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ABSTRACT

In this paper, we introduce a method of
classifying UWB CIR data into LOS and NLOS
environments by applying the multi-head attention
algorithm. The 1016 UWB CIR values sampled at
100 ms intervals are divided into 100 segments. By
comparing the classification time and accuracy of the
LSTM-CNN algorithm and the multi-head attention
algorithm, it is shown that the latter achieved a
classification accuracy of 94.41% for LOS/NLOS

environments, outperforming the LSTM-CNN model.
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Fig. 1. The Concept of Multi-head attention
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Fig. 2. Diagram of the proposed method
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Table 1. hyper parameters

LSTM-CNN Multi-head attention
Training Size 90% (Validation 10%)
Epoch 6 45
Learning_rate le-3 le-3
Batch size 64 64
Optimizer Adam Adam
Number of head - (S A TP head

74-& ColabollA] A% AsAI7HS o] 4aich

%7)% E(Early Stopping) & AHg-3led 3wl eldow
7% <=4 (validation loss)e] 7NAEA] ¢doml ko]
ZotEl3 AAE epochs S AF:o R ARSIk
Multi-head  self-attention ~ d=]Fe] A=
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Table 2. Result of Accuracy & Time
9] : %)
T LSTM-CNN | Multi-head attention
Test accuracy 89.99% 98.66%
Time 256.56s 333.95s
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