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ABSTRACT

The positioning technique based on radio wave fingerprint, which is most commonly used in the indoor
positioning field, is most affected by the data comparison algorithm. In this paper, we perform radio wave
fingerprint positioning through artificial neural network learning, and the proposed method shows higher
performance than the existing Euclidean distance comparison based radio fingerprint positioning algorithm. In this
paper, we propose a data extension method as well as a learning structure suitable for indoor positioning, and
the proposed data extension method can be partially applied to various positioning techniques. Experimental
results show that the proposed technique shows higher performance than the conventional Euclidean distance

based positioning method.

I.M 8 ofell 4] 7Pg maH o ALgElE" Hul AE ¢
7182 A ¥4 4lE dlo]e]5-S DB(Database)
2 53] A ¢)x)9h vlashe whajelekP s}
A Z$] 71He] AE %= DB Ho[EE 9] d

ﬁ

32§17 7]k Aulse] SR B AR 2
¥zl gk 27k olxlw slek A 53]

i

M OE AT ARSI AP FFATAR] 2| 90L wol £l 7] 2 TA%] YJ(NRF-2016R 1D 1A 1B03934507).

R d7E 201795 AL ke ]S A vl EgE

¢ First Author : (ORCID:0000-0003-0762-2745)Kwangwoon University of School of Robotics, sau403 @gmail.com, SH33]¢1

°  Corresponding Author : (ORCID:0000-0002-1460-0520)Kwangwoon University of School of Robotics, yhchoi@kw.ac.kr, 413141
= E D KICS2018-02-045, Received February 28, 2018; Revised May 18, 2018; Accepted May 21, 2018

979

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’18-06 Vol.43 No.06

olele] AA| $1XE Avht & o S3=A7) F838)
o} 7122 dToA= -2 DB dlo|e]e} AA| $]
=] dlo|8]& F-Z2]= 7|2](Euclidean Distance) 7]
Hke] fahAql wp o nlwsle] A& 439
o B ol TS B 93] 34 913
FAY gy 7S Akl WA A $1] dle]
Eldl] A3} dlole] 4 7]"(Data Augmentation)!™”
& AlYgick dlolE 3 7S ARESte] St o]
E]E UHESK(Generalization) .24 AlA| 2]l o
gk & Adsel FAEAh =gk B =il A
Ul E2]el A3t sy F2E Algkeie) Al E2]el
AR I FERE EE dRATe] s
(Regression) Al|ollA] HHASh= $1%] 4 2418 &
ol EAE FlE 4 olvh £ w=wellA] Aljbe=

el Ao A4
o] 7Fs3hd, diFe] &% dxE|SelA $x 4
o] S EI 5 gl B = 244
= =1 olshE 7] 17 7k 7]EEe sl Als
ght} 3ol A= 2 el A Aljkels 7Sl sl
Aegi). 43 ol e B =] 7 7|8 s
29 dare]Fel izt e Hrt Agel oisl A<=st
3, SR AR S5 AT Wkl il Al

N
L
flo
N
i
2
9
-
p

i
2
N

W

Shag o] 87 v whAellA 7 Hold As

o). gk AFAAEE o]

bl hE o o
A5k A 29 e At 71 AT

2T} [E A2 Z9] 7Y
[

=
el F4 AlEe] 2H, 2 e ol A
AEE Fl AER ARlE o ¢ dle AR <,

AV E9lele AFEA Rk A A WA
AP(Access Point)®] 41355 DBE AAsle] Z91&
T3 Al k] Alse} vlashs wle] 391 o
FEjFolrk o= A 4159 e} 7HA] ol kAl
= Al gkl Agteickt)

