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Abstract. In order to solve the problems that indoor mobile robots
have parking during the traveling process and the Extended Kalman
filter (EKF) receives too much influence on parameter selection, this
paper proposes an Interacting Multiple Model (IMM)-EKF /Particle Fil-
tering (PF) adaptive algorithm for the tightly inertial navigation sys-
tem (INS)/Light Detection And Ranging (LiDAR) integrated naviga-
tion. The EKF and PF calculate the position of the robot respectively,
then the smaller Mahalanobis distance-based filter’s output is selected
as the initial value of the next iteration, which improves the accuracy
of the positioning for the robot. Based on that, the two motion equa-
tions of the static and normal motion models are dsigned at the same
time. A Markov chain for converting the two state of the model, and
the weighting filtering result of the filtered is used to provide distance
estimates. The real experimental results show that the IMM-EKF/PF
adaptive algorithm improves the positioning accuracy of mobile robots
in the presence of parking.

Keywords: Indoor robot location -+ Kalman filter - Particle filtering -
Interacting multiple model

1 Introduction

Today, mobile robots play an important role in medical care, home cleaning,
indoor rescue, warehousing and transportation. Moreover, mobile robots are
often used to serve people in complex environments, so the positioning accu-
racy of mobile robots is particularly important.

Usually robot positioning is achieved by a single sensor, such as Global Posi-
tioning System (GPS), Radio Frequency Identification (RFID), Inertial Naviga-
tion System (INS), and so on. But using only a single sensor can’t get rid of
its inherent drawbacks when used, for example, GPS is the most widely used
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positioning sensor Wu (2019). In the case of indoor positioning, it is difficult to
complete positioning due to difficulty in receiving positioning signals Wheeler
(2018).

RFID is a wireless communication technology that uses radio signals to iden-
tify specific targets and read and write related data. There is no need to identify
mechanical or optical contact between the system and a particular target. The
cost is relatively low, and the shortcoming anti-interference ability is poor Liu
(2006). INS is an autonomous navigation system that does not rely on external
information, but the positioning error of inertial navigation technology accumu-
lates over time, and finally the positioning cannot be completed due to excessive
error.

In order to overcome the shortcomings of single navigation technology, many
universities and enterprises began to study integrated navigation technology.
Therefore, the integrated navigation technology has been rapidly developed Fern
(2018).

The integrated navigation system can not only make full use of the informa-
tion of the subsystem, but also complement each other’s navigation methods to
improve the accuracy of navigation and positioning information Rafatnia (2019).
It is also possible to arbitrarily switch the operating modes of each subsystem
to make it flexible and enhance the reliability of the system.

For example, Liu (2006) and Xu (2012) used IEKF for the INS/Wireless
Sensors Networks (WSNs)-integrated navigation for indoor robot, from the paper
we can see that the EKF is fast for nonlinear systems, but its output is greatly
affected by parameter selection.

Integrated navigation used IMM-PF algorithm in Ming (2012), Particle Fil-
tering (PF) has obvious advantages for the processing of state estimation prob-
lems under nonlinear and non-Gaussian conditions Xu (2018), but because of its
large amount of calculation, the real-time performance is poor Sovic (2011).

In this paper, we proposed a method to combine the advantages of EKF
and PF. And then, the interactive multi-model method is used to improve the
positioning accuracy of the robot in the stationary/moving situation.

The rest of this article is organized as follows. The second section introduces
the INS/LiDAR tight combination model structure based on the EKF/PF adap-
tive algorithm. Besides section introduces the IMM algorithm under two different
models of stationary motion model and moving motion model. A Markov chain
for converting the two state of the model, and the weighting filtering result of the
filtered is used to provide distance estimates. The third chapter mainly intro-
duces the experimental environment and experimental results. Finally, fourth
chapter gives the conclusion.

2 The Introduce of IMM-EKF /PF Adaptive Algorithm

In this section, we will introduce the INS/LiDAR tight combination model and
the adaptive method of EKF/PF, and then, the model selection of IMM will be
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investigated. Figure 1 shows integrated navigation strategy combining INS and
LiDAR measurement.

