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Abstract. Commercial and industrial sectors are increasingly deploying
inertial measurement unit (IMU) and ultrawideband (UWB) for motion
control, automation, and positioning applications, such as intelligent
manufacturing, smart homes and smartphones. However, it does not per-
form well in a multi-obstacle environment, such as the problem of locating
workers in a multi-worker environment and finding cars in a large park-
ing lot. This is because IMU can provide a low-cost and accurate iner-
tial navigation solution in a short time, but its positioning error increases
rapidly over time as a result of accumulated accelerometer measurement
errors. On the other hand, even under line-of-sight (LOS) settings, UWB
positioning and navigation accuracy is impacted by the real environment,
resulting in unreliable leaps. Therefore, it is difficult to achieve high accu-
racy positioning using single positioning and navigation system in indoor
environments. In this paper, a robust UWB and IMU fusion indoor local-
ization system based on adaptive dynamic Kalman Filter (ADKF) algo-
rithm has been proposed which relies on motion continuity and can be
applied to indoor complex multipath environment. Specifically, in order
to mitigate non-line-of-sight (NLOS) errors, one novel range-constrained
weighted least square (RWLS) algorithm is presented. The experimental
results show that both algorithms can mitigate NLOS errors effectively
and reach a particular degree of robustness and ongoing tracking capabil-
ity in integrated indoor positioning system (IPS).

Keywords: Kalman Filter (KF) - inertial measurement unit (IMU) -
ultrawideband (UWB) - indoor positioning system (IPS)

1 Introduction

The accuracy of current navigation systems, such as the Global Positioning Sys-
tem (GPS) and the Global Navigation Satellite System (GLONASS), is high
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when used outdoors but very low when used indoors [1]. As a result, pre-
cise indoor localization and tracking have gained popularity and given rise to
a number of applications, including augmented reality, intelligent advertising,
and customer navigation. Recent publications of a wealth of research [2-10]
demonstrate the growing interest in indoor location and tracking systems, which
employ wireless signals, cameras, inertial measurement units (IMU), ultrawide-
band (UWB), etc.

IMU is the core of the inertial navigation system (INS) including a three-axis
accelerometer and gyroscope [11]. The attitude information and motion charac-
teristics of the object, such as acceleration, angular velocity and angle can be
acquired by IMU [12]. The position of the carrier can be directly determined by
mathematically integrating the acceleration without the use of a reference base
station. Due to its low cost, minimal influence on the environment, and high
accuracy in a short time, INS is frequently employed in moving target place-
ment and navigation scenarios for aircraft, automobiles, pedestrians, and other
moving targets; nevertheless, the error grows quickly with time [13]. Addition-
ally, many indoor positioning systems use ultra-wideband (UWB) technology
[14], constructing several non-visual distance processing techniques, such as the
channel model [15], multipath component estimate [16], and theoretical lower
band of positioning errors [17].

Utilizing nanosecond non-sinusoidal narrow pulse transmissions, UWB is a
successful communication technology for position-sensing sensor networks [18].
Achieving centimeter-level range precision, UWB benefits from short pulse inter-
vals, high time resolution, and robustness to the multipath effect [19,20]. Due to
its high-frequency spectrum, UWB is only appropriate for a line-of-sight situa-
tion. When object occlusion occurs, the range accuracy of UWB is significantly
decreased. As can be observed, employing simply IMU or UWB to obtain high
accuracy in complicated indoor conditions is challenging.

To achieve high robustness and accuracy of the indoor localization system,
this article focuses on the integration of IMU and UWB based on Kalman Filter
technique. We propose a RWLS algorithm based on the distance constraint for
UWB positioning and then an ADKF algorithm combining IMU and UWB based
on motion continuity. Extensive experiments show that both algorithms can
mitigate NLOS errors effectively and reach a particular degree of robustness and
ongoing tracking capability in indoor complex and dynamic environments.

The main contributions are summarized as follows:

— We propose a RWLS algorithm based on the distance constraint, which can
mitigate NLOS errors.

