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Observation samples

nwdgznau 4 Random Forest Prediction Concept
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3 AdaBoost

AdaBoost (illustrated)
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AN919 1 WARINITIHLART DNN 189411048 A Scalable Deep Neural Network Architecture

for Multi-Building and Multi-Floor Indoor Localization Based on Wi-Fi Fingerprinting

DMNN Parameter Value
Ratio of Training Data to Owverall Data 0.90
Number of Epochs 20
Batch Size 10
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SAE Activation Rectified Linear (RelLU)
SAE Optimizer ADAM [18]
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38n19A0 IN9TLWEU UMTS il WLAN Aneluanmnsdinanuaunn 20 x 15
wmg Tneld 4 Small Cells uay 4 WLAN-APs m@ﬁwummﬁﬂuﬁuﬁmmm 11109 Tl
faTTnRa AP uAz RSS d¢1¥u1n737u Euclidean distance Waza1A7g1L Kulloack-Leibler
(KL) M /7enieuiu 350195y A1unide 1435 Weighted K-Nearest-Neighbor algorithm

(WKNN)
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HaN1INAaealneiTaUNELAIAINYNHEITB WLAN kas UMTS Wud1#l -55

dBm WLAN HAdaefigaatin 5.5 wWes wazil -80 dBm HAHetgantin 5.9 wes

Vis. Thres.[dBm ] -85 -80 -75 -65 -60 -55 | -50
WLAN [m] 118 | 119 | 9.67 6.3 6.3 55 | 62
UMTS [m] 6.19 5.9 13.5 13.9 13.9 - -

nwdsznay 13 ArennaleuauAIANgnedes WLAN waz UMTS Taald WKNN
Husatin4]

41143481504 Bluetooth Indoor Positioning[5] 11143 ”ﬂ‘ﬁﬁ’]mﬁzuﬁ%mmmﬂu
a1nnslaaandainalulat Bluetooth Lﬁ@yimmwﬁwﬁu Global Positioning Module
(GPM)

AnnsfeaziimaBouifauaaduresdyyinseuidnugniaiigys Geld
edwidanalunisiiudeya Latitude, Longitude uag Altitude $9NALN131HANA NN
N [aTlaliglaY!

Wi-Fi Tnei143% k-Nearest Neighbor U3 uilguiuas Naive Bayes eRnis

NAAaULszANENINBINI9TEY AUl AnHanIInAaeInLdIAIAINgNsRdLRAE

'
1

[EN 1.5 AT
Accuracy (m) Precision (m)
50% | 80% | 95%
k-ININ 1.62 1.72 3.04 5.16
k-TNIN regression 1.60 1.42 2.40 3.79
Naive Bayes 2.13 1.97 3.31 5.72

nwilsznay 14 A199NaTBUNLAIAYINYNABIT8Y K-NN, K-NN regression

waz Naive Bayes[5]
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AURAULASAN Dataset Tuinsan 14911

111

e : gl
Interior T1 Building
ThirdFloor

3 1
A nlsEney 15 LaRINLA 3 81A1TU89 University Jaume |, Spain

A [@@u”l,mi] http://ieeexplore.ieee.org/document/7275492

Lﬂugmﬁﬂy’@mm?m:ﬁdgﬂﬁ 15 Usznaudag 3 81A1T WAAZR1ATH 4-5 %u Ay
CRMIMLGHT
Training (90%), Validation (10%) : 19,937 (1Wﬁtrain.csv)
Testing : 1,111 (194 validation.csv)
R1UIU Access point : 520
senaudag 3 81ANT UAAZENANTH 4-5 %u

gudayailiiudeyalnefldaiuau 20 au Ineldaniininuiouen 25 wsadlunis

a

\iuAN Fingerprint Faifuaanuusednyy1ns WiFi aan Access Point Tuusiazatumdanielu

a v 1y

WAATBIANT WAL mﬂsﬂmﬂu Sparse Data 1483410 Fingerprint zﬁ'quiwmm@g@ RSSI 184

Access Point U52u104 20 A1 A1n 520 APs %M’m’]?ﬂﬁ Stacked Autoencoder Lﬁ’aél‘zﬁélu

cY 14

N19aANAIlUN1 Lﬂﬁ"]‘éﬁﬁ‘ﬂ@ﬂﬂiﬂ

U

v

dagya’lis UJlindoorLoc Dataset tsznausiaeidn RSSI 1849 WiFi Access Point s

WAPT auile WAP520 GaifuAmatnussdoy oyrod WiFi duudaaiilu dB TaafiAn 100


http://ieeexplore.ieee.org/document/7275492
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vunaneldatusnfudoyyrnaes Access Point Huld A1 Longitude wae Latitude ABAN

