% 3345 104 B IR HH AR F IR Vol.33 No.10
2025 % 10 A Journal of Chinese Inertial Technology Oct. 2025

NEHS: 1005-6734(2025)10-1016-10 d0i.10.13695/j.cnki.12-1222/03.2025.10.008

T NFHZE RS T4 R pY XA R 73 %
WEA % KA

(R TRk 20l TR, B 650500)

WE: A AAEBENINR BT TAZPELER P T AT R IR FIAL, 8RBT AL
F RS RLEF A0 RBARA F k. Bk, KO A TR TR LHFE FM (PSO-SVM) 51215 R
KAEA (HMM ) 693 FURAEAL, St A) B 4% 2 235 R BRI AF AR RIBAE A AR N, 13 3] R 375 45 R
R, SINZAIRFEAAR R E BTG, RERRAH L REFHEHENE L RE, FIAR
B g 2 R AKX SBAE Hk (IMM) T AR FHRA G E, AaRSAAEMGEA
I R AT IRIE R IRAR A 0 e A e o RATAR L. 52 5 SRR R, BRG-IAR 7 ik A2 IR A F 0904
A 98.09%, FBEF FA4k1E A PSO-SVM K HMM 4314871 T 2.13%A= 9.53%. #—3 £k 9,
EEG 0B FR 2K AR (FKF) AR IMM B ikAart, RO PTIR R IRGRA 7 ik 69 F 38 F A2 5
ARG T 43.75%F= 22.30%.

X B R BAES: XU, Z2WEREG: LEEZEEE SENMCEEN

FESHS: U666.1 VEEFEEB: A

A regional recognition method for seamless indoor-outdoor

localization of unmanned vehicles

YANG Xiujian, YANG Yixing, ZHANG Shengbin
(Faculty of Transportation Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: To address the challenge of accurately determining the environmental region of unmanned vehicles
during seamless indoor-outdoor positioning, a regional recognition method for seamless indoor-outdoor
localization is proposed. Firstly, a joint prediction model integrating particle swarm optimization-support vector
machine (PSO-SVM) and hidden Markov model (HMM) is designed. Environmental feature data acquired by
sensors serve as model inputs to generate regional recognition results. Secondly, three environmental models
are introduced to describe the vehicle's operational environment, with corresponding measurement information
selected based on the regional recognition outcomes. Finally, the regional transition probabilities are utilized to
update the switching probabilities of the three environmental sub-models in the interactive multiple model
(IMM) algorithm, thereby enhancing the accuracy of environmental region recognition and positioning
precision for seamless indoor-outdoor navigation. The results of real-vehicle experiment show that the proposed
joint recognition method achieves an accuracy of 98.09% in region recognition, representing improvements of
2.13% and 9.53% compared to using PSO-SVM or HMM alone. Further experiments indicate that the proposed
seamless positioning method enhances the average positioning accuracy by 43.75% and 22.30% compared to
the traditional federated Kalman filter (FKF) algorithm and IMM algorithm, respectively.
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Fig.1 Indoor-outdoor seamless localization architecture based on region recognition
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Tab.3 Mean localization errors of the single-model

REHE  E4Mm ZRSAEEM ZRm SA/m
GNSS 1.94 1.71 6.63 4.16
UWB 5.88 3.10 0.54 2.85
ODR 1.90 1.70 5.9 3.74
I-OTR 1.66 1.16 1.32 1.41
IDR 5.79 3.09 0.44 2.82

AL 1.94 0.91 0.53 1.08
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Fig.8 Error variation curves of the single-model
3.3 RHEEMFELE S

9 R TIEAR SR, LR N EN
AT E s sk [ B = N R, A5k
5£45 IMM B3k LA K FKF Bk i e Mipud tbis . M
FIa A, e NN X, IMM Bk T
FKF 1€ B 5 B ERBUEN . X — 2 R %L
PURITE T, IMM 53558 1L B /R T SR AL R M5 R K S B
X B ASERSEASE R AS G 2 P 0 A & LA, 1T FKF 55
TS - 08 W TS PR A T R A IS, S
B SRS To kA A L P X IR SR (5 6, &
By B YIS R R, 2R AR R . AR
JTEME TS5 IMM 5155 FKF J5ik e 8CR 8%
$eTt, AR RAE T A SCRR R SR A i et A s
TG, T s s XA R, S
94 e 2 X IO DX T LA T e P AR R, LY,
AL T FHEEIYIMER , i T Sk RS
A MBS TGN RE ST, BEARASCIRE AR P X 1
R E N Ul 5 S SRR B R S i, SR T TR
ITIEAES IR T 1 SRR i

K 4R THEARR X, S8 FHR A R E
PITRIN BENIRZESIE. WK 4 PATLLE N, A3
Fir B HH A LA LT FKE AT IMM B0 1 R 5 1k
FERIA WERTE . BARINE , AR B AE AR
JEH 1.08 m, MET FKF 5 IMM, @RiiR2E53 3108
/NT0.84 m A1 0.31 m, BEARERLIIG LS BIFLTH T 43.75%
H122.30%, MIALTE R AP ] DA RO H A SRR 7
Jodt e i R b A U



1024 o BRI F IR % 33 %

80 ‘ .
— ML
— AHE
60~ X0 v R LN EKF-IMM _-|
= = = FKF
40 _
1S
s 20 4
0 ,
-20 - ,
-40 | | | ‘
-100 50 0 50 100

X/m

Ko FIRATCEEE A RN
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Tab.4 Mean positioning error of same-type seamless
positioning algorithms (Unit: m)

RESME =4 ZPUUNLE O ERN MK
FKF 1.79 1.52 218 1.92
IMM 1.66 1.04 133 139

AL 1.94 0.91 0.53 1.08
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Fig.10  Error variation curves of Same-Type Seamless
Positioning Algorithms
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Tab.5 Root mean square errors (RMSE) in the X-axis of
same-type seamless positioning algorithms (Unit: m)

WiiRE =4 =AM =N Bk

FKF 1.22 1.29 0.83 1.05
IMM 1.24 1.22 0.53 0.91
ATICHE 1.23 1.36 0.26 0.80

F 5 Al L, A SCIR RIS T FKF 5 IMM
=R N VR L e S T S S SR = RN TITI=
P BRAE X Bl s ] 9244 RMSE 4 0.80 m, £ FKF
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SRR 0.25 m. ABJEIRTE 23.80%, B IMM kR
fI% 0.11 m. #FREHET} 12.09%.
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Tab.6 Root mean square errors (RMSE) in the Y-axis of
same-type seamless positioning algorithms (Unit: m)

irminze =4 =ERANEE BN OBE
FKF 1.72 1.80 2.18 1.87
IMM 1.50 0.89 1.19 1.16
ASCE 1.28 0.49 0.42 0.88

4 45 i
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T LC-GNSS PR UWB 7Ef55 2 FHAE O T e sk
IR, FEJLE T IMM B AL it , $2
T RS AR, IF HAHE T IR —G IR .
—ENIEARY . FKF B0ELARAESN IMM Bk, A3
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