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A Study on Radiomap Generation Network based on APCW

by Soo Ho, Tae

Department of Electrical & Electronics Engineering
Graduate School of Korea Maritime & Ocean University

Busan, Republic of Korea

Abstract

Fingerprint, a representative technique in Wi-Fi-based indoor location recognition,
recognizes the user's location based on a Radiomap composed of Service Set
IDentifier (SSID), which is unique information of AP, and Received Signal Strength
Indication (RSSI), which is signal strength measured by the receiver. do. As the
space for applying Location Based Service (LBS) has expanded due to the recent
enlargement of buildings, the range of collecting RSSI has also expanded, and for
this reason, the cost of constructing a radiomap directly measured by humans is
increasing significantly. In addition, since the structure of the building is diversified,
it is difficult to apply the existing radiomap-based radiomap generation technique.
Therefore, in this paper, we propose a Radiomap Generation Network (RGN) based
on AP-Centered Window (APCW) and Conditional Generative Adversarial Nets
(CGAN) for a generation network that reduces the construction cost of fingerprints
and is robust against disturbances caused by building structures. The proposed
APCW is data showing the structure of a building in two dimensions, and it is

data that is disturbed by classifying the type of wall, which is a core building
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structure, considering the material characteristics, and setting the Region of Interest
(ROI) around the AP. Remove. In addition, RGN is designed based on CGAN in
order to use APCW as a label, and it is composed of a network that is created
and determined through a fully connected network because the range of signal
propagation in Non-Line of Sight (NLOS) cannot be specified. Through this, the
proposed network increases the accuracy of radiomap generation by suppressing the
shadow area data of the Wi-Fi signal, which becomes disturbing during generation.
In addition, the network fixes the location of the AP of the spatial structure to be
input, and considers the characteristics of each material through the CGAN, so that
even if a partial area of the building is deformed, a Radiomap can be constructed
without re-measurement of RSSI. So, it is possible to reduce the construction cost,
a chronic problem of fingerprint-based LBS. In order to verify the validity and
excellence of the proposed network, a radiomap was created by collecting Wi-Fi
signals of an actual building, and the radiomap of an untrained floor was predicted
by learning only the data of one floor. The mean square error of the radiomap

generation result was 4.01 dBm, showing the best performance.
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2.2 Deep Neural Network(DNN)
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2.3 Conditional Generative Adversarial Nets(CGAN)

At d g5 7]¥F Neural Networke ERE 7|HTIO R o Z317] oy 4
A dHolHe BEXE Gl olE W3 HolHE A= UEYIIH
26,27]. Conditional Generative Adversarial Nets(CGAN)2 A A HolE o] BXE
St53t7] 93k Training Phase$t Stsd HEAE o|&sto] dHlolEE A
+ Generating Phase® UolRth 17 232 HolHE A A3 Generator2}
Generator®] %52 H7}3l7] ¥k DiscriminatorZ 745+ CGANY #+%E
ERdATE o] 7] A Real Datat= Generator/} 2X3te] ALz}t sl A HolH
! Ground truth® AZS T3 &2 dHlolEeltt.

—

Training [~ 7" T 7T TTTTTTTTTTgTT T
Phase [ oo vavianie [ pretcea paca [ aver
Update
. !
Generator Discriminator
I I I . |:| I:I — True/False
Ground Truth
(Real Data)
Generating S
Phase
1 I I —

19 2.3 CGAN9| %
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21 2.5 A (2.6)9] HHE A4S 2 Generatore] Shs5o] o] FojX T wpx|Eo 2
Generating Phase= &5 ¥ Generatorg 3l AP RSSIE dl&stal ol & &3l
RadiomapS A4 3Hch o]u] Generatore= $F WMo 5202 3k APS| Radiomap=
AT 5= A7) W&o ro EAE= APe] e F2Hske] A Radiomap
e T UE AolA= AU BAde I APCWS RSSIE 5T
= RGN 7xo| tiste] A3 23t

il
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3.2 AP-Centered Window(APCW)

Radiomape A437] SlsiAe AW 7=, F4 A= 3 22 284 &4
7 8-S 1% RGNY Tz tig ezt D5Hont o) 3 S
Ay FZHe dolEsEtn APE FAlo® Ea® Awd dolE APCWE

Arety, 19 32+ AU 3 AAE 22 ©lo]E3}3E Localization Domain

Localization Domain L

0 x [m] X
¥
3|0 |00 | FreeSpace I Wall Ml Glass
3lofo]o |
3000 E‘::::Z’:I‘:; 3
31|11 P+s——o]ofo]1]o0

19 3.2 Localization Domain®] T%

Fig 3.2 The Structure of Localization Domain
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rok

A7 X, v 34 A-E UEMYH Localization Domain 22 €4
FE YEHE Cellg9 o=z FA4HT Zb Cell> Wi-Fi RP 114
3mx3molWel A RSSI FaFes & F Ae A= 7ok AF A&F 4
AR AA Y HFE FYE LI} mx1imEP AASATG kA s
Celloll &= slte] 33 AR svhE 23bsly L2 4] (3.1) Zo] 8 & YT

o

L={811)%.1) " Sxn} (3.1)

A71A, FAR 9= Lo 429 x, vEE A5t HolEo wet s
9] Index#ts 7T & 312 o]2d A= T ©E g9 A9
UEIHAT o7]A4 Index 02 APS AT E %@3]‘;(] EtAY AE e 3ks
#dst7] Al AAsAT. oldd & BAAFOEA 23d AW IS
Ae7b 7hs’k dHolEE WEd 4 Atk AN oj3 AU S
Celloll 27 ©]739] Index’} =3 2 4 Atk ©]= Neural Network 715+ 3t &
1EEFL EF7FEH 4 IndexEY Ao EATES Bt &/t shEst
71 o8t et A ol gk FAE iAstr] s 2& O =
W s} gFo 2 M4 3] Index”} Input Layer®] Nodeoll == A AA S,

o

One-Hot Encoding

% 31 Ael=9 7l WE Celld] £4

Table 3.1 Cell Properties According to Obstacle Material

Index 1 Object Material One-Hot Vector S’
0 Inaccessible Space - {0,0,0,0,0,1}
1 Free Space Vacuum {0,0,0,0,1,0}
2 Glass Wall Glass {0,0,0,1,0,0}
3 Concrete Wall with Window Concrete, Glass {0,0,1,0,0,0}
4 Concrete Wall Concrete {0,1,0,0,0,0}
5 Concrete Wall with Iron Door Concrete, Iron {1,0,0,0,0,0}
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4 328 1< WESG £, ,, e e

