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2 % E =EoAe 9Y FAV7T AMREE A FEst AT S A9 A5 AF3AEY (Deep Neural
Network, DNN)& &-8&3%F Smoothed Received Signal Strength Indicator (RSSI) 718t A 2] 4 7|\ A5t
ot A}t 71HL A7 4 AELE FAL A8l Data Splitting, 222 A, Smoothing GAZ FAH AX 7] 34
£ Y59 Smoothed RSSI & =&3t}t. =24 9 Smoothed RSSI #+2 Multi-Input Single-Output
(MISO) DNN 249] Input DataZ AMEEH Input Layer?} Hidden LayerE S38lo] &S & Output Layer
oA 74 AR GigkeEh. At 71 48L& A5 Hsl Aljt 71 AF3A 71w A 4 71HY A<
Hlwskoith A A, ARt 7ol AFIA 719 A 24 719 thiy] 29.09% B =2 A 2§ FGEE Bk

ZFHo - A8 34, BLE ¥]&, DNN, Feedback Filter, Smoothed RSSI

Abstract In this paper, we propose a smoothed received signal strength indicator (RSSI)-based distance
estimation using deep neural network (DNN) for accurate distance estimation in an environment where
a single receiver is used. The proposed scheme performs a data preprocessing consisting of data
splitting, missing value imputation, and smoothing steps to improve distance estimation accuracy,
thereby deriving the smoothed RSSI values. The derived smoothed RSSI values are used as input data
of the Multi-Input Single-Output (MISO) DNN model, and are finally returned as an estimated distance
in the output layer through input layer and hidden layer. To verify the superiority of the proposed
scheme, we compared the performance of the proposed scheme with that of the linear regression-based
distance estimation scheme. As a result, the proposed scheme showed 29.09% higher distance

estimation accuracy than the linear regression-based distance estimation scheme.

Key Words : Distance Estimation, BLE Beacon, DNN, Feedback Filter, Smoothed RSSI
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1. M2

T4 A 71 steqo] W AlA 7]eo gHoR
FHE AREAF 91X HHo| Z]dtste] WH|AlolH, B
FAT 22 A 7|uk AuAE A&H o' Frekal
Atk [1]. YukA 0o & Global Positioning System (GPS)
A9l Q4] S9E Flof HHAHoE ARBH} [2]. o]
= GPS7} 370 olAte] GPS 942 HE AW ASE
185t 4= m WYY =2 FF=9 93] JEE AF
s7] wjZolch. 1=y AulolM & o 9 ohdgt
oo ot Aut 7Hdo 2 Qs GPSQ] A% $:410]
ot} o]ggt o]f= AuWoA= Wi-Fi, Bluetooth
Low Energy (BLE), Ultra-wideband (UWB), Radio
Frequency Identification (RFID) 5= 8%t A
9] o] 2 AREHEY [3,4,5]. 1 FolAE E9]
BLE 7]5t9] §12] &9 W2 W2 AY AR =2
SAo=E Zga Stk [6].

.{

flo

[©)

BLE 714 14 9] Auliole whe: A A 4
groRE wAA Aol 7RSS, e 37 @ e A

|4 A24E EX 2= k= BLE H|Eo| Hol ARGH
ot E3) BLE H|E2 4 B4 99 tE HutolA
o} Adsl= Alzto] Har, 11 AF Igo] AiFoR Tt
wsith. BLE W29 5242 AWEH BLE HE2 F7]
Hog /et HHE LS AR E EEF tholAl
SARI o] FAI% HHlol A= S HAIRof] G
H AEE S BLE HIEZ AET 4= 5lon, HAJA|
FA Al D& = Y= 4 AT A (Received Signal
Strength Indicator, RSS)7} ag BLE H|Z3}9] A
4ol &84 4= qlt}. 184 RSSI= HoflE 9 A%
2 5ol Yol thg A= wlojd € AT Al7] AR
139 wAt At ol#gt & 9 RSSI gt HE2
& A 4 AL op|gith= ©Xo] Qi o1& sid
ofalAl, AWM (Trilateration), FAZHY
(Fingerprinting), A¥3]7 (Linear Regression) 5=
o]&%t ozt Aq-Eol H= A [7,8,9].

