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Abstract

Aiming at the problems of low positioning accuracy and large number of model parameters in
multi-building and multi-floor localization scenarios in large-scale indoor environments, this pa-
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per designs a WIFI fingerprint indoor localization (DS-ECA-CNN) model, which is improved based
on the Convolutional Neural Network (CNN) and includes a feature extraction module and a classi-
fication module, in which the feature extraction module consists of a module based on the fusion
of the Depth Separable Convolutional (DS) module fused with an attention module (ECA) (DS-ECA).
The DS-ECA module can effectively enhance the overall performance of the model while reducing
the number of model parameters. The model performance is evaluated on two public datasets,
UJlIndoorLoc dataset and Tampere dataset, and the experimental results show that the accuracy
of building localization on UJlIndoorLoc dataset is 100% and the accuracy of floor localization on
Tampere dataset is 100% and the accuracy of floor localization on UJlIndoorLoc dataset is 99.7%.
99.7% on the Tampere dataset. Compared with other indoor localization models, the proposed
model has higher localization accuracy, fewer model parameters, and smaller storage space.
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1. 5|

Bl R R 2 SRR S I I R R i, % 2T e 467 AR %% (Location-Based Services, LBS)f 75 3K & % 4
K, FEREANRZEENXEL, Wy, 5435, Bl TIXFPEg%E. REEF IR H, AT
I A Rl 4Bk 1R S5t & %5 (Global Navigation Satellite Systems, GNSS)#EAT 17 & 47, {H GNSS 7£ % I HE
Bi e AL IS T 5 52T DRISESN, AASAKAIRE[L]. N TR — @, VF2 R E AT T EOF
FEE T R T BRI EAR N % N € AL R G, SR (Radio Frequency Identification, RFID) [2] [3]. 5 r
(Ultra-Wideband, UWB) [4] [5]. ZigBee [6]. 4 (Bluetooth) [7][8]. W] WLY6[9] [10]. WIFI [11] [12]%%.
9 WIFL SRS 73 A A0 P 508 A A UG, 25T WIFL B2 N8 AL 5 V2 R TAT I = N e AL
Ao WIFI BRLEAR T2 5 TS SRR AR T RSSI FRGUN /15 HE T5 SRR AL 7 I M0 T
EAS SIRMALE, (AT ENE SEBNE R, KR 520 DL ks BE e A [13]. 52 AHX, Faaiil
il 5 N7 7 ¥ DR EL TS P R v FR) 5 S K B T SO IE FE £ e R 1 3RAS NI S N e LR FE, Bl ]
T VEE R L T 2 A B AL FESCHR[14]H, A K Sl 28 (KNN) SR PL AL HE SCEoE e b A E 1) RSSI £l
{H KNN X Edf e R BURR, XS e g A2 M. N T HemEinTSEtE, 75 SCHR[L5] 3t T —Fp
e 2 PN T A ] R DU v, RO E N RSSO 15 4% 0 AT A4S DU 7 72 0 AR G il 4 RSSI
Bt . BIREE R I EAR IR ERHME, HRZ R ENMEEREN WIFLHE S8R IR 20, S5
BL#s 5 2 TR TCE N 2R IK RSSI Fa8Ch SR U H T AT SERRFIE . TR FE 2% ) B T2 K S I SRE 0 i 15 100
NEARBE RIIRAE, BT AR E S I M= N g Gtk E3CHR[16]%, W. Zhang $&H T —#f
{5 IR FE AR 22 9 2% (DNN)FI WIFI 2553047 2 N sE AL I 732, %07 VEAE RS S 7k v] SRR (HMM) B TR 2
FREE N 25 IR AT SE RO B HR iy T @A HERRTE o (R DR e TR BE 2% S I = N 8 R FEHGR T A R 0, 1
a2 BRI S e MR, (e REOEE RN, BT XA R, fE3H[17]F, song
LN T —ANET CNN 1) WIFI FBEUE N RS 0 HES F 4atid 85 (SAE) PRSI 48 %, KA CNN
BRIURIR FERREE W 25 i — R R, M BRI T H SR 2 itk o (ERZE M E AR BEAE iy, 1 FLME
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B E A SR O B OCRRAE SR = 1 e ARG BE o R AE S AL Rk I A2 o BEAE I SH B %
RNTRR LR, AP TR T DS-ECA HIHL WIFI F880E e A . ECA JE = ik
BRI AT oy BB AN A T BOBT [ BB (DS-ECA) o TERFIESEHUEE L, F DS-ECA BLHLAR & 1l 1) 51
2, RS SEE A, ORISR S 7B EEEE. 78 UdlindoorLoc 204 4E[18]. Tampere 344
[19]/siie & AR B . 5 A et WIFI $8 80 N e AL 7754 L, DS-ECA-CNN #5 8L E  HERf 22 30 5y o8
PRZEE /N, RESHEE D,
2. IRRNG
ASCHEH ) DS-ECA-CNN 2 4 58 (AR, RS BB B o 1 45 A5 2 3 iR B vl o S 4 A, [R5
N R TE R ) (ECAVIEE R, IR FE ] 7 B B AR PR T S R A PE R AL SR F %, JlTEVE R )
(ECAVEEHIBE /1, TEB/DSHING UL NI THRRIE K JJ RN X 43 B o I Fh SRR (A5 B AL RE RS 7 11 55 B U
A PR PR rh A R AT SRR () SR IR 43 4T

