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Abstract

Positioning system for outdoor is certainly established by GNSS. It has been studied
for more accuracy and cost reduction. On the other hand, Received Signal Strength
Indicator (RSSI) is often adopted for indoor which could not receive the data from GNSS
such as skyscraper city, underground town. the margin of error of RSSI is generally 1 10m
because of multipath, wave interference and obstacle. it need to improve accuracy.

We propose the method of using images. A human can estimate the places which
have seen before. In other words, the image has the location information by Positional
relationship like wall and floor. We use Convolutional Neural Network (CNN) to find the
features from these complex relationship for localization.

The accuracy is not bad compared with existing method under the conditions that the

camera direction and hight are fixed in this experiments.
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EBAMAT OHIALIE QNSS 72 1 K B EAM A B B K ZMHLINTWT, 5725
REKEIE DUE P ZEMDE T A MEAfTbI TS, —/iT, GNSS DF — & % EMEIZ K
LT ERVEREE (FEELVEOAMYEN, HTE) 28w T, MEFEHRIZ, FI2 RSSI &
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(BLE) ¥ii KX Wi-Fi 72 & O@EWSRE % FIFH U 7206 GIET, 21 1~10m CTHEEY 2
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B2E EWAI

BARIALIZ B WTHAE, FiR X Received Signal Strength Indicator(RSSI) T
%. fiz® Indoor MEssaging System(IMES) 72 E AR I N T W 5.

2.1 RSSI

Wi-Fi ® Bluetooth 72 & D& L, 727 ARA > M EZIFNV =205 DOHE#IZIG L T
MENHET SRR D S, RIS DESEZERTZITIMD I LT, TOBENS
FifE % JE S 2 FIETH S, L4 Tl Bluetooth Low Energy(BLE) (2 & 5 & NAL & HIAL
DEBEADEATVD [1]. UL, SIVFRAREE T, BEEYREH» 582 %)
P9, ERICHHT 2EETIE, HABEIRESMETTLEI LWV, EEFREIR L
~10m & EbNTH Y, FHTIEREICLDE(TS.

2.2 IMES

IMES [2] i, GPSH#&E & R UEKFEAZHWZEN GPS XEH (EY2—)) 23%EL,
EASHED S ITHEZIE RO R 0 ITEEHOMERERZXET 5. 2L ZEKHIITI
BATIHONSREDHAZITOT, BN GPS A EHONERRZ ZEMKOAEE LTE
DEXEZITHY, ZEBOBANTDOY —LALVARHHAZEAREIZLEZEDTHS. BNIZ
BEPNZEEEPSD EEE2ZETHI LT, ZEKRIIXEROEHRE HOMEL T
FHETHL. HATHRIZ1I~10m L ENTWS. FHIZAAENOAIESHTWS.



#3E Deep Learning

4, Deep Learning(PAN, DL) IZHiGGE, HASFELEE, Ykl m@bZ¥E, GAN
IRERRA B CHAHRIUVEETHRELTWS., HHEZA#EZICHL, SETADFT
TONTWEEERNPR, ARODELREVEL2ADEANEA TS

3.1 Convolutional Neural Network

Convolutional Neural Network(LAF, CNN) &, /NMEEZ & D, Iz 1 DORHEL
UTHEMiZIT 5 BALAAEEEAEZETVTH Y, HEZRHBOIE LI MbN TS E
TITHL. EETIE, BEEUIMIEBISHBFIDIEDS > TWS. FEOERTIIMED > >~
TN TRENES 2 VGG16 ZN—AIZLTW5.

3.1.1 VGGI16

VGG [4] 1%, Convolution & & Maxpooling J& % EHA7zkE T, 2014 £ O RGO 2
Y RF 4 Y3y (ILSVRC) D7 7 ARFEDHM CRIZ @Rl 2 572 E TV Th 5.

