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ABSTRACT

In this paper, we propose a method for estimating the error of the Ultra-Wideband (UWB) distance measurement using the
channel impulse response (CIR) of the UWB signal based on machine learning. Due to the recent demand for indoor location-
based services, wireless signal-based localization technologies are being studied, such as UWB, Wi-Fi, and Bluetooth. The
constructive obstacles constituting the indoor environment make the distance measurement of UWB inaccurate, which

lowers the indoor localization accuracy. Therefore, we apply machine learning to learn the characteristics of UWB signals

and estimate the error of UWB distance measurements. In addition, the performance of the proposed algorithm is analyzed

through experiments in an indoor environment composed of various walls.
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1. INTRODUCTION
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2. MACHINE LEARNING—-BASED UwB
ERROR CORRECTION
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Table 1. UWB CIR feature.

Feature Equation
Energy g= f [r(t)] 2 dt
T
Maximum amplitude Fmax= max¢|r(t)]
Rise time Gise=th —
Mean excess delay e f t(t) dt
m
T
RMS delay spread Tams= f (t — T2 Yo dt
T
Kurtosis [‘
K= (r®] —p)*dt
oy T Jr .
Estimated distance d
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Fig. 1. CIRfeatures according to the indoor environment.
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Fig. 2. Deep neural network structure.
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(c) Iron fire door (FTC 5th floor)

Fig. 3. Experiment environment.

3. EXPERIMENTAL ANALYSIS
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Fig. 4. Loss function versus the DNN training epoch.
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Fig. 5. UWB error correction based on machine learning.

Table 2. Distance error before and after error correction (unit: mm). Ag] A9 QA5 A5l v Aoksktt AY oA
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