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Table 1

Simulation results for selecting the number of LED

The number of LED Max localization error /cm

Average localization error /cm Localization time /s

3 99. 490
4 3.912
6 4. 640

10. 3500 0.0315
0.9418 0.0413
0. 9500 0. 0874
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Fig. 3 Genetic algorithm flow chart

2.5 GA-ELM &%

AR SCHE 58 7 FR G0 — PP AR AR 5 5 O T A —F
AR BT ELM 28 R 2% 2 > 581k 41 W, 1 & A
10 A% B X R A [ s R AT IR AR L 4R B R G 1) AR
SRIE IR ELM M2 M4, GA-ELM B3k (1) i 2
HEEI & 4 Fin. GA-ELM & oL B . 4

B D AFEAREE ;B 2) % ELM #2545 B HL A=
UG ASAEL 5 1 2 5% 5 A Shy 38 1% B30 0 1) 0 0 P R 5 2B
B 3D VSRR RIS Y AE s PR ) A BERE S AR
SEEEAEFR B F 0 I X 7 (A s 2 5) 285 kAR
Jei > BN B e AR L I F R LA A5 30 R A% M 46 A AL
(BRI ; 25 B8 6) K e R AUE A (45 ELM,

2106001-3



£ 49% £ 21 /2022 £ 11 B/ EEHE

ELM GA
input sample data and coding of data, generation of
perform data processing initial populations

v

using F' as fitness value
of population

4

generate matrix of weights
and thresholds

A

calculate output layer
matrix with optimized -
weights and thresholds

offspring individual
reinsertion

!

selection, crossover,
variation

A

e Jjudge whether to ™_
- meet evolutionary
~_conditions

s

decode, calculate matrix, and
complete model building

calculation of individual
fitness values (test set error)

El 4 GA-ELM Rk
Fig. 4 GA-ELM algorithm flow chart

3 PiE4 R
3.1 fEEIM

ARIGEWMENG R RK/MA 4 mX4 mX3 m,
4 JLED T BHER LR L A5 2 58 (1 m, 1 m,
3m). (Il m,3m,3 m),(3m,l m,3 m),(3 m,3 m,
3m) L EWA L TEN—E R L., 2 TIHBR4 LED
ST Z B AR B4, 23 0 4 O LED AT 43 Bic ik — 19 74
WA, B 3.4.5.6 kHz, HWRHBWIRAHFETZ
J5 A ICAF T e S AT 5, SRS SR T 3 1 I A X H
AT XA i TR F] 4 O LED AT f 6Dy A6,
B S Hmk 2 s

#£2 HSH

Table 2 Simulation parameters

Parameter Value
Light source emission power /W 10
Receiver field of view ¢./ (%) 90
Filter gain T,(¢) 1
Concentrator gain g (¢) 10
Effective receiving area of receiver /cm’ 1
Angle of half-power ¢,,,/(*) 30
Number of neurons 225
Population size 2
Chromosome length 1300
Maximum number of iteration 200
Crossover probability 0.7
Mutation probability 0.01
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Table 3 Simulation results for different training data sets

Data set Average localization error /cm Localization time /s

11X11 74.6800 0.00215
21X21 0.9214 0.04235
41X 41 0.9138 0.10940
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GA-ELM and ELM algorithms
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Table 4 Maximum localization error for random 10 estimation

results

Maximum localization error /cm

No.
GA-ELM ELM
1 4.10 9.76
2 5.51 22.21
3 4.68 13.25
4 5.27 10. 63
5 5.10 12.42
6 4.50 12.22
7 4.32 11. 88
8 5.78 16. 29
9 3.72 15.13
10 5.82 13. 60
Average value /cm 4. 88 13. 34
Standard deviation /cm 0.72 3.55
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Table 5 Comparison of localization errors of different

algorithms

Localization Max localization Average localization

algorithm error /cm error /cm
GA-ELLM 3.9192 0.9214
GA-BP 15.33 3.72
SVM 19.51 3. 74
BP 60. 18 21.04
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four algorithms
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Table 6 Comparison of localization timeliness of different

algorithms

Localization algorithm Average localization time /s

GA-ELM 0.04235
GA-BP 0.09237
SVM 0.09165
BP 0.09301
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Algorithm-Optimized Extreme Learning Machine Neural Network
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School of Information Engineering, Inner Mongolia University of Science and Technology, Baotow 014010,

