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Visible light indoor position perception method based on broad learning system

ZHANG Feng', ZHANG Dingding', MENG Xiangyan', PENG Xia’
(1. School of Electronic Information Engineering, Xi'an Technological University, Xi'an 710021, China; 2. Xi'an
Institute of Applied Optics, Xi'an 710065, China)

Abstract: To address the challenges of complex network architectures, a large number of hyperparameters, and
gradient explosion encountered during deep learning training and position prediction in visible light indoor
positioning,which can cause the problem of poor positioning timeliness and unstable accuracy ,this paper
introduces a broad-learning approach for visible light indoor position perception. First, the light radiation data
acquired from the indoor visible light environment was utilized as the feature node for the network.
Subsequently, a prediction model for visible light indoor positioning based on the broad learning system was
established. Next, the dimensionality of the network feature nodes was expanded. Finally, the pseudo-inverse
matrix was computed to train and evaluate the network model. In the laboratory experiment conducted in a
4 mx4 mx3 m environment, the proposed algorithm demonstrated an average positioning error of 11.63 cm.
The cumulative probability of prediction errors less than 10 cm was 52%, and that for errors less than 20 cm
was 97%. Compared to BP(back propagation) and RBF(radial basis function) neural networks, the width

learning network exhibited a 55.1% and 39.9% increase in positioning speed, respectively. The method in this
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paper improves the accuracy and speed of visible light indoor position perception, and provides a stable and

reliable method for indoor position perception.

Key words: broad learning; visible light communication; indoor location perception; neural netwer
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Fig. | Framework diagram of visible light indoor position perception system
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Fig. 9 Positioning error distribution diagram
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Table 5 Part of position coordinate comparison

B Am  BUAsRR/m || FSCARRR/m FUARSR/m

(1.02, 1.12, 1.00)(1.04, 1.09, 1.01)|(2.00, 2.00, 2.00)(2.00, 2.02, 2.01)
(1.68, 1.20, 1.00)(1.71, 1.20, 0.97)|(1.06, 2.80, 1.50)(1.11, 2.78, 1.45)
(1.24, 1.30, 0.50)(1.17, 1.29, 0.46)|(2.80, 2.80, 1.50)(2.81, 2.73, 1.44)
(2.50, 1.66, 0.50)(2.51, 1.64, 0.51)|(3.60, 3.84, 2.00)(3.71, 3.96, 1.94)
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Fig. 11 Cumulative distribution of positioning errors
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Table 6 Comparison of positioning errors of S algorithms

N B/MRE/ em RRIRZE/ em FHIRZE cm
BLS 0.53 20.75 11.63
ELM 0.79 23.47 13.02
CNN 1.21 25.68 13.93
RBF 1.47 28.30 15.60

BP 1.66 27.67 16.40

Hy 245 S A] 6, BLS W48 sk MR 3 v T H:
b 4 FPIRLE, TERE S BRI IR ZEN 11.63 om,
5 ELM #1128 W 26 AH LE, o g B8 & T 10.6%,
5 CNN #1228 A1 L #2755 T 16.5%, 5 RBF 1 £8
I 2% A L4 T 25.4%, 5 BP M4 45 A L2
T 29.1%.
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