— A loosely coupled ADKF tracking algorithm is proposed to combine IMU
and UWB, which can effectively reduce uncertain jumping caused by complex
indoor environment.

— Extensive real-world experiments are performed to validate our algorithms.
The experimental results show that our algorithms perform better in dynamic
and complex indoor environments.
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Fig. 1. Positioning in a complex indoor multipath environment.

2 Related Work

Complementary characteristics of IMU and UWB are considered to improve posi-
tioning accuracy. An improved PDR/UWB integrated system is proposed based
on the variable noise variance (VNV) Kalman Filter algorithm to dynamically
adjust the noise distribution through a non-line-of-sight evaluation function [21].
An integrated indoor positioning system (IPS) combining IMU and UWB is pro-
posed through the extended Kalman Filter (EKF) and unscented Kalman Filter
(UKF) to improve the robustness and accuracy [22]. The federated derivative
cubature Kalman Filter (FDCKF') method is proposed by combining the tradi-
tional Kalman Filter and the cubature Kalman Filter then the observations of
the UWB and the IMU can be effectively fused [23].

The algorithms proposed by predecessors can be applied to industrial robots,
power plant positioning technology, judicial prisons, industrial warehouses and
other relatively simple environments. However, in complex environments such
as large parking lots and factories with a large number of workers, multi-path
effect and non-line-of-sight effect will lead to poor location results.

3 Single Sensor Positioning Algorithm

In this section, we first introduce the IMU-based and UWB-based positioning
algorithms, and propose a range-constrained weighted least square (RWLS) into
UWRB localization algorithm. The IMU sensor consists of a three-axis accelerom-
eter and gyroscope. The UWB sensors consist of four base stations (BSs) with
known positions and an unknown position tag.

3.1 Inertial Sensor Positioning Algorithm

The updating of the attitude matrix calculation in the strap-down INS (SINS)
and the transformations of various coordinate systems have both received a lot
of attention [24].
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Fig. 2. System Overview.

UWB module

It is crucial to use the suitable coordinate system in order to accurately
characterize the tag’s space motion state. Assume that the world coordinate
system is Oz, Y2 and that Oxzpypzp represents the body coordinate system,
respectively. The attitude matrix of the carrier is the coordinate transformation
matrix between the world coordinate system and the body coordinate system.
The coordinates of the accelerometer and gyroscope in the system belong to the
body coordinate system. While the world coordinate system is where the final
results of acceleration, velocity, and position belong. Madgwick’s algorithm [25] is
considered to solve this problem of its low computational cost. Then the rotation
matrix R can be obtained from the three-axis acceleration and gyroscope data.

The acceleration in the body coordinate system, a® is expressed in Eq. (1).
b T
a’ = [a} al; ab | (1)

Thus, the acceleration in the world coordinate system, a®*, can be obtained by
the coordinate transformation:

a®! = [a¥! ay! a;"l]T = Ra®. (2)

After subtracting the gravitational acceleration, the acceleration is a®:

w wl
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Let v™ (t;) represents the velocity in the world coordinate system at the time ¢;.
Then, the velocity in the world coordinate system at the time ¢;41, v* (tj4+1),
can be acquired by using the acceleration integral as shown below.:
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Let P" (t;) represents the position in the world coordinate system at the time
t;, and then the position in the world coordinate system at the time ¢;1,
P™ (tj+1), can be calculated as follows:

Py (tj41) P (t;) vy 1|
PY (tiy1) | = | PP (L) | + [v¥ At+ 5 | ay At?. (5)
P (tj41) P (t;) vy a?

3.2 Ultra-wideband Positioning Algorithm

The ranging-based technique is typically used in the two-step UWB positioning
approach. Measuring the distances between the unknown node and anchor nodes
is the first step. The position of the unknown node is determined in the second
phase by using distance information.

