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Indoor Visible Light Positioning of Improved RBF Neural Network
Based on KPCA-K-means++ and GA-LMS Model

Zhang Huiying , Yu Haiyue, Wang Kai, Lu Yuxi, Liang Yu
College of Information and Control Engineering, Jilin Institute of Chemical Technology, Jilin, Jilin 132022, China

Abstract Aiming at the nonuniformity of the received optical power and low positioning precision in the indoor
visible light positioning, a received signal strength indicator (RSSI) visible light positioning method is proposed
based on adaptive flower pollination quantitative light source optimization scheme combined with improved radial
basis function (RBF) based neural network. The adaptive flower pollination algorithm optimizes the light intensity
of the transmitter processing the received uniform optical signal using an improved RBF-based neural network RSSI
positioning method, resulting in accurate and effective positioning. The kernel principal component analysis K-
means—+ + (KPCA-K-means + + ) clustering model is used to preprocess the received RSSI sample value. The
optimal cluster number and cluster center are obtained as the number and central value of the hidden layer neurons.
The genetic algorithm and least mean square (GA-LLMS) model is used to optimize the parameters of the RBF neural
network. According to simulation results, the received optical power ranges from —28.6 dBm to —25.1 dBm in an
indoor space of 9 mX12 mX3.5 m. Moreover, the positioning error is less than 0.1 m. Therefore, the proposed
improved visible light positioning method has higher positioning accuracy and stronger practicability advantages.
Key words optical communications; visible light positioning; adaptive flower pollination; received signal strength
indication; RBF neural network; kernel principal component analysis K-means—+ -+ model; GA-LMS model
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Fig. 1 Model of visible light positioning system
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Table 1 Simulation parameter table

Parameter Value
Room height /m 3.5
Gain of optical filter 1
Receiving plane height /m 0.5
Effective received area of PD /cm® 1
LED emission power /W 1
Field of view /(°) 55
Half-power @,,, /(") 80
Initial central luminescence intensity /cd 23.81
Single LED initial emitting light power /W 1
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Fig. 6 Comparison of the light intensity distribution. (a) Unoptimized light intensity; (b) optimized light intensity

6 Ca) S A 1 Ak B 11 Ol 53R B 4 A o K 7 BE
1 918.53~2017.13 Ix, B EE W shiw K. E = N2
(i) D A B AT, 2 T e 0 B %, TG vk S Ok
VR 5] o0 A T B0 {5 S B M 25 L O B S BLAE 55 (A
R M IE WM FDEES . B 6(b) &k FPA
AR5 ) R L F8R JC ¥ 52 4% VW BR B 52 [n) AL, {H K
SF- HECRE R B R e e A AR w0 A ), i
JE R 600~700 1x, $2 Ui B8BE O 3l B G 9/ . AR 4l

G

(@
10

Received optical
power /(105 W)
Received optical
power /(105 W)
TS N s 3 ®

ISO [ Br s 02 F 5% i 75 22 1 BRBE B R 300~
1500 Ix, N ek i FPA D1k J5 15 31 /Y B B2 38 [ AT
A EBRbRE, Y5 R K F 0.7, Bk, ik IR
JE 5 0 B A0 Ai e T 3 5] (B O D) e 4, S
e RN IR RO B W T TR S o ER B o
ST BIRAL . EE A R U U O T
RO MF B RIME 7 iR,

Received optical
power /(10 W)

3

2
b 00 1 2345678 9
X/m

B 7 HEBOe TR . O RUAERY SBT3 (W LG BRI 35 (O AL JE Bt T # = A

Fig. 7 Power distributions of received light. (a) Unoptimized received optical power; (b) optimized received optical power;

(¢) optimized received optical power nephogram

Bl 7 Ca) AR AR 2 9 B O T 3R Y 4 A
AR E WO T R Uk 'R, Uk B B
—29.9 dBm~ —20. 96 dBm., JCIETEE & E
SEHOGAT T Y 58 R A% i | O B AR S M L S B
WS Ty 3R A 55 11 by RS AR . B 7 (b 2 Ak
J5 A% B WO D R A L Bt T R o
—28.6 dBm~—25. 1 dBm, B B % i J% 3h 14 [
AN GEAF P ERROE T I 5 PRIEE A LE E
PG EARSZ i, B 7 (o) B WK B0 82 O o R A
A RCR T A S 2 ) 4 A A TR IR
FN (14 IC TR ILT- A4 S OB TR 5 40
5.2 EF RSSI i RBF #2Z M40k & 5%

S0 b b A MR AR T 2R BE ) — AN LIS R

SEUE N R B A R AR NS i, 7R S
B s N EHE 35 AN REAR A, B AR AR AN T T B
2mZEf ., REIGFEA RSSI A 5 1E R £ 35
JE X Bt RBF 28 /0 4% k47 1 5 6 0B A 6
AR AT AT A 7 A5 BT A b, S == 3
MAFEASIE O INE 8 Fis .