3.1.2 Batch Normalization

Batch Normalization(BN) &, WEFEHIZEWT, NHLLREY T M EIFENS, EE
FERDIFENAVDRLEI IR D T L PET — X EWGEE (FHl) 7 — X TEE O 5 anE
DoTUESIHRDONEL ULTEZASNENEDIERILTIETH L. HLEADAN%
X € REXWXOXN(HMEDRTEE, WHDRTEE, C:F ¥ ¥ 32U, NNy FHAX) &
T2, TNENOF ¥V FIVIIHUTEY - 8 p. o? € RIWXC 238 L, ERYL
2179
X —p

ag

ZTD, - DEERET 2EENRT A=K 4 B e RIDWXC 2 HWTH N Z2HET 5.

X =

(3.1)

Y =9X+8 (3.2)

3.1.3 dropout

dropout [3] 1%, ETNVDFEHKIZ, —EHED/ — N2 AEH LSRR SFH 217D
FHETHB. J@%E?@BEJL?J‘EEF%.



3.2 mBILFE, HBREHEFTMELN
3.2.1 HBEFE [5]

Bt FiE e %, BEICE DL OO TIVINALATH Y, ERL GEMRIZTIEDT S
LEDOMNTSNTVWEEF RS, Bffiic, FHERVPKESIFIE DA RN OBBIFHHED K
Xy, KBRS EHUREMIEOL Z eI NED, DL EEFRNPKET
THLEERE B EETL EFWPCRICH-IAREHZ 25, U <IFDGR U 2\ ATaedt
NRKEL B,

U7zhio T, ZPHORBIIRKERFHRTCERIMOIEIZZE D BEE, REITFEE
2O UCHBIBIIAEZADEL20PHEYTHS. £ I T, FHROFIEIMAA
N7l b FEIESIREINTWT, TOHrSREBHNZLDEZHES.

%
ES

e SGD

e momentum

Adagrad

RMSprop

Adadelta

e Adam

SGD

SGD IEEHEA—Y Ry 2 ARBHEILFETHS. KEHHBIZT VA LZI= Ny F (I
T — X ok LT — 2 DES) 2HEL, TOVHEELEZMEHT LI 2 SGD D
KT hb.

OE® (w)
ow

wtD  w® _ pTE® (1) <VEm@Mo):

) (3.3)
w=w®)

1
Emwwﬁn%@IE:EMw@) (3.4)
neB(t)

22T, w IZtEIHOEFRHDNS XA =&, nldFER, EIRBEEER, VEw®) X
NI A= OZEMTHEABRBPRDHINT 2 M (AE), nldNT A —XDOZERTHEIHE
BT 5 1A (-VEw®)) K ENZTESHO-ERERLTWS. SGD TIk#
BRIZPRMNCGZ D BERH Y, EDXS RFERDPEENP /T A — X & T 5 HH
Wb, £, HHliZze SGD Tk, WEIAVNE WEHARBATIC RS L EHHPIE L A CiTbh
BLoTLEI LV MBS HEH, ZELIDOVWTEMTICRT 7V ITY AL TH
R D R E T W5,



momentum

HIAT Y 7OEHFEZMEKTHZ LT, AROLEZEONTT S, T L-T, Bl
fRz @0 lE 52 LT, loss PPRETIZIT o720 K720 T HIREZ MG T2 Z 2 TE
5. F7z, ARZEODRCREIZEWTIX, MOARZ/ED K S WRHE & R L T¥H
RPEF U, IERNIZEEPEGE WO IR E2FF > TWwWad. FEERIZT XTI D momentum
L.

FHRITATITRT.

w = w® 4 AwPAw® = AW — (1 - p)pVE(w®) (3-5)

22T, w Xt A HOEFRRED/NT A —&, nldFEER, EIFELER VEwWY)
INT A — X DOZEFTHREBEED RS BINT 2 A (AE), nld/ T A —ZOZEH THELR
BRREMAT 21 (-VEwW)) LENEZFHEEIOLEEKL TWVW5. Nesterov's
accelerated gradient method (NAG) (Z& D

Aw® = pAw — (1 - )y VEw® + paw=) (3.6)

CEIFANEAL, t+1 TOMEZMELZ w® 4+ pw) TOARZEHEL, 0%
{LZfBEeNIT 5.