ARISE 71 PAZYUY 712 37 ol =4l
719} BLE H|EEZ ol&st] AYE F8%ch AHSH
71'H-2 37)9] 4171004 RSSIE =8 & BLE H|E2
EHE 9 AYE FFst= 7IdFolt [7]. & A71E 5
Hog ¥& 19 3719 99 H¥E L BLE HIEY
AAE dgith BAZHUY 71 AulA JGE 1|
2] 99| ofz] 7j9] A2 Uil EF Ao EAjsk= 5

41715 &3l BLE H]Z9] RSSIE 435t ol& Tlo]H

Hlo|Aslelt [8]. o]%, £H RSSI 7k 7IRtoE AL
|29 YXE sttt g3 718k A= 4 719
2 =99 RSSI gkt 59491 A 719 BAE
ndgsto] Agg FA3%A 9] AHSTa PAZHY
< 0|83t AT 4 7|2 RSSI & o83t A
A& Al o] 417171 F asiel gebA, vlE St
9 {A] B SHOA @xdo] ok AFFH 715E A
7 719 RSSI &t A9 749] A3 Q] IARNS U
R, dd 477 ARGEE S04 RSST &
olgst A 4 71 AL Q. olE sidst] ¢
3 2L 4FE AFAFT (Deep Neural Network,
DNN) Zd3} Agst RSSI 7|9 Ag] 5% 7]Ho] A+
=3} [10). SHAEE T RSSI 342 o8&t AZE
F5k= WY 9A] RSSI 249 ¥isol 2 A Ad
A &7t Avke ©ol Ut

£ =FoA+= DNN 2&Z €83 Smoothed RSSI
715t Ag] #7371 ARk Aljbek= 71H2 9
FAZNE ARESRE E750)|A] RSSI 71HE A 749 5&
5 PATE AL BEHE i) olF 3, ARt 71
oJAE #5540l A3t RSSI g9 o] € A&7} o
olg] Ao m|A= FFZ Haselr]| gt AAE 1
o] £t AA oAM= =3 HoleAlo] 44
Sk A7 F7to 2 BebE o]%, BEabd ZF HlolEAl W
RSSI #e] ol Wl A=X]5 Feedback Filter & Zero
PaddingZ &3l AIA 9 thx]5te] Smoothed RSSI %tol
TEHETh A 7R A 249 A4E Hasel] ¢
o, AAY FHS Bl EF o9 Smoothed RSSI
#HZ FAll gEol AYE 45k Multi-Input
Single-Output (MISO) DNN Z@g Z3lstc}. MISO
DNN 2dof 4d o2 Smoothed RSSI #2
Input Layer®] UHFOCE AEHT} olF, ©49
Hidden Layerg& AA #F&9=F Output LayerollA 3
4 AR WgkEth MISO DNN 29| 78S 93]
Tensorflow?} KerasE ARSIt [11]. o]F, At 7]
WOl 45 HFs] Al ABIAH 719 A= 24 719
< Y208 AR A 7 ALEE vwsioict 1
Azt ARt 7132 A3 716 A =4 719 o] 3
HHOR 29.09% H =& FLEE B

£ =29 42 o3 2tk 2%l Aljbsk=
A" HES delct 3FoAs AreHE MISO
DNN Z9@g 283t Smoothed RSSI 715t A7l 334
7ol sl A&ttt 4goiMe AE o 9 29E
Mgttt upxEto g 530 A2S W=l
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2. AlAE I