Inner Mongolia, China

Abstract

Objective Recently, with the advancement of science and technology, public desire for indoor positioning services has
grown significantly. Thus, most researchers have turned their attention to indoor positioning technology. Visible light is
harmless to the human body, does not interfere with other electronic devices, and has a low effect by multipath
reflection; it can be employed as the information carrier of the indoor positioning system. Thus, visible light positioning is
one of the most promising indoor positioning technologies. LED lights are frequently employed in indoor positioning
studies because of their high cost performance, high broadband, and long service life. With the maturation of machine
learning technology, the application of machine learning algorithms to indoor visible light localization has become the focus
of several scholars’ research, and good localization results have been obtained. To further enhance the accuracy and
stability of indoor visible light localization, this study proposes an indoor visible light localization system based on a genetic
algorithm-optimized extreme learning machine (ELM) neural network. The genetic algorithm can efficiently enhance the
stability of the ELM neural network, which in turn improves the global localization accuracy.

Methods First, the fingerprint database was constructed. In this research, 441 sets of data were selected as the
training set and 225 sets of data were employed as the test set. Second, the training set was employed as the ELM neural
network input, which was fed into the neural network for training. Since the ELM neural network was prone to local
optimum and instability, its weights and thresholds were sought out using a genetic algorithm during training, and the
optimal weights and thresholds were found and assigned to the ELM neural network after selection, crossover, and
variation operations. Then, the test set was sent into the trained neural network, which predicted coordinate points.
Finally, the error between the actual and predicted locations was computed to examine the localization performance of the
system.

Results and Discussions The average localization errors of the receiver were 1.39, 2.23, 3.75, and 6.64 cm at the
test heights of 0.2, 0.4, 0.6, and 0.8 m, respectively, and the maximum localization errors were 6.86, 11.04, 16.41,
and 24.11 cm, respectively. As the height of the receiver increases, the channel gain decreases because of the increasing
emission angle of the LEDs as well as the reception angle of the receiver, which causes the optical signal to fade and
decreases the optical power received by the receiver, thereby decreasing localization accuracy. In the experimental
situation, the indoor localization system based on a genetic algorithm-optimized ELM neural network (GA-ELM) achieved
an average localization error of 0.9214 c¢cm and a maximum localization error of 3.9192 cm. Compared with the findings
obtained from the indoor positioning system based on the ELM neural network, which show an improvement of 86.1% on
the average localization error and 70.16% on the maximum localization error, the average localization error of the
GA-ELM positioning algorithm reached the millimeter level. Furthermore, this research compares the algorithm with the
BP neural network, support vector machine (SVM), and GA-BP algorithms. The maximum and average localization errors
of the proposed algorithm are significantly smaller than those of the other three algorithms. Finally, the average
localization time of the GA-ELM algorithm is compared with the other three algorithms to illustrate the timeliness of the
GA-ELM algorithm, and the average localization time needed by the GA-ELM algorithm is 0.04235 s. Compared with the
SVM, BP, and GA-BP algorithms, the localization time of the proposed algorithm is shortened dramatically, indicating
that the proposed algorithm is better in terms of timeliness.

Conclusions In this research, a multi-LED light localization system with a genetic algorithm-optimized ELM neural
network is employed to obtain indoor high-precision localization. The received optical power value of PD is measured
through the direct line-of-sight link to establish the fingerprint database in the offline stage. In the online stage, the
fingerprint data are introduced into the optimized ELM neural network to complete the localization. In this study, the
performance simulation and experiments of the localization algorithm are performed in a space of 4 m X4 mX3 m. The
simulation findings reveal that the average localization error of the localization algorithm employed in this study increases
as the receiver height increases, and the experimental findings reveal that the average localization error of the localization
algorithm employed in this research is 0.9214 ¢m and the maximum localization error is 3.9192 c¢m, which is comparable
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to ELM, GA-BP, SVM, and BP, improves the localization accuracy, and has broader range of application than ELM,
GA-BP, SVM, and BP. From the domestic and international investigation studies over the past 1 or 2 years, there are
substantial enhancements in localization accuracy using various localization algorithms in various environments, which are
highly applicable. The investigation in this paper is at a high level in terms of localization accuracy, and a significant
improvement is observed in the stability of the system.

Key words detectors; genetic algorithm; extreme learning machine; visible light localization; neural network;
fingerprint database
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