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Abstract

Indoor positioning systems are essential technologies for enabling various indoor location-based services, including
autonomous robots and indoor navigation. However, indoor environments present several challenges, such as multipath
propagation and radio-wave interference in Wi-Fi signals, as well as noise and cumulative errors in IMU sensor data,
which degrade location estimation accuracy. This study analyzes performance variations according to different PCA
application methods using Wi-Fi and IMU sensor data collected in an indoor environment. In addition, the
performance of single models, ensemble models, and weighted model combinations was sequentially evaluated. The
single models achieved accuracies of 86% for RF, 87% for XGB, 71% for SVM, and 80% for KNN. Based on the
initial performance evaluation, the ensemble model improved the location estimation accuracy to 88%. These results
indicate that the Weighted Soft Voting method can be effectively applied to various indoor location-based services,
including indoor navigation.
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Fig. 1. Architecture of the indoor positioning system
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Hard voting 86.55

Soft voting(1:1) 87.01




176 A 912 F4 A2"S 93
Hard VotingS 7} =&

olgste] HF 9 ZUrE AAS
gt S oS gF HEE g X
Ho}, BFA Soft Voting- %
‘8]-04 Hard Voting T} /‘1]‘?4?_ |

b BE Bdd VYRS %é’s}ﬂ] Vgt
?}74]7} At & AT 9 2d A vla 4,
Random Forest= AlA do]E]e] 2o tjs] Blw
bs o}xﬂ%q_] BF A5e 2¥oH, XGBoost=

N r:LJ o rtHN'

=)
JJU_
£ FoJ3l= Weighted Soft Voting 41-S 24319
o olE F mY 7 4 ne 548 fAs
AL, AF Aol B 2o o= Ay} HF
A2 Sz 2A ¥ A HFIEHES skl
HF e g5 v 2ol A
P, (cvertz) = o)

wepPrp(cvertz) + wyopPyep(cvertz)

WepT Wyep

2 (1) AlA ElolE O]Q z°] o3 Random
Forest?} XGBoost®] 95 SES 7+5 ZAdst
g HE GAHE o= Qj,'g P, (cvertx)E AA¥st
v AL v AA7IA Pelcvertx)
Pyop(cvertz) & 217} Random Forest$t XGBoost”}
A2 coll thel A= FEOIH, wyp, wyepe 4

Z} Random Forest®} XGBoostol] F-oJ¥ 7}5%] o]t}

¢=argmaz, P, (cvertx) )

c* ensemble

A @ A% A5 U2 o AEE 34e
etk P, 2 (DoA Adte s =
9o HF 4Z BES A0S, P, (cwerta)
U o7 e W 2 ool ol 4ER
& vepdt meby 22

5
M 2 e 2 FUsE A
3]

o mE BN rlr
ofN
o2 |
ox
e
2

% 4% Weighted Soft Votingoll Al =@ %3 g2
VA Blged mE EF Ase vwg d34E u
R} 7} 7hA] 23 tis FYd AlA H]°]E1
A At AS dlolHd A EF A8=
A5Gty ®=3F Random Forest®t XGBoost
ZAet 48 2o A Weighted Soft Voting(3:2)
283 A3, HATE 88.03%2 F7HAQ A%
‘gl Q?lﬂ?iq ol 24l 7h 01]? Qg%

1m

ly oSL‘ %

Hﬂ o
e

-

HL?{J
of
Ol
Ir
z
o
;1
nﬁ
3ul
2
£‘=
=
o
>4
434,
o
El
ool
o>

12

rLlZ oX

E 5% elghted Soft Votlng OC} e E%‘
o A At opd 203] o]Fe W
7Igko g AFston, 7+ jhEuith "1§ o
ANEZS A8ate g 9 371 diolHE A&
&35k % Random Forest®} XGBoost =22 A 853}
Aok 27 e HH FAYEE T4 AR
359 S HIISAT:. Weighted Soft Voting
o BHE AHIEE 87.58%Hom, AT
86.70%~88.34% = UER} HHE F3o] @ A W
T2 1HHAE AR 79 s BAth