2.1 WHETRALIE

TE B AR FR AT, 45 FURZE X 25 (CNIN) [20] T IF B LB A 527 A 30 8 75 o 0458 v 207 25 TR AR AE B2 L
SRR IR EIRE 1 W ERACRHER 2 ) P U A8 e B — 5 IR M. S TR eefl i, A
KH T — ok — 4 RSSI A5 5 30 5 il 60 2 23 (A BAS 20 K FE UG (0 732, IXRESAT LATE 78 43 Mo 1
CNN fEAFE B T T RIS o i e 4R f2 W

(1) e WAL BRI S N S K AR AT 32 N 05 ) RSSI LA K B G 3 (B 1) o A4S s U
$£KH 520 MEAS(AP)HIE S . IXEE(E 51 RSSI JRIGEUE ANT-102 dBm 1 0 dBm 2 [i], 0 fRFEAIT
BLfE S, 1M 100 ARG S R, HERIGRBMRISE 5B AR TR, FIEE 5 mES%ET 100 1
TEOLE g AS N 0.

(2) EGHe48: LL UdlindoorLoc s & Al IR 4 72 . Hl AR AL FR R FH ()52 UTM (Universal
Transverse Mercator)24br 245, & 21,049 Ml A, B RE A2 i 520 4~ AP ) RSSIfH. Tk
UJlindoorLoc £k 8:2 L@t AT x5 2Nk, FEF M CSV Bl SO 2 T S B s, R ab 2
% 26 x 20 RSF R 4EFERE . ARG, IR BSARRERG E— DR K BE UG, AN R LI UTM bRy
Pr%%, FNBERAGHEPEIR . EERBRFIES, RESK AR E KL T & A ERE R, HA
AFAEM BRSO, S e A R AR i 5190 5 (0~2) 5 Z 45 (0~4) 4 &, BLK RSSI 155 it
AL EAS B4 0o e, B 5 I K BE R 43 T ORAT B0 B SO e, —8 40 B TRl s s ag )=
S —ER4r T AR RO B ALBR . 22 1 RSSI e K FE B O A0S

R(l,l) R(1,2)"' R(1,26)
- B = R(2,1) R(z,z)"' R(z,za)
F = {1,1y Ty | e 3, =
R(ZO,I) R(zo,z)“' R(zo,zs) ;

Figure 1. RSSI to grayscale image conversion

[ 1. RSSI & 7x EE EIR

2.2. AR N
ER 7L (Attention Mechanism) [201/& —FP7EEREE 2 > v FHIIHEAR, %0 B AR R Be g L yd T
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B N B PO LG BT 7y AT B2 e AL R AR AN RE o AR ST 1) ECA VE R B T3 7 = 0 HL | - ECA
TR SR O T — DN EUN — SRR A B TE U, % T AR 2 P R R . iR
i 4 R EAL, AREERMGEHRAE, 85 N 4EE R UL B G N E RN IEE R E R, 5
HARE R AHUHFIALE, ECA MIOLHAE T H M s R Bt XA E AR SR TR R T B 2R AL (1 [RII
B T2 TR . ECA MR BB EE Ky I |E] 2 Pos