In our approach to range measuring, we employ the SDS-TWR optimization
algorithm [26]. We use multilateration to establish the tag’s position depending
on the distance once the range measurements are finished. In particular, Fig. 1
illustrates a multilateration case in which the separations between the tag and
four BSs are assessed. The tag should ideally be situated near the intersection of
four circles centered on four BSs in the 2-D plane. Due to range error, particularly
in the non-line-of-sight range, the intersection is typically not singular.

Suppose that the coordinates of unknown tag and the ith BS are (x,y) and
(24,9:), respectively. Then, the real distance between the unknown tag and the

1th BS, d; can be written as \/(l‘l — x)2 + (ys — y)Q. The distance between the
mobile tag and the ith BS is d}. Therefore, the difference between the actual dis-
tance and measured distance is calculated by p; = d; — d}. We use the traditional
LS approach to minimize the value of """, p? to cope with the range noise. For
each distance, the following equations are used to calculate the position of an
unknown tag;:

a3 = (x1 — 30)2 + (g1 — y)?
d3 = (x2 — 93)2 + (y2 — y)2

d?L = (xn - x)Q + (yn - y)2

Let’s remove the first equation from all the others to get

AX =, (7)
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where
T2 —T1 Y2 — U1
T3 —T1 Y3 — Y1
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Every range value in the LS approach has the same weight. The fact that the
range error varies on each side makes it obvious that it is not very appropriate.
The weighted least square (WLS) [22] approach was suggested by Daquan Feng
et al. to address the issue. When the tag is nearer the BS during the ranging
process, it is believed that the ranging error is lower. As a result, adopting a
heavier weight for the smaller range value further reduces positioning error. The
reciprocal of the ranging value d yields the weighting coefficient 7 as follows:
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Then, the WLS solution of X is calculated as follows:
X = (A"nA)"" ATnp. (10)

In actual environments, due to the complexity of space and the movement of
pedestrians, the view that the closer the tag is to the BS, the smaller the rang-
ing error may be untrue. Thus, we propose the range-constrained weighted least
square (RWLS) algorithm based on the former position constraint to solve this
problem. Due to the short sampling time of UWB, there is no obvious position
change between two adjacent sampling points, which means continuity of move-
ment. Assuming that X;, , is the former position, we introduce the ranging error
factor Am;_ ;, which is the ranging error of the ith base station at the time ¢;.

Am; ;= |dis (Xy,_,, (i, y:)) — dijl (11)

where dis() represents the distance between two points and d; ; mean the mea-
sured distance from the tag to the ith BS at the time ¢;. The error factor and
d; ; is normalized as follows:

Amg
Amij =%
’ ’(Lf A i.q
Zz(;-l' m 5] (12)
di,j - ?,]

Zi:l di,j’
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We assign a higher weight for the smaller ranging error factor and smaller
range d, the positioning accuracy will be further improved. Then we can get a
new matrix of coefficients Npey as follows:

1
Amg,]‘ dzyj 0 0 0
0 T 0
Amsg jds,
Thew = S (13)
0 0 " 0
1
0 0 O Amn,jdn,j
Finally, the positioning result at the time ¢; is obtained:
-1
X, = (ATnnew A) AThew b. (14)

The complete RWLS algorithm is shown in RWLS algorithm.

RWLS algorithm

Input: n,m, (.Ti, yl) 5 th71 s d@j
1: n = numbers of BSs
m = numbers of UWB samples
2 : for j from 1 to m
3: Initialization

ifj=1:
1
@1 0 0 O
0 ﬁo 0
n= o
0 O .0
0 0 0 g
else:

4: Calculate error factor
for 7 from 1 ton:

Ami,j = ’dlS (th—h (zz,yz)) — di,j|

5: Normalized
L _Ami o dij
. Amij XM dij = i diy
6: New coefficient matrix

1
Amgddg_j (1) O O
0 Amgyjdgyj O 0
’[7 =
0 0 0
0 0 0 !

end
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7: Position .
Xy, = (ATUA) ATnb

end
Output: P,

4 Fusion Algorithm Based on UWB and IMU

It is known that the linear Kalman Filter can calculate the ideal carrier state
in the linear Gaussian model, provided that the noise from the IMU and UWB
sensors is independent of one another and that both abide by the Gaussian distri-
bution with zero mean and variance ¢2. In this section, we propose an adaptive
dynamic Kalman Filter (ADKF) algorithm based on the distance constraint.
The design of an indoor positioning system based on the combination of IMU
and UWB is shown in Fig. 2.