Lomthot :{S(il,l)vs(iéj)a ;S(l)(’y)}
0,0,0,0,0,1 if ¢=0
050507071;0 lf Z: 1
4 050507170;0 lf Z: 2
S<X’Y)7 050517070;0 if 1=3 (32)
0,1,0,0,0,0 if +=4
1,0,0,0,0,0 if 2=5

A7NA, HMEAR 5y o= 29 499 x, vEE EA8HE 59 Index il
W& One-Hot Vector k= 7FXIth o] & &3 ©]& &3l RSSIO F&F&
o 72 42 A HRE xZ3h= Labeld 718 F2E AT T 3 A
Boolgd Fe dee HdAE 2493 AR Lo]7] WEe FEHSE e
waste] ARESH7] ok ol §d
Tk Radiomape= AT & oW, APY RSSIZF SAHEHA & = =

7 <5 Networkoll YH O 2 ALRE 7] W &Eo) £ Q3 Networkd A4y =&
RSSIE| o5 o7t dA3Y. meiA A2 =719 FEjo] wstd
SZAGeRE QA3 FFEAE HEstr] 9std APCWE Albgoh A<+
APCWE L oA AA shero]l s RSSIVF SAHE = AP A E
2 AP o] Windows Label2 E& = o] AAWAZHT 7|4, &&= Label9
5 L WY AP ol e} Windowe] 7|7t AR HET dutz oz APE F4
O 2 RSSU} SAHE FAAYZ A7 "ol Windowel F4& AP 9
Az AAHENCH, APE TASE FEH= A= APCWO Z7]d wE
Generatorol| 4] A4 ¥ Radiomap3} A A| Radiomape] FAI= A S nigo=z A
W 3o HzsdE Ao arE 2A™RH. ' 332 L ANA A=
02 F X9 APE FA2Z AAHE APCWES YERATH

i‘l

one— hot

one — hot
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a9 3.3 APCW AAAAFH F=
Fig 3.3 APCW Generation Process and Structure of APCW

ojluf, st} APolA= shube] APCWZE AAEHI g APE TAHCE £8H
APCW+ 4] (3.3)2 3 HTH

APCW {S (k sk 1) 3 S(iktl+ 1,ky71) y Ty S(ikxjvvkij) }

by 1 =a()—dk,  =y()—dk, y=2(G)+dk, p=20)+d (3.3)

17]
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2

, :c(g) HA APQ] X= HIEE, y(j))E FY3I AP Y= FHIEE, 4

J
2 B8He AYE, b,y b, AT X YFY A HREE

\o rlr

Ll

=33
A
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kews kg A7 X, YEO € HEE Ut mebd AEE arcwE
wx we Cell2 F4EM 3hte] APE FACE F¥ ¢9hg Bojl I3t
e ARE 5T F Atk olu] Arcw,= APE VIFoE AAHY] W&
of AP #1Xo] g ARE HEE JgstA] geth wEbs APCWE F4l9
+ Free SpaceE® UEIH & IndexFEE JHE T Aot o= AP A AHRE
Uetf 7] #13F IndexE F7FshA] @ot= ¥7] wi&ol Network® d4bs &<
T Atk ArPcw;= ©lE E3l Networke ol &9 AAH 727 5SS 1

° =

UY WS 5 oM, AP FHOE BAIYS YHF
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3.3 Radiomap Generation Network(RGN)

A QFsli= RGN+ CGAN 7|HFS 2 Generator ¥ Discriminators A2 7| 5% 2.
Generator= RadiomapS A/Ad3}7] 913+ Label2% APCW 7|¥F U&H FXE
Abgsitt. 1% 34%  Fully  Connected(FC) Layer 7]%¥Fe]  Generator2}
Discriminator= T/ %= RGNS Fx& YEhAT

|

Generator Network Radio map of an AP

Latent variable

APCW
«—— W

a9 3.4 APCW 7|®t Radiomap A4 Network®] 3%

Fig 3.4 The Structure of APCW based Radiomap Generation Network

2 A Radiomap®] X E 8<55l7] 9|3+ Latent Variable 2

rlo

Generator®]
¢} APCWelth. ¥
+ Transposed ConvolutionS AFE3HC} SHA|IRE Lo e EE APES TALE
FH GBS o3 HFHE RSSI® FA Jbed Agrt EfHsky] WE
of TY3 SizeE HEsH7] AAHT. WA APCWE FASHE EE AES
Generator®] Input Layerol] 423171 falA 29 APCWZ7} Z3H 948 RelLU
E gA43sd4=E 7HA= 3709 Fully Connected Network® *2]¥€t}. FC+=

= |
o2 CGANY Generatore= A E Size®] Convolution ¥

ﬂ_a

r

i
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Convolution Layer®l| VI3l EA-& FE3le= 5ol oA 7] W&o Generatore]
A WA Layer®] Size= APCWE Fx2Z EAE o] FE317] 471 280
APCWRHT ZA AASAT. T3 3 WA Layerdl X 58 SAH S HHO=E
RSSIE dZ3t7] sl F+ WA, Al HA Layer®] Sizew HAb ZolxAl AA
3ttt Y3 o] FZ Discriminator= 371 2] Fully Connected Network® /3 &
™ Discriminator®] %ol THo| EAHS F7] wEo Hxe EA F=FS 9
3k Layer®] 4ol " g glth. whebA] Discriminator®] Layer= X} 2Folx] Al A
ARtk & 325 AAE Generator?} Discriminator®] Layer &/ F €43 3
T 18 J=Y SizeE YERATL

¥ 3.2 Radiomap A/ Network®] Layer ¥ =¥ =7]

