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An ECA-CNN algorithm based on multi-channel image for
WiFi FTM indoor positioning
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under Extreme Environments( FSDI) , Xi'an 710043 ,China; 2. Provincial Key Lab of Information Coding
and Transmission, Southwest Jiaotong University, Chengdu 611756, China)

Abstract; TEEE 802. 11-2016 defines the fine time measurement protocol, which uses signal round trip time ( RTT) to achieve indoor
WiFi positioning accuracy at the meter level. However, in non line of sight or multipath environments, the accuracy of RTT ranging
decreases, which seriously affects the positioning performance. To improve the accuracy of RTT positioning, this article proposes a
method to convert the WiFi RTT ranging sequences measured by multiple access points into the multi-channel image, and uses an
efficient channel attention-convolutional neural network to learn the relationship between the ranging data and the target position based on
the multi-channel image. The experiments show that the positioning error of the proposed model is about 1 m, and 31.03% , 16.78% ,
and 10. 68% less than the conventional deep neural networks positioning, the single-channel-image-based CNN positioning, and the
single-channel-image-based ECA-CNN positioning, respectively.
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(c) Using sliding window to form multi-channel image
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Fig.2 Construction process of multi-channel image
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CNN:32@3%3 ECA  CNN:24@3x3

iy AR 52 i o108 1 15 ) 22 PR B = Ak
AR, PIEIE RS H 2 A AP §9 WiFi RTT I8 7
BRI, PRG R JE 2 s 100 R  B3 ( total _seq_len) , T
JEFIR AP Bt (n) o TERENLSER T, AP BB 5,1
PHIE EUE KN total _seq _lenx 5, A TEN 5 KK
seq_len ( 1<seq_len<total_seq_len) [/ ¥ Zh # 171 78 G Hh 1)
TS, WS C-1 WA C kA EUR R B
1 e 8 B8R e 8 ok, DB Jl— 3K STl seq_lenx 5% C
SIEATRENESEE

iy A JZ AR Y 22 38 38 R SR ECA TE & L
0 e P 4% 1 2 ] (AL R, AT 5 T o

—_I LRT
| Bt

[C.H.W]

00000000

[C,1,1] [C,1,1]

El'5 ECA HE=AHLH

Fig. 5 ECA attention mechanism

ECA P %0 JEAR R0 iod — 4 46 Bl Hi i 3 (1)
MR OC R . BARCR UL, ECA B Se ARG 36 5 A i
INARRCE oot O AN - AN L) i /A W
low(€) & (11)
Y Y lodd
b € FAEIER (1], FREPWEI/N HBEIATEL
FHCy Wb RS TS B RN 5l E B

M)A H) . R4 ECA T HALHIIE > vy i b
AR 2 1, ECA MK TEL R ik 2 5, fif
FH—4e AU TRE AR E , = (12) s .

wi=(r(iaj3fﬁ),3fﬁ e (12)
K o, R i MEERNREE ;o 28 Sigmoid WG PR
B of FRBBRLIGS j IAE y, Rom 2R P s
FEE T AME y, A5 A AHAREE 19 ; QF FoR T 5 y, 4B
B kA E ARG

FRIESRBUSHCR IR M . o T B4 b S
FRAEARIL, A SCR I 24~ ECA-CNN i g ik, B4k S5
MR 1 PR, 8B 1 ADBR)E PSR 4E R S5 T ARy
AL R IEIEEL C, xR 1x1 8, A BUERHE
FIR/NTEBL T 51 T AR LR AE AL, 58 05 0 2% ) R AE BE
J1o a3 N BRZMEREIST AR 3x3, 8 TR IER:
(AEE:SEYTE I P NANR ESUE- S BN S I

®1 MESHPIRE

Table 1 Network parameter settings
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Fig. 6 Experimental site plan
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Table 2 Influence of hyper parameters on positioning

performance (m)
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Fig. 9 ECA-CNN positioning model based on single

channel image
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Table 4 Statistical characteristics of positioning error for

different size image

EB RS ¥fE/m RZEWREZ/m CDF=67%/m R BHE
10x5x2  1.067 0. 872 1.106 332231
10x5x4  1.044 0.778 1.092 332247
10x5x6  1.085 0.796 1.064 332 263
15x5x2  1.053 0.83 1.095 492 231

‘ 15x5x4  0.987 0. 633 1. 044 492 247
15x5x6  0.983 0.734 1.087 492 263
20x5x2  0.995 0. 644 1.095 652 231
20x5x4  0.978 0.702 1.058 652 247
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Table 5 Positioning error of different positioning models

BifEH bR CDF CDF
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m /m 67%/m  95%/m
DNN([13]) 75 1.431 1.567 1. 477 3. 004
SCI-CNN 15%5 1. 186 0.814 1.240 2.878

SCI-ECA-CNN 15%5 1. 105 0.776 1.228 2.519

MCI-ECA-CNN  15x5x4  0.987 0. 633 1. 044 2.185
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Table 6 Dynamic positioning error of different

positioning models (m)
A ¥iE brifi 22 CDF67% CDF95%
DNN([13]) 0.631 0. 467 0.717 1.616
SCI-CNN 0. 450 0.392 0. 490 1.270
SCI-ECA-CNN 0. 469 0.338 0. 569 1. 100
MCI-ECA-CNN 0. 388 0.324 0. 451 0.923

f & 11 71, SCI-ECA-CNN & v R 284 f T 1 328 fc
Wi 2% 4%, H B 12 v SCI-ECA-CNN 2 FHR 2243 1
T 2 (07 b o B AR R AR R 22 AR 2R 1 22 Ly, iR
ZH/N, 76 1 MCI-ECA-CNN iR 2E 1l iR 2EhnifE 2%
e/, R, ffi ] SCI-ECA-CNN & (i 48 AU 5E s
ST B A N R A B A e

HIC AT LA ) A SGE i i 1 £ 38 18 RIS, 780 R
TR AR BB 25 20 2R, T DA RRAR AR FLIE 152 25 ) 5
PEEENDRE

R T VA AR SR 5 1, AR SO AP B i XA
T RE L RE A5 I DA A SRR A T T R,

& 13 FIZE 7 Fin NASTE] AP i A SCE B vk
RIENIIRZE . IE 13 FIZE 7 FE5 R LIE H, AP i
BN, T R AT B AR B IR R K, Rk, A SO
REIEFH AP % E#8  5, Wil A F AP iKW
W,

1.0
0.8
0.6
A
= —o- 3APIIZ EIEECA-CNN L
- 4APHI % B IEECA-CNNRE i1
—*— SAPHIZ EIBECA-CNNE AL
0.2
0
0 1 2 3 4 5 6
mZE/m

K13 AP B 0] 5E 037 DR 22 Y52 R
Fig. 13 The influence of AP quantity on positioning error

£®7 7AFE AP #HE T MCI-ECA-CNN ZE i 8
Table 7 MCI-ECA-CNN positioning performance under

different number of APs (m)

AP it e FRfE2: CDF=67%  CDF=95%
3 1.170 0.937 1.216 2.923
4 1. 098 0.741 1.177 2. 659
5 0. 987 0. 633 1. 044 2.185
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Table 8 Running time of different positioning models

A AT/ s
DNN([10]) 1. 691
SCI-CNN 3.132
SCI-ECA-CNN 6. 034
MCI-ECA-CNN 6. 552
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