MIE 8 W] F H, ESL g0 = 4 51 40 A 35 MAEA
R4 A A O T R R B R B8R R G
KPCA-K-means—+ -+ B A5 B e L R 2880 B f R 28
Hts, 857 38 T RSSI A9 RBF 28 W) 2% 46 150, 7 18
it GA-LMS X & BE Tl % 4 BUE #EAT 15, 459 301 25
J5 1B RBE #1285 N 4%

1906001-6



£ 41 % £ 19 #1/2021 £ 10 B/eFE4R

front door

o back M‘/l._
[ ]
(] @ .' @ '. i
o ® [ o [0 e lee | © °
test bench  testpoint

® @ o % | ¥ 0 ®e | ®

cabinet
° ol © lg® | @gll © l9g® | @ —7 @
sample < <

& ERW R,

P8 S 2 Il VR A R0 A R IR

Fig. 8 Schematic diagram of laboratory test points and

sample point distribution

® observation station
« target position
= estimate position (b)

5.3 EACMERERTEE ST

A 2 ] PN, AL B 6 I3 L 43500 R
Ui RBF #2689 2% 58 i 5k R Blciff RBE fi 42 )
25 T Gt e/ 3 (LS) & o BV A7 05 54 M 47
HZERWME 9 iR,

M9 Ca) 0] F s BT $2 i RBF b 28 X 45
Ak 6 AN A 1R 22 KR 0..0929 m, By
/N 0.008 m, FEHIiR2E K 0.08513 m; B 9(b) &R
HUiHE RBF 28 0 2 78 60 580 1% 1) 8 0 380 e R i 22
A 1.0423 m, F/NRZEN 0. 2014 m, FHIRE N
0. 7679 m; & 9()FEAESE LS [ B3 1 E S R

® observation station
< target position
= estimate position

® observation station
dtarget position
= estimate position

B9 s MRURR I, (a) i RBF #1245 AL 5 s 5 (b) Rl (19 RBE M & W 48 @ L3 s (o658 LS & L E &

Fig. 9 Comparison of positioning effect. (a) Improved RBF neural network location algorithm;

(b) RBF neural network location algorithm; (c¢) traditional LS location algorithm

KR 2E N 2,137 m, /MR ZEN 0. 672 m, 1R
260 1.8137 m, AHIL T 14 5@ A A 1%, i RBF
2 I 28 S A0 B TR 6 AN ) S A T 35 22 1
/ANTF 0.1 m I A B RBF 1 48 9 4% 5 30 B 1k
SE 7 15 2 B i BEAIK

10 Ry AN [R) B3 45 31 14 15 2 67 25 A8 b 5 ik
RBF @& B kM AL 58 LS & M5 F1 RBF 5E 7
SVEAS B A 5 I s e 22 K. eiE RBF
795V 1 8 0K BE AR B T8 48 LS 28 155 1 Fl RBF
ENLE R BIEE T 11,31 % A1 38. 96 %, ik A 5
WUilE RBE i 25 0 28 B30 30 45 31 1) 58 o7 o B A 230
5.4 EMREFEXESH

Xt 6 AN & 43 ) SR F it RBE B 28 ) 45 5
P52 (RBF B2 ) 2% o o 53k I (8 58 LS 7 i 34
RAEAT 10 G A4k, X A A TR S B 10 WRR 2
HEE O B A R 11 iR,

M 11 "] F Y, ek RBF #2580 2% o o 34 v
6 AN IR 2P IMETE 0.1 m 240, /N
PR 25 0] Ik B 2 K G RBF 28 W 45 578 {37 300 1 - 3
ENRZELE 1T m LU, B 6 AT S b, B i 22 A
T /MR ZEA 22 0. 5447 m, BAKEE A E £S5 LS &
VB 1) R AV R 22 VT S AR K ARG ARG .

7
6 = v N Ya
A
51 v
v

E 4+ on e
>~ A

3+

A
2 % m pending sites Ay
v ©® improved RBF
A RBF v
Lr VLS
2.5 3.0 3.5 40 45 5.0 5.5

X/m
ST ORI N 1 e v = 7 = N R S DAER A R L 7
Fig. 10 Coordinates of points to be located calculated
by different positioning algorithms

3PP ML FIAAE 10 A TH 5 b A 1R 22 I B K
(B e /ME SR X SR 2 iR .

FEAH TR A PR BT T L %F 6 AR5 DU A5 4 0 R 3
FEA AL AT 10 KL A B E 0~0.1 m.0. 1~
0.2 m.,0.2~0.3 m,>>0.3 m X 4 iR X[EPH 3
PR R 22 B o Le ), an il 12 s . L 12 B il
TE 10 4@ AL, ek IS 1Y RBF Bl 28 W 45 7 fif
BIRIRZETE 0~0. 1 m MIRZEX N H R 41%,
FE 0.1~0. 2 m BRZE XN 5 2R 3350, 76 0. 2~0.3 m

1906001-7



£ 41 % £ 19 #1/2021 £ 10 B/eFE4R

— & —improved RBF A
L4r_ o _gpr .'/
/
19 L—*-Ls ;
2 L0 7
5 08} A
£ e o
Ro6F /S ol
0.4 -""“‘"""-~\.;-A-’ AN
'/ \ / N
020y _..=-~.. g LI
-~ ."'*~|..,‘__‘- = ]
oL L L 1 = 1
1 2 3 4 5 6
Test point No.

K11 e i 22 LA
Fig. 11 Positioning error comparison
*2 EN ALY

Table 2 Location simulation results unit: m

) Maximum Minimum Average
Location method
error error error

Improved RBF location algorithm 0.0929  0.008 0.18513

RBF location algorithm 1.0423 0.2014 0.7679

LS location algorithm 2.137 0.672 1.8137
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Fig. 12 Proportion histogram of positioning error of

different algorithms
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Fig. 13 Comparison of cumulative distribution of

positioning errors for different algorithms
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