Table 3.2 Layer and Input/output Size of Radiomap Generation Network

Network Layer I}CHt:l‘;ilt:::ln Input Size Output Size
FC ReLU 2, + WX, 2x W?
Generator FC RelLU 2x W? W?=3
FC ReLU W2+3 W29
FC ReLU W29+ W2xi, W2=9
Discriminator | FC ReLU W2+9 W*=27
FC ReLU W2+ 27 1
o714 z,& Latent Variable®] Z7|E, W*S APCWS| Z7|E, i, APCWE

A d3t= Indexe] N5 UERATE RGNl &238t7] 134+  Generatore}
Discriminator®] <=8 F71E A4 AHAASE=E Aol Z435t uwrakA
Generator®] 48 Z7|= z8 APCWE =7|E U3 - + Wixi, & ARG
T3t Discriminator®] 212 Generatoroll A A4 ¥ Radiomap®©] 4 #| Radiomap}
"]‘6]';‘] HEH3= Aol7] wWEo| Discriminator®] =¥ 37| I =& AR 9|
HEEE 12 AASAT Generatordl A S8 =& 2+t A
Fingerprintﬂw RSSIZ =A3= 140l 3mx3me A L34 23R
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wetA] APCWE TFA38tE 28 Bl 1mxim ¥ UERHZ] & APCW
9} Generatoroll 4 &3 %= Radiomap?] 712 % AMZ29] =7|+= 30 19 H]|&&
zr=t}, wglA APCWE 712 = Al29 T7]= HA 3moldoz HAsok 3t
ot o]w] Generator’t APCW,E AAEHCEZ <YYol =3k Radiomaps
Predicted Radiomap, 2% “893th. 1§ 3.5%= Generator’} APCW, St 25 UH
° 2 Ag3te] E¥ Y Predicted Radiomap;o] 725 YERATEH

Predicted
Radiomapi J
Latent variable __Generator Network 1 » RSSI, 4
i ;
| ReLU !
) ReLU :
1
APCW; ! B W
| -
|
1 [e—
! RSSIw w
1 v 33
[ty
b W

19 35 954 Radiomape] 7%

Fig 3.5 The Structure of Predicted Radiomap

oA714 we AYPEJA APCWEY A EY ZVIE UERAT Predicted
Radiomap; S T/438h= Z472t2] Cell> Generatoroll 4HH APCW, A 3mx3m

G o th3k RSSIE o =3t} who}A] PTedzctedRadwmap] ?le/ﬂ}«] Cell

2 749 Generators APCWE 9H o= A3t A 3¢ RSSISH
A% Ass 2994 g dok aoh G S5S 9T Real Dang)
RealRadiomapj% Generator7} 7 -3 Predicted Radiomap; & st sl o

=83ttt AHE3k RSSIC] HIWE 3lA RealRadiomapjgl = Predicted
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Radiomap; 2t 5L3HA B3R Real Radiomap, o1 A 31 AP2] RSSI7F &4
Hz %t RPE A4S 98 -100dBmoE2 AT ==F oA A"
Real Radiomap;<= Network®] 3tF&EE Eo|7] 98 0~1 Atolo] Fgo= At
steth o] A3t HAH S A 349 2T

RSS[(I ,) — RSSI,,;

RSST .. — RSSI (3.4)

min

RSSI (,,) = {

714 RSSI, & DO z, yollA FAHE RSSIQ! RrssI, 7t AAstE T
3l WeeE FXE JEbATh. RSSI, & Real Radiomap;*1 41 RSSIS] %3kl
-100dBm=, RSSI,, & 3% RSSIO| HUgts vebd™ A3k o] A =
old 4= 23N 7E At wekA Generators A F3HE RSST HOHAEE
& stgalr] Wil 0~19 #Y &9 7RItk Ak RGNS Generator ) A]
D & APY Predicted Radiomap;©] =9 % 3l Discriminators= ©] Predicted
Radiomap; % Real Radiomap;®] BlalE §3] 5 Radiomap®] fFA=7} =¥ dth
o] g CGAN 7]HF Network= A& <5 28] Generator?} Discriminatorl]
2 e SddE A8sty ol 4 359 4 G.6F B

Loz, L7)= Ellog(D(G(2)IL7))] (3.5)
Lz, L7, B7)= Ellog(D(RI|L))] + Ellog(1 — D(G(2)IL7))] (3.6)

o 7] A 2+ Latent VariableE, G¢ D= ZtZ} Generator2} Discriminator®] &9
S, R'= jHA AP AA| Radiomapes UERAT L/= jHA APS] APCWE
43ttt AbstE RGN AAeE 7ol E7lss 59 AHIEE 7HAe

Radiomape AAd3t= Zol7] W&ol Generator®] &3S L.& FHAssH
Discriminator®] =A% 1,E HUsIEA 53t} olH e sk A wHE
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S 53l Generator®] &%H<I Predicted Radiomap ;= A=} RealRadiomaij} Ak

Xt} &<5o] YAl Generationg Phase®l A4l &= Generator= 3 W] 2o =
3t AP9] Radiomap= AT 4 Ut} wWEbA Generating Phasedl A= AP Z+7;
°|] Radiomap& 7dstal ©]& At} shte] Radiomapo 2 TS0t 1H

3.6 Generating Phase®l 4] Radiomap< T=3dl= 344 YERAT

|

| D Latent Variable . Predicted Radiomap . APCW |

Generator Network RP, RP, RP,
o ReLU _]_" -------- | -------- | -------- | -------- ' ARy
o AP, -_'_|||| {po
AP, - — A - i s SRR : . :
AP | | i .
g s R I ——
AR, - Radiomap

1% 3.6 Generating Phase®] Radiomap A4 344

Fig 3.6 Radiomap Construction Process in the Generating Phase

A7 AP, AP FF&, RP,= RPY & YEMAT o]u Generatord =
g2 0~19 #ol7] Wi 9 AHFSE Sl 2ALES D53 Radiomapo] ¥
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4. 49 2 A3

H =Fo A= A= APCW 7]WHe] RGNEl NetworkE #43317] #sl 27}
A Adde stk A AR ddoMes A, APCWS A7)0 whet W=
RGN Radiomap 48 AHA=E FRstr] e L3 APS XA AH=Z o
g 712 A" APCWES AT ©] APCWES RGNel 3}
RadiomapE= A3t} mpA 9o A H Radiomaps A A Radiomaps 7t
Z+e] RMSEE 7lqtstal APCWe| =Z7]° mE RMSES< Bludth F+ WA 4
A2 APCWE AAET W), Zoj=E2 F/E ALsts WHI o5 APE THLS