We first use UWB to provide the initial position Xy by RWLS algorithm and
initial velocity, V, = V,, = 0. The state vector of the tag is X1 as follows:

Xp1 = (15)

SN T

Assuming that the tag motion satisfies the uniformly accelerated motion model
in a short time, we predict the state X k|k—1 by acceleration based on Madgwick’s
algorithm as follows:

Xpjp—1=AXp_1 + Bu

(16)
Pyjj—1 = AP, AT 4+ Q,
where
10t0 t2 0
az (010t o : . .
u= {ay} A= 00101 B = ‘0 and (@ is the process noise variance.
0001 0t
Here ¢ is sample interval. Then we calculate the UWB location results Y, =
[P”’ wB } by the RWLS algorithm as observation. The relationship between the
Yuw B

state vector and the observed values is as follows:

Y = HX, (17)

1000

where H = 0100}
The variety of indoor environments may lead to the occurrence of non-line-
of-sight ranging. Since the tag motion changes very little in a short time, we
consider introducing dynamic measurement variance adjustment based on the
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former position constraint. The distance between the current UWB position and
the former optimal estimated position is defined as e:

& = dis (Yk,f(k,l(o : 2)) , (18)

where dis() represents the distance between two points. When the ranging error is
larger, the UWB positioning deviation will be larger. Then a larger measurement
noise variance should be assigned. We set an empirical threshold AX to judge
the reliability of the current measurements to dynamically adjust observation
noise variance as follows:

R{ Ro,ESAX (19)

EARg, e > AX

where A is the scale factor and Ry is initial measurement noise variance. The
corresponding Kalman gain is calculated according to the observation noise vari-
ance: )

Ky = Py H (HPyy—1H" + R) . (20)

The state is updated with UWB location results as follows:
Xi = X1 + Ko (Yk - Xk\kq) : (21)
The covariance matrix is updated as follows:
Py = Pyjp—1 — K Prjp—1- (22)

The complete algorithm is shown in Adaptive Dynamic Kalman Filter
algorithm.

Adaptive Dynamic Kalman Filter algorithm

IHPUt: XOu P07 Yk:7 RO7 Q7 n,m, (:I;'h yz) ) d’i,j7 A'Xﬂ A
initial position

. Xo = RWLS ((zi,9:) i), Xo = [XZ 00]"
cfork=1:m

u = Madgwick’s algorithm (accy, gyro;)
: Predict

: Xk\k—l = AXk71 + Bu

: Pyp—1 = AP, 1 AT +Q

Vi = RWLS (i, 94) , dig, K1)
: Threshold judgment

- IF dis (Yk,f(k_l(o : 2)) > AX

0. R=dis (Yk,Xk_l(o : 2)) ARy
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11: else

12: R = Ro
13: end

14: Update

15: Kk = Pk|k_1H (HPk|k_1HT + R)_l
16: X = Xk|k71 + Ky (Yk - Xk|k71)
17: Py = Prjr—1 — K Prjp—1

18: end .

Output: X

. f f .
-IU I.
Egz

|>- T 9

Fig. 3. The 17th floor plan of the laboratory building.

5 Implementations and Evaluations

In this section, we evaluate the performance of the proposed algorithms by
experiments. Firstly, we compare the RWLS algorithm to other UWB local-
ization algorithms (LS and WLS). Then, for the ADKF algorithm, we conduct
the comparison experiment with traditional KF algorithm and the single UWB
localization algorithms, and verify the practical effect of ADKF algorithm.