[Fig. 1] & =04 a1gste A4 BES Hoje
ot JYolA, AlAER BLE BIE, HE AH], AH
(Server)& 4%} BLE H]E2 Universally Unique
Identifier (UUID), Major, Minor ¥ $AI} =S E3ls5H
HARE F71H o8 BHRTANAERCE UUIDDE o9
BLE H|Zo] AME= ofEgAl0IAS =57 s A
|9t} Majores 5Y3 UUIDE ZH= BLE HIE9] 19
1% BEE AEs] A% gloll, Minore 2%
Major 15 W Z+ BLE H|Z& A5ty 3t gloltt. &=
A73%= BLE HE9 54 A8 AV vepdch B2
ZA[HE= t4=9] BLE H|EE0] ASshs HAIAE 441
SRl $=A1E HA|A] ZFZH] RSST 32 E43IT) o], H]
2 ZAHE= $418 BLE BIE HAX25E Minorg &
Stk o]F, Minor, 27 RSSI & BLE HIE #A1A]
A AR AR ASFITE A Database, 2132
4 (Data Preprocessing), MISO DNN 2d-& 235t
t}. Databaseoll= BIE AIMERE AL ghEo]
A}, A2 7oA Data Splitting, 2] HA
(Missing Value Imputation), Smoothing ©A7} X
Ao gEcy. MISO DNN g2 #xg] g &
3 ===t Smoothed RSSI k& Input Data®
2o} Output LayerolA 54 AZE WERict

N

i

Data Preprocessing

Data Splitting

Missing Value
Imputation

M
/ Beacon 3
/" Receiver Server

Smoothing
@ -
A’

BLE MISO DNN Model
Beacon

[Fig. 1] System model

3. Mok 718

£ AollAs T FAE ARgsls E0A T
BLE H|Zoz2E 35 RSSI 3hS AR&sto] AufjofA
AgE g5t s, MISO DNN g 283t
Smoothed RSSI 7|9t Az] 4 7ol sl A Als] A
o3kt [Fig. 2]+ MISO DNN =292 283t
Smoothed RSSI 719t A7 &7 7|H9] nto]malels B
oj&t}, Raw Data= Database©l] A= Minor, RSSI,

BLE H|E HA|A] 4241 A7HS 288ttt Data Splitting
@Al Raw Datas 7§ WA IAe ARE 144 &
7102 Batdct, BaE ZF Raw Datas Minor £
OJsf BLE HIZ E2 79| Hlo[HAER Wroldtt. m
2 BLE HIE9] ¢} FYsict. olF, 2z} dlo[elAlofA
RSSI %t Rh2 F&oto] spte] ez Hekeiet. 7t HE
+ tR9] RSSI @k =3tst, 4] ()7} o] #@€ch
vi =[RSSI,,RSSL, -, RSSI, ,,RSSI, ] (0<i<m) (1)

Al (DellA /= HlolEA Y] JEAE Yehdth. k= 2+
welo] 23kE F RSSI g9 7i4=E, WE Y 2718 v
B Al 244 ¢ 57 =41E BLE HIE HIAIA] S]]
o8 A=t Missing Value Imputation ©AoA41=
2zt W7t 1x p PR HEET & nith & 3
<, A o]F9] RSSI gHE2 HEAA AALS. &t
Bt 22 39, Zero PaddingS ARl n-47H9] 2
225 002 Aot L2+ mo] T2 7§ Missing
Value Imputation @A= AZFHT}. Smoothing T
oAl Missing Value Imputation °|1% =&% HE
o] =gte RSSI #9 oA BEAS 9ol Feedback
Filter7} AR&-EIt}. Feedback FilterE S33F RSSI gk
2 2] (2% Zo] Airdrt

RSSI', = axRSSI, +(1-a)xRSSI' ., (1<j<n) (2)

