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Abstract. For improving the accuracy of the indoor navigation system,
a Kalman filter (KF) will be proposed to filter the quaternion and to
obtain the acceleration. Then, the human body is tracked based on the
distributed quaternion extended Kalman filter (DQEKF) by combing
with inertial navigation system (INS)/ultra-wide band (UWB) technol-
ogy. In the proposed algorithm, the used local data filter is composed
by four sub-filters, the position information is used as the state vector,
which is more effective in dealing with the noise. In the following, the
outputs of the local filters are the inputs to the main filters for fusion
and provide the best estimate. Finally, experimental results show that
the proposed scheme can reduce the positioning error effectively.

Keywords: Quaternion · Inertial measurement unit · Ultra wide
band · Indoor human localization

1 Introduction

With the development of science and technology, people’s demand of accurate
location information becomes more and more intense. For example, in a large
store, customers can use positioning technology to find the location where they
need to buy items and get the best route more easily [1]. Parents can use posi-
tioning information to locate their children in real time. Positioning technology
is the basis of providing for various location services [6]. However, with the exist-
ing positioning technology, it is difficult to achieve the expected results of indoor
positioning, and indoor metal components, electrical signals, obstacles, etc., will
interfere with the positioning signal, resulting in inaccurate indoor positioning.
For the positioning technology in the indoor environment, how to use the limited
sensor information obtained to eliminate the influence of the complex indoor nav-
igation environment on the obtained pedestrian position information has become
a hot topic of research.
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The Kalman filter (KF) was proposed in the last century and has made a
remarkable contribution to the connection between cybernetics and information
theory. Unlike traditional frequency-domain filtering, Kalman filtering is a time-
domain state predictor. Since there will be some errors due to internal noise and
external interference when collecting data, Filters can correct the data, and this
process can also be seen as a filtering process. In recent years, KF has developed
rapidly. When dealing with some nonlinear systems, the extended Kalman filter
(EKF) comes into play, which is a KF that linearizes expectation and variance [5].

This paper studies a method that can effectively improve the positioning
accuracy. First, KF filters the quaternion to calculate acceleration [3]. Then,
distributed quaternion EKF (DQEKF) filtering is performed on the position
and velocity position of the pedestrian. Then the output of the local filter is
input to the main filter for fusion to eliminate the influence of the complicated
indoor navigation environment on the obtained pedestrian position information
and ensure the continuous stability of the pedestrian navigation information [4].

The remainder of this paper is arranged as follows. Section 2 discusses the
pedestrian positioning scheme based on quaternion. The performance of the
proposed algorithm is verified through simulation results in Sect. 3, and Sect. 4
summarizes this article.

2 Fusion Model

In this section, the indoor pedestrian integrated navigation scheme based on
quaternion distributed filter will be designed in details. Figure 1 shows the block
diagram of the distributed filter. For distributed filters, it includes four sub-filters
and a main filter. In the structure, the sub-filter is used to estimate the system
parameters. Among them, d1, d2, d3, d4 are the distance information collected
by ultra-wide band (UWB). The output of the sub-filter is used as the input
of the main filter to perform data fusion to obtain more accurate pedestrian
position [2]. When the signal is collected, it will be affected by the interference
of external signals and the internal noise of the device, and hence error and
randomness happens in the received signal. In order to obtain the desired signal,
the signal needs to be filtered to eliminate the disturbance.

This procedure includes two steps: KF is used to filter the quaternion, and
DQEKF is designed to filter the position information of pedestrians.

2.1 Quaternion Filtering

A quaternion is used as state vector and the state equation is:

Qq
k = Fq

k−1Q
q
k−1 + Mq

k−1, (1)

where Qq
k =

[
Q1 Q2 Q3 Q4

]T , Mq
k is the noise of Qq

k at time k.
The state matrix is:

Fq
k =

[
I4×4 +

Δt

2
Ω (ck − vk)

]
, (2)
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where ck represents the current gyroscope measurement, and vk is the average
value of the gyroscope measurement in an attitude phase.The definition of Ω (n)
is as follows:

Ω (n) =
[

0 −nT

n − [n×]

]
,∀n =

[
n1 n2 n3

]T ∈ R3, (3)

[n×] =

⎡

⎣
0 −n3 n2

n3 0 −n1

−n2 n1 0

⎤

⎦ . (4)

The observation matrix is:

Hk =

⎡

⎣ 0 −
(
gk − [A (Qq

k)]−1 gk

)T

gk − [A (Qq
k)]−1 gk

(
gk − [A (Qq

k)]−1 gk

)
×

⎤

⎦ , (5)

In the formula, gk = [0 0 G ], G is the gravitational acceleration at the cor-
responding location. A (Qq

k) is the direction cosine matrix:

A (Qq
k) =

(
r2 − eT e

)
I3×3 + 2eeT − 2r [e×] , (6)

where r and e are the scalar part and vector part of the quaternion Qq
k respec-

tively, I3×3 is the identity matrix.
Based on this model, the next step is to design a KF filter. ab

k represents
the acceleration in the carrier coordinate system, converted to the geographic
coordinate system using the filtered quaternion:

an
k = A (Qq

k)ab
k. (7)

2.2 Position Filtering

The DQEKF is used to filter the position and estimate the position. The state
vector consists of position and velocity. The state equation is:

Sl
k

=

⎡

⎢
⎢
⎣

1 0 Δt 0
0 1 0 Δt
0 0 1 0
0 0 0 1

⎤

⎥
⎥
⎦

︸ ︷︷ ︸
Al

k−1

Sl
k−1 +

⎡

⎢
⎢
⎣

Δt2

2
Δt2

2
Δt
Δt

⎤

⎥
⎥
⎦

︸ ︷︷ ︸
Cl

k−1

al,n
k−1 + wl

k, (8)

where Sl
k

= [xk, yk, vx,k, vy,k]T is the state vector of the lth local filter at the time
index k. At time k, [xk, yk] represents the current pedestrian position, [vx,k, vy,k]
represents the current pedestrian speed vector, ak represents the acceleration
vector , the wl

k ∼ N (
0,Bl

)
is the noise of the Sl

k
.