Table 1. Pseudo-codes for RSSI conversion to grayscale images

3 1. RSSI ¥4 AR E EIR AR

fN: CSV %A RSSI #idfs
For each row 'i' from 0 to 19936:
Reshape first 520 elements of row 'i' of 'a’ into a 26 x 20 matrix, assign to D(i).e
Display D(i).e in grayscale
Adjust image to remove borders and axes, set size to 163.84x163.84
Save image to "D:\wen\UJIndoorLoc\final_files\train\", file name derived from elements 521-523 of row 'i' in ‘&,

format.jpg
End For
Adaptive Selection of
Kernel Size:
k=y(C)
c
—_—

® : element-wise product

Figure 2. ECA attention module
2. ECA B 1Rk

2.3. DS-ECA #E3igit

DS-ECA MU IR B AT 4 B B AN [21] 45 & ECA VR Sy Bty sl i e R e RRAE SR BB B, 4 b Y38
BRZ, SHEEAD, FHERIGE . HEMEIE 3 fis.

ElH DS-ECA i34 4 25, FFIET—ANARIE G H (Depthwise Conv2d), ‘B HK/NA 3 x 314
RIERZ, SKN 1, RN 0. PRSI EE O S [ O A (SR G
AT, XEWEREWIRRANG ZANEIE, A0S A F e A AT A, T L 8 2%
AR XS B ANETE T B RERE, ASBBEAAER. X PR EA TR MAHE. R
EEMRZ )G, BR—MEEH {2 (Batch Normalization), #8)5 /& ReLU Mo, 4% hy w 1 dim
A, BTk, Hidimid— 1 x 1 %52 (Pointwise Convolution), K 1, 18 A3 AT LAB1E £ xR
AR 0 B E AT AR 2 AR, SR SR A AN REE E R, AT DAV RS H
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78 1 x 1 HMEJF 8% 5] A—> ECA (Efficient Channel Attention)iX & — & T3 1% (17E & Sy HL# . ECA
JE R R (A RS &R, A RAR S AN G ERHE M R AR R ). ARG REE M E A — S, &
JE TR ReLU M0d sR AL, IR T AR Lot PR AR R4, B o T ISR ) 3RA R

3x3 Depthwise conv

}

BN

!

RelLU

}

1x1Conv

|

ECA

!

BN

!

RelLU

Figure 3. ECA attention module
B 3. ECA T EHiER

2.4. DS-ECA-CNN #&&)i%3t+

DS-ECA-CNN I 11 X 28 S5/ an 1< 4 Bl

FFIEHREN A
>
Q.
Q
ot
— A = o
pd ox§ 3:05 8:u§ 8:U§ o 3 =5
R R R R e . e At LT
cC OCo Qcg Qcg Qcg = S cuo
— N O =X S o ° S
o
o
N
a

Figure 4. DS-ECA-CNN model structure
[ 4. DS-ECA-CNN &I

B IALELLF BIR/IN K 224 x 224 18 2, JEIEECN 1 10 WIFI S5 20K FE MG IR B 4 o B 5 IS I 56
—ER O R R A, AL SR IS (AR UR 2 — A 2D BRUE, B B OV N BIE RN 1 (B REEIKE EIE),
W IEIEHCH 32, BRUZE K/ N33, KN 1, TR . BHEHEMZ ReLU BuG R %L, WindeLit,
PAK—A 2 x 2 Rz, Ko 2, H TR RRIE B )2 (R 4R . #6545 & — & 51 1) DS-ECA i,
HAMBHOR S N BB 32 Hoai L EIE S 64, £/ 3 x 3B, KA L, KR, HAHA
FRIREE R 7 B, e IR E 0 — 1 ReLU W& BRE. BHE £ — DB x 1 BR) M ECA TR )
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B, JRTHIRE R E T — A ReLU WS %, 7E4E4~ DS-ECA #iE, ¥H —A> 2 x 2 Kl )=,
KN 2. BEJE ) DS-ECA BEHAK VOK BIE 208 n$1) 128 1 256, [FIIREFERZ AN SR AIH R HnE
AR TERHESRIGE RS, BEACR FH B IE NP E, K E R R 2 R 4E i — 2D R 4 . o Ao
JFasF— Dropout J2, W EF M3 A 0.5 LURER A IS, #2512 —> ReLU B ek 20f— /M2
Y2, EEMBENANE, HT 200 KE5.