E&3t= ol wel W3= RGNS Radiomap A AS=E
 AMZ O 4y 2dE *‘5_174]‘3}3’— Zf 29l o] Radiomap ¥4 A

W3E T RGNE Radiomap A4 ASE=E H7Islr] 918 AEE= Root Mean
Square Error(RMSE)<} Histogram<- /\]-9-“3}931’4-[28,29]. RMSE+= AZ & F d
o|E| & FAIEE BrIetr] 9l HiolHE FAAste 4 AESS Ay HiS
TR olu F HlolH e ®3E7F FARSHT RMSES] kol Zropxitt. uhEhA
RGNo| A A4 H Radiomapy} A A Radiomap®] RMSES]| gko] #&<
Radiomap A4 A&=7} =o}. X3 Histograme HoHE T4
71¢} A7l MEFZ Yeifer o)+ HolH e X & ARHCE AT
Ak Al AHEE AP 2 RPE F7F ol EE AHE g9l o
ol olgs 235 FAHCRE £A435t7] 98] wiitol Histograme AH8-3FA T

ke
=,
=
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4.1. AF3H

AdLe 79 413 o] 82mx32m A7]9 e dstn v AH A 2, 3

=

430lA Ads FPstA o, AFItel= RSSIA FEFs F= FlE: 2
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Fig 4.1 Experiment Environment

(a)Structure of 2nd Floor (b)Structure of 3rd Floor (c)Structure of 4th
Floor (d)AP and Receiver
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Mol APS A XEHI LG-V20 AFEE 3thE o] 83l Wi-Fi 4155 4338
ATh APL 15Ut AP on, shtel RPel| 37 FQF 20089 ASE
AR o. =3 HAIFS 9g A4bHE] AX|(PC)= Inter(R) Core(TM) CPU

i5-9400F, 32GB Memory, Geforce RTX 2070, 500GB SSD and 2TB HDE A}&-3Htt.
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4.2. 447

42.1 APCW2| Z7]o] u}2 RGN Radiomap A4 HE=

RSSIO ®W3slE == Zo)ES RGNl dH3t7] /g APCWE L,,, .= AP
T 71T dA WA £t BdET wEk APCWE Z7]= AP
FHo gio] oz B 4ty o] APCWE Z7|7F UF oW g7} B
3] RGNE] Radiomap A4 F&F=7} dold 4 9ln. o} @] APCWS =7
7b A9 g7 SERSAT oy 79 VR s shF Azte]l FU1E
4 Aok et APCWE] Z7]o] wE RGN Radiomap A AE=E 435}
71 98l BY3 AP YA A AE T2 ZVE HAHH APCWES A
T} o]2 RGN dgo=z ALgste] APCWE Z7]o wE ZHzhe) shGAIE
< Wlusn. B 7o) APCWE AH o= ARE3t RGNel A4
Radiomap3¥ 4A| Radiomape] RMSEE Al4tst] AL APCWE =70 mE
RGN2| Radiomap A4 HAIFEES musPtt. 18 425 APCWY Z7=
Im X ImFE-E 69m < 69m7tA F7HAI 71 A AL RGNE Epoch@d h5AIZHS
ERTE

Learning Time per Epoch(s)
=
T
I

0 | 1 | 1 | 1 | I 1 J
9x9 15x15 21x21 27x27 33x33 39x39 45%45 51x51 §7x57 63x63 69%69
Size of APCW (m)

1Y 4.2 APCWE] Z7]o] @& RGN Epochd 3h5Al17E

Fig 4.2 Learning Time per Epoch According to The Size of APCW
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o}71H XEFL APCWE T7]E, YEE Epoch & 4£8FE &AM YeRD
1202 Ay

o A¥S 9% APCWE= 3m2 Wl F71E 7HAH APE 7
9 J8olt}t. webA APCWE (1+2n)3mx(1+2n)3me JEHE A=A

LJ

d 429 A7E BEW RGN 35 AR APCWY 37|17} A-AFE AlF9
FEE F7Fete A& 1At &% A8 A=A FE dolHuo] 27t
gREI o]E o]&dt FEste Aol WS Azto] eFHETH webA
APCW?e] F7|& &%4% F&Fo|t AT APCWE] =7|7} 2o RGN

= 7] W&l RGN®| &< AXt# Radiomap
A Xézhg 25 agsersttt. O 432 APCWY A7IE 9m < 9mHF-El
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Fig 4.3 RMSE According to The Size of APCW

o}71M, XF& APCWE =H71E, YES RMSEES Yehdth ojm Y39
RMSEx RGN9| A5 BAFo= BA43t7] YA A=Z o2 APY HXE
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RMSEE9] H+, EFHaL, HUHGS Yepd Aotk APCWSE] ZL717F 9m < 9m
ol Al 33mx33m7}A] AZAFE, RMSEES] B2 Zotx=H 33mx33mET}
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2 73-%ol= RMSEE9] Hvgkel W3ty Atk RMSEY #ol 2<% RGNO|
2y /dgk Radiomap©] A A Radiomapdt FAFSH AE vty wjEo APCWE
A71E 33mx33mol A HAo|th A TEHXS} HUgS APCWS =77}
Im < 9mNA 39m x39m7FA  ZA&STIE 39mx39mollA HEFE  7HETH
Fingerprint= A A7 2 $=F ¥ RSSI X9} Radiomapol #7¥ RSSI #3Z9]
27 245 X1 AEgEUE Golxity. 53] AP FHe| RSSI £X Wst=
AANA AHE=rE A Ao wEd  BEFS APCWY Z7)7)
33mx33mQ w 7P AAN £FAUA 2 HUREES IHSH APCWE A7)+
39m < 39m7} #H A olg} deHE T
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2= APCWE AT w, HAolEe] el ¥ AEAE& 1= 213 APY
s ARbstRATE wekA APCWE AL w, Zol

THLE £Z3= W ©WE RGN

o] Radiomap A4 FIF=EL ¥udth ol & AZ O 49 2dES
AASIFT E 412 AFES Hs) AAE =P Ao, Layer(Activation

Function)®] FF<} 4&8€9 2715 Yepdn.

