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-Learn from observations without coding

Fig.1: Indoor localization test area made in Egypt, in 2020, 700 complexed and secured network pI’OtOCOlS

PoR/PoT of fingerprints observed with WIP@, with various ratio (for
example here 25% training PoR and 75% testing PoT)
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Methodology and Contributions

Blanchmark with reguler repartition tanining/training for
reproductable experiments :RSS, XGB,MMSE,CSI
-RF,XGB,ML ,MMSE for Wi-F1 based indoor Positioning,
algorithm, Fingerprint

-In progress: application
fingerpritn,wifi+Lora,posture+AOA,

,accelerometer/relative displacements relatifs, CNN+multi .« T o
Channel signals (Numerica , France)

(In progress): pragmatic fingerprint mobile application
based on 1nertial navigation and on taking into account
realistic postures of the user with his mobile phone.

Table 2: Comparison of state of the art of previous and our work.
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Fig. 2: Architecture of our ML-Fingerprinting based IPS using WiFi+Lora signals
and RF+XGb+CNN+RN+LSTM ML-algorithms and either WIPS@ or our
fingerprinting@ to treat user’s posture, AoA, RSSi

Results

Table 1
Representation of positioning errors for the Egyptrtroom from the data of 2 composition of elements

ES Scenario RFE.{m) XGB. (m) RFE_(MPMSE) XGB. (MMSE)
10 % T=70 2.26 2.35 1.80 1.88
A=530 2.33 2.38 152 1.75
2.22 2.32 1.55 1.78
2.28 2.3s 1.59 1.86
2.23 2.30 1.82 1.80
2.25 2.37 1.50 1.84
2.24 2.39 1.57 1.79
2.32 2.4a3 1.54 1.77
2.3a 2.40 1.56 1.73

12K

IPS based on mobile-centric 6
Wi-Fi with statistical
fingerprint

12 30K

IPS based on infrastructure-
centric Wi-Fi and secure with

dynamic fingerprint

ML + fingerprint +Wi-Fi- 1 2K

based IPS

Fe
NN

TO-

SCIENCES &
ECHNOILO ES

i, 3tsSs %

[2.29:2.35]

[2.27:2.45]

[2.50:1.62]

[2.72:2.90]

33 % A=2535 2.01 2.17 1.22 1.37
T=467 2.09 2.20 1.19 1.0
2.02 2.19 1.17 1.35
i,.,3tsS0 % [2;:2.09)] [2.26;2_20] [2.22;2 26] [1.29;2 . 45]
&6 % A=467 125 1.30 1.0= 1.0
T=25= 1 .22 13> 1.01 1.05
I,.3ts7 9% [2.20:2.25] [2.28:2.33] [2:2.04] [2.04:2.08]
B0 % A=560 b 4 1.13 O.73 O.82
T=140 1.02 1.1= o.70 o. 79
1.01 1.15 O. 71 O.81
1.03 1.12 o.72 O.80
I.ats7% [2;:2.04] [2.20:;2.25] [0.70:0.74] [0.80:0.83]
= £ 1
= = ; .
= ; = ; ;
= i = —RF (m)
= — XGB.(m) = j : : — NGB . (m)
k= | RF.(MMSE) = O g —— RF (MMSE)
= — _ XGB.(MMSE) = — XG B.(MMSE)
E é é - E H H H b .
E i L 1 ; {]- 1 1 1 1 1
2 <4 e 7 ()] 1 2 L -4 5 L T
distance in meters distance 1n meters
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Figure3:CDF RF.(m), XGB.(m), RF.(MMSE), XGB.(MMSE) at 6620
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Figure4/CDF RF.(m)., XGB.(Im), RF.(MMSE), XGB.(MMSE) at




