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Abstract It is a challenging task to improve the accuracy of the mobile localization in LOS (line-of-
sight) and NLOS (non-line-of-sight) mixed environment. When the MN (moving node) moves in
indoor environment, due to the obstacles such as walls, doors, and furniture, the communicating
signal between MN and ANs (anchor nodes) change between LOS and NLOS frequently and
randomly, which has negative effect on the accuracy of MN location estimation. To guarantee the
accuracy, a KF (Kalman filter) based IMM C(interacting multiple model) is proposed to filter the
measured distance under the LOS/NLOS mixed environment. Due to the different characteristic of
ranging errors between LOS and NLOS, two parallel KFs with different parameters are employed in
order to suit for LOS mode and NLOS mode, both of the mode probabilities are calculated by the mode
likelihoods and history probabilities. The modes transition between LOS/NLOS modes is based on
Markov chain and mode probabilities. The weighted mean of the two modes filtering results is taken
as the estimated distance of IMM. Once the estimated distances are obtained, the EKF (extended
Kalman filter) is applied to locate the MN. The simulation results demonstrate the IMM can

significantly mitigate the positive range error and achieve high localization accuracy.

Key words wireless sensor network (WSN); mobile localization; indoor environment; non-line-of-
sight (NLOS); interacting multiple model (IMM)
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Fig. 1 Deployment of the monitored area.
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Fig. 2 Transition states between MN and AN.
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Fig. 6 Performance of the localization algorithm.

K6 5 3k E AL BOR S BT



2414 RS AR 2014, 511D
5 & o’
=
3 g T E ARl B 00 A ER B S A
£ &1 bR E (DR I - A SCHE T — A IMMEEKF 35
EE L AEARASE AN RIS Bh H s 00 0 R B
L fE R 2y LOS WBE AR 35 23 5 NLOS Sl i i 9
LPRTEOL BRI BA 2 P47 R IR 2 I AR Y
TIVIML B9 368 3 4 ) 4 8 5[] b 47 LOS Al NLOS

Location Error/m

Fig. 7 Error cumulative probability.
7 R RB
MR ZESBGOHE B R 1 iR, 52T IMM-
EKF 83 1 H AR 2 07 15 22 501 S 809 W WA T 3L
fily 2 T BB R SR

Table 1 Statistic of the Localization Error

®1 REFIT

Algorithm Mean Error/m Standard Deviation

IMM-EKF 1.51 0. 87
EKF1(LOS) 3.54 1.42
EKF2(NLOS) 2.25 1. 30

e & X Mardov H R py; BN R SE
PERE RS HEAT 0 B 5 T 00 1 MR OTR B E
T30 3 A WARERE Z B E - L AT B po B AE . L
2 IMM-EKF 7€ fii 1% 22 # {5 (9 28 16 » 42 31 45 2R
K18 Frm » 2 pu = 0. 95 I A8 SR AT 1% 22 e /b b
L51m. 7E 8@ = NHREE T S AFE RS S E—1F
TE RS A [R] A BE AR B T e A B AR BN .
Kl 8 guit iR —2K.

2.5
g
~
<)
g 2.0
m
o
2
8
(=}
E 1L.&
§ .
=
0.8 0.9 1.0
1.0 .
0.0 0.2 0.4 0.6 0.8 1.0
Pu
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