Channel Estimation and Application
of 6G Communication:
Microwave Beam Tracking
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1. Introduction

1-1. Research Background
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1-2.  Research Purpose
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2. Research Methodology

2-1.  System Model And Problem Description
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Fig. 1: Beam tracking scheme
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2-2.  Dataset Generation And Preprocessing
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Table 1:

Parameters of scenarios

Parameters 01 28 Boston5G 28
Carrier frequency fc 28 GHz 28 GHz
Number of BS 12 1
Bandwidth 50 MHz 50 MHz
Number of BS antennas 64 64
Number of UE antennas 1 1
Number of beams Q 64 64
Number of probing beams S 11 11
Antenna spacing d 0.5\ 0.5\
Number of paths 5 5
Location range of users Row 1~2751 Row 812~1622
Number of users 497,931 482,545

(Reference: [7])

4c Table 1#77F » Ol 28% f % i H ensF-F » ~ ;Mo @ ¥ 5 LoS (Line-of-
Sight) /% ; Boston5G 28R E dk 2 4F feendr§ » o 30 S#E T H - BE 4
F Btk o ¥R 24 284 F_NLoS (Non-Line-of-Sight) shf#% o

AT 0T ok chiicdy B %538 Matlab > 2 4 ) training dataset ~ validation
dataset /2 2 testing dataset - i& {7 Model training fv Model validation p¥ > B @ 4 ek
BT =100ms > & - @ pF & 5 - B 5P| B8 (7 beam prediction > £ - i pF ¥
H o %425 1s ; Model testing % > ",% TR - PR AR - F BIERIEEN
Hi Fdpk o e is 2N P piR 2 % 4 & {7 ) Beamforming gain ¥ & & 3p iR eh it 4%
BT EETTE LT

=

43

2-3. LNN-Based Beam Prediction Model
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Fig. 2: Architecture of LNN Cell
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Fig. 3: Flowchart of LNN-based Beam Tracking Scheme
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Table 2:
Layer parameters
Layer Output size activization
3 x Conv2D 32 x256 x 10 ReLU
LNN Cell 32 x 64 lecun_tanh
FC 32 x 11 SoftMax
Table 3:

Simulation parameters

Parameters Value
Training epoches 60
Batch size 32
Initial learning rate 3x10™
Minimum learning rate 107




Learning factor 0.5
Default input sequence length 10

Time slot duration T 100ms
Dropout 0.3

3. Experimental Results
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Fig. 4: Beamforming gain

(Velocity = 5m/s)
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4. Conclusion
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5. Review and reflections
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