3. XRHE RS54
3.1. BUBRENBMIEMN i8R

ASCHTE ] FI 3R 4 9 UdlindoorLoc AT Tampere 2545 . A 17 bR 70 A 5 BE 6% EL AN [H) = A e A6 3¢
BRI 777, JoaqUin Torres-Sospedra 56 N B G114 | — AN R HIFFIEEHE 4R UdlindoorLoc. 1ZEE 4RI
#1 Jaume | DR 2 ) = JRE AR, LA ARG T R DY J2 R RN — i T Z R AR, e ELRE R S (TR N G
MEIRKAE . tesh, HAREREIE 2 20 2 N 25 FOA R B AR E ), X PSR N R
B R AR B B, B INAFE IS AL, UdlindoorLoc s 4R 4L 1 141 5 P

Image counts per folder

2500 -

2000 -+

1500 -

Image count

1000 -

500 A

i\train
in\0-0
in\0-1
in\0-2
in\1-0
in\1-1
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in\2-2
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in\3-1
in\3-2
in\4-2

Figure 5. Class distribution of the UJIIndoorLoc dataset
5. UJlindoorLoc #iEE XRS5

Tampere & RSSI Bl 4. I EREEES eI 2R A6 IE Bl SR 4L ik, A EIREEF 2 csv
SRR, BEAS csv U HIEE RSSEL R £, AiESHIE. A1 UllindoorLoc BHESEAE, ATLA
A A T E B RSSI AIZS 26 e MRk, AR #L e K i A
3.2. FirigHR

ASCRE “HERFR” A PR 2 (Mean)” AE TN TER . HERG A2 BTA 20 RIS HETR K 7 23
k(%)
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ACCURACY = — 1P+TN_ 1600 1)
TP+TN+FP+FN

Hrp, TPL FP 232 HFHPEA DS RAVE AU KR, 1 TN FN 20550 9 AR AT Dy B R R i

58 (VTR ZE (I 58 A TR U0 A7 B 5 S B i B S BEAT X L, Sl IR T UTM AR A 5 S B
UTM A F5R 2 18] (IR ER RS, 0 BE B AELEAT 107 Ja SR AT, RAPAA A (- R 22 . IS PR &
B 7T BN SEER A B 2 (B P 2 . TR R R LT A

MEAN:%\/(Xi_;‘i)Z‘*‘(Yi_yi)Z )

Hort, xRl Ar B RS,y Ron B B IAAR, n Ron 7RI .
BR B B 2 30 T

L:\/(Xz'xl)z"'(yz'yl)z (3)

Kb x, y s,

TRIEHFE(CM): TEER BN (TIN5 55 SEBRAR 2 BN L o VEIAHE I 1R AT 3R 7 SIE B R 28 531l (True
Label). JRERFERIF 0 EI2 5 (Predicted Label). 4R IREAN BT IRE 2R SEBRZEHI RN T2 51
Xof L AR REAR B A, o T3 1 AT RIS § AUIRIER IO, BRI SeBR R | AR AR Fiu 2] § e A%

3.3. SCIEMR 5*TEE

SEEG FE#AE UdlindoorLoc £ Tampere i 4E EidbAT, A Pytorch HEZE. Z¥uliid SGD ik 28k
B, EVIAA SR E N 0,001, 2SR AFERER N 0.09, fibE A/ N 32, epoch A 50, ik HEECNZ
PR XK PR

3.3.1. DS-ECA #HxHERAF M

BRI MG R ST RESRAE S0 = 5 AO40 T FAIARAE, (H R 3I0 7 iF SR RN TR RN B
JT BARBRAR T A, (HR] fes Bk — L H A5 (5 2. WK 2 ] LI43 %1, DS-ECA-CNN A4,
TERIAN ST 128 x 128 K/ g, BiE el A femy, 1531 99.26%.

