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3D Beamforming Map Compression Method Based on Generative Model

ZHAO Yunjie HE Yansong”™ ZHANG Zhifei XU Zhongming
College of Mechanical and Vehicle Engineering, Chongqing University,Chongqing,400044

Abstract: To address the significant degradation in localization performance of DenseNet model
under high compression ratios caused by channel compression method, a 3D beamforming map com-
pression(3D-BFMC) method was proposed based on VQ-VAE-2 model. The hierarchical encoder of
the VQ-VAE-2 model was used to compress 3D beamforming maps into vectorized local feature matri-
ces, and then the matrices were input into the DenseNet model to perform 3D localization. Simulation
results show that DenseNet models trained on compressed data by the 3D-BFMC method have better
localization accuracy, frequency generalization and noise robustness than those of outperform channel
compression approaches. A single-source experiment confirms the effectiveness and feasibility of 3D-
BFMC in real-world environments.

Key words: beamforming; data compression; deep learning; vector quantized-variational autoen-

coder-2(VQ-VAE-2); three-dimensional space
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Fig.1 The schematic of 3D beamforming
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Tab.1 The parameters of 3D beamforming
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Tab.2 The layer structure of the DenseNet-121
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Tab.3 The parameters of the dataset construction
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Theframework of 3D-BFMC
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Tab.4 The CPU memory and GPU memory usage of
VQ-a and VQ-PB during training
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Tab.5 The CPU memory and GPU memory usage of

five DenseNet models during training
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3DGFM-4 4.9
3DGFM-16 4.9
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Tab.6 Localization errors of five DenseNet models at

“known” frequencies

E Y Ruse/mm
kHz | BFMC-40| BEMC-80| 3DGFM-1 | 3DGFM-4 [3DGFM-16
1 4.1 3.9 3.8 3.9 4.2
2 4.8 3.7 3.5 3.8 5.3
3 4.6 3.9 3.8 4.2 4.9
4 4.1 3.9 3.8 4.0 4.6
6 4.0 3.9 3.9 3.9 4.3
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Fig.4 Localization errors of five DenseNet models at

“unknown” frequencies
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Tab.7 The dsw of 5 DenseNet models

S~r/dB] dsng/mm
BFMC-40|BFMC-80| 3DGFM-1 | 3DGFM-4 |[3DGFM-16

5 93.2 29.3 32.0 35.5 100.3
10 70.3 18.5 19.4 23.0 73.6
15 45.6 11.6 11.7 14.3 46.6
20 28.3 7.8 7.4 9.1 28.6
25 17.0 5.7 5.2 6.4 17.4
30 10.7 4.9 4.2 5.1 10.9
35 7.2 4.4 3.9 4.6 7.4

40 5.5 4.0 3.8 4.4 5.8
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Fig.6 The experimental layout in an indoor environment
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Tab.8 Average localization error of 5 DenseNet models

mm
Hinl I L
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