AdaGrad

INETEENTA =R U TRRRFHEVFTESINT WA, &£HAITH L TH
BB Z e 2 EZEBTIE, BNTA—RITLIZFERLZENIEZIeNTESL L, &
DR R EREIEDATEDL L WIEBZTHRELZZOD AdaGrad TH 5. AdaGrad T,
CEROFEEEZ LS L ITEEDARDORRTE I VEIK Z T, ARAKEN -1
DFBLE T, NS o AROFEERE EIF5TREEALTVS.

THIZEoT, HeZAMED LS %5 HANIEFARPNI WL SRR TH, FEHN
AR T REZ I3,

728, AdaGrad IZFEHOWHNZ AN REVWE T IZEFEN/NS S B->TLE W, %
BRZARY FLTLEI EWVWIREALDHS. DF0EERDOL Z A, SGD L [ABRICFERD
BN, Z-EHAOWMEOERPEEIZ R DD T, NI RA—RFENRBETH 5.

FHANIZRDOEY TH D

U
VL (VB + e
22T, wh iZt EHOEHIED ST A =&, nldFER, EIRBEEEK VEw®) 33
T A =R OEMTHEHEABEBEVPRBIEMT 5 LM (AB), n &/ 3T A —X D7 THEKEK
BEHWADT B H (~VEw®)) It ENETEEHO-EERLT VS, BB, o X8
BEETO0ED 2T E57-20DEDT, TL/NIWE (6 =1078) 2IBET 5.

Aw!) = — VE(w®); (3.7)



RMSprop

AdaGrad TIFAEOEBEARELRD, BHREMNILK BB L ZFEEREL BB LN
N EWDS RSB 572, RMSprop Tlk, Z D RIS 5720, AR DOIEHRH R 7
BWHEIZL > TIREBITEHIND XD ITHEHFRNEEH U 72 Z LRI > TW5S. B
AlFd#O TH 5.

o = poi ™V + (1= p)(VE(w®),)? (0" =0) (3.8)

Aw! = -1 YE@®), (3.9)

22T, whIiEt EHOEHMD ST A =&, nIEFEE, ERELEE VEw?) X

NT A= RO TIRABBA RSN 2 JiA (), 1387 A —XDZERTHREH

BOERL WD T 2 F1 (-VE(w®)) i ENEIT G L OIEK, p 3G EIEHRORBRERE R
LTW5.

Adadelta

RMSprop IZ & > THEEEXN AL WINZEAT H5Z L 2 2 & B TE A, AdaGrad
DEEDOFHRIZHGMTH D L WISMEIIZTDEETHD. T DEKDEZ RO,
D MEBREEIHEY) A EHERZM LT UE S WS IR, FIZFE&E & Al D)
DA~ PERTHELTVWELILIZLDBEDTHS. £ T, AdaDelta TIEZS5 L
TZIRTED AR —E % Ik U C BB 2 FHRBNFEEINDE L DI LTV 5.

BRI, AR O 2 FORBBENEEIMAT, EHa0 2 BOBEBE FE2E 5
W, WEDEFZERE UTHRELTWS., FHNIIROMED TH 5.

w! = pu ™V + (1= p)(dw) (@ =0) 3.10)
o = o™+ (1= p)(VE@ ™)) (0" =0) (3.11)
()
u;, +&e
Aw? = - YL yEw®), (3.12)
v(t) +e

22T, wh Xt MHOEHIGED ST A =&, nIZFHK, EIFEELEER, VE@®) i3
T A — R OZERTCHEABIED R BN 2 A0 (ARD), nld/8T A — X OZERCHEABK
W E AT B S (—~VE(w®)) IZENEFHES P OHE, p 3ARBHROBERERL
TW3.

Adam

AdaDelta & 13725 RMSprop D REE UT Adam 23%1F 51 b, Adam Tlk, &5
[FIANDLFLD 2 FIZMATHANBES S, BB LHEERICESBA TS, 2



Nzk b, HA Momentum L= RV AFRFTE 5. HHANIIRDEY TH 5.

ml? = pml" (1= p) VB ), (m” =0) (3.13)
o = ool ™V + (1= o) (VE(®))? (0% =0) (3.14)
®)
NG) m;
m = 3.15
1= (m) (3.15)
(t)
NO) Yi
i (319
Al = —— 150 (3.17)
ﬁ(t)—i—s

22T, w® Xt EHOEHRHD/NS XA =&, nld¥FER, BIEELEE VEW®) 8
T A — R DM THEREBEBD BRSNS 2 A1 (A, niE/8T A —XOZ%EETELEK
W E AT B FA (—~VE(w®)) 2 ENE TS DK, oy, po FARHEBROWERE
ZLUTWS., ZOHFrs, W O»OEELTFEZAL 720, FEBEPLEL TW=D
T momentum ZfEH L 7-.