1
a @ ¥ '

WiaA uMaeAusIiLdeYa A1 SpacelD Aa ANIHARIUNUITNAZHNNTAINULNNLY
neludutiug A1 Floor Aelaassyuiazdu HAAIWA 0 D9 4 ANuiaze1Als A1 Building
& = ) ) Aoy o o X o ¥

ABIAT92LBIAT T9BIAN309 University Jaume | Alda¥egudayaill 3 a1ans Auiuaz

1460 0 11w 2 TunnsseyusiazeAng AEN9199 3

13719 3 wanssivatedayaly UlindoorLoc Dataset

WAP1 [WAP2| ... | WAP52 | Longitude | Latitude | SpacelD | Floor Building
0
-94 | 100 |..| 100 | -7541.26 [4864921| 106 2 1
100 | -91 |..| -71 -7524.57 14864934 102 4 1
100 | -78 [..| 100 | -7559.78 |4864871| 108 2 1
-91 | 100 |[..[ 100 | -7562.19 (4864867 | 109 2 1

2
%

Hudayaniadna Internet einusia WAPs Niinsiaag luszuy Infrastructurelngiian
da3ans access g Internet 189 MIdANYiNale Q4 AITIARBUNHNY WAP uaazaann 14
Tnes WAPs gnainsialdluszuy Infrastructure NARAIaL lWANAMAN W Nu1ANede Jaume

T4 Uszina Spain TnausasanNanuquduastaies 4 41 AnNuNag19tios 110.000 A3

1%

wmg. Ine daya Nau1saldlunig waumn classification 1y anAsuazdUW NAUATY QU

% ¥ dl o . | a a dl o o/ Y v d’j
16, daganiannmii regression 1 aa4Rqm waz axfqn NAudyy1ld dayas gaty

]
A ¥ ! 9 Y

nstiunniel 2013 Tae M Audeya atnatias 20 AuLaznsdnwitene smartphone 19

u u

| ]
=

OS WUU Android ati19tias 25 1A704. Tnadayan tAuld §4119119937 records
(trainingData.csv file) kas 1111 test records (validationData.csv file). Taelunila record

sznaugiog 529 attributes 1w WiFi fingerprint, gandaudtytynuls uazdaya ginsadild

NARAILAT AIUNUS WAP ( Wireless Access Point ¥iTafanszanadnyynod)
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IpganIuIRe[1]  aznIn1g Cleaning dataset Tag uuadlu train was test Iaald column
1 0 D9 520 Wl train wae 521 D4 526 ilu test way wilaaAnlu record 71 access point Jein

wntilu 100 131il1 NAN twazdaan 100 1818uAn default ne ldd nednyinanapzale

Y @

v 1
access KU WAP il uay e lddayadn train oy testudanidsladarunsniindasyalild
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1 '
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14 Machine Learning Model l#luinmiiiasaindeyanlinndsid1aanu error agjgeassias

v v
nnnstiuussdeyanindunauneana neaulaasia nasnidndaya #ldldagludnemuey

=

o

Normalization Ineldnsz191N3 skewness iann1siadndaya nldld agluaeuian

o [ %

Normalization aan’lil waz nazuauNIg kurtosis NaN4ndayanieAn Ngeusa A1lea

'
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a
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=

Machine Learning Model flunnssialyl

N15%1 Exploratory Data Analysis Wag Pre-processing
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nwusznau 17 n9nszans1esadesyanis access 189A2 WAPs