2.2 RE2l= 72l glw 7|8t MupxlE 59 71
912 dlelEl2} DBE Hladle= dare]E 4

= S9elA SR AEEe TP 2

71E 9] dHlele] vl daelE F dhe frEE
X 7|2](Euclidean distance) *}o]& 3l dlo]ei<}
DBE vlashs Aolckt aei} 2915 s8staxt
Sz 3] AP /57t Bolbd g vladd dlofe] <]
A =7 17F AR 3, el w2t {2l = AR A B
A= dabo] HAEIE o)2)dt HARE 4l
Q& aakle] AP dlolElell E2 Ao HolTe
‘27 792~ Ae](Logarithmic Gaussian Distance)’
5 o|43t 7|22] QA7) xleE vl glrk w3l o) %
588t ‘A3 % 7N S={2Ef3)(Affinity Propagation
Clustering)’& AM-3Ho 24 3915 34 339
dlo]El S #73tar, A sl dlelelE2] A <k
A fEEl= 7elE vlashe WAoot 218
5w} Qleke] e )Rl AE 2= A
H 2 7k Z¢]ellA 7HE e e neiFeh o}
A & =] A SAS A WiAvta R AR

wE} &9 Folx IFAAEwE HEste = At
AP u} QIek B o F shus 41 vlEY = QlE
o]~ FF=(Network Interface Card)2] =zlo]HE
FAsle] wA € A AJe) AR (Channel State
Information) Hlo|E]E Ao | 2Yd &oll o] 83h=
A7} ek ST HlolEl & 243 S9)= =2 9
2 RS AR, APY] st S Aok
st dloJe] 3ol ofelgo] qlrk & w=tellA=
71E AFAE 59] AqolA 7P B ow ARg-
== Wi-Fi AP2] RSS(Received Signal Strength) H
olg] 7|Hke.R Z$]E Aldslic) ulebr] 718 2l
3%l odol] wiE A3 & 5 glvhe AHe] gick
9ol lFAEHE AEAZ o dTEs A
Sl FAIZd T Y| E9]=(Deep Neural Network)2} 5]&

www.dbpia.co.kr



=AY 2

nl2 58 Rel(Hidden Markov Model)o] &35 3
F UEHZE AM3l E915 S A7) ol
k) gsr vES =0 -8-2 Foixl HlolE] wellx
=9 AgeE WW?A T UAE S9) éé}ﬁ}

% dlelele] FAe| F5Evhe 2F3e] ik 2 =5
°ﬂHL sk dlofe]] #::lé A= s 5

s 91 Al e ope siasherk

I. Mgk 718

3.1 &2 Hlo|efofl &otAQl H|o|E| =tEK(Data
Augmentation) 7|8

AFAAY 1o Aok F s ool K13l
=42 g dloe]oll 3} S7(Over-fitting) =] El 2~
£ #50] 7Hashe o] MhAleke olek shr o
J8] dul3KData Generalization) & S=33F2 A o]
gk AAfS estar, diolHE ¢S Aol s
E E9E Qe g B =iedAe A AE
dlo]e]ol] 25kt dlo|E] EAH(Data Augmentation)”|
oz dlole] QikshE sk

I8 12 2 =rellA] A vlold 24 rHE
Z

(o]

Avdshs adolet. dloly #HgE e Al A& 7
% Dy, Dy, Dy A% 3719 oIl D, eha @
W, Dy, Dy, Dy Dy thesh 28 Ae mizgih
D\D,= DD, = Dy D, €Y

Dy (xpy1) f,;\\

Py

Dy (x4, D, ® /
D, (xz,y2\4( wy) D, D, ,

Dj (x3,¥3) Dy

J8 1. A
Augmentation)
Fig. 1. Data Augmentation Scheme for Indoor Positioning
Location Data

9] dlelels 1% dlels 2 7](Data

E 91 A AR 7Nk W QgAY sy 7)Y
T . 1 1
Do FAEx,y: 2= g(z, taytay), y, = g(% +y, +u3) 2)
D\P,+ D,P + D,P,
Dt Pl AAAL = DP,= —" z,; z ks 3

