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Indoor Fingerprint Location Algorithm Based on Convolutional Neural Network

WANG Ying'?®, HUANG Xu-Dong'?, GUO Song-Tao"?

!(College of Electronic and Information Engineering, Southwest University, Chongging 400715, China)

%(Key Laboratory of Networks and Cloud Computing Security of Universities in Chongging (Southwest University), Chongging 400715,
China)

3(College of Computer and Information Science, Southwest University, Chongging 400715, China)

Abstract: With the popularity of wireless networks and smart devices, indoor positioning has been rapidly developed. In indoor
positioning, the fingerprint-based positioning method has gradually become a research hotspot because it does not require external
facilities and strong anti-interference. The development of deep learning in recent years has brought new opportunities for improving the
accuracy of fingerprint positioning algorithms. This paper proposes a convolutional neural network (CNN)-based fingerprint location
algorithm to improve the construction of the fingerprint database. First, the collected CSI and magnetic field data is processed through
CNN, and the CNN model parameter values are used at each reference point as fingerprint. Then a probabilistic method is utilized for the
final fingerprint matching. Experimental results show that the proposed positioning algorithm has better robustness and higher positioning
accuracy than the traditional fingerprint positioning algorithm.
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Fig.6 Comparison of localization based on CNN and BP neural network
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Fig.7 Impact of number of samples on localization based on CNN and BP neural network
Bl 7 FEARZESXT CNN M2 BP 245 14 A 1 52 1

BARNE 7 AR ERATRT DUR I, B IR AR R 13 0, CNIN 4% 15 BP9 45 (1) 2 (67 A% B 30 A W Hh 389, -
H CNN W28 [ 58 A b B — B T BP W48 ZE I Zikf A< i > 100 B B, 3 b 7 25 1) o o 300 R B 72, CNINL ) 4%
A1 BP 45 1) 58 Ar vk 22 43 1 2 1.7m A 1.Om. 1 7E I ZRFE A HCE Sy 700 (I 5, 78 o 80 SR i 4 , CNIN 45 A1 BP %)
B ALK FE 3 BB T 20%A1 15%. 31X 5 K] A Bl 35 DI 20 B AR £ 2 Y 386 i, CNINL X 48 50 BP W) 4488 MR A Hh i 5
73R B AU Mok R v (ER: BP 4% T H 5 0 52 4% 25 5 7E VN SR 51 N5 22, DR L e ) Rk s S P g T B
1A CNIN X 45 1) 58 37 1 Rg

IR AN S5 (1K) 45 AT DL HE BP AR 48 K1 CNIN 2% 11 (X 51):(1) 76 BP #h & 2% vh & — E [ F & 7T
A —BZ M AT W, R EEENRES FEINGSHEBEE R RESESH P 5| NREE.IMNE CNN M
48 B T AR A AL 2 AR LE AR BR R 2 B R AR A 4 ot 2 B A R B TR R X 1S
CNN X 45 f 301 52 2% B R OR B, k> 7 75 BN SR S 4080 . (2) 5 BP M4 AS[H],CNIN I 45 1 25 AHUZ R
Ak 2 8 R O 1 TR [ 24 1) 3o 2, 20 0 S RRURI LAY, 2 S 189 B 7 08 200 R iE IR 10 55 7 Rk 1 e 75 35 5 Al
W R e
323 HiEGuE M E LN

AN FRATE AL T CNIN 45 5 45 5 58 i 350005 1 2 A7 1 R, 1 BLBR AT TR B — o B DL G 100 G 3% 5 ) ik
B K 55 AT (KNN3 LR — il ik 5 1 550055 B0 S 6 1 L (SVM) S IOL5 3R ATTH9 CNIN R 4% 5 fir A b A2 S 6
LN 8 fR.

KELRRATIINT — o 00 F W o o4, BV v 22 SR A7 58 7 A5 110 14k R A 74 22 48 140 2 22 IR 22 00 8 1) 45 R AR
SIE AR N 8 sl LUR I CNIN 4% 5 hr 45 B (135 07 1 22 R i 22 43932 1.24m,0.58m, T SVM [
1.60m,1.02m FI KNN ff] 2.2m,1.8m.ix /2 K 4 KNN J& — G 2% 3] 1 5032%, JE VR FH 5 46 B0 (RS AE 78 2 47 B R
R T R WA RZE G R OUE A 45 R LB E . SVM & — ik 2 > J5 vk, R e nl DURI 2500 1) —

© PEEREERKIEIFTO  https/ www. jos. org. cn



I3k FATARMEZENEY T NIEL L5 71

BEIRFAE, {EL 2 6 0 5 2R B 1O 2R BE A IR 0 52 2% RO AR 2V 1n) TG VA 15t B AR T CNIN I 2% £ Dy — R iR 2
5 3] W 4B 2 J5E S B0 B R AT 5 30, AT DA R BUHE b O IR 2 U RRR AL, R R B AT E L RE L T
SVM Al KNN 572

33
30 B CNNFES
- . SVM
251 . KNN
)
= 20
b
S5t
B
10}
0.5

Yyorise il

Fig.8 Comparison of localization algorithms based on CNN, SVM and KNN
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