#50% % 10H#/2023 F£ 5 B/HEE

il 5 B8 R AR 2T 19 A 0 )3 e I 2 1 ] WLOe e 1%
2 O EL IR G 1

HEE, RN, RE,RE, Zh

W% Tl K2 75 BT B2 B, Bevd 542 710021

ME BT T IOGRE A EOARRI S R A KR A AL S AR E R B 5 % T, S AR L E L
K BERFRE o A 41 e AT DL 28 P9 S o RS JEE 5 A58 1, Ji2 1R RS A% R AT 2 > 5 A W 2 T 285 Tl 190 5 i O 3G
7P T AT DO % N RE L, AE R ILOG BR T SR B TR T SRt B /N D L 25 MR R 2 I TR MR P X TR B R A 1 5
M, £ HRCRT DO P 5 A9 % AR AT O S S A8 0, )t R A4 08 R R 1 DG ) o 2 I 6 T AT 0 5 5 7 o K
S5 W]« A6 52 I E (7 B BERE 19 0.8 m X 0.8 m X 0.8 m 5286 FR 8%, T AL A 11 - 34152 22 24 4.26 em, Ho o 1R 2571
T4 em By B GCECE d7 AR bR R R Y 63,400, D22/ T 6 em BY TN R B AR BR RUBORE RS 7800 0 TR T IE

= N E PRI T — B RS E AR T i

K JuilAE; ATOOBHURE NG BRER L WS WAL BNALE A

FESES TN929.1 XHiFRERD A

1 51 5

i R R ARy e 2 BT R s NS B N
TR I R AE Ak A N BB E A IR 55 Y
e oR PO I K o F RN B )2 B9 R 6 BR A 4 ER
RE AL R G (GPS) M S} 5 A7 78 = Sh 36 58 v & B
o B IEENRE R AEE ERAY O E AR5
IR B e 55 DR R B2 T W DL A = N E 2 B R
L AN E AL O A AL S AR M T P SR T
G 58 AL ARAE Ry — BT B B N E LR AT
e G 4 50 A5 RE A B R, B A e IR R £ HL AR
SERSEMR A . - REABIERF ARG D,
LU e I e VA 5 3 NI A == N W R ) T
z—"
AR WL EMEAREEA T —ERNRIE.
LAY RT O SE 0 AR G A O e A DN A R A
0 R E LA el P BT AR AR T R R IR MR S
Ko PG BEAT AR L A b 38 DL S B . B A IR A
AR 58 3 AV 22 5k A 5 N R B A R 4R
o AN SCHER L9 e Hh — i AR 4k B AR B B 4 i
0 RE SR R SR AR LA L A 25 S L
5 B A R S8 B RE A7 5 SCHK [ 10 181 X5 % O IS =
A B0 S O A ROCR 25 1 TR AL 4R R A 0y 2

DOI: 10.3788/CJL221362

k% 6 W AE B PR A7 I b B XA [R5 VR A Sk
oy 8, s e TR T3 3R 82 /715 5 Bl 25, 2
PriRk 253 6 em; SCHR L1138 T — Fb o #F 09 Ba
I R ] e RS AL L R R AE 5 0 R RN T TR B ST
B, 2= A5 4 3 0 E L P R 22 55 F1) 3.35 m;
BR 12 T8 T —Fh 2 T ol R TR W U6 0 6 1 T Dok
A TR TR R 3 N B pR B S A R AL,
JEIE R g1 IS N8 E R R S
15 mX1.2 mX2.0 m HWFEHFEHEMIREN
3.64 cm, &AL ] 2R 0.89 s 5 STk [ 131 ) F K 1 #E 54
Bl A 2 W 2 I Fe 4 18 SOBCHR PR 46 0 A 28 X 4%
YNGR Bsf (8], W 28 X 138 T 3 B A7 AR 4 1 & B L 3
T A T R FORE BE 5 Sk [ 14 ] R A B S AL IR A
B R AR Z O AR B, 3 T SR AT HLE A
A H 2D F 5 A bR i B E AL, 7E 5 m X5 mX3 m#)
FNH B P E IR ZE M A 2 em, (HiZ 0 B2 #
A it U5 AR A ) ), T AR B N ) B 8 S W 2l AR Y
BAGIRES A E SRMR 2

AR ENEMBEARRNREEAMNAZEKNE
TCAb E LT R G LT AR SCHRE S T — A 3 T ER
AL UL 3 N A ER B R B R AR B A RS e %
ANARE TE 5 40T W . 3l A xR A i B AT
22 N Ao B O 4 PO B A, A 7 PRI R P AR AE 4 B

KR BEHEE: 2022-10-25; 1EEIBH. 2022-11-21; RABHHA. 2022-12-15; MEE X HE: 2023-02-07

HEe&mB: HX A RPN %S (12004292) B 05 4 BHE T — i H -

lb 45 488 ( 2022GY-072) P4 22 i1 Bk 7 3 &l 5 H

(2020KJRCO040) | P4 % Tk K 2440 75 il - 2447 38 CHE A 24 (YS202210)

BIEEE: 2f zx963@163.com

1006007-1


https://dx.doi.org/10.3788/CJL221362
mailto:E-mail:zf_zx963@163.com
mailto:E-mail:zf_zx963@163.com

£ 50% £ 10 H9/2023 £ 5 B/ EHt

B TR L R AE Rl B AR Wy e o 2 R 45 A R ep T
LS 4 o 00 A 55 0 8RR AR, 52 AR E L R R R &
P E 7

2 AL A N E AR A

MBI E LM ENG A LHEET 0.8 mX
0.8 m><0.8 m WA WHGE N RE LA . fELKA P,
Fiz PRI B IR R o, 3k O R DA R B 00 A
MAS K6 & (LED) e . Hp B m(m<<M)
A LED IR AEAR T LARIR A L, (20 Yoo 20 )o

ARG B B L R AR S R S A
AT R . T L AR E P E A I S IR
Fl 1.