3.2.2 EXBEI

ETFTNDOFEE T, RKEMNZIZELEROR/MEEZITS Z e THD. SRIOERTHIIZ
B, Thbb, HEEREEIC A D THEEEKIIZ VI AR ETY haY—

1NK
E:_NZ;;¥Mm%k (3.18)

2T 5.

3.2.3 MBI

SEATBEEL (metric) I3 E FADH ) OB UL % 3 5.
BEABEBEETVORUVELDEEL &5 L WS MTIRFAUZY, HEAEBULR#E /LG
HWe B U THBICEHENICYET 50T LT, FHEERREEICEER I AT, <
EFTEORMTOETNOFHIEEIEEZ BT E2DOATHD L VIENDDH 5.
THEIE 2 & —H L 75

2RO T — 28

Ef#E#E (accuracy) =

TIN5,

3.2.4 MIEAE

BERDOTF =R SHFHAOT — X EMEEHDOT — XIZHEIL, FEI2MS 0k, F%EHE
DT —RDATHD. T —22ELIZ¥E LTI, MEEHT—%2%2 AL, 1
71 % IR CBUEL T2 Z L TET VDG Z T 5. RIT73HLIE820Fbis
NP AN



3.2.5 ®#HL

GradCAM [6, 7] IZEAAAEDH IR~y T ANEKEZ S L2, TORE~y 7
DEF ¥ 2NEBEAMITTE2FETHS. EAMNITIX, TOF ¥ 2NVIZEHTET 7 ADE
iz oW Tirbnd. 2D, HHHEEE ALz ZDEAAAEDOTEHALORRT %
t— b3y AL THELZEDTHS. RO TRINS.

(c: 7 I A, yo HEFERaT, Al kK BHORB v 7D (ij) €27 2IVITBI) 5HE,
7T A cDEFEHDT 4V RIZBT 2 EARE)

global average pooling

1 oy°
c _ Y
%= 7 >0 9AF (3.19)
i g ij
LGraa-cam = ReLU (Z 0621‘““) (3.20)
Hk,_/

linear conbination

oA ETS Z & T,
o ANHBIZHUTEDHMZIEHL TR Y b7 =22l L 7ZD
o VI A/ T BRI EDEH DS TH B

WD, TIWIRYIAELINE I ENEWCNN ETIVZKNT S, EESMEEOE X
272 5.



B4E EER

B % > 72 BNIIAL DT D 72 DIZFEER 1 TlE, ERIZ K2 HAEHED RN E S
e, FER2 T, MEVOH SBRE T TORGEET 5. EER3 TIIMEOWEEZIT- 7.

4.1 =Br1

T OHE RS 7 7 ANFMEL L THRASZE T, ANDODRNTERZ L EGNS 2
FADHNEBFT, TOEEMEERE UTHHET STV IT) XL%EKGEES 5. DL % H
W2 HRIZ & B ENRIRL K2 Ot 2 _ 3 Z LA HKTH 5.

4.1.1 =EBRAE

ZOFEBROHMIE, EHEIZLZENNMCOMEEZRTIETHS. HRIZELLZEANT
DALEHEE 217 5 72 D12, KR TR SEHEMZROBE —FERH 2 Figure 41 D& 512 1m T
& DARFIFIZ 2 EIU 7. BOGE (AN X i) G0 25 7081, e (BAR Y i) 5 34
HEIL, RPOSAATETCORESF Im, WA TOAEFAT—VAMICEZEE L. #&
R, KIGHOBD T E T 5 D% < 7D HELABEIZIT W, S5 T &2 A S Ui
LT 2T 7o BHEOY A X1 192x108, HIK Z & (ZFAIBHEERHY 80 £, AL HE AT
20T, FHIMHALZETNVOMIER Figure 4.212/79. VGGI16 [4] % X —AIZ Batch
Normalization % Convolution & MaxPooling D& DIZFEE L 7= [6].