In this model, firstly, INS and LiDAR separately calculate the distance from
the feature point to the robot, in this paper, the feature points use the corner
points extracted by the radar from the environmental information, and (d%idar)2,
(d™%)2 means the LiDAR and INS calculated distance from the feature point
to the robot. Then the optimal error estimates P/ S for INS and LiDAR are
calculated by the IMM-EKF /PF adaptive filter. Finally, the error PTV9 is used
to compensate for the position where the INS is settled separately.

IMM-based
EKF/PF

LiDAR

@y

BPOIMM
INS P
_ Robot
position

Fig. 1. The integrated navigation strategy of the robot localization system.

2.1 The State Equation and Observation Equation of the EKF /PF
Adaptive Algorithm

In this section, we will introduce the state equation and observation equation of
EKF/PF adaptive algorithm used in this article, and how to select EKF or PF
filter will be designed.

Equation1 is the state equation of the PF and EKF for the INS/LiDAR-
based localization model.

Oxy 0xp_1+ T -6Vj_q1sin (d)k_l)
5yk N 6yk—1 + T - 6Vj_1 cos (¢k—1)
Vi | = Vi1 +wy, (1)
o 0k—1
Xk|k—1 f(Xk—1)

where the k means the time index, dx; and dy, mean the robot’s position error
in east and north directions, V means the robot velocity error, ¢ means the
heading angle error, T represents the sample time, wy is the system noise. The
observation equation is listed as Eq. 2.
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Fig. 2. The IMM-EKF/PF adaptive algorithm.
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where vy, is the observed noise matrix of the system, and its covariance matrix
is R.

2.2 IMM-EKF/PF Algorithm

In order to solve the situation that the mobile robot has a pause in the indoor
motion state, we use the IMM algorithm to deal with it. Figure 2 shows the flow
chart of IMM-EKF/PF Algorithm.

Firstly, the optimal error estimate 6Py, 6PoMy is calculated by EKF
and PF under the moving motion model. The Mahalanobis distance of the two
values DY, DM . is calculated, and the value with a smaller Mahalanobis
distance is selected as the output of the filter. Meanwhile, the stationary motion
model §Po” can be calculated in a similar way.

Finally, the optimal error estimate 6Po”, §Po™ are calculated in two states
for output interaction, and the optimal error estimate §Po!M including the
motion model and the stationary model is obtained. Through the above steps, we
get the optimal position error estimate calculated by the EKF/PF adaptive filter
under stationary motion model and moving stationary motion model states.

For each 14th, the Markov transition probability matrix has been listed as
follow.
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[I=0070 (3)

21 7022

where 7 is the conversion probability of the filter.
The weight matrix of each motion model is used as follows.

’Ul]

"u:[v2

; (4)

The moving motion model state equation is listed as follows.

0xy 0xp_1+ T -0Vi_1sin ((;Sk,l)
Oyr | | Syr—1 + T - 0Vi—1 cos (dpr—1) (5)
(5Vk o (5ka1 ’
o OPk—1
——
X1 F(XRL,)

The stationary motion model state equation is listed as follows.

51’k 5{Ek,1
= 6
[5%} [591@1} ’ (6)
—— Y
X3 FXZ0)

The observation equations of the stationary motion model and the moving
motion model are consistent with Eq. 2.

3 Experiment

To verify the validity of the IMM-EKF/PF algorithm, we did a real experi-
ment in the 1st Teaching Building, University of Jinan. The real experimental
environment is shown in Fig. 3.