The observation equation is:

dl
i,k =

√
((xk) − (xi))

2 + ((yk) − (yi))
2 = h

(
Sl

k

)
+ νl

k
, i = 1, 2, ... (9)
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Fig. 1. Structure diagram of distributed filter.

Among them, (xi, yi) is the coordinate of the i-th reference node (RN), (xk, yk)
are the location information of the target pedestrian in the east and north direc-
tions, νl

k
∼ N (

0,Rl
)

is the measurement noise.
Firstly, with the initial value Sl

0 and Pl
0, the Sl

k+1 and Pl
k+1 can be predicted

at the time index k via Eqs. (10) and (11).

Sl
k = Al

k−1S
l
k−1 + Cl

k−1a
l,n
k−1 + wl

k, (10)

Pl
k = Al

k−1P
l
k−1

(
Al

k−1

)T
+ Bl

k−1, (11)

where Pl
k represents the covariance matrix of Sl

k. Then, the Sl
k and Pl

k can be
updated at the time index k via Eqs. 12, 13 and 14.

Kl
k = Pl

k

(
Hl

k

)T
[Rl

k + Hl
kP

l
k

(
Hl

k

)T
]−1 , (12)

Sl
k = Sl

k + Kl
k[dl

i,k − h(Sl
k)] , (13)

Pl
k = [I − Kl

kH
l
k]Pl

k , (14)

where Hl
k = ∂h(slk)

∂slk
.

With the local EKF’s output Sl
k and Pl

k, the main filter works to provide
the optimal output by fusing Sl

k and Pl
k by Eqs. (15) and (16).

Sk = Pk

((
P1

k

)−1
S1

k +
(
P2

k

)−1
S2

k +
(
P3

k

)−1
S3

k +
(
P4

k

)−1
S4

k

)
, (15)

Pk =
((

P1
k

)−1
+

(
P2

k

)−1
+

(
P3

k

)−1
+

(
P4

k

)−1
)−1

. (16)
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3 Experimental Testing

In this section, the performance of the above mentioned dual filters is verified
through tests.

3.1 Experimental Environment

The indoor environment selected for this experiment is the lobby on the first
floor of the Machinery Building of the West Campus University of Jinan, as
shown in the Fig. 2. In which, four UWB reference nodes (UWB RNS) are used
to make the measured data more accurate, so that the height of the UWB blind
node (UWB BN) is consistent with the height of RNS. The UWB BN on the
shoulder is used to receive RNS signals to measure the distance between them,
and then process them to obtain the UWB trajectory. The target pedestrian is
shown in Fig. 3, the data measured by the UWB and the encoder on the wheel
are processed as a reference trajectory, the inertial measurement unit (IMU) on
the foot is used to measure the quaternion data, and the computer is used to
collect and process data.

RN
RN

RN

RN

Target pedestrian

Fig. 2. Test environment.



672 J. Cao et al.

Computer

IMU

UWB BN

Fig. 3. Experimental equipment and target personnel.

3.2 Performance Analysis of the Proposed Algorithm

In this chapter, to verify the effectiveness of the proposed algorithm, it is com-
pared with UWB and distributed EKF (DEKF) trajectories. The reference path
and trajectory estimated by UWB, DEKF and DQEKF are shown in the Fig. 4,
which shows that DQEKF can provide accurate path. In addition, the purple cir-
cle in the Fig. 4 represents the position of the UWB RNS, the triangle represents
the starting position, and the square represents the end point. Figure 5 is given
to depict the cumulative distribution function (CDF), and the Fig. 5 shows that
the DQEKF has good estimation performance. To be more convincing, Table 1
lists the root mean square error (RMSE) of the estimated positions for UWB,
DEKF, and DQEKF. It can be seen from Table 1 that the RMSE is larger than
that of UWB due to the large error in the intermediate position of the DEKF
experiment. The RMSE estimated by DQEKF is the smallest at 0.358 m and
0.297 m in the east and north positions, respectively.
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Fig. 4. The estimated path is provided by DQEKF, DEKF and UWB.
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Fig. 5. The CDFs of the DQEKF, DEKF, and UWB.

Table 1. The RMSE (m) generated by UWB, DEKF and DQEKF

Filter RMSE

East North

UWB 0.474 0.385

DEKF 0.930 0.5058

DQEKF 0.358 0.297
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4 Conclusion

This article studies how to perform distributed filtering on quaternion and loca-
tion information. The acceleration is calculated from the filtered quaternion, and
then the pedestrian’s position and velocity information is used as the state vec-
tor, and the distributed EKF is used for filtering. In this algorithm, four EKFs
are used as local data fusion filters, and the output of the local filters is used as
the input of the main filter. The fusion obtains the optimal estimation, thereby
obtaining more accurate pedestrian position information. The experiment test
results show that comparing with the traditional model, the presented design
model can effectively reduce the error.
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