T2 4 1:41

Best RF/XGB(3:2): 88.03%

0.88 1

0.87 4

Accuracy
o
©
o

=8~ RF/XGB
~— SVM/XGB
—h— KNN/XGB

211 1:2

32 2:8

a8 4. WSV 7tE%| =8 Ms dH|1
Fig. 4. WSV performance by weight combination



Journal of KIIT. Vol. 24, No. 5, pp. 171-179, May 31, 2026. pISSN 1598-8619, eISSN 2093-7571 177

Weighted Ratio RF : XGB = 2.5 : 1 (n=20)
0.885

0.880
87.52%

87.52%
0.875 T &
86.96%
0.870 1~ 1 86.79% . - l
[]

0.865

RF XGB Soft Voting Weighted Soft Voting
Model

T8 5 2Ed HEE X 4|
Fig. 5. Accuracy distribution by model

Accuracy

I% 62 Wi-Fi 2 IMU AlA g5 dlojEjdl] th3k 45 Confusion matrix
ER Fox B4 AFJE yepig B4 4dx

Packet Loss, Rx Rate, Tx Rate= & A& 37 A O 72 4103719 H2E HoHE tlfo=
A S 7 HEA o] Sw3] UERA] 2ot & Ak e Bdo Al Hx BF ZAHAE

4 ZRE gol v WA AEEU ol AF  Confusion Marix® LiERH Zolch, vl 4lEe]

EAQE0] A /el 71314 Ed=s ofnlahH, iz ke FFEol Qo] Rdo] Hubyom
B Ao A= RSSISF IMU Apo] 22T ExJo] A A FYAS AT BFs YSS Il
oz o Fag 9%g 3 Zlo= sMdrh T odem, A HIEE 88.03%, gl‘;r%%%
Gyro 7= F957}F oF 0242 7H3 &4 Yephgon, 11.97%% YERgth 48 S8 F= U2 3, 4, 6,
RSSIE= OF 0182 T HAZ =& Q%= Bk 7,9, 10914 AR oz o] wAslgon, ]b

ol MUY 7Z 25 AR Wi-F AE A7)7h A Grid Cell 7+ Wi-Fi A% Al719F IMU AlA )
A YA Fe FRO F83 FIFE AE § Blo] frAlel] wjEo s AE.

A EAYE gt Gyro X9 Gyro Y& 27t oF
0.13, 0.11 =2 FREE HPYoH, Acc X, Acc Y,

Confusion Matrix

- 0 60 0 0 O 0 0 0 0 8 0
- 3 60 O 0 0 @ 0 0 0 9 0
ACC_ZQ]' ZE]_-% 7]’41’:—]—‘;— %@% }bh:ﬂ;ﬂlgi ]/L'Q‘ 2-9— P o 0 0 0 0 ©0 0 0 1M 0 e
c= — - = o5 o o v n 7w s u 8 7 0o o
UrE]-ﬁq- Wi-Fi /\]i }\‘"7]9’} IMU §]$j_ ]6]‘]1 <0 o o PP 1 s 7 12 13 0 o Ao
S} Al A 3 H]—/R]o A z;q /H T w0 0o o 6 1P 1 0 1 4 0 0
77“ %‘%o}— ] 1 F‘J— ] élH ‘AX] % e 0 0o o 2 1 3PP e 12 6 9 o o 3¢
_‘g_ a‘]:}g-oﬂ Eq_zqo] o _’9:].1_]_% Z,: 9}]‘ 2 ~0 0o 0o 7 1 3 38 m 5 5 11 0 0
w0 o o 3 7 2 7 nEEYs s o o 200
-0 3 0 13 10 2 12 4 5 FEUN 14 0 0
=8 0 o 6 10 4219 u 2 o o o
Gyro_z ™ 9 8 5 0F00 0T 0 ONOD 0
RSS| e 0 0 0 e e 00 0 e e ol T,
Ger X ’ ! e Pr;dict;d La7hel s
Gyro_Y J8 7. Auf fIx] 27 Confusion Matrix
Acc Y Fig. 7. Indoor location classification confusion matrix
Acc Z
Acc_X -
e V.22 ¥ 8%
0.00 0.05 0.10 0.15 0.20 0.25
g 6 EX =95 2A E AFoM= Wi-Figt IMU A4S g Ay
Fig. 6. Feature importance analysis '?']5‘] F4 AN2E"E AAE, 9Y 2l PGS
2] 45e FRA02 WaAT, F 20515



