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Research on Bluetooth Low Energy Signal Strength Feature for Distance
Measurement

WANG Wenbo, LUO Bingqing
(School of Computer Science, Nanjing University of Posts and Telecommunications , Nanjing 210023, China)

Abstract: Bluetooth Low Energy is increasingly used in smart devices due to its low energy consumption, low cost and wide range of device
compatibility, especially in distance measurement. This paper studies the influence of Bluetooth Low Energy signal strength feature selection
and feature grouping on the accuracy of distance measurement in three different models: support vector machine, random forest and convolu-
tional neural network. By using the Pearson correlation coefficient to group 11 features selected from the signal strength data of mobile devices,
the performance gain when a single feature is introduced under different machine learning models is evaluated, and key features and minor fea-
tures are defined. At the same time, the influence on the accuracy of distance measurement under the conditions of multiple features within the
group and multiple features between groups is further studied. The results show that there are obvious differences in the performance of differ-
ent feature combinations in each model, and the introduction of multiple key features can effectively improve the accuracy of distance determi-
nation. This paper provides certain guidance and reference for the selection and application of low—power Bluetooth signal strength features.
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Fig.2 Correlation of the 11 selected features
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group 2
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Table 4 Analysis of the influence degree of various features under RF

model
F4 RFEETEARERINTERE S
RF 515 ZH— 2 2=
K FRRAE mean L1 to mean LI to median kurt
A i FERFE max variance skew

S £ (three quarter) i /IME (min) , JF i & FRAE 2 4 E
(mean) , 5% M B4 B — 8 A9 R AE 2 H 437 22 (median) L2 — 0
531 %1 (one quarter) e KAH (max) . FEZL 1, b EHRFE 2
L1 2P 80 B ES (L1 to median) J7 22 (variance ) , JF .35
R L1 BE 4 E A BEES (L1 to mean) , 7E4H =, i 3
FEAF UG (kurt) , AF B 3E FRAE 2R (skew) o
23 ANSHEEAREE G EEAEREENTMD

I¢ 3T RS, DLAE A i A AR O RE AR AR o o
YE RN SR Be HEA TR 2 , LA 5% 45 21 22 FRAE XoF 1 23 1) 2
B RS2 FE P
2.3.1 SVMAEA

TE SVM BRI 2] — 4] = SL IR n 36 7 e, K

2025 4F
Table 5 Feature error data for group 1, group 2 and group 3 under
CNN model
£S5 CNNRATH— HZ HZHEREHIE

415 FHE Yy N1
2H— max 2.3812 1.3245
mean 2.7173 1.429 8
median 1.141 4 0.888 8
min 1.089 3 0.8853
one quarter 1.118 5 0.892 5
three quarter 1.0373 0.8522
4= L1 to mean 2.9320 4.486 0
L1 to median 0.8522 0.784 4
variance 0.869 3 0.774 2
4= kurt 0.858 9 0.7753
skew 0.899 9 0.786 6

Table 6 Analysis of the influence degree of each feature group under

CNN model
%6 CNNRETZAFELMEZESNT
CNN 575 4H— 24— 24—
B AR Three quarter .min L1 to median ,variance kurt
E & FAFE mean L1 to mean skew

Yr iR e SRR ZE TN T TR o R 4
YR ZE /N, T =R 0 22 LT A ] (=
TR ZE AR . Zf BRI 7E SVMAR Y T 4] = %
FRIE 23 B2 = BE B A E R T | 20 — 2R R 23 PR IR 15 1 e A
JE |, — ZHRFHE XTI B P E AT e — . SVMBTUAEA
WS PRI AR E o A 2 PR AL R AR, SVM fiE
B0y Mo b PR AR LR RSSUBHE , I 16 ) 5 21 N 22 R ik 5
Wi BT R B R ERR A<
Table 7 Three sets of feature error data under SVM model
®7T SVMEET IERFEIRELIE

SVM A 4H— i 4=

¥y 0.998 7 15422 09105

HaX 1R 0.809 6 1.0225 1.0239
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Fig.7 Comparison of errors among groups under SVM model
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Table 8 Three sets feature of error data under RF model

*8 RF#EEITIAFEIREHIE

RF #4 H— H_ 0=
YiiiRE 1.103 7 1.1432 12177
YR} iR % 0.843 1 0.891 4 0.933 3
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Fig. 8 Comparison of errors among groups under RF model
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Table 9 Three sets of feature error data under CNN model

F9 CNNIREIT 3HEHFAEIRZE B

CNN 7 2 — 4 4=
¥R 2E 6.744 4 22.050 1 0.9105
AN iR 24326 26.747 6 0.7957
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Fig. 9 Comparison of errors among CNN model groups
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Table 10 Experimental data(1)
F10 SSWEBHEHE(1)
Eibi] FHAIE 1 2 3 4 5 6
H— max \/
mean NN v o N
median
min \/
one quarter

three quarter J J v
" LI to mean N J J N

L1 to median

~
oo

<
<

variance J N

H= kurt \/ ‘/ ‘/ ‘/
skew N J
o TR 1.61850.9336 1.1697 1.4532 1.4514 0.9198 1.2326 1.5768
Wik
aXTiRZE 1.0266 0.7691 0.8635 0.9583 0.9513 0.7921 0.8903 1.0187

F 2 10 H 2% S50 2 YR 25 Bl T, 2 21 3 40 6 T
TE I FRAE 2 45 B I 0 B8 oo B e G B AR T 1 4 4
2 8 HH T MU AR G, IR 19 6 2 AT A 04 A
JE,i520% Lh Lo 4rHr 241 341 .6 4LAYRRELL & nl i, 241
A1 2 “mean . L1 to mean .skew” 3 ™0 4R F , M 341 M 6 41
#5425 “mean L1 to mean”2 ™l FAFAE . 5 L ik, 78
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EFRHER R G AR THIE B A E A B
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TE RF BRI e B3 A AN 6] 2 N R TR AR S R ik A2 11
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Bl S I )5 iR 25 SIS A RTER 22 I 11 R

MR 11 A SC I A A R 22 X0 Al A 4 21 6 41 7 4L
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2H 7 BERRELH A5 PT 0, 4 2H A9 “max variance  kurt "3 4>
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Table 11 Experimental data(2)
RI11 KIEERSHIRE(2)

4151 FFAE 1 2 3 4 5 6 7 8
H— max \/ \/ \/
mean N NN N
median
min N

one quarter

three quarter

" LI to mean J
L1 to median v v N
variance J J
H= kurt N N N N J N
skew v N V N

- YJ7iR2  1.1393 1.1305 1.1408 1.0370 1.3496 0.9887 0.9578 1.0872
ML .
#aXfik2% 0.9013 0.8939 0.9123 0.8314 0.9549 0.8515 0.8651 0.8429
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WGk, N 25 i 38 Ao 000 3 A0 2% 20 0 o g 3 B ) 5
W] , FFAIF AN [P AIE 25 XoF I 0 ) A ) s e R 3 5
BRI I TR % I RRZE UL 12 s .
Table 12 Experimental data(3)
F12 LWEHEE(3)
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wikgE U
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