[#2%gsmanesaessn

EEFRIK

3T Elman #h2 W45 il WO 58 e B 5058

b, Rk, DB, REL IAE, ARA

WS B R AR B TR BE . NS Esk 014010

WE LER, FNEMEEWE T R CEMFI ., AT B 3 2 L5k 0 5 2% B DL BORS o B 46 1) 1, 42
BT — R e FH Elman f 28 0 28 3517 % 8 A0 & 5000 , o A AR K2 48 5 s CWKINND X7 150 00 45 S 3 47 18 1F 9 7] )
JeENEM . HE LR A R LED T/ & 5 8% . 4 A /K56 B 500 2% (PD) # A 42 0 3% 19 2= N E i R 5E
o 4 AN IROT G RIS A3 A T BRI G 4 A BRI E AL T BRI AR B s . 388 P Elman 28 W 45 430
T A5 0 AEK ) A A s AT G\ A R R T R R A A D A5 7 T R A6 1R 25 T R I 0% T SF- 4 4 2 1 R U L
JIAL K 35 908 58 vk BE AT 46 TE SF 0 2 157 I o0 (00 080 62 8 K088 T U (ORS00 o7 78 BT B A AR A 0 A i 2 v, (5 FL S 2R
FHLTE 3.6 mX3.6 mX3 mMWEHNFET AMRBEEWFHEMIRER 7,13 cm, FHE (L EY 0. 24 s,
KWW OLE(E; Elman LM% M K T4 ENEN ; REBIE

FESZEES TN929. 12 XHEEFRERA A doi: 10.3788/A0S202242. 0506002

Research on Visible Light Indoor Localization Algorithm
Based on EIman Neural Network
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Abstract In recent years, indoor localization algorithms have attracted a great deal of attention and research
interest. For the improvement of the complexity as well as the accuracy of existing localization algorithms, this
paper proposes a visible light indoor localization algorithm that first uses Elman neural networks for indoor
localization prediction and then uses the weighted K-nearest neighbor (WKNN) algorithm to correct the prediction
results. The algorithm is applied in an indoor localization system with a single LED as a transmitter and four
horizontal photoelectric detectors (PDs) as receivers. The four horizontal PDs are located at the four corners of the
receiver and the position to be measured is located at the center of the receiver. The initial position of the point to be
measured is first determined by predicting the horizontal and vertical coordinates of the point by two Elman neural
networks. Then the point to be measured with a positioning error greater than the average error predicted by the
neural network prediction is identified and corrected with the WKNN algorithm to determine the exact position of
the point to be measured, and the corrected position is updated into the overall position of the point to be measured.
The simulation results show that the average positioning error of this algorithm is 7. 13 c¢m and the average
positioning time is 0.24 s in an indoor environment of 3.6 mX3.6 mX3 m.
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Fig. 2 Elman neural network structure diagram
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Table 1 Simulation parameters

Simulation parameter Simulation value

LED emission power P, 15 W

Actual receiving area of a single PD 1 em®

Receiver field of view ¢. 90 °

Half power angle of LED ¢, 45 °

Refractive index of the lens n 1.5

Optical concentrator gain g (¢) 1.5°
Optical filter gain Ts(¢) 1
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Table 2 Neural network training parameters

Training parameters Settings

Elman neural network .
o ) Gradient descent method
training algorithm

Number of iterations 15000

Target error 1x10°7
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(b) corrected positioning error distribution
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PR ER KA EAE T HALEIE. BIE
B AR 2R 8. 43 em A IE J5 T3 % 7 1% 2%
7013 em, i TOUEBAAS SCELL A RCHE S OF LN
Fo T A SCEE B (BP HZ  45 R LA Elman i 22 K
2% (H—~ Elman 1 28 % 4% B0 22 037 5 79 5% 0 4
PR X R mE 3 iR, NE3IATLUER,. 5
BP #f 25 % £ Fl B8 /> Elman i1 28 9 28 A L, A 8
M RENLR BE 5HE 8. 5 BP Mg 45 A1 E L AR SC
BEREM R ERE T 55.35% . 5 4 Elman
M g M M, AR SCHE R E ALK R ST
48.89% . 734, 5 BP #i &M & [ FAAS Elman #f £
PO 25 K Ll o A SCEE ¥ - 35 5 7 I (8] W, (H A SCBE
B E N R R E 1 s LN AR 2 X H R Y Al
FH 3 LR W

AHESE HOEE T = ARk A 1R 25 1 B A A
g R tE 9 firan .t 9 Al A ORI 90 %
1 5E AL iR 2Z /N T 8. 38 cm, BP #1428 90 % 1Y 5&E 1
PmZ/NT 23,74 cm, L4 Elman f 2 M 4% 90 %
EMIREZE/NT 20.50 cm.,

£ 3 ARG E A MEREXTS L
Table 3 Comparison of positioning performance of

different algorithms

o Average Average
Positioning L L
) positioning positioning
algorithm )
error /cm time /s
BP neural network 15.97 0.176588
Elman neural network 13.95 0.218410
Elman neural
7.13 0.243774
Network+ WKNN
Loy CDF
09
>
3 0.8 ;
207}
gosf ]
o 05[ /!
204}
= 03}/ 4
E oall —BP
a 0.2 - - Elman
o1y e ElmanWKNN
0 02 04 06 08 1.0 1.2

Average positioning error /m
B9 w2 RS

Fig. 9 Cumulative distribution of positioning errors

0506002-6



E 2% F5H/2022 F£3 B/RFFR

6

zE 1w

ARBFFEHE T A Elman #f 28 W 4% 17 2 W @

A7 FINAL K3 G853 X 28 o7 45 L i 4748 1E /AT DL
JeEWNENM B . i P Elman #4894 5 i)
AU A0 A 1 R A1 A R 2 A A oF 0 AR DU E AR 1Y
WA A BRI AR )2 B R E A R
Z5 TR T4 5 I 4 TR0 - 205 2 I AR A, A K
AP B R EATAG TE I TR, 2 A B0 AR I R ¢
P, PR FM]LLE 3.6 mX3.6 mX3 mH=E
WIREE T ARF LB R 2R 7. 13 cm, F3
SENLIFRIA 0. 24 s, £4F A 45 K 2802 W I H 35 1)

AR 55 EE K .
5 % x o
[1] YuanC L, Lu HM, Huang J C, et al. Energy self-

(2]

[3]

(4]

(6]

sustaining visible light positioning algorithm based on
clustering[J]. Acta Optica Sinica, 2021, 41(10):
1006001.