4.1.2 XEABEDER

X% 1m Z 2123 # U 7258 OfElE Figure 4.3 D X 5 127257z, Varidation accuracy
& Validation loss (ZZ N E 1, MEFAHEGRZFZEHETIVICHHA L2 EOFEHETH D, epoch
X FEET IV OIIFREIETH 5. Varidation accuracy (L5 92.5% Tdh o 7z, ML H 4
D 500 A2 & 38 2 72 {5 38 WD —#i %, Figure 4.412F £ 7. GradCAM 12 & b A[#{
b U7z Hi{§ )" Figure 4.5 TH 5. FHEAZEBRDIFEALE, FALRDIGMPS £1 %
TIZRNE > TWT, 3B EDORENE UzBBIX 3K TH 7.

4.1.3 Y EABEDER

Y fli% 1m Z 223 E| U 72 E O T Figure 4.6 D & D 1278572, MELEH T — X D 680
e & & Z 72 EiGIE 8 TH D, Figure 4.7I2E L OEENRETTH 5. IEMEL -
B % GradCAM IZ & > TR L 726 DA Figure 4.8 TH 5. MEAZHBRIIEZ L5
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Figure 4.1: division sketch X-axis (left) Y-axis (right).

Input ‘

(192 x 108 RGB image) Conv2D 3x3 512

Conv2D 3x3 64 Conv2D 3x3512
Conv2D 3x3 64 Conv2D 3x3512
Batch Normalization Batch Normalization
Max Pooling Max Pooling
Conv2D 3x3128 Conv2D 3x3512
Conv2D 3x3 128 Conv2D 3x3512

Conv2D 3x 3512

Batch Normalization

Batch Normalization

Max Pooling
Conv2D 33 256 Max Pooling
Conv2D 3x3 256 Dense-4096
Conv2D 3% 3 256 (dropout 50%)
Batch Normalization Dense-4096
Max Pooling Dense-(category size)
I Softmax

Figure 4.2: VGG16 and Batch Normalization model.

10



L S e e 45
1
1 4
i
0.8 11t 3.5
/ \
A
> 06 - 0
3 : Training accuracy - 25 o
= ; Training loss ------ ) ;)
3 Validation accuracy —— o o
8 04 |. Validation loss ------
1 1.5
0.2 t '| 11
\
A .. ] \\\,/\\\//"\\’/\_\-/\“/A\”\‘_: 0-5
0 S — 0
0 10 20 30 40 50
epoch
Figure 4.3: X-axis accuracy rate.
Prediction: 25 Prediction: 1 Prediction: 25 Prediction: 6

Answer 26 Answer :0 Answer : 26 Answer 7

Prediction: O Prediction: 22 Prediction: O Prediction: 33

Answer :1 Answer :21 Answer :1 Answer 32

Figure 4.4: X-axis miss images.

11



Figure 4.5: X-axis visualized images.

LS +1 FTICNE > T W2 . [BEZ /-G S DN 3 ML, BED S OFEEEAY 0~2m
LIEEIEWEI D -, B e R B EHANFTIEFAELR WIS N EARNEETH B &
EZoN5.

4.1.4 =8

Grad-CAM Z{fi-> Taf L Uz %2 RS &, Y #ARODEDIT S DiEHILE T
WBEDMIE L, CNN 122 > THRDHEIEIZIRBENRNR =V B2 BOXR T Ro7-DTldi
W e EZ D SROEBRIZBEWNT, HEZ2HAWTERNENLZ T2 Z &N TE 5 AEENEIR
7=

4.2 ZFH[E2

FER1 &0, BEYOLVHANRERE NIZEWTIE, BFEOHEME AR THELL W
WEZ 2 ek, — AT, FETHERLLSIC, EEIZEZERRMDORXY v b
%, EEELLZ2LDOVLZVEREAMTONHETLSILETHD. EER 1 THERLZEFEAE
TNEMHALT, BEEYPMIACERE N CTOMEDLZLEMEET 5.