Table 2. Effect of different input image sizes on the model
= 2. NEMANEIGR T A E RS0

64 x 64 128 x 128 224 x 224
WANEE R
TrA TeA TrA TeA TrA TeA
HERR R 99.9% 98.9% 99.8% 99.26% 99.7% 99.2%

ECA ¥ 75 7B Hui i 4 e 38 R] AR OC 2R, A 280 i AL 2R DG SRR AIE 1 SR AR BB T, i v X 280455 B
RS S AN ] (1) DS-ECA BEBe/E UdlindoorLoc ¥4 EdkAT 5256, PLERIEAN A ECA JE /it
HIA 2k . AN DS-ECA #RbR45 #4) 172 3,

H# 3 A[%1, DS-ECA-A. B. C. D. E#IMA T ECA ftk, 5¥&A N ECA L) DS fiiE4
FUZHIEL, BRPEREEA FTILT:, H55)/E DS-ECA-D fibk, ECA JER IHHUHEAS] 1 x 1 EFG1H,
HE G R, WA T 22.2%, FEJEFE P HE ] DITE G I RHE Al & B BOA Rt 478
Tk BT IRRE . XA o TR L EREAE A RE T, B AREE T ST RESCR . Rk, A%
¥ DS-ECA-D B 47 52565

it
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Table 3. Performance of different DS-ECA modules
%2 3. 7°[E] DS-ECA ##RY M &E

DS-ECA %5 4R HER2(%)

DS Convad BN ReLU Convad BN RelLU 98.2%
DS-ECA-A Conv2d ECA BN ReLU Conv2d BN ReLU 98.5
DS-ECA-B Conv2d BN ECA ReLU Conv2d BN ReLU 98.3

DS-ECA-C Conv2d BN ReLU ECA Conv2d BN ReLU 98.8%

DS-ECA-D Convad BN ReLU Convad ECA BN ReLU 99.2%
DS-ECA-E Convad BN ReLU Convad BN ECA ReLU 98%
Convad 7%

3.3.2. UJlIndoorLoc #iEsE LR

7EKE 6 1, JEZR T UdlindoorLoc A4 4E I Il S 86 FHERIE 2 1 HE A 28 (ACC) Al K E (LOSS), did il
GREERTTLURIL, ISR AN IS IESE A A 22 it 2 00 & P2 RS LUy, ACCHER M. I BN ZRAE AnuGiE 4L 1)
PAORAAFBIRAR,  BLRA A B ILA 8 RAUA . &1 7 JE7R T UdlindoorLoc a4 b i) i i
K, s W EIREAERE IR, ] AR LR HR 2 4R EL e HERf . %6 4 2 UdIIndoorLoc 34 1A SR
PLPERE 5 T = WAL AR LIS, RSO T UE B S8 45 B AR A BT A i de gk v, 5 A8 A [H)
HARSE M S FPONERAT IO, HAE A FRAR B 1, Ui S0 CNNLOC Hr 3 i) & —4E RSSI 5
T GEREIR, ETATIRBAORER, @50EAIERR N 100%, HHAER T CNNLOC FIAER 52 fif
W R — R 2 e AL AOMERA 268 99.2%, 5 311 18 SC CNNLOC HIRERUAR EL, #2780 1 3.17% M HERE = .
AT ULE Y, FECAE ] —4E RSSI {5 5 B0 B R & I 2 AT R E AR BUAR EL, K B0 S 56 40 IR PRI
Z e, BRI LGNS T SR EURR RRE, e e R s e AR ZE N 6.21 m, FRAISEL

450,038 1~
VISR EE NI T Saco{E R LLE WISREFLEIEE | ossEXN LR
1.0 . — 254 —— train_loss
—— val_loss
0.8 1 2.0
1.5 4
o 0.6 ”
8 8
1.0 1
0.44
0.5
0.2 1 —— train_acc
—— val_acc 0.0 Soe—. -
0 10 2 k'] 0 50 0 10 2 0 P 50
epoch epoch
(@) (b)

Figure 6. Accuracy and loss trend graph of the model on the UJlIndoorLoc dataset

[# 6. UJlindoorLoc ##EEE EA= R A ERR R NIRRT EE B

m
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Confusion Matrix
00 29 0 0 2 0 0 0 0 0 0 0 0 0

