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Research on improved PDR algorithm for underground personnel positioning
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Abstract: As the traditional pedestrian dead reckoning (PDR) algorithm being used for underground
personnel positioning, the positioning error gradually increases due to the cumulative error of the step
frequency detection, step length estimation and heading estimation phases. Moreover, the commonly used
error correction methods such as zero speed correction, heading drift elimination and gait signal
optimization cannot change the inherent defects of the PDR algorithm, and the positioning accuracy needs
to be improved. It is proposed to use an improved peak detection method to achieve step frequency
detection in the PDR algorithm, and to achieve step length estimation based on a deep recurrent neural
network (RNN). The improved PDR algorithm is used for underground personnel positioning. Firstly,
cell phone accelerometer, gyroscope and magnetometer are used to obtain pedestrian movement data.
Secondly, the improved peak detection method is used to obtain the average step frequency in a fixed time
interval. The average step frequency, the time interval, acceleration and acceleration variance are used as
features to be input to the trained deep RNN model for step length estimation. Finally, the estimated
heading angle is added to predict the current position of the personnel. The experimental results show that

the improved PDR algorithm for underground personnel positioning has a relative error of 5. 9% in
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predicting the test set data and has a relative error of 1.6%-3.9% in positioning the actual test route. The

relative error is smaller than the positioning error of the traditional PDR algorithm and the proposed PDR

algorithm has improved the accuracy of underground personnel positioning effectively.

Key words: underground personnel positioning; pedestrian dead reckoning; PDR algorithm; step

frequency detection; step length estimation; heading estimation; deep RNN
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Fig.1 Underground personnel positioning principle
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Fig. 2 Flow of step-frequency detection
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Table 1 Collected primary data
SEREE/(m s s™%) s/ \
i [f)
ax ay a- cm
2018-10-19T

2.871 291 1.285 217  10.502 485 144

11:39:49.580

2018-10-19T
11:39:51.497

2.905 764 1.318 647  10.601 458 144

2018-10-19T
11:39:53.279

3.081 955 1.794 617  11.110 280 144

2018-10-19T
11:45:34.563

0.308 670 6.565 903  11.397 018 144
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Fig. 6 Parts of feature data

0.10F

0.08F
K 0.06}
=
H
oK 0.04

0.02

Ao A rasrned /\ AN S

1
0 100 200 300 400 500
[ERve

B 7 TBE RNN BRI 24 2% ok 0728 £k
Fig. 7 Change of training loss function of deep RNN model

3w — Esets — R

HK/m

o

1 1 1 1 1 J
750 1000 1250 1500 1750 2000
Kol Fr 51

8  IRHL RNN AR il 45
Fig. 8 Predicted step-length results by deep RNN model
3.2 Iy RE

BT RK AN HEE RNN B 2 H T AR
FE AL PDR 83k IR AR IR SR e A7 105, an &1 9 By
N o IR AUR PSR 1 AT R A6 AT 5 B T AT
M5 SLBRRCR .

E T @ H: Az s B 24T 3 il 17 2k
FEA AN 10 Fros . B2k 1 7E4 T+ BB . AR
M2l 2 IWE MBS R sm . K 65. 4 m; Lk 2
TE 1z g AR 5 M — R R bl ARl s AL L K

ok

_l 1 1
0 250 500




2021 % 1

FhEEF k0 T AR 42 PDR kA7

o A7 .

B9 TR E
Fig. 9 Underground testing scene
35.9 m LR 3 T iz i A L 3RE XfE AR S BT O L DA ORE XE
i Z AT 2 A% e A 33k TAE 48 18, 4 255. 4 m,
D A7 N TR 3h 2wy #2 BE E BE 2 LA AR 8 S 38
17k

(U MR T '

]
|
D ? =
NEBE
@ -503.79

10 BT KL
Fig. 10 Walking routes in field
ISR 2. WA 3 A5 HE 4 1 8 r AH X
WREB AR ML 3. 9%, B SCHRL19 ] b 5L F i S A A
1 PDR Bk e iR 22 (14, 6 %) . 3CHk[20 Jrh BT 3)
AR PDR J3 8 1% 25 (4 %0~ 6 20) i E /1
324l T PDR B3 J 3 3 56 v ™ Az 0 A X 152 25 Bl 17
S IR 0 1 nmg A B Rt
F2 WHRRL
Table 2 Test results in field

e 2 DX R S/ m F YA/ m HHXFIR2E/ %
1 65. 4 63. 69 2.6
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