4.2.1 =EBRAE

Figure 4.9 D & 512, (X, YH#lH) & L7z, 9 DDKA ¥ M55 Figure 4.10 D & 5 72
Ha, W Ul g U7-BEaE I, EBR1 CEUED, EB1HOIMT — X 282 L
7-HMAD2S 17 HIEEREBL Throlsg Uiz, hIMNIEFEEN LD, BEEY L L.
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Figure 4.6: Y-axis accuracy rate.

Prediction: 25

Prediction: 1
Answer 26

Prediction: 25
Answer :0

Answer : 26

Prediction: 6
Answer :7

Prediction: O Prediction: 22
Answer :1

Prediction: O
: Answer :21

Prediction: 33
Answer :1
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Figure 4.7: Y-axis miss images.

13

loss



Figure 4.8: Y-axis

miss images.
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33

Figure 4.9: sample points.
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Figure 4.10: obsticle image.

4.2.2 R

fEERIK, Figure 411 DX 51274572, Ehk 1 T80 WM S D ADRENTH o722 &

EFEZLHE, SRIOFEBTIZINF 2HOBENTH 2720, YHIARDORHEEDK T LT
W3, LnL, MhafEfehSHERTws LS IC/RA 5. MEE X fihmT, 2Ky
DMz L >TWB.

4.3 =£5&3

KER2 &0, YEIGHIZEART, XESAOMERE LS DDLVWDT, ETFIVELAXT
FEOWE ZidA 5.

4.3.1 =EBRAEE
I EET A ETIVIZLL R TH 5.

e Figure 4.12 @ & 9 IZ Batch Normalization(BN) & dropout 272 < U7z, AV Y F)b
D VGG16

dropout D& ENL, FEII—a -0 DOERDE T VX LIMDOZ LT, X EERET
WafEpleThHb. DFD, KEWIZIEEEYDEGIZE > TWHIRFE & L7 kA8 % HEL
Hisk % &% 2, Convolution J& & Maxpooing & D[fIZ dropout 2175 €T I ZHEL /.

e Figure 4.13 D & 51Z. dropout % 30%IZ#&E L€ T V.

e Figure 4.14 ® & 512, dropout % 50%IZF&E L7z ET L.
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Figure 4.11: Prediction with obsticle images.

Input
(192 x 108 RGB image)

Conv2D 3x3 64
Conv2D 3x3 64

Max Pooling

Conv2D 3x3128
Conv2D 3x3128

Max Pooling

Conv2D 3% 3 256
Conv2D 3 x3 256
Conv2D 3% 3 256

Max Pooling

v

Conv2D 3x3512
Conv2D 3x3512
Conv2D 3x 3512

Max Pooling

Conv2D 3x3512
Conv2D 3x3512
Conv2D 3x3512

Max Pooling

Dense-4096

Dense-4096

Dense-(category size)

Softmax

Figure 4.12: VGG16 model.
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Input
(192 x 108 RGB image)

Conv2D 3x3 64
Conv2D 3x3 64

Max Pooling
(dropout 30%)

Conv2D 3x3128
Conv2D 3x3128

Max Pooling
(dropout 30%)

Conv2D 3% 3 256
Conv2D 3% 3 256
Conv2D 3% 3 256

Max Pooling
(dropout 30%)

v

Conv2D 3x3512
Conv2D 3x3512
Conv2D 3x3512

Max Pooling
(dropout 30%)

Conv2D 3% 3512
Conv2D 3x3512
Conv2D 3x3512

Max Pooling
(dropout 30%)

Dense-4096

Dense-4096

Dense-(category size)
Softmax

Figure 4.13: VGG16 dropout30% model.
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Figure 4.14: VGG16 dropout50% model.
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Figure 4.15: VGG16 training trainsition.
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Figure 4.16: VGG16(dropout30%) training transition.
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Figure 4.17: VGG16(dropout50%) training transition.
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Figure 4.18: VGG16 BN. Figure 4.19: VGG16 original.
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Figure 4.20: VGG16 dropout30%. Figure 4.21: VGG16 dropout50%.
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