2] (2914 RSSI7= k2 Feedback Filterol 2J3} ol
A BAo] &m® RSSI #olth ax 07 1 Aol
(0<a<1) F7Ho] A2zFS YehlY, Feedback
Filter®] AFE 9uistty. o7l 4% Feedback
Filtero| Y== RSSE #toll © & 727} Fol€t.
RSSI= Feedback Filterg £3517] o]xe] ¥Wg f ;
WA RSSI gtolch. RSSI 11+ Feedback FilterS 53t
ot #E] W2 (~1)¥A Smoothed RSSI &% UeRdTh
Ftol 020 RSSI= Feedback Filterg F3514] oF=tt.
AA 07 Feedback Filterv= (~1)¥HA Smoothed
RSSI 4Rl RSSI 13 RSSI; = ©1-&3to] o)A HA
2 YT HIHo=E AAY AHS B =E2E o
9] Smoothed RSSI & ZEsk= #EZE MISO
DNN ®249] Input Data® AR}

MISO DNN 222 Input Layer, Hidden Layer,
Output Layer® 7AEth ZF Layere= E4 7149 =
52 Y, 4 =552 Layer {F 92 A3 &
st g8 zZketh F2  Sigmoid, Hyperbolic
Tangent, ReLU7} =E=9] EAJ5} gh-2 ARZEITH12].
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7 &3
Agsitt. ZF Layer 7F L EE2 A& dZAEo0] 9lo,
LEEE A4ste A2 7RAE et 2719 99

ARE A= 949 85 (Back-propagation)
A1FES 59 52 AXH Output Layer?] &4
< &0l WFeE A" [13]. oo == MISO
DNN 229] Input Datas Z} Layer®] =52 #A|
H FPE= 7ReA AAks B9 HSH2E Output
Layerof| A stute] Axgro & vl

A|QFsH= Smoothed RSSI 719t A7 34 71Ho] A}
2% MISO DNN 229 [nput Layere= 79 =&
FAEY, 2 L= Input Data® S0} HEo] Zgh
H Smoothed RSSI %3 Y= wjgdct. =3k o
vt Sk oA Input Layero] 7PHAESS 7%
717} HRA o0& 0o == 7187 &4 A 2
5171 95f, MISO DNN 2d Uff l-=9] 843} gz
ReLUE ARESHRT [14]. 234 2= MISO DNN 29
o] Y=€= 449 Smoothed RSSI g2 7t Layers 7
AH HFHC=E Output LayerolM 4 7#2l& Her
Y= site] e = E5dnh

Raw Data (Minor, RSSI, Time)

Data Splitting

Missing Value Imputation

Data Preprocessing

[RSSI}, RSSI,, - -, RSSI}]

v v v =
I ]i&
3 =5
]

2 <
z : : N
a =

o
2] =5
= E% g2
o—

v

Estimated Distance

[Fig. 2] Proposed scheme

4.4

oo

Y 77}

B ZoflA&= MISO DNN2 83t Smoothed RSSI
79t Ag] 74 7] 83 45 HUHE s A &
i)

73 9 99 Al dhsl A&k
4.1 M3 2

3 APl HIE SRR 0.5~8me] H
= Aelel % 13719] BLE 5 £ WXt} 12042 5
ot BLE W IX|2}% S4519ich BeaFontel idst

Raspberry Pi 4 Model B7} Z}Z} BLE H|Z3} v]Z ¥
A2 AREE It [15,16]. Database°l A% djo]g]
Ao AAHE Ao ZA=ofof oh= ATH2HE ¢+ E H
9 37| n 4722 52 9 52 A5t Feedback
Filter A4 o= 0.72 A5ttt MG A 34 ¥
= (Table 1)3} 2t}

At 7ol 8= MISO DNN 29| 1&g ¢
3f Tensorflow®} Keras7l A&t MISO DNN &
49| slo]¥ mjnlEl= (Table 2)9F Zth

(Table 1) Experiment environment variable

Parameter Value
Number of BLE Beacons 13

Distance between BLE Beacon and |0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5,
Beacon Receiver 4.0, 45, 5.0, 6.0, 7.0, 8.0m

