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ABSTRACT

Indoor positioning system becomes of increasing interests due to the demands for accurate indoor location information where

Global Navigation Satellite System signal does not approach. Wi-Fi access points (APs) built in many construction in advance

helps developing a Wi-Fi Received Signal Strength Indicator (RSSI) based indoor localization. This localization method first

collects pairs of position and RSSI measurement set, which is called fingerprint database, and then estimates a user’s position

when given a query measurement set by comparing the fingerprint database. The challenge arises from nonlinearity and

noise on Wi-Fi RSSI measurements and complexity of handling a large amount of the fingerprint data. In this paper, machine

learning techniques have been applied to implement Wi-Fi based localization. However, most of existing indoor localizations

focus on single position estimation. The main contribution of this paper is to develop multi-target localization by using deep

neural, which is beneficial when a massive crowd requests positioning service. This paper evaluates the proposed multi-

localization based on deep learning from a multi-story building, and analyses its learning effect as increasing number of target

positions.
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Table 1. Example of Wi-Fi RSSI fingerprint database.

AP1 AP2 APM
Positionl -85dB -68 dB Null
Position2 -75dB -51dB Null
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Fig. 1. (a) Deep neural network structure for single position learning, (b)
Extended deep neural network structure for multiple positions learning.

Table 2. Algorithm of rendering multi-target fingerprint training data sets.

Input: D={(%,, y)}Y, single target fingerprint training data
Output: F={(X,,Y,)}_,, multi-target fingerprint training data
Initialization: Set the desired number of training data set ¢ and the number of
multi-target K, and == as empty sets.
for
for

Sample randomly from subject to and

Add the samples by and .

end for

(Here, the i-th data in equations (6) and (7) are made.)
end for
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Fig. 2. Fingerprint data distribution on a multi-story experimental building.

A ERE HjolEl2 QA b, S ske] e

& ShgtlolHE DolA] FA9R F&2 HHs)

At ko] A S)Rc
3 AEsle] FAE 4 9ok &, DollA] FEH dlo]ElE Halx|
AEE Qolo jxkell Nl thall y #y, & THEA]7|H djo]
Bl 2&3ith A7¥ 02 4] (6)3 (7)2] Hlo|g & Ro} thE &
Y5 Y5t M2e gdlolE F={(X,.Y, ), 5 AT 4 qlor,
o] ] sh¢5 Eﬂ°lE1 ‘4F/Mi~ A% = WL} Z3c) Table 2
£ UM 71Esh gl S sy dlole] D={(x,, p)i, 5 o185t o
&Y e Eﬂ 1E1 F= {(X,,Y, N2 s daElgs aofF
Shch

Hsklar F 2,20770¢] i% l e} 1007H—1 Eﬂ
S OBl 1~5% S5 HlolH
Atolo] & EEO}E% AT FAASA7] Hlolg 2k
AR, & AdAElA HAE T/
M=5087]o|0] $=A = 2] 4= N=22070]c}. Al (2)¢] 2%}
A=) Zk& Umversal Transverse Mercator 3 A|of whe} 4%
8 1~5 A}o] ZFE ZH=t)
73,‘%% Tensorflow (2020)5 ©o]&5lo] gty W HIAE
A1) sk mketu) e Xavier HPHS E3) 7]
B8] P4 RelU P42 o913, %A} sl
KR Adam Opt1m1zerE £l £ %] Q) 31 Shy |- 85h40] £415H
4= Root Mean Square Error= % ]33 th.

)

_>rl_‘ (
oZi:LOl'NO
iﬂ

WE e rlo

o>
ol
>

¢

o
St
og'z'
<
i_%
;1

Z4nto] JLx = fine tuningS 3|
E 42 olRolzch & AalolA

https://doi.org/10.11003/JPNT.2021.10.1.49

Table 3. Experimental results of learning and test with respect to the
number of prediction positions.

#ofestimated Learning Computation # of training Average test

position iteration time (sec) data error (+ std)

1 3500 170.49 2575 2.29+0.002

10 5000 394.43 67080 2.60+1.55

15 10000 994.16 67080 2.68+0.03

20 15000 1818.18 77400 6.07+1.48

25 15000 2474.04 103200 9.93+2.86
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