¥ 41 7 2do Ao B N RALE

Table 4.1 Definition and Details of Each Model

Network . .
Model Defines (Layer) Input Size Output Size
Generator .
o %Sl] OU% Z+)(71><K1 XnXYnTg
LSS LS | geReLY
AL 5= iscriminator -
}-&3l= RGN (FC-ReLU) X, XY, +9+X, XY, 1
Generator . .
Ao Eo AAL 2+ (X, X Y,)Xi, X, XY, +9
2 | 2eE Labds R
AL sle= o .
}-&3t= RGN (FC.ReLU) X, XY, +9+ (X, xXY,)xi, 1
Generator 5 5
AP9] Ao = z+ W w=+9
30| A /‘j%?Label:% D(.FC'.RETLL?
A8 5l iscriminator 9 5 .
]—%O — RGN (FC-RCLU) we+ w==9 1
Generator 20 - .
s | g Qoue (FC-ReLU) 2+ W, w9
AH&-3h= RGN Discriminator 9. 20
(FC-ReLU) W*+9 + W"x4, 1
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o 7] Al, 2+& Latent VariableZ, X, & A&Y XFY A7E, v,© AEY Y=
o] AVIE, w?s APCWE F7|E, i 2 Index® & UEAT}E Generator= =
2} 1mx1mE 71ESE2 AAHdE Labels A 4™ ol 3mx3m 71E9
Radiomap= A<ttt T3+ Discriminator= Generatorol] 4] A 4d ¥ Radiomap3}
LabelS &7 4= wtol A= Radiomap®] A Radiomapd} FAFSHA] IS
ot webA] Generator®} Discriminator®] ¥ 3 %2 Label®| =79} FHjo] w
2t AAHEH. Model 1, 2, 3, 4= 22 & 4.1 Definesoll 2]¥ Labele A&
St Label> L=X, %X Y,, Loo_not =X, XY,, L=WXW, L,._ .. = Wx WO|t},
welA AFEE = Labele] =Z7] 2 dElo] wWE Generator 2 Discriminator® ¢
=92 3 4.19 Input Size2} Output Size2} 2T} ©o|w] Model 13 Model 29 ¢
Ho® ARREE LabelS =9 FH H 7S 11 82mx32m=E A S}
3L Model 33 Model 49] YHOFE AEEHE Label® A7 421739 AF
A3E ayste] 71 bR AR] AHE Hole 39mx39mE AASAT. I
StaS % 4 2do gguE e v 2ol AT =3 SS9l
7y wdo] 3g}v|E £ Batch Sizet= 4000, Training Epoch= 1000, Learning Rate
£ 00001 &2 2AsAL.

_?l_:
o

tlo

B

Bdo] o] APollA HALE HARE A =3t
Ath ()= 7 229 Radiomap AAH AHIEE ©
5 5

A GGl BdEef 4

Radiomap< U-E}
A% dFFdA
5 23] APCWS] =
719} FLEA A AT WA Celle APl A E, SSEA CellS Free
SpaceE, A4 Cell2 RSSIE SAHT & gle AAE UHEMTL (b)~(e)&

A
Model 1, 2, 3, 4 Z+Z+9] Radiomap A ZAI}E YERATE

=
< By
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o Building and AP map
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Table 4.2 Accuracy of Radiomap Generation for Each Model

Model RMSE(dBm)
Average Max Min
1 28.84 37.84 22.71
2 5.48 7.06 4.1
3 14.98 244 6.35
4 4.01 6.43 2.26

RMSEQ] Ho] 28.84dBmolAl 14.98dBmoZE FAHUAT A3 =& 23}
E Uelg7] "ol A E Radiomaps o] X g3k 3= Fingerprint
2 g3t7] offdot. wehA APS] YA TS 1# ¢ Model 32> Radiomap 434
EIRE HAskA] &th Model 13 Model 22 235 B Fol &9 ATt
< 8% LabelS AFE3S wl RMSES] Hdo] 28.84dBmollA 548dBmo 2
Radiomap A4 BLE7l IA F7ith. webA Ao =9 QRS a8 str et
% RGN9| Radiomap A4 ALEE A =Y T ATk Model 29+ Model 49
A3E HE APCWE AHE-3S w RMSES] H o] 548dBmolA 4.01dBmeZ
Radiomap A4 AEE7} S7Fshoh T3 Hed] AFolA Wi-Fi Al59 xFHA
+ 5dBm °JW¢] k& ZETH30]. weEbA AEstE APCW 7]HES] RGN
Radiomap A4 HEZ7} 4dBm U2 AR AHF & EHolr] W&

o
5
o
T
z

T

l
15

_34_

Collection @ kmou



Radiomap A WEYIZE A3ty AE

A Qtsl= APCWE 7]8Ee] RGNSl Model 49 Radiomap A4 AS=7} 7H4
= Uttt oegbA APE FAHSE LabelS AdstE WHo] Radiomap A4
Az vXE 802 F43517] 918 Model 29 Model 42| Input Layer®]
Weight Vectorg Bl 3R T 78 UWEHNIY S92 2] 23)% 2o d=Hdo]
Eeo Z+ A&} YEY S Weight Vector®] F2 Fejolty. welbA Input Layer
°] Weight Vectori= RGN©] Radiomaps AT wf APCWE T3t 24H2be
S'7F FMA = FAE YERAY. o= Weight VectorE 743t 7217F2] Weight
o] 9x)9} =Xt I 9o UHFHA HolE e AHEo] YEY T =]
e AEE guigitt. I8 4.5 Model 29} Model 4 Z+7+9] Input Layer2]
Weight VectorE WEMATH 7|4 (a)9] X, Y55 22} RadiomapsS 4335171
23 Model 29 VHEHE L,,. 10 =84mx32m% X, Y& HEZ Yehdt) o
o Label® Z7] 2 FEle A=Y A7 FdstA AASAT =3 (b)9 (a)
9] X, Y2 ZZt Radiomapes AAASHZ] f8l Model 40 UHHE=
one—hot = 39m > 39m e X, Y& FHEE YEtTh

d

L

Weight Vector (32mx82m) ‘Weight Vector (39m X 39m)
-0.04

10 20 30 40 50 60 70 80 %107 10 20 30
x[m| X[m]
(a) (b)

a9 4.5 29| Weight Vector
()22 29] Weight Vector (b)E2 4] Weight Vector
Fig 4.5 Weight Vector of Model
(a)Weight Vector of Model 2 (b)Weight Vector of Model 4