AN 18 Wunsuansliiviuienisnszansiuaesdeyanns access 183 WAPs
Tuusiazanans 1aeld Latitude Waz Longitude usatsnlng ugaafudivasy Aunsdiviy
81ANIUIN UAT NINLNNATNRudiuenAsTiaes uay aanan@iTisn dminennsfians d
anngiaziiuladnmnussresdynnla sesudasininisusniuanuusazinesng
i51A1d 1ﬂﬁﬁmmﬁmﬁmmﬁﬂ°ﬁmmﬁ%‘mié’]’ fenniernnisiiasyinnsnszanefaaes
faya (RSSI) Fauandlugil 19 nudndeyadaulvnjaznszanelatnedrasasnisnszans

w03da3a (right-skewed) dn13nszanasialaiiflu normal distribution
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Tudur9In 1T A ANOILATIZUAILRUIUBY smart phone 21nAT WiFi RSSI 11
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NANTSIAE

lwaznINIMmeaaulsz@nsninaasiuiaa KNN, Random Forest ag Adaboost
Tun1siimszi &y oo Wif Lﬁ'@ﬁwmﬁzu[ﬁhLLmiwmImﬁwﬁﬁﬂﬁﬂ ilaainaan
uletleauansdyynns Wi L'iwzi:qrﬁmmiqﬁqLLmiﬂugﬂﬂJm%u (floor) AinuTnsdnsiziede
1a9UAAe1ANT IntLsnavsrysransninaeslumalugtues accuracy Wag confusion

matrix

1
o a

% A a 1 I . . ¥
ADYALULIUNWHNLAN LT AT Accuracy ,lkag Confusion Matrix UABPAURYALEIN
ANNUAAY BUILDINGID @agiusiulil i Aniaimeniuaninas[1]1ua s ate9911naein 1s
1 =& ] v 1 dal v = 1
nananelegantiineui 1ag BUILDINGID=0 fagl model Random Forest § AN Accuracy

Winfu 0.7874,ua% Confusion Matrix A8

PREDICTED LABEL

N lsznall 19 Confusion Matrix Nlfanuanisniueinesansne luiaa Random Forest
109AN0WAZALE model K Nearest Neighbors #A1 Accuracy Wnfiu 0.9977,ua% Confusion

Matrix A9

PREDICTED LABEL

Awlsznal 20 Confusion Matrix N lgannuani1sniuialaeasausasluma KNN 289700

wazéingl model AdaBoost HA1 Accuracy Winfiu 0.7788,uaz Confusion Matrix Ae
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PREDICTED LABEL

Alszna 21 Confusion Matrix N lfannuanisinunalasasansas luina AdaBoost

489HN0

Ime BUILDINGID=1 #a8l model Random Forest { A1 Accuracy winiiu 0.7874,

WAL Confusion Matrix A®

PREDICTED LABEL

N ilsznatl 22 Confusion Matrix #lfannuanisniuweinesansae luiaa Random Forest

=3
AANFN

WA M98 model K Nearest Neighbors # A1 Accuracy iU 0.9977,L4 ¢

Confusion Matrix Ag
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PREDICTED

A ilsznay 23 Confusion Matrix #lgannuani1sninuialaasausaaluma KNN aa97n 1

wazhae model AdaBoost HAN Accuracy Winfiu 0.7788,La% Confusion Matrix

PREDICTED CLASS

AW3znal 24 Confusion Matrix flganuani1mmiunalnasausqeluina AdaBoost

=S
URIANT

Imel BUILDINGID=2 #28 model Random Forest # A1 Accuracy Ny 0.7874,

WAz Confusion Matrix Aa
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PREDICTED CLASS

A lsznatl 25 Confusion Matrix Nlfannuani1sn1wneinesansoe luina Random Forest

YRIFN2

WA /28 model K Nearest Neighbors § A1 Accuracy LNy 0.9977,L4a

Confusion Matrix @
PREDICTED CLASS

A3znall 26 Confusion Matrix # lganuan1mmiuaine s luina KNN 299502

wazénel model AdaBoost JF1 Accuracy Winfiu 0.7788,1uaz Confusion Matrix A8

PREDICTED CLASS

Awilsznatl 27 Confusion Matrix A lFannuani1snwie laezansae luina AdaBoost

YRIFN2
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