EEE PR

178 A 9

Ho
rob
02
oz
i3
N
i)
lo,
ox
olr
e
1%

AZI 117 48 EAS AFESE 230l A, Random
Forest9} XGBoost= ZH2F 86.96%S} 87.89%<] A
£ BHylon, 7te gF A%S F&% Welghted

Soft Voting(RF:XGB = 3:2)< 88.03%%] 45
o = PCA A& Wl WE A HlwE k3l
ehoy

12)
o FHHE

ov, 534l o] YA SR
RS FURAT. 54 FAE B

Gyro 78+ RSSIZ} 84l
Confuswn Matrlx"ﬂ/ﬂ% T2 U4 A Fgx

o Az Random Forest9} XGBoost 22& 2
@"?} e BN 74 2 7t 495 gE& )
% Agsls Wao] Y mdRT QP Aol &F
FE des BYe s

IS s A4 HolHE VIR 2835, B
o Aug PFE e FEgoEN Ay X
FA Aee Us PN ZeUt 9on, HA &
7AolA s s WE, AlA oA F 7R
o] zpo] T 1HF FVI AFE T AlzHe
AT AR S FR3E AARE 9 F4 A
2Hof #g A7 BoF ZoE AdH

References

[11 S. G. Leitch, Q. Z. Ahmed, W. B. Abbas, M.
Hafeez, P. 1. Lazaridis, P. Sureephong, and T.
Alade, "On Indoor Localization Using Wi-Fi, BLE,
UWB, and IMU Technologies", Sensors, Vol. 23,
No. 20, Art no. 8598, Oct.  2023.
https://doi.org/10.3390/s23208598.

[2] K Mottakin, K. Davuluri, M. Allison, and Z.
Song, "SWiloc: Fusing Smartphone Sensors and
Wi-Fi CSI for Accurate Indoor Localization",
Sensors, Vol. 24, No. 19, Art no. 6327, Sep.
2024. https://doi.org/10.3390/s24196327.

[3] R. S. Naser, M. C. Lam, F. Qamar, and B. B.
Zaidan, "Smartphone-Based Indoor
Systems: A Systematic Literature  Review",
Electronics, Vol. 12, No. 8, Art no. 1814, Apr.
2023. https://doi.org/10.3390/electronics12081814.

[4] A. Poulose, J. Kim, and D. S. Han, "A Sensor

Localization

Fusion Framework for Indoor Localization Using
Smartphone Wi-Fi ~ RSSI
Measurements", Applied Sciences, Vol. 9, No. 20,
Art no. 4379, Oct. 2019. https://doi.org/10.3390/
app9204379.

[5] J. Chen, S. Song, and Z. Liu, "A PDR/Wi-Fi
Indoor Navigation Algorithm Using the Federated
Particle Filter", Electronics, Vol. 11, No. 20, Art
no. 3387, Oct. 2022. https://doi.org/10.3390/
electronics11203387.

[6] Z. Li, C. Liu, J. Gao, and X. Li, "An Improved
Wi-Fi/PDR Integrated System Using an Adaptive
and Robust Filter for Indoor Localization", ISPRS
International Journal of Geo-Information, Vol. 5,
No. 12, At no. 224, Nov. 2016.
https://doi.org/10.3390/ijgi5120224.

[71 H. E. Gorjan and V. P. G. Jiménez, "Improving
Indoor Wi-Fi Localization by Using Machine
Learning Techniques", Sensors, Vol. 24, No.19,
Art no. 6293, Sep. 2024. https://doi.org/10.3390/
$24196293.

[8] N. Singh, S. Choe, R. Punmiya, and N. Kaur,
"XGBLoc: XGBoost-Based Indoor Localization in
Multi-Building Multi-Floor Environments", Sensors,
Vol. 22, No. 17, Art no. 6629, Sep. 2022.
https://doi.org/10.3390/522176629.