Beacon Interval 500ms
Data Collection Time 120hours
Unit Time 5s

(Table 2) Hyperparameters for MISO DNN model

Optimizer Batch Size Epoch

Adam 0.0001 50 500

Learning rate

AL 719l B B7EE s 71 A =4 719
% skl AFIA 719t A 24 7HE HRFeE
At At 7S AAY HS AX RSSIEE
Z3gE HE S olgsto] AY 24 e =E&3Uh AF
39 712 AAY BE AX 5] RSSI a4 o1&
sto] Ag] 27 3 T&TTE ol & Hlwsh] 9o Bt
A EZE Root Mean Square Error (RMSE)7} AR5
rh. RMSE= AA| A=let 24 A 719 2AHE 9v]
StH, RMSE gtol 00l 8845 =2 Az 34 3%
& Uehdth. RMSEE 4] (3)ol 9l A4kt

RMSE = @ 3)

A (31 y L y 7z 24 A7 4 A AGS
= A Hlolg el & yerdn

e s
M3 73}

4.2

A9 egollA FAE dlolEAlE F 1,956,668719]
glo]g] (RSSI, Minor, BLE HIE HAJA] 4241 A|I7HE
AJ=lo} 9lt. Smoothed RSSI 719F A7 4 7]3o] &
&%= MISO DNN 29| sk 9 #52 9fsf, 84

o
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Il

HolEAlE 7:3 HIEE g5 2 A5 HloEMloRE 1rof
ARgaEIt. [Fig. 313 [Fig. 41 ZZF MISO DNN& &
83t Smoothed RSSI 718t A2] 7§ 7191 A@3]H 7]
vk A 24 79| AE S5|EWY (Heatmap) 02 UE}
Wich SIEWE 24 Azjet AAl A Fo=E A= o
o] A2 FgE. SIERRN x5 58 A2 (Estimated
Distance), y&2 AA| A2 (Actual Distance)E& UERH
o} S|EfoA] Ale] P ofF A Y 4 H=E
Y™, Bt BZE ofd A B39 8 Wt &
=& oujsith. wEbA, Al 49 ATt 2548 5
AstAL RARGE 4 A”] € AA| AE 2= A &
9] 34 ®Ix7} ot SIEH AollA folake] tizd A

= e AE9] ¥t WA BAEH

At 718 71E 719 el 24 Aget AA A 3
o] ME FUsHAY FARE R o 94Tt &, 71E 7]
W ojH] At 7159 S|EHelA] -5k thado] s
= A FYHAY AR A BTt H WSS D 5
At 53], Agt 712 xF 9 yE9] Ftol 4m o5t

sk WelelH Aaloz Hetehl Asts Fsleirt

Actual distance
87 6 5454353252151 05

o w o wo w o wow o wouwow o W
mmmmmmmmmmmmmmmm

Estimated distance

[Fig. 3] Heatmap of proposed scheme

35325215105

Actual distance

876 545
g

Estimated distance

[Fig. 4] Heatmap of existing scheme

(Table 3> At 7IH3t 712 7|¥2] RMSE =&
vehdich Ag Ay Aot 7]Hol 7|E 7Y iy
29.09% 9 =2 AY 4 FLLE HoFt

{Table 3> RMSE of proposed and existing schemes

Scheme Proposed Scheme Existing Scheme

RMSE 1.17 1.65

5. 22

E =RoAe 9 FAVE ARRSE A
RSSI 719t A 49 AY=E Eol|7] Y MISO
DNNZ -8 Smoothed RSSI 718t Ag] 34 7|H&
AlRbstsict. olg 9al, At 715l A= RSSI k9] o4
A9 AEAE AA 2 dAsk= AAF o] 3=
ok EZH RSSI gholl 718kt 24 A2l9] oAb Fas)
Sz MISO DNN Zdo] &85t Ajt 7|2 =]
g S =EH =9 Smoothed RSSIE Input
Data® ol MISO DNN E499] Output LayerofA]
F4 AR gt A 7'M 45 57 Yo A
P2 715 A” 4 7S R oE A7gste] A

F4 A= E vlusiath. Ad 23 ARt 71
ARF3A 719 A 24 71 ] 29.09% o =2 A

4 g Bt
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