a8 19] a¥ A2 71 Elole] D, o] Fiel o
& AHe 7] 9% et Dol FHE=
Dy, Dy, Dy 9} 3 7)ol $1218ke= #13dolv, ol
A (Dy, Dy, D)) FAZA e sldaict. 23 19]
b= A2 71 dlele] D, o] A1 Als A7) Au
of W AWe ] % ootk DE
Dy, Dy, Dy9}e] A7} 22 Aol $12)317] wfl i
ol, D,9} P,ol Azl Dy, Dy, Dyold 54181
Pye] RSs®| Highom AxlRlct 9] wloly 2%
71 e 3R AgellA] A dleelst b
AR ElolelE whE 4 slek
o A(Dy, Dy, Dy) ol AP Al37} 1% 1
o A(Dy, Dy, Dy) el 41 A15e] 7], ukal
2 9Joy| 317o] gL o
* Dy, Dy, Dyo] Z1%&2] 222 Zol| 9l
3AIRE A3t A 59 wlole] Ao Xéi‘iﬁi%
7 APES] 912t A%e] T2 5o 3}
A7) edrk whebA 2 el D‘r—ﬂr 7
]_ 2|

o

& Sl dlold] &4 7S 2

daelE 1, 2 = dlelH 7Y ¥
3 A wlolel e SAE wlole 24t
of. AR A= dHoleE Ve o= 71 7}77}
- TAUE A2 Sellx] A 2709 delHE &
7hE el 2§ AdEE 300 Ao AES

Error (m) 8

5-Layer DNN
7.409
Augmentated Data 78 84 14495 7109

uOriginal Data

a7 2. dole] 4 /e e 29 g5
Fig. 2. Position Accuracy Based on Data Extension
Scheme

981

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’18-06 Vol.43 No.06

function DATAAUGMENTATION (PositioningDataArray)
len = PositioningDataArray.length
Let TriangleList be new linked list
> Prevent selection of the same triangle
5 Let ExceptDataList be new linked list
6 Let AugmentedDataList be new linked list

1
3
s

> Newly added data

8 for i = 0 to len do

o D, = PositioningDataArray|i]

10 ExceptDataList.put(D;)

1 D, = SearchNearestPoint(D;,

12 PositioningDataArray, ExceptDatalList)

13 ExceptDataList.put(Ds)

1

15 for j = 0 to TriangleList.length do

16: if Dy in TriangleList & D; in TriangleList then

17 ExceptDataList.putAll(TriangleList|[j])

18 end if

19 end for

20

21 Let Center Dot be new PositioningData

2 CenterDot.x = (Dy.x + Ds.x)

23: CenterDot.y = (Dy.y + Da.y) / 2

2 D3 = SearchNearestPoint (CenterDot, PositioningDataArray, Except-
DatalList)

25 ExceptDataList.put(D3)

26

o7 Let 7' = new Triangle(Dy, D2, D3)

28 TriangleList.put(T)

2,

30: Let Dy be new PositioningData

31 Dy.x= (Dyz+ Dy.x+ D3.x) /3

2 Dyy=(Dry+Day+Dyy) /3

3 AugmentedDataList.put(Dy)

34: end for

35:

36: return AugmentedDataList

sz._end function

Y2E 1. 1A wlele ¢
Algorithm 1. Positioning Data Augmentation

1 function SEARCHNEARESTPOINT(RefPoint, PositioningDataArray, Ex-

ceptDataList)
2 > params : Base points, datasets, and selective prevention datasets
3 NearstDistanc Integer. MAX
4 NearstPoint be new PositioningData
6 for locData in PositioningDataArray do

if locData.z != RefPoint.z then

B continue
o end if
10
1 Distance = \/(Ref Point.x — locData.x)? + (Ref Point.y — locData.y)?
12
13 if NearstDistance > Distance & locData not in ExceptDataList
14 & Distance # 0 then
15 NearstDistance = Distance
16 NearstPoint = locData
17 end if
13 end for
19
20 return Nearst Point

21_end function

LIRIE 2. 7 7k $1A dlele] AA
Algorithm 2. Search Nearest Positioning Data
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Table 2. Position accuracy according to various
positioning algorithms
2D 3D Floor Training
Algorithm Error | Error Detection Spend
(m) (m) | Percentage(%) | Time(s)
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Data
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P-DNN
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RSS clustering
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