Optoelectronics Jt.E-F, 2026, 16(1), 19-32 Hans X
Published Online March 2026 in Hans. https://www.hanspub.org/journal/oe
https://doi.org/10.12677/0e.2026.161003

ETFGRUPTT K LOS/NLOSIHA ESHBEE
RER 5%

A4
hERAET5EEIREY R, R L]

ks H i 20264E3H3H; FAHHM: 20264F3H17H; KA HB: 20264F3 726 H

HE

XTI WG E W AL R G HAEALEE (NLOS) - 3 BUE ALK B SR T RRRI IR, ASCIRH T —FET 1%
JE¥F BTG (GRU)HILOS/NLOSR B S B E M k. Bk, WETESWME. 2. BE. mELH
MEESEGTHHERMARE, DATZIEZERE S EERSS)FIEMESIEMEX G TR G ER
S pdeit. Rk, B IS T NEGRUREFEI ML, ESMISE R KIERERPeR, LT
SHEBRES KBS K, WHSLEDERMLOSEGMR. AALEmM L, /T —FETHRFEFHHE
LEDARIESRNE, HFEANTEHRABILE], BENLOSHERREFEN=/LEDIEN MM R, HEE
N TR (LS) AT LIRRE, AR PETESRMSIUTEERT. HESRRE, Z IRy
MR B T HILOS/NLOSR B AL R iA 5 78.56%, LOSH [B| R HiA82.95%; FEEM A HTH, FEhr
RERERETTER1.046 mELE0.620 m, [EIEiX40.7%, H BB EH(CDF) L EHEEE LR
RAE(SLFRLOS) . EBFFIAE T FriR A EEMEINLOSIRE ., BARGEBEMTHINEZMRY, NELE
WEREE T B R T WL AR T A BB AR B

K §EiA
T RGESE, AT ROGEAL, LOS/NLOSIRAI, MBS, [THEFHEIT(GRU)

GRU-Based Visible Light LOS/NLOS
Identification and High Precision Indoor
Positioning Method

Zhizhao Xuan

School of Electronic and Information Engineering, Wuyi University, Jiangmen Guangdong

Received: March 3, 2026; accepted: March 17, 2026; published: March 26, 2026

YESIH: L. ET GRU KA LG LOS/NLOS R 55 mks B = N E AL 7R ], YT, 2026, 16(1): 19-32.
DOI: 10.12677/0€.2026.161003


https://www.hanspub.org/journal/oe
https://doi.org/10.12677/oe.2026.161003
https://doi.org/10.12677/oe.2026.161003
https://www.hanspub.org/

R

Abstract

Addressing the severe degradation of positioning accuracy caused by Non-Line-of-Sight (NLOS)
propagation in Visible Light Positioning (VLP) systems, this paper proposes a high-precision posi-
tioning method based on Line-of-Sight (LOS)/NLOS identification using Gated Recurrent Units
(GRU). First, a 5-dimensional statistical feature input vector, comprising mean, standard deviation,
Kkurtosis, skewness, and median, is constructed to comprehensively characterize the distribution
differences and temporal characteristics of Received Signal Strength (RSS) sequences under LOS
and NLOS conditions. Second, a dual-layer GRU deep learning network is designed and trained to
mine nonlinear dependencies among features, achieving precise classification of link states and
outputting the LOS confidence probability for each LED link. Building on this, a dynamic LED selec-
tion strategy based on probability ranking is proposed. Departing from traditional hard-decision
exclusion mechanisms, this strategy selects the three LEDs with the highest LOS probabilities as po-
sitioning anchors and employs the Least Squares (LS) method for coordinate estimation, effectively
balancing signal reliability and Geometric Dilution of Precision (GDOP). Simulation results demon-
strate that in random single-occlusion scenarios, the proposed method achieves an LOS/NLOS iden-
tification accuracy of 78.56% and an LOS recall rate of 82.95%. In terms of positioning performance,
the average positioning error is reduced from 1.046 m in the baseline method to 0.620 m, repre-
senting a 40.7% improvement. Furthermore, the Cumulative Distribution Function (CDF) curve of
the positioning error closely approximates the theoretical optimum (Ground Truth LOS). These
findings validate the significant advantages of the proposed approach in mitigating NLOS errors and
enhancing system robustness, offering an effective technical pathway for high-precision VLP in
complex indoor environments.
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Figure 1. The model of optical wireless channel
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Figure 2. Overall process of detection and positioning algorithms
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Figure 3. Histograms of different feature distributions
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Figure 4. Structure diagram of feature data collection, extraction, and training
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Figure 5. Three-dimensional distribution map of average accuracy of GRU method
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Figure 7. Three-dimensional distribution map of average error of all LEDs, LOS-selected LEDs and LOS-HD LEDs
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Table 4. Comparison of positioning performance of different positioning strategies
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