[9] T. Kosaka, S. Wandale, and K. Ichige,
"RSSI-Based Indoor Localization Using Two-Step
XGBoost", IEICE Communications Express, Vol.
12, No. 12, pp. 647-650, Dec. 2023.
https://doi.org/10.23919/comex.2023XBL0123.

[10] Z. Chen, H. Zou, H. Jiang, Q. Zhu, Y. C. Soh,
and L. Xie, "Fusion of Wi-Fi, Smartphone Sensors
and Landmarks Using the Kalman Filter for
Indoor Localization", Sensors, Vol. 15, No. 1, pp.
715-732, Jan. 2015. https://doi.org/10.3390/s1501
00715.

[11] H. Mehrabian and R. Ravanmehr, "Sensor Fusion
for Indoor Positioning System through Improved
RSSI and PDR Methods", Future Generation

138, pp. 254-269, Jan.

Sensors and

Computer Systems, Vol.



Journal of KIIT. Vol. 24, No. 5, pp. 171-179, May 31, 2026. pISSN 1598-8619, eISSN 2093-7571 179

2023. https://doi.org/10.1016/j.future.2022.09.003.
[12] M. Martinez-del-Horno, L. Orozco-Barbosa, and 1.
"A  Smartphone-Based Multimodal

Indoor Tracking System", Information Fusion, Vol.

76, pp. 36-45, Dec. 2021. https://doi.org/10.1016/

j-inffus.2021.05.001.

[13] G. Guo, R. Chen, F. Ye, Z. Liu, S. Xu, L.
Huang, Z. Li, and L. Qian, "A Robust Integration
Platform of Wi-Fi RTT, RSS Signal,
MEMS-IMU for Locating Commercial Smartphone
Indoors", IEEE Internet of Things Journal, Vol. 9,
No. 17, pp. 16322-16331,  Sep.  2022.
https://doi.org/10.1109/JI0T.2022.3150958.

[14] G. Guo, R. Chen, X. Niu, K. Yan, S. Xu, and
L. Chen,
Smartphone  Indoor  Localization: — Integrating
Data-Driven PDR and Wi-Fi RTT/RSS Ranging",

Vol. 23, No. 11, pp.

2023.  https://doi.org/10.1109/

Garcia-Varea,

and

"Factor ~ Graph  Framework for

IEEE Sensors Journal,
12346-12354, Jun.
JSEN.2023.3267121.

[151 Y. Wu, R. Chen, W. Fu, W. Li, H. Zhou, and
G. Guo, "Indoor Positioning Based on Tightly
Coupling of PDR and One Single Wi-Fi FTM
AP", Geo-spatial Information Science, Vol. 26,
No. 3, Pp. 480-495, Jul. 2023.
https://doi.org/10.1080/10095020.2022.2072776.

[16] M. Nurpeiissov, A. Kuzdeuov, A. Assylkhanov,
Y. Khassanov, and H. A. Varol, "End-to-End
Sequential Indoor Localization Using Smartphone

2022 IEEE/SICE

International Symposium on System Integration

(SII), Narvik, Norway, pp. 566-571, Jan. 2022.

https://doi.org/10.1109/S1152469.2022.9708854.

Inertial Sensors and Wi-Fi",

IS

2
HH

(Jung—Jun Leem)

19994 24 : FFujstn
7 5El Tt (ges

200013 2%2 : %%tﬂ@hi

FANFAG 1A}
BBl A5 2,

A& A2 o]

EpS

S (Chung-Ho Cho)

19841 29 : Adristn
AL-EA 8K o] 8

19871 24« Addigtn
AT AR

199 8¢ : Adista
Z4k8tak(HkAL

1988 2¢ ~ 19973 2¢

AATAEIR) o)A TE AYA+4

2006\ 79 : University of Arizona(UofA)

FFUAE
20059 7€ ~
Research Scholar

19974 39 ~ WA BT
B k-w+ﬂ~¢mw11,ol
AZEJ] A 4 AZ

SZE 08}
AA g Ao,



	실내 위치 추정 시스템을 위한 앙상블 기법의 성능 분석
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. Wi-Fi·IMU 기반 실내 위치 추정 시스템
	Ⅳ. 성능 평가
	Ⅴ. 결론 및 향후 과제
	References