TE B 48 3 B B, R 4R RS T E AT M b 41
WA B 2 J5 1 TG0 TR B R E O 2 57 6 SO . e

capturing images
| |

!

| image denoising |

!

| extracting features |

l

| training network |

optimization by BAS
algorithm

| characteristic input |

!

| coordinate prediction |

PIT AT DO AR 2 P E Ao 3 2

Fig. 1 Flow chart of indoor positioning in visible light imaging
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Table 2 Comparison of partial position coordinates

True coordinate

Forecast coordinate

True coordinate
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(0.15m, Om, 0.19m)
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Table 3 Comparison of positioning errors of three algorithms

Location Minimum Maximum  Average positioning
algorithm error /cm error /cm error /cm
BAS-RBF 0.47 8.92 4.26
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Bioheuristic Network Based on Migration Feature Learning for Indoor

Location Awareness in Visible Light Imaging

Meng Xiangyan, Zhang Xin, Zhang Feng , Zhao Li, Li Shuai

School of Electronic Information Engineering, Xi'an Technological University, Xi'an 710021, Shaanxi, China

Abstract

Objective With the rapid development of mobile communication technology in modern society, the demand for location services in

complex indoor environments, such as large factories, shopping malls, and office buildings, has been growing rapidly. The current

visible light positioning technology uses various sensors and hybrid complex algorithms to achieve positioning, which is difficult to

operate and vulnerable to interference, resulting in unstable positioning accuracy of the system. The advantages of visible light
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communication include both lighting and communication, as well as stability and reliability. On this basis, to improve the accuracy and
stability of visible light indoor positioning, a bio-inspired network integrating migration feature learning is proposed to achieve stable
and high-precision indoor positioning in visible light imaging.

Methods In this study, a visible-light indoor location method based on an image is proposed. The acquired image is first denoised to
eliminate noise interference which has a significant impact on the extraction of the image depth features. Inaccurate feature extraction
leads to poor positioning accuracy. An improved threshold denoising method is used to address the issue of signal loss caused by the
oscillation of the threshold function. The adjustment function ensures good continuity of the signal and retains the original features of
the image to the maximum extent based on image denoising. Second, the ResNet network is used to extract image depth features and
establish a fingerprint database. The image depth features exhibit translation and rotation invariance. However, the ResNet network
has deeper network layers than the traditional neural networks. Thus, residual learning is added to avoid a decrease in accuracy
resulting from the increase in network layers. Finally, the BAS algorithm is used to optimize the connection weight matrix between
the layers of the RBF neural network, improve the training speed and stability of the network, and determine the optimal weight
between the layers of the network through back propagation for enhanced positioning accuracy.

Results and Discussions In this study, we first build a positioning experimental platform (Fig. 4) consisting of a light
environment that can simulate real indoor scenes to verify the applicability and effectiveness of the algorithm. The coordinate plate at
the bottom of the experimental box is divided into several areas of equal size at an interval of 5 cm, and four LED light sources with
the same size and power are installed on top of the experimental box to collect visible light images and extract depth features. Pictures
are collected at three different heights by lifting and lowering the coordinate plate to establish a depth feature database for the collected
pictures. The measured data are input into the neural network for training. The RBF neural network achieves 26983 target error
iterations, the BAS optimized RBF neural network achieves 47352 iterations (Fig. 5), and the training speed is increased by
approximately 40% . We randomly select 30 different coordinate points in the experimental box and collect the corresponding images
without denoising for the positioning test. The average positioning error without denoising is 5.02 cm (Fig. 6), whereas, with
denoising applied to the images collected at the same 30 points, the average positioning error is 4.26 cm (Fig. 7). The experiment
shows that image denoising can effectively improve positioning accuracy. When compared to the RBF and back-propagation (BP)
network algorithms, the BAS-RBF neural network algorithm provides significant improvements (Fig. 8) . Compared with the BP
network algorithm, the confidence probability of a fixed error of less than 2 cm, 4 cm, and 6 cm increase by 9%, 11%, and 10%,
respectively. The experimental results show that the performance of the RBF neural network optimized by BAS is better than those of
the RBF and BP neural networks (Table 3). The average positioning error of the algorithm is 4.26 cm, which is 10.5% higher than
that of the RBF neural network and 16.9% higher than that of the BP neural network.

Conclusions This study proposes a visible light positioning technology for visual imaging that requires only images from indoor
locations. Subsequently, the migration feature learning is used to extract the depth features of the denoised images to establish a
database, which is brought into a neural network fused with biological algorithms for learning and training, with the goal of building a
neural network training and testing model. Compared with the RBF and BP networks, this model can improve the positioning
accuracy and training speed. In the actual measurement and positioning stage, 0.8 mx<0.8 m<0.8 m physical model, the average
positioning error of the prediction result is 4.26 ¢cm; the probability of the prediction point error of less than 4 cm is 63.4% and the
probability of the prediction point error of less than 6 cm is 78% . The positioning result is stable and reliable, providing a new feasible

scheme for visible-light indoor positioning technology.

Key words optical communications; visible light visual imaging; image depth characteristics; biological inspiration; neural network;

indoor location awareness
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