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ANN-based Adaptive Distance Measurement Using Beacon

1

loh

2
g%, &

__'.L3

HO

=X, ZENY, Zaef”, o|ME

o
, TT

Jiwoo Noh', Taeyeong Kim', Suntae Kim', Jeong-Hyu Lee',
Hee-Kyung Yoo, Yungu Kang3

2 o Ad¥ 5FF2(BLE Bluetooth Low Energy) 7143 AHEE HZ2 Aol Mut 912 2917} 7Fs & GPS(Global
Positioning System)$} @2 Aol A% $2] gjeto] 715attt H|ES A3 AW Ag] 24+ RSSI(Received Signal
Strength Indication) ko] 4] 24919 1o W3] RSSIFH-S o8] $HE 2 ARNEH S 2] wlitol oSw Aol A4
Age] a7} A YERdth o]2lgt ol tHr] $18) HlZE A3 ANN(Artificial Neural Network) 719F 2-8-3 A €]
=& Aoretth WA RSSIY oS Eol7] $18] &5 2w e AT oA FEE AR dxe] Bge AR
aga 747y §4 8y dloly AlS 7R T ANNES 8153 AR "tk AoelA= F A 06TmE Hol511, 0789

precisions H.o]Ft}

Abstract Beacon enables one to measure distance indoors based on low-power Bluetooth low energy (BLE) technology,
while GPS (Global Positioning System) only can be used outdoors. In measuring indoor distance using Beacon, RSSI
(Received Signal Strength Indication) is considered as the one of the key factors, however, it is influenced by various
environmental factors so that it causes the huge gap between the estimated distance and the real. In order to handle
this issue, we propose the adaptive ANN (Artificial Neural Network) based approach to measuring the exact distance
using Beacon. First, we has carried out the preprocessing of the RSSI signals by applying the extended Kalman filter
and the signal stabilization filter into decreasing the noise. Then, we suggest the multi-layered ANNs, each of which
layer is learned by specific training data sets. The results showed an average error of 0.67m, a precision of 0.78.
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