5.1 Experimental Setup

We evaluate our algorithms for different base station placements and multi-
ple pedestrian movements resulting in LOS and NLOS situations. Hardware
configuration has a 4-UWB anchor (MAX2000/DWM1000) and a 6-axis 1
UWB/MEMS-IMU (MPU6050) tag. Two scenarios are set up on the 17th floor
of the laboratory building as shown in Fig. 3, namely scenario 1: no pedestrian
movement (LOS), and scenario 2: multiple pedestrian (8-10 volunteers) move-
ments (NLOS), which have lots of non-line-of-sight and reflection paths as shown
in Fig. 1.
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Fig. 5. RWLS algorithm evaluation in scenario 2.

5.2 RWLS Algorithm Evaluations

Figure 4 shows the experiment of RWLS, WLS and LS algorithms in scenario 1.
In the LOS scenario, the maximum errors of RWLS, WLS and LS algorithms are
28.84 cm, 30.60 cm and 37.71 cm, respectively. The average errors of RWLS, WLS
and LS algorithms are 6.25cm, 7.83cm and 9.67 cm respectively. The average
positioning accuracy of RWLS is improved by about 35% compared with LS
algorithm and improved by about 20% compared with WLS algorithm. RWLS
algorithm is superior to WLS and LS as shown in the cumulative probability
distribution function, error graph and boxplot. Figure5 shows the experiment
of RWLS, WLS and LS algorithms in scenario 2. In the NLOS scenario, the
maximum errors of RWLS, WLS and LS algorithms are 34.82 cm, 43.71 cm and
51.70 cm, respectively. The average errors of RWLS, WLS and LS algorithms are
12.04 cm,14.30 cm and 15.04 cm respectively. The average positioning accuracy of
RWLS is improved by about 20% compared with LS algorithm and improved by
about 16% compared with WLS algorithm. RWLS algorithm can alleviate non-
line-of-sight error very well according to the cumulative probability distribution
function, error graph and boxplot.
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5.3 ADKF Algorithm Evaluations

Figure 6 shows the experiment of ADKF, KF, WLS and LS algorithms in sce-
nario 1. In the LOS scenario, the maximum errors of ADKF and KF algorithms
are 22.73 cm and 30.84 cm. The average errors of ADKF and KF algorithms are
5.34cm and 7.23 cm. Compared with the KF algorithm, the average positioning
accuracy of ADKF is improved by about 26%. Further, compared with LS algo-
rithm, ADKF algorithm effectively improves the positioning accuracy of 45%.
Figure 7 shows the experiment of ADKF, KF, WLS and LS algorithms in sce-
nario 2. In the NLOS scenario, the maximum errors of ADKF and KF algorithms
are 28.76 cm and 48.98 cm. The average errors of ADKF and KF algorithms are
8.66 cm and 11.54 cm. Compared with KF algorithm, the average positioning
accuracy of ADKF is improved by about 25%. Further, compared with the LS
algorithm, the ADKF algorithm effectively improves the positioning accuracy of
42%. 1t implies that ADKF algorithm can well adapt to the dynamic changes of
the environment and achieve a high positioning accuracy.

6 Conclusion

In this article, a range-constrained weighted least square (RWLS) algorithm and
an adaptive dynamic Kalman Filter (ADKF) algorithm combining IMU and UWB
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based on continuity of movement are proposed. Experiments show that RWLS
algorithm can alleviate the non-line-of-sight positioning error due to complex
indoor environments. The state equation of the KF is calculated by the data
from the IMU, whereas the observation equation of the KF is calculated by the
data from the UWB. The ADKF algorithm, which can effectively reduce posi-
tioning data jitter, is introduced to improve positioning accuracy. It is based on
several observation BSs and an IMU. The experimental results show that our pro-
posed RWLS algorithm clearly improves the positioning accuracy by about 20%
compared to LS algorithm. Further, compared with LS algorithm, our proposed
ADