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Comparative Analysis of Machine Learning Regression Algorithms
for Wi-Fi Signal Strength-Based Indoor Positioning
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Abstract

Wi-Fi strength-based indoor positioning remains widely used across various fields because it does not require
additional signal transmitters or receivers. A pre-constructed strength database of radio signals is necessary for
Wi-Fi signal strength-based positioning, typically structured as a tabular dataset. Despite the rapid advancements
in artificial intelligence, applying deep learning to such tabular data still results in unstable learning, with
traditional machine learning-based regression algorithms outperforming in terms of positioning accuracy. In this
paper, we conduct an in-depth analysis of these trends by applying various machine learning regression algorithms
to a carefully constructed signal strength distribution dataset, comparing their strengths and weaknesses. The
algorithms used include Extra Trees Regression, Random Forest, Support Vector Regression, and Extreme
Gradient Boosting. Each algorithm’s accuracy and training time were analyzed. The experimental results show
that Extra Trees Regression achieved the highest positioning accuracy, while XGBoost demonstrated the fastest
training time. The dataset used in this study integrates data from all floors of a single building, organized into x-,
y-, and z-(floor) coordinates. Most machine learning-based regression algorithms have demonstrated the ability
to predict the x- and y-coordinates with a root mean square error of less than 2 meters, while achieving over 99%
accuracy in predicting the z-coordinate(floor level).

Keywords : WiFi-based positioning, Indoor positioning, Machine learning, Regression, Tabular dataset, Deep
learning, Ensemble learning
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1LAME F o Qe SHo] AN vge st HlolEE 85k= |
2ld Bl A shgHlole 7} sttt oJu]d i Qlek
GNSS (Global Navigation Satellite System)ZS ZH8-3F 4= 2 Atollxd= WiFi 4SS o83 AT e 7|5ke] A
= Ay oA Feket 3] AL AsiAd dimlet W SHolA TRt Z1AIsks 71Nt 819 dareEE A8
& Eg AR ol 2} &R AllE 9 Afargre], A k] o 1 Qe AR vl 2 A8kl usiA =
Ao, YA7I5E upA 2 AE AMget 24 5 opofet B WiFi A= dloE AES wiRe g 7} 39 dare|Ee]
OFo)| ] |- Z Q3 IA| 2 o A | 3L QTHGu et al., 2009; He Sk 9 S22 ARE B4515 0, o5 53l A AW &4
and Chan, 2015; Kushki et al., 2007). 3] AU<] ¥-7F2] < A|2E 0 2ol AL 7H=AS skt £5), ZF daeElE
&2 91X A4 S|4 GNSS 914 4189 42410 A7k o] x- B y-#}3E 9} 2(F) RS bt HesHA ol &st=A
LAY B A AREAL B 2 30] 9125 AXs} of L T BAsI e, A4 7]Hte] skaHolE E o
L A&A 08 Z7lekal QI Alsto) gtk oot o 4= Bato] ZF AAo] o WA Wsh=A] AlZfElste] s Alst3ict
o] 2+2] WiFi, BLE (Bluetooth Low Energy), UWB (Ultra- £ =5 A2 thaat Ak 1ol A At vt 7)E
WideBand), RFID (Radio Frequency IDentification) 52 & A2 ARE 71kl o, 27 ol A WiFi 75 AU &9
B3H= TRkt LA Al T 7|t 29 ke & So) A9EE| QA [o]8] AlESL =] ]S 7Isst3) 3ol A= Hlol" &
Tk(Jiang et al., 2021; Nosrati et al., 2022), Am} 215 0] E-213} A Y31} TA| 2 Ao A AHE-E 71AIES 719 3 &
U A= a3 AT o] FFS e S uheh 242t 25| A8 S 7]Esleih 4ol M= A Aaket T
o] A z+a 3-2-E| 1 QItHAlarifi ef al., 2016; Bianchi of gk A& Algohd, theFet 3l darelEe e
et al., 2018). FHo2 Hrpslar, AZetE S S E A2 A Hlol
clobat A 914 2 714 F WiFi A5 olgat A BE |msiech ngo 2 SHelA B e lojg A
YA AL AE T2, G E SO B R A st Bl AES BEIIGI:
S = ltks o] QAN o Qliet shegof
A7) glo] 710l 55 HIENZE AHEE 4 ek Heoll 2. WiFi 7|8t AL =€ dlolE]
A de] AF&E T Qlek(Liu et al., 2007). 2, UWB 2 SJALS]
#(Pseudolite) & ©]8-3F A} 917 AL oL 2z 21 WiFi MSZz 7[dt ML &2
Aok 4441 Y7l anchon A|stolof aliz o vlal, oyt UNEELO R Aol Ae] WiFi £ ALE $41 ZEl AP
2o A1) $740] oju] WiFi | EZ7} 3o} 247 o] (Access Points)ot FrAIst thi]e] A F7bo] w4l
43} 2= 9)= Ho| 7} 2 AAo|ch(Zafari et al., 2019). 0] 7 e 4], ear 8 9 Z1er Ay R ES ke o
3hol g8, WiFi 7|5ke] AU 9] 7|42 v|g GgAdol o Aehes AT et 39 H4(shadow fading) AI}-E 235}
), 22 7| AEHS 9 dey 7)wte] thekst v 2} Asts) = AR &4 mdlg e 4= Qlck(Shang ef al., 2014)
22571 )tk (He and Chan, 2015) 29 74 ade= FA FAOA s Als o A &
WiFi ALE 7]ae] Af 2918 SIAE Aol Aleg AR B SR, FR A8, o, A Zheh 2 2 Aol
2] © (radio) o] T3]0 Qlofof afui, ojgl e dloje] ol I3 A&7} AEHE AL R El = AAL ojulaic 5
£ A ol Gefe] dlolel = QlAEItk ShAR, olefat 8] BXke] FE (x, v, DOIA] APRYE] A% A5 RSSI
123 glojgd] dajy eueZe Afsts Ao ko) (Received Signal Strength Indicator)+= th32] Eq.(1)2 2
ePgaAle RA7F IR 4 Yok Grinsatajn eral, 2022, © Uk 4= 9lek
Shwartz-Ziv and Armon, 2022). £3], g|o]& HE|2] glo]g
dae|E0] 45 W= 7|Asks RSSI(z, y, z)[dBm] =— 10nlog,yd + a M
Ao orEA 9lom, A
z 7|, n& ARIHAS, di= APS} TH17) Alo]e] e
ol A0 FEAeI S G| FAABAE
£ oJu]gttf %%@ = PR Al e 7= uf, oF -30 dBm
< 7HAH, -80 dBm o5t 7 FAIG A o] EeHsAL &

of 283t gy 7|9k
7|8te} 3l darejEHEel A 23t
W &919] Aok Holl A= 7| A8k 78] 3] dare}Eol
o] B %31 k(i et al., 2021
F2 WiFi Al5.9] E215 HEA]

o] S-5slths AT AaHE
ol =
waEsls g Qlo] day data]=o] 71A A= 34

Nessa et al., 2020).
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Fig. 1. Systematic flow of WiFi-based indoor positioning
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T lolE AEZF 7HE oM, o]eh e HlolE Ffr= &
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o & 7ol A= 20149 o] Fofl 37 F8 HolE HEE
AR e, Holg AER 48 A= M (Vaviding)s
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o Y55 W dloleE Wask glom, thiEe] doly
AE7F AAR A8 RS EF5 9A G b 1), 290
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al., 2021), 71 9]0 Al $1%] 2919} Bis 20 3k812] IPIN
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22 883 =9 A7} Aot o (Liu et al,, 2024), 0] 2}F
2= A 37t(latent space)ol| A A]-5-7H4]
olele] SEAS BaHOE T o ol ACE LA
7+7}+ UJIndoorLoC d|o]E]2} WiFine g|o]E]2}k
1522 371 dlole o] dRE YeRfi]ltt Fig. 204
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Fig. 2. Indoor positioning dataset
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Table 1. Opened WiFi positioning dataset

Dataset Npwitding Nrwoor | Ner | Nap | N
UlIndoorLoc 3 2 933 520 | N/A
XJTLUInddorLoc 1 2 969 515 | N/A
UTSIndoorLoc 1 16 1,840 | 589 | N/A
Tampere 1 5 4,648 | 991 | N/A
Library 1 2 N/A | 448 | N/A
JUIndoorLoc 1 3 1,000 | 172 | N/A
IPIN2016 4 6 2,007 | N/A | 26
IPIN2017 3 6 2,697 | N/A | 38
IPIN2018 1 3 NA | NA| 38
WiFine 1 3 26,418 | 436 | 290

3.1 ALE HIolE & Xz

2 AN = A S, AAG oS 25 g
WiFine H|o|E] NIEE o]-§5to] 7|A|gh5 7]‘194
B8] &2 A8t 79| dAtollA 184
H APSo] B4 7l olstd A dlF APE ;q]g]—.z—}
ARE -Gl ALJst= d vhafl, & Atoe 24 o
20| 7} (robustness)S H7}s17] Q8 dAX] &
golqitt &, AA| Wiki 9] Sl M= 4A1E7) 75k APRE
o] 1AL o] ofet A3 7t oFsh 1A e 7 AdE =
APSo] A7) el s TS 7Hdsl A8 87t
5FACh WiFine H|o|E] Al Ex=x, y, z=5 2}3£2} 371 Zof tigh
SHAR AE] glom, 2 Aol x, yF 39} 370
Zoll gt A E A58k AL HH o2 s ol Al
EE g-goioirt npARte 2, S22 E]o|9)i= RSSI dBm gt
= 0~1 Afo]9 gro 2 Af3t Al7]7] fl8f v A3} A
2 A851ck(Liu et al., 2024).
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(Support Vector Regression), XGBoost (Extreme Gradient
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3.2.2 Support Vector Regression

SVRZ SVM (Support Vector Machine)2] 7§g2 3|9 &
Alell 283t dare|Ee g, golHEg 1ak Fite s Wk
sko] 2|219] =% (hyperplane)& 2l 0|5 F3f 27 =5
2 =345} = viHHoltl(Jondhale et al., 2022). SVRE 3|7 &
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A £ 3o 2 Wit o] & Sl AR Ao e i
2] o= HlolEE AAFHo A Ao r RS 4 gle
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Qlth. B4, SVRE T2} I7ko|| A g2 o 2 JLEE|z] ok
= dlolElE avtae 2 #2g 4= A, st ol Al
E9] ghsgo] g2 AlRto] 22838 o itk AlA, XGBoost=
W2 ShEEER MRS AT 4 AR F27F B3
8 At glofe] MEo] waEHd = lrk WA, ETRS
o Be FA919S Fste] WA RS FolAu, B
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(R L = i & o
5 2~ O
Ak 4= ik
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Table 2. Quantitative performance of regression

algorithms
Measures RFR SVR |XGBoost, ETR
RMSE (m) 1.48 1.99 1.84 1.27

Accuracy (%) 99.74 100 99.28 100
Training times (sec) | 23.27 81.42 8743 13.34
Inference times (sec)| 0.0491 14.33 0.0597 | 0.0546
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