_35_

Collection @ kmou



7] 4] Model 22} Model 42] Weight Vector= WHE &5 #tolth o|= AP
oA AR Ayt W, T3} ZE AojEol s HA FAEHT] wfEel
Weight Vectore= 52 #2 7HA= o2 AdHT. =3+ Weight VectorsS T
AAst= Weighte] AU gk 747} Radiomaps AT W AL&3st= vl &S oJn|sh
ok wEkA Labeloll A olo] X, YO HAI7F a5 A7 s AHSH=
AEE A3t7] sl Y-S 71FS 2 Weight Vectors 430k 3ttt (a)
o] Afee dEHoE AEH dES] el FAFSHA Weight Vectore] FEN7F
UEFSE O™ Inaccessible Spaces A 2]t 9 x]e} Faglol 247 Weight+
AR RS 7HRIY. wEbA Model 25 L, 0,914 299 X, YF e ST

g

£ g X2k AP Alolo] ATlel #A Qo] Radiomape T4 3= RSSIE o=
st ARESlE AS ettt SRR AP b= WALA RV HojASE wk
Al B3 5 Ao g2 Qe Al717F AT mebA Hurl 2gekA] oF

)

£ 2949 FxELS Radiomaps AT w oy} gl SPAGLE
A4 Radiomap®ll Fo] A1t ol¢} 2] (b)Y -7l Weight Vector
7™ SAld A HAAFF

A& A3
Foglth olE ¥, A o] wxBe] EASE Ay #7ol7] Wl
H

¢

ol A= 2

g WAL RS ofYX|RE FAFSHAl Sh53E ASE HRITH o] APCWE
o] &3to] &<53 RGNO| Radiomape= AT o HAFJA7E A7 FolE
I AP}t A7 B T A APCWE AH&she= Hl&o] &2 Ze 9
Hj gttt ol2 gk o]f=E AQket= APCW 7|HFe] RGNS Ao g ¥
Aol 73St Radiomap A3 A 7F Model 1, 2, 35t} =0 #od
=2

APCW$} RSSIZ 7439 tlolE o] 29 &84S F<Ustr] f3iA AP ¢
o] wElr] WM3l= RGNE Radiomap A ABZ=ELS W s A4S 73
AT 19 4.62 4504 X9 HolEE A&t d5E RGNS E3l 3,
4Z°| A Radiomap= A4 A5 YEIATH (a), (o) A9 X, YFE] AP
7F 91A& o RGNAA Ad ¥ Radiomapd alld AP 4 A| Radiomape] RMSE
E YAHEE Yl olu) X5 YH2 7247t RSMEE Akkek A& e

- 36 -

Collection @ kmou



dAth (b), (T (a), (c)7F 22 HEE 2B, oy XFHF> A4
Radiomap3¥} 44| Radiomape] RMSEE, Y2 WETE

478 3, 4594 FHE HolEE AHEst St5H RGNS 53l 3, 454
Radiomap= A4 ZA#E Yepdth ol (e), (), (g), (¢) 44 X, YS2 (a),
(b), (), ()¢ FL3tct.

Histogram (4th Floor)

Generation Accuracy According to Location of AP (4th Floor) 50
15 1 h
12 0.8 40
g 9 0.6 E 30
> a 0.4 3 20
. 0
0 5 10 15 20 25
Py, RMSE[dBm|
(a) (b)
Generation Accuracy According to Location of AP (3rd Floor) 50 Histogram (3 rd_ Floor?
15 1 =
12 0.8 40
T 0.6 é 30
o 0s Sa
" 0.2 10
5 ! 0
15 30 i ke 0 B 0 5 10 15 20 25
X[m] RMSE[dBm]
©) (d)

39 4.6 4% Hl°o]EE 853 RGNY Radiomap A4 23}
()45 (b)452 J|2EI™ (c)3%5 (d)3FY 3=E1H
Fig 4.6 Radiomap Generation Result of RGN Learning the 4th Floor Data

(a)4th Floor (b)Histogram of 4th Floor (¢)3rd Floor (d)Histogram of 3rd Floor

KR
=
AP-4 AR} FHglo]l EA 2Rl Radiomap A ASEE
FHY HAE Fx9o WH3lo wE RSSI BE¥XE S5 AL AT 4+ Ut
o [e)
o

(©), ()8 AHE HH 3F |4 RadiomapS

Collection @ kmou



AR A5 450 Bl deol WA= Ae & F An ole 35 45l
A FAReh 22 suReAe Tx7t t2y] MR How BHA 34
U SERRY ASE 433 359 FRHU Aolr} gyl @R mMma <y
Al 54 ee HAth WEA ROGNe] A= T30 wE RSSI £FE Shss)
1l o] & o] &3 Radiomape= AA3t= AS=E & 4 Stk
Generation Accuracy According to Location of AP (4th Floor) 50 Histogram (4th Floor)
15 1 5
2 0.8 40
E 9 0.6 E}O
#s 04 Sp
6
s 0.2 10
0
15 30 45 60 75 % E S 18 o0 Bs
X[} RMSE[dBm|
(e) ®
& Generation Accuracy According to Location of AP (3rd Floor) : 50 Histogram (3ed Floor)
2 0.8 40
E 9 0.6 ‘530
s 0.4 320
6
" 0.2 10
0
15 30 45 60 75 ¢

0 5 10 15 20 25
RMSE[dBm]

(2 (h)
a9 4.7 359 43 HolEHE &5 RGNS Radiomap A4 A7

(4% (D439 32E1H (g3F (03T 3|2ET1H
Fig 4.7 Radiomap Generation Result of RGN Leaming the 3rd Floor Data and 4th Floor Data
(e)4th Floor (f)Histogram of 4th Floor (g)3rd Floor (h)Histogram of 3rd Floor

x[m]