500
14 0 0o 3 0 0 0 0 0 2 0 0
o2 0 0o 0 0 0 0 1 0 1 0 0
045 0 o024 0o 0 2 0 0 0 0 0 0 400
=140 2 0o o0 ﬂ o 0 3 0 0 0 0 0
240 1 1 o o LMo o 1 0 0 0 O

300

2_0_000100003000

214 0 0 0 0 2 0 0 WIN O 0 1 0 0

2_2_001001000E0010 200
3_0_000000000000

314 0 0 0 0 0 0 0 0 0 0 180 0 0

True Label

- 100

—_

32/ 0 0 0 0 10 0 1 0 o Byl 1

424 0 0 0 0 0 0 0 0 0 0 0 2 218

T T T T T T T T T T T T T _'0

SO ANEAGEIN VARV S A A A A A A
Predicted Label

Figure 7. Confusion matrix of the model trained on the UJlIindoorLoc dataset

[& 7. UJlindoorLoc ##EEE &2 ZRAR B FEME

Table 4. Comparison of localization performance between this paper’s model and state-of-the-art methods in the UJIIn-
doorLoc dataset (results not reported in the paper are marked with a dash “-)

% 4. UllindoorLoc HEEE R ASRBIFI R 75 A 2 B E ML MEREXEL (B X ERMEMNLERAMINS “-" #5id)

sk Jiik B M 2 UE B % 5E 7 1% 2 (Mean)
UJlindoorLoc CNNLOC [17] 100% 96.03% 11.78 m
CDAE-CNN [21] - 95.30% 12.4m
DeepLocBox [22] 99.64% 92.62% 9.07m
Scalable DNN [23] 99.82% 91.27% 9.29m
DS-ECA-CNN (437) 100% 99.2% 6.21m

3.3.3. Tampere ¥IE&E FRIER

8 JE/n T Tampere Il ZxAIIRIEEE [ HERR 2R (ACC) 14 B (LOSS) o BT SLIt &t Fnl DUR I, I145%
B FIIGIF A P VHE 1 2 (ACC) I 2R 9D T 2 b o I AN BRI 4 (43 A8 (LOSS) A T #B ARG, Wi B
S IR R AT B LA B R A S L. ] 9 JEIR T /E Tampere 3 4E IR IEEREEI(CM). %
5 O Tampere ZHE4E I, A SCRALSL00 45 BRI A 2 P4 S8 1 v s e a5 ST LU 3RS, AT RAE 2, A0
HRRY ()RR 2 0 99.7%, FIFEHE TR ST CNNLOC BRI LL, #2151 T 3.67%MIHERE R ; Z4(& N 49,001

A

o

m
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VIR E LI EaccEXTEEE] VIRE TN | ossENI LA
1.0 4 _ 5 - — — N —— train_loss
1.75 1 —— val_loss
0.9 4
1.50 1
. 8
0 1.25 +
0.7 1.00
o 123
8 8
0.6 0.75 -
0.5 1 0.50
0.4+ 0.25
—— train_acc
0.3 —— val_acc 0.00 - = =
0 10 20 30 40 50 0 10 20 30 40 50
epoch epoch
(@) (b)

Figure 8. Accuracy and loss trend graph of the model on the Tampere dataset
8. Tampere #iiEEE LR B HERRFIRELTLEHE

Confusion Matrix

1-1 4 309 1 0 0 0 0 0 0 0
1-2 - 3 1 0 0 0 0 0 0 800
=34 0 4 323 0 0 0 0 0 0
—14 0 0 0 27 0 0 0 0 0 600
2
3 504 0 0 0 0 954 1 0 0 0
3
=
gl 0 0 0 o 2 [® o 0o o0 40
224 0 0 0 0 0 0 161 0 0
- 200
234 0 0 0 0 0 0 0 148 0
4] 0 0 0 0 0 0 0 0 12
T T T T T T T T T B 0
SN R A A A

Predicted Label

Figure 9. Confusion matrix of the model trained on the Tampere dataset

[&] 9. Tampere $iEE HIREN) IR BEE
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Table 5. Comparison of localization performance between this paper’s model and state-of-the-art methods in the Tampere
dataset (results not reported in the paper are marked with a dash “-”)
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