This experiment mainly uses the following equipment, one LiDAR, one INS,
one mobile robot and one computer. The LIDAR and INS are fixed on the mobile
robot, the computer is used to collect the data returned by the sensor. In order
to synchronize the sampling time of the LiDAR rotation, the INS sampling time
T is set to 0.15 s, same with LiDAR. In addition, the IMM-EKF/PF algorithm

initial parameters are as follows

m-[0303] "

and
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Fig. 3. The real experimental environment
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The model of sensor and mobile robot combination is shown in Fig. 4. From
Fig. 5 we can see four tracks, the black dotted line is the robot’s preset reference
track. The solid green line is the trajectory calculated using only the LiDAR to
the corner point distance least squares method, the solid blue line is the robot
position calculated by INS only, and the red solid line is the trajectory calculated
by the tight combination EKF, the parameters Q = 1072 x I, R =102 x I.
It can be seen from the figure that in the case where the position of the robot
is estimated using only the INS, the error of the INS gradually diverges with
time, and the positioning cannot be caculated. So we can know that INS is not
suitable for positioning alone. Compared with INS, LiDAR uses the position of
the corner points to calculate the position of the robot much more accurately
but the accuracy of the individual points is poor. Tightly combined EKF and
the least squares method calculate the position, the burr is less, the precision is
higher.

Since the EKF is greatly affected by the parameters and the PF is less affected
by the parameter selection, we combine the two filters, and select the output of
the double filters with a smaller Mahalanobis distance as the initial value of the
next iteration.

Under parameters Q = 10° x I, R = 1072 x I, the sampling point of the
PF is 6000, the EKF, and EKF/PF adaptive algorithm effects are shown in
Fig.6. In Fig.6, we can see the EKF employs the parameters Q = 10° x I,
R = 1072 x I, performance is significantly worse than EKF under parameters
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Fig. 4. The mobile robot and the sensors

Q=10°xI, R =102 xI. And the EKF/PF adaptive algorithm performance
is much better than EKF. The error was shown in Table 1.
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Fig. 5. INS trajectory and LiDAR trajectory (Color figure online)
Table 1. Localization error comparing.
Model East Mean [m] | East Std. [m] | North Mean [m] | North Std. [m]
EKF 0.0459 0.0644 0.0708 0.0578
IMM-EKF/PF | 0.0294 0.0261 0.0587 0.0338

Figure 7 shows the EKF /PF adaptive algorithm and the EKF algorithm with
effect of the mobile robot in the presence of parking conditions. The red line is
the robot trajectory calculated by the IMM-EKF/PF algorithm, and the blue
line is the trajectory calculated by the EKF alone, two trajectories are closer.
And Table 2 lists the localization error between EKF and IMMM-EKF /PF.

Table 2. Localization error comparing.

Model East Mean [m] | East Std. [m] | North Mean [m] | North Std. [m]
EKF 0.0320 0.02235 0.0314 0.0232
IMM-EKF/PF | 0.0318 0.02224 0.0309 0.0229

From the Fig. 7 and the Table 2, it can be seen that the performance of the
proposed IMM method is smaller than the EKF tight combination method and
the precision is higher.
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Fig. 7. EKF/PF trajectory and IMM-EKF/PF trajectory (Color figure online)

4 Conclusion

The algorithm in this paper is based on a tightly coupled integrated positioning
strategy of INS/LiDAR mobile robot. The integrated navigation strategy effec-
tively solves the problem of indoor robot accumulating errors over time using
a single sensor INS. In this paper, an adaptive filter of EKF and PF is pro-
posed to solve the problem that EKF is greatly affected by parameter selection.



312 N. Feng et al.

Then based on this, an adaptive algorithm based on IMM-EKF /PF is proposed
to solve the phenomenon that indoor robot have parking during the traveling
process. The effectiveness of the adaptive algorithm of IMM-EKF /PF is verified
by a real experiment to simulate the operation of indoor mobile robot. In the
filter operation phase, there are two EKF/PF hybrid filters, representing two
motion models of the robot, one is the normal motion model and the other is
the stationary motion model. A Markov chain for converting the two state of
the model, and the weighting filtering result of the filtered is used to provide
distance estimates. Compared with the traditional EKF tight combination algo-
rithm, the adaptive algorithm of IMM-EKF /PF obtains better robot positioning
accuracy when the indoor robot has the moving motion and stationary motion
double model.
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