TS 3, 459 FERE EF 5T RGNS o &3 (g), (he] Z23E BH 35
o] A 2] Radiomap A4 A
RGNS A2 Tz o

Collection @ kmou



A orsl= APCW 7]¥Fe] RGNS 53 Fingerprint 7]¥ ol 4] Radiomap<S A A3}t
71 1%k AF & JAFN LS FA FY 5 ATh AT (o), (DY AHYE RY

g5 TlolEl7F ®olA® RGNo| Stgsfof st 22 Q1 sjdo] Frtstr] o
o 24359 Radiomap A HAI=7F HojX= AL &UsAT o]= RGNS
T/33F= Weight Vector®] A zhepr|E o] F7F sdstr] wjolsty AdH
t}. o]l# st EAE sZAst7] Y] dolEH|o)l A7t =742 Networkd] =7
AR a&A< stES AT AErE 2Ao] a7d o

-39 -

Collection @ kmou



As5% 28

B =& A= Fingerprintol 4] RadiomapS AJA3H7] 213 Al 92 Q134
<o]1l RSSIZ TAE TlolEHo] 29 &EAHES Eo|7] 913 APCW 7|yHe]
RGN< AT APCW= AWF3ts HolE3stal o] & APE TASE &
et A E7] vfEoll RadiomapE T/33t= RSSIE dSsted T8 AR
E Z3s. APCW 7]HES] RGNS RSSIE 9 =3}e] Radiomaps A TOZH
AL WiFi A58 F3ste HES IA =9 & Ut APCW 7|Hhe]
RGNS A}-83}4] Radiomap AA3h= Ad-S WPstAnt. Aol APCWe =7]
39mx39mY W RGNE Radiomap A4 H&=7} 4.01dBmeo|t}. o=
Predicted Radiomap3} Real Radiomap®] RMSEE UERATE APCWE =Z7|7} H
t} o™ RGNY Radiomap A AZTE7} Zolzith W2 APCWY =77}
Bt} £ o= RGNQ Radiomap A A= Zol= IA ZAT RGNS dhs7
3l7] 3% AlZrol A F7FE T E=3 APCWE AR&3le] 5F RGNOJ
Radiomap—% ARE o AFJAZIE TARA I ZolEC] APoA HAASFE
RSSIE oZst=d A AMSste AS FASATE o= APAA AR s

=

rr

AZ17F Aol wel st FH o= o A HAHstes E4E g
g Ao AddEn. EI RGNo| dgate F2AES S/ 438E &
st AW Tzl dE S StEetal o] 5 o] 83t Radiomaps AHBE = 3

sl it stAINE Fx e o] ko] WolA ™ RGNE Radiomap A A

[¢]
7V ZHaskeE AVE ok @ dFE Bl olEd AE siEsty
< dolEHlol 2Tt FEHFHEUH AU fXJAACNA TP ol AEEE
Fingerprint®] Radiomap= T-53t= Bl-&S A €€ + Uth

.

Ir

Hir fot dlo
H mlo

_40_

Collection @ kmou



[1]

[3]

[4]

[3]

[6]

[7]

[8]

[9]

a2

Anagnostopoulos, V., Havlena, M., Kiefer, P., Giannopoulos, 1., Schindler, K., &
Raubal, M., “Gaze-Informed location-based services”, [International Journal of
Geographical Information Science, vol 31, no. 9, pp. 1770-1797, 2017.

Ray, S., Blanco, R., & Goel, A. K., “High performance location-based services
in a main-memory database”, Geolnformatica, vol. 21 no. 2, pp. 293-322, 2017.
Zuo, J., Liu, S., Xia, H., & Qiao, Y., “Multi-Phase Fingerprint Map Based on
Interpolation for Indoor Localization Using iBeacons”, [EEE Sensors Journal,
vol. 18, no. 8, pp. 3351-3359, 2018.

Luo, C., Cheng, L., Chan, M. C., Gu, Y., Li, J.,, & Ming, Z., “Pallas:
Self-bootstrapping fine-grained passive indoor localization using WiFi monitors”,
IEEE Transactions on Mobile Computing, vol. 16, no. 2, pp. 466-481, 2017.
Wu, C., Yang, Z., & Xiao, C., “Automatic radio map adaptation for indoor
localization using smartphones”, [EEE Transactions on Mobile Computing, vol.
17, no. 3, pp. 517-528, 2018.

Zhuang, Y., Li, Y., Qi, L., Lan, H., Yang, J., & El-Sheimy, N., “A two-filter
integration of MEMS sensors and WiFi fingerprinting for indoor positioning”,
IEEE Sensors Journal, vol. 16, no. 13, pp. 5125-5126, 2016.

Jung, S. H., Moon, B. C., & Han, D., “Performance evaluation of radio map
construction methods for wi-fi positioning systems”, [EEE Transactions on
Intelligent Transportation Systems, vol. 18, no. 4, pp. 880-889, 2017.

Lee, S., Kim, J.,, & Moon, N., “Random forest and WiFi fingerprint-based
indoor location recognition system using smart watch”, Human-centric Computing
and Information Sciences,, vol. 9, no. 1, pp. 880-889, 2019.

Jiang, Q., Ma, Y., Liu, K., & Dou, Z., “A probabilistic radio map construction
scheme for crowdsourcing-based fingerprinting localization”, I[EEE Sensors
Journal, vol. 16, no. 10, pp. 3764-3774, 2016.

[10] Mazlan, M. A. A. A., Khir, M. M., Saad, N. M., & Dass, S. C., “WiFi

Fingerprinting Indoor Positioning with Multiple Access Points in a Single Base
Station using Probabilistic Method”, [International Journal of Applied
Engineering Research, vol. 12, no. 6, pp. 1102-1113, 2017.

- 41 -

Collection @ kmou



[11]

[12]

[14]

[15]

[17]

[18]

[19]

[20]

He, S., & Chan, S. H. G., “Wi-Fi fingerprint-based indoor positioning: Recent
advances and comparisons”, IEEE Communications Survey & Tutorials, vol. 18,
no. 1, pp. 466-490, 2015.