JRRRAR, PR, WAL, & ETREMRE AR
En] WG 7 B R [T, b2 # 4, 2021, 41(10):
1006001.

Zhao C H, Zhang H M, Song J. Fingerprint based
visible light indoor localization method [J]. Chinese
Journal of Lasers, 2018, 45(8): 0806002.

X AERE, TRUED], R BT R 800 E ] UG E A
Fr[]. PEBOE, 2018, 45(8): 0806002.

Cao Y, Dang Y C, Peng X F, et al. Indoor visible
light localization method using TOA/RSS hybrid
information[]J]. Chinese Journal of Lasers, 2021, 48
(1): 0100001.

B, ST, 2N, % TOA/RSSIRAGFE=
PRI 5E 7 05 ¥k (0] B O, 2021, 48 (1):
0100001.

Dong W J, Wang X D, Wu N. A hybrid RSS/AOA
algorithm for indoor visible light positioning [J].
Laser & Optoelectronics Progress, 2018, 55 (5):
050603.

A, EIAR, RAf. BT RSS/AOA RGN EN
AOEE M E e L], WMot 5ot FE gk, 2018,
55(5): 050603.

Yang Z C, Wang Z Y, Zhang ] S, et al. Polarization-
based visible light positioning[J]. IEEE Transactions
on Mobile Computing, 2019, 18(3): 715-727.
Almadani Y, Tjaz M, Adebisi B, et al. An
experimental evaluation of a 3D visible light
positioning system in an industrial environment with
receiver tilt and multipath reflections [J]. Optics

Communications, 2021, 483: 126654.

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

0506002-7

Wang W G, Zhang Y W, Tian L B. TOA-based
NLOS error mitigation algorithm for 3D indoor
localization [ J ]. China Communications, 2020, 17
(1): 63-72.

Liu CF, Yang J, Wang F S. Joint TDOA and AOA
algorithm [ ] 7.
Engineering and Electronics, 2013, 24(2): 183-188.
Li S P, Yang X Y, Zhao R,

positioning method based on

location Journal of Systems

et al. An indoor

RSSI

IOP Conference Series:

probability
distribution [J]. Materials
Science and Engineering, 2019, 490: 042054.

Gao L, Yang X M. An
positioning algorithm [ ] ].
Automation, 2020, 46(2): 78-81.

AL o, RN =k AL ] T
F3ifk, 2020, 46(2): 78-81.

Xie CY, Guan W P, Wu Y X, et al. The LED-ID

trilateration

and Mine

improved

Industry

detection and recognition method based on visible
light positioning using proximity method [J]. IEEE
Photonics Journal, 2018, 10(2): 1-16.

Wang Y F, Gao J X, Li Z K, et al. Robust and
accurate Wi-Fi fingerprint location recognition method
based on deep neural network[J]. Applied Sciences,
2020, 10(1): 321.

Zhang HY, Yu HY, Chen L L.

location using adaptive pollination receiving signal

Indoor visible light

strength indication based on reverse learning strategy
[J]. Chinese Journal of Lasers, 2021, 48 (1):
0106001.

REH, T, BRI LT R m o) g i A i
NLAE SR B U T o B R = A AT WG 2 [J].
E#Ot, 2021, 48(1): 0106001.

Tran H, Ha C. Improved visible light-based indoor
positioning  system using machine learning
classification and regression [J]. Applied Sciences,
2019, 9(6): 1048.

Raes W, Knudde N, De

Experimental evaluation of machine learning methods

Bruycker J, et al.

for robust received signal strength-based visible light
positioning[J]. Sensors, 2020, 20(21): 6109.

Sahin A, Eroglu Y S, Giivenc i, et al. Hybrid 3-D
localization for visible light communication systems
[J]. Journal of Lightwave Technology, 2015, 33
(22): 4589-4599.

Xu Y, Wang X X. Indoor positioning algorithm of
subregional visible light based on multilayer ELM
[J1.
Sciences), 2019, 46(10): 125-132.

WA, EUrr. Z2 ELM 4 K] W6 = P (v 5
WL IR R E A CHARBHERRD , 2019, 46(10):
125-132.

Journal of Hunan University ( Natural



[18]

HRILX

Xiao J L, Yue D W, Zhao Z D, et al. A visible light
localization algorithm based on BP neural network
optimized by genetic algorithm [J]. Journal of
Optoelectronics * Laser, 2019, 30(8): 810-816.
MR, 5 BOR, SRR, &L BT E A L BP
PP 2 BT ILEE AL [T]. e T - B, 2019,
30(8): 810-816.

0506002-8

E 2% F5H/2022 F£3 B/RFFR

[19] Wang Z, Zhu Y Y, Zhang Z C. Indoor visible light

location system based on BP neural network [J].
Science &. Technology Information, 2021, 19 (1):
81-84.

EIE, KEk, kPR BT BP # & M4 E N ]
WoeE i RG] . BHECHEIR, 2021, 19(1): 81-84.



