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nal strength , RSS) P A& Bt &6 A TH 3 th RSS LR &, Wit —METHERWE WL W R 2 B %D # (varia-
tional autoencoder based on convolution neural network, VAE-CNN) # & %t BLE M| ¥£ 1% 2 3£ 47 T 0 # 4& IE | 4% 7+ BLE
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Research on BLE and PDR fusion localization method based
on ranging correction

LIU Hui, HE Hangchuan
(School of Communications and Information Engineering, Chongging University of Posts and Telecommunications,

Chongqing 400065, P. R. China)

Abstract: To address the significant decline in positioning accuracy of traditional algorithms under indoor non line of sight
(NLOS) conditions and low beacon deployment density, this paper proposes a fused positioning method based on ranging
correction, combining bluetooth low energy ( BLE) and pedestrian dead reckoning (PDR). Firstly, the received signal
strength (RSS) of BLE is rapidly constructed using SketchUp indoor 3D modeling software integrated with a ray-tracing al-
gorithm, eliminating the need for tedious manual RSS field collection. Subsequently, a variational autoencoder based on
convolutional neural network ( VAE-CNN) is designed to predict and correct BLE ranging errors, thereby improving BLE
positioning accuracy. Finally, an extended Kalman filter (EKF) is employed to fuse the positioning results from BLE and
PDR. Experimental results demonstrate that the proposed ranging-corrected BLE positioning and EKF-based fusion positio-
ning achieve superior performance in environments with NLOS interference and low beacon deployment density.
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Fig.1 Framework of BLE and PDR fusion localization algorithm based on ranging error correction
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Tab.1 Electromagnetic parameters of component materials

P! HXNEE s, HFRa/(S/m)
Rt 6 0.01
T 4 0.02
A 2.1 0.05
P 3 1x107°
SR 1 1107
SRHE 5 2 1x10”

T E RT B0 S8, 3R 2 s, BAUAR
I BLE {55 1y g4, A5 Rl 3 s,
*2 ETBLEESHWRIHESH

Tab.2 RT simulation parameters based on BLE signals
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Fig.3 Results of ray tracing simulation
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Fig.4 VAE module structure diagram
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Fig.5 Ranging error prediction model based on VAE-CNN
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Fig.6  Experimental environment and floor plan

52 MAKNKRERGERSHT

FE VAE-CNN #5582 50 b 58 I 2k i (AL
ESES AW/ i O I S 2 A € R GLIERE NSRS L
TriRZEAR pR KL, SR H RT 5305 A 0 Bl 15 o
NZRAE 28 N PREE rh S BRS39S £ Dl AR | 6
TIOCAC IR R BE R ZE(H MR 24 iR AS ) B0
OMA PRSI B AL, T I AN I 0 R AR A B
LRI H Y IR S A PR R 2E A

AR H RS 3RS — 2 2 B, (AR i 78
A B2 R IS S22 LR . O T AT S Hh A A A
ST gt i Al X BLAT AN [] 2 Hry JLARD A 2 2 4 ik
P77 BEBE O o A O S AR R A A D B A
R, T AR FVLE G B SR BN R 3 o,

R 3 VAE-CNN #EEBSH
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Fig.7 Ranging measurement error results
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Tab.4  Positioning performance metrics
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