Wu, C., Yang, Z., & Liu, Y., “Smartphones based crowdsourcing for indoor
localization”, IEEE Transactions on Mobile Computing, vol. 14, no. 2, pp.
444-457, 2017.

Zhang, X., Wong, A. K. S., Lea, C. T., & Cheng, R. S. K., “Unambiguous
Association of Crowd-sourced Radio Maps to Floor Plans for Indoor
Localization”, [EEE Transactions on Mobile Computing, vol. 17, no. 2, pp.
488-502, 2018.

Luo, C., Hong, H., Chan, M. C., Li, J.,, Zhang, X., & Ming, Z., “ MPilLoc:
Self-Calibrating  Multi-Floor Indoor Localization Exploiting Participatory
Sensing”, [EEE Transactions on Mobile Computing, vol. 17, no. 1, pp.
141-154, 2018

Bisio, I., Cerruti, M., Lavagetto, F., Marchese, M., Pastorino, M., Randazzo,
A., & Sciarrone, A., “A trainingless wifi fingerprint positioning approach over
mobile devices”, IEEE Antennas and Wireless Propagation Letters, vol. 13, pp.
832-835, 2014.

Dissanayake, G., Sukkarieh, S., Nebot, E., & Durrant-Whyte, H., “The aiding
of a low-cost strapdown inertial measurement unit using vehicle model
constraints for land vehicle applications”, [EEE transactions on robotics and
automation , vol. 17, no. 5, pp. 731-747, 2001.

Chen, L., Zhang, S., Tan, H.,, & LV, B., “Progressive RSS Data Augmenter
With Conditional Adversarial Networks”, [EEE Access, vol. 8, pp.
26975-26983, 2020.

Seong, J. H., & Seo, D. H., “Selective Unsupervised Learning-Based Wi-Fi
Fingerprint System Using Autoencoder and GAN”, [EEE Internet of Things
Journal, vol. 7, no. 3, pp. 1898-1909, 2019.

Hecht-Nielsen, R., “Theory of the backpropagation neural network”, Nueral
networks for perception, pp. 65-93, 1992,

Denoeux, T., “A neural network classifier based on Dempster-Shafer theory”,

IEEE Transactions on Systems, Man, and Cybernetics-Part A: Systems and

- 42 -

Collection @ kmou



[21]

[22]

[25]

[26]

[27]

[28]

[29]

Humans, vol. 30, no. 2, pp. 131-150. 2000.

Jain, A. K., Mao, J., & Mohiuddin, K. M., “Artificial Neural Networks: A
Tutorial”, Computer, vol. 29, no. 3, pp. 31-44, 1996.

Han, J., & Moraga, C., “The Influence of the Sigmoid Function Parameters on
the Speed of Backpropagation Learning”, International Workshop on Artificial
Neural Networks, pp. 195-201, 1995.

Namin, A. H., Leboeuf, K., Muscedere, R., Wu, H., & Ahmadi, M., “Efficient
Hardware Implementation of the Hyperbolic Tangent Sigmoid Function”, /EEE
International Symposium on Circuits and Systems, pp. 2117-2120, 2009.
Hochreiter, S., “The vanishing gradient problem during learning recurrent neural
nets and problem solutions”, International Journal of Uncertainty, Fuzziness
and Knowledge-Based Systems, vol. 6, no. 2, pp. 107-116, 1998.

Nair, V., & Hinton, G. E., “Rectified Linear Units Improve Restricted
Boltzmann Machines”, ICME, 2010.

Goodfellow, 1., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair,
S., .. & Bengio, Y. “Generative Adversarial Nets”, Advances in neural
information processing systems, pp. 2672-2680, 2014.

Mirza, M., & Osindero, S., “Conditional Generative Adversarial Nets”, arXiv
preprint arXiv:1411.1784, 2014.

Aptula, A. O., Jeliazkova, N. G., Schultz, T. W., & Cronin, M. T., “The
Better Predictive Model: High q2 for the Training Set or Low Root Mean
Square Error of Prediction for the Test Set?”, OSAR & Combinatorial Science,
vol. 24, no. 3, pp. 385-396, 2005.

Pizer, S. M., Amburn, E. P., Austin, J. D., Cromartie, R., Geselowitz, A.,
Greer, T., .. & Zuiderveld, K., “Adaptive Histogram Equalization and Its
Variations”, Computer vision, graphics, and image processing, vol. 39, no. 3,
pp. 355-368, 1987.

[30] Bose, A., & Foh, C. H., “A Practical Path Loss Model For Indoor WiFi

Positioning Enhancement”, 2007 6th International Conference on information,

Communications & Signal Processing, pp. 1-5. 2007.

_43_

Collection @ kmou



	제 1 장  서   론
	제 2 장  관련이론
	2.1 Fingerprint
	2.2 Deep Neural Network(DNN)
	2.3 Conditional Generative Adversarial Nets(CGAN)

	제 3 장  제안한 라디오맵 생성 방법
	3.1 APCW 기반의 RGN
	3.2 AP-Centered Window(APCW)
	3.3 Radiomap Generation Network(RGN)

	제 4 장  실험 및 결과
	4.1 실험환경
	4.2 실험결과
	4.2.1 APCW의 크기에 따른 RGN의 Radiomap 생성 정확도
	4.2.2 APCW 기반 RGN의 특성분석


	제 5 장  결    론
	참   고   문   헌


<startpage>11
제 1 장  서   론 01
제 2 장  관련이론 04
  2.1 Fingerprint 04
  2.2 Deep Neural Network(DNN) 07
  2.3 Conditional Generative Adversarial Nets(CGAN) 10
제 3 장  제안한 라디오맵 생성 방법 13
  3.1 APCW 기반의 RGN 13
  3.2 AP-Centered Window(APCW) 15
  3.3 Radiomap Generation Network(RGN) 20
제 4 장  실험 및 결과 25
  4.1 실험환경 26
  4.2 실험결과 28
   4.2.1 APCW의 크기에 따른 RGN의 Radiomap 생성 정확도 28
   4.2.2 APCW 기반 RGN의 특성분석 31
제 5 장  결    론 40
참   고   문   헌 41
</body>

