature dimensions. Experimental results demonstrate that
the proposed method achieves recognition accuracy of over 98% at JNRs not less than -6 dB and signifi-
cantly outperforming traditional approaches. By fully integrating multi-domain complementary informa-
tion from interference signals, the network exhibits strong robustness and generalization capabilities, pro-
viding an effective solution for precise interference signal identification in complex electromagnetic envi-
ronments.
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Table 4 Recognition accuracy statistics of models - . -
with different feature extraction networks
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Fig. 7 Confusion matrix for MBAFNet recognition network at

different JNR
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Fig. 8 Accuracy curves for each ablation experiment group
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Table 6  Recognition accuracy of each ablation group at different JNR

BB Learnable  JHRMBUFHIS HRDFEE S HERIEFLES
dB attention W eight Fusion b2 b3 b2 HEFREESE
2200 12.31% +3.89% 13.92% +3.31% 15.42% +2.56% 16.46% +2.79% 11.84% +2.34% 12.23% + 1. 04%
18 19.15% +2.17% 18.45% +2.70% 16.47% +3.54% 19.18% +2.94% 13.23% +2.42% 12.36% + 1.38%
16 25.61% +£3.96% 25.32% +3.64% 20.72% +4.12% 25.56% +3.07% 16.69% +2.98% 12.51% +1.43% 25.30% +2.37%
-14 36.64% +2.10% 44.41% +4.13% 29.77% +5.31% 40.27% +4.69% 28.74% +4.68% 14.32% +1.32% 41.66% +5. 98%
12 50.92% +5.36% 59.76% +3.78% 43.64% +4.69% 59.84% +4.62% 55.31% +5.59% 18.87% +1.83% 61.84% + 5. 64%
.10 70.12% +3.22% 64.51% +2.32% 58.28% +4.58% 70.36% +3.71% 68.10% +4.92% 28.90% +2.56% 83.27% +4.27%
8 83.79% +1.04% 70.38% +1.82% 66.13% +2.59% 82.86% +1.59% 80.24% +3.77% 36.14% +4.81% 94.96% + 1.36%
6  94.75% +1.06% 81.46% +1.66% 78.54% +2.72% 94.81% +0.86% 91.93% +1.84% 42.11% +3.76% 98.21% +0.59%
4 97.47% +0.82% 85.10% +1.46% 89.38% +1.87% 98.48% +0.14% 97.57% +0.93% 47.86% +4.21% 99.52% +0.24%
2 98.44% +0.31% 89.37% +1.58% 96.61% +1.91% 99.52% +0.17% 99.50% +0.32% 58.32% +3.89% 99.79% +0. 12%
0
2
4

INR/ TH B self-
MBAFNet

14.72% + 2. 61%
18.54% + 2. 48%

99.59% +0.28% 91.24% +1.37% 97.54% +1.59% 99.86% +0.16% 99.81% +0.17% 66.96% +4.52% 99.94% +0. 03%
99.87% +0.13% 94.69% +1.21% 97.68% +0.94% 99.76% +0.12%  100% +0.00%  75.45% +5.31%  100% + 0. 00%

100% £ 0.00%  93.57% +0.91% 96.73% +1.33%  100% +0.00%  99.84% +0.14% 78.79% +4.78%  100% = 0. 00%
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