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ABSTRACT

In this paper, we propose a solution that enables continuous indoor/outdoor positioning of smartphone users through the
integration of Pedestrian Dead Reckoning (PDR) and GPS/WiFi signals. Considering that accurate step detection affects the
accuracy of PDR, we propose a Deep Neural Network (DNN)-based technology to distinguish between walking and non-

walking signals such as walking in place. Furthermore, in order to integrate PDR with GPS and WiFi signals, a technique is

used to select a proper measurement by distinguishing between indoor/outdoor environments based on GPS Dilution of

Precision (DOP) information. In addition, we propose a technology to adaptively change the measurement error covariance

matrix by detecting measurement outliers that mainly occur in the indoor/outdoor transition section through a residual-based

x? test. It is verified through experiments on a testbed that these technologies significantly improve the performance of PDR

and PDR/GPS/WiFi fingerprinting-based integrated pedestrian navigation.
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(Cho et al. 2022).
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2. INTEGRATED PEDESTRIAN NAVIGATION
FOR SMARTPHONES
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Fig. 1. Power signal, Butterworth LPF-based simplified signal and detected
steps of accelerometer signals.

Fig. 2. PDR positioning architecture with DNN based Walking/Non-
walking classification.
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Fig. 3. Deep neural network structure for walking/non-walking recognition.
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Table 1. Hyperparameters of the DNN model.

Hyper parameter Value
Number of input layer nodes 12
Number of hidden layer 3
Number of hidden layer 643216
nodes 2
Number of output layer nodes ~ Min-max
Normalization Normalization
Weight initialization He initialization
Activation function Leaky-ReLU
Optimizer Adam
Cost function MSE
Learning rate 0.001
Batch size 16
Epoch 100
Early stopping True

Fig. 4. Indoor positioning system based on WiFi fingerprinting.
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Fig. 5. PDR/GPS/WiFi integrated positioning architecture.
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Fig. 6. Testbed map and walking test trajectory.
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Fig. 7. Grid points for fingerprinting database.

Fig. 8. App interface for PDR application.

2 Jidsiich
olt}. AppoilA
ofl A Ak 4l
. IMU glo]el
100 Hz2 A 2] =]o] zpA] 9 I2H 85 F45}0, DNN 7]ghe.
BHam|E3) HE& k= PDR Yarg|SollA] AFE-HTh WiFi
fmgerprmtmg% database= I}U 2 AnfE O] ] Z A=l S App
oA Y & 32 7|2 F5E & WiFi B E T AHgsto]
fingerprinting 7|9ko 2 XA HE =435I} JE] GPS X
L otz Zo|E&oj| 4] A&sH= GPS_PROVIDERS A}gslo] 2=
A17jo)A ALHE $ 4R E Tk AbgahH, A1 25 DOP A
S guje] FEsH=E AL H 193 o] BE Fut 43
1) el §3Eo] oA} RE YAHRE AHET,

l

710

P

ook

3.3 Experimental Analysis

2] DNN 7]§to 2 5“/HIE%‘ A5 5 FEste] 34
PDRY] A5w4& 2lsfl BlA st
o, DNN #-§ 3} 2.9 ﬂi 1114011*1—4 Hfﬂg H
B7Hs X3gsgich ARg-E DNN 2elo] A

0

7
Tm
W~
o S,
o 2
il
o
2o
LN
o
ol
32 o

http://www.ipnt.or.kr



404 JPNT 12(4), 399-408 (2023)

Table 2. DNN model classification accuracy.

Data number Accuracy (%)

1 97.31

2 98.30

3 97.59

4 94.73

5 98.24

6 95.99

7 96.75

8 96.75
Mean 96.96
Standard deviation 1.116

@

Table 3. PDR distance estimation error according to DNN application.

Data number Estimated distance (m) ~ Distance estimation
(True: 152.25 m) error (m)
w/oDNN  w.DNN w/oDNN  w.DNN
1 236.97 155.71 84.72 3.46
2 255.88 159.30 103.63 7.05
3 234.37 142.26 83.88 9.99
4 236.13 145.44 83.88 6.80
5 255.12 140.02 102.87 12.23
6 242.21 142.55 89.96 9.69
7 274.17 154.58 121.92 2.33
8 273.52 162.77 121.27 10.52
Mean 251.05 150.33 98.80 191
Standard deviation 15.23 8.20 15.00 8.20
(b)

(@]

Fig. 9. Indoor->Outdoor positioning results. (@) PDR only, (b) PDR with DNN, (c)DNN classification.
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Fig. 10. Outdoor->Indoor positioning results. (a) PDR only, (b) PDR with DNN, (c) DNN classification.
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Fig. 11. GPS DORP. (a) Indoor - Outdoor, (b) Outdoor = Indoor.
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Fig. 12. Indoor-> Outdoor Positioning results. (a) PDR only, (b) Measurement, (c) Integration result.
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Fig. 13. Outdoor-> Indoor Positioning results. (a) PDR only, (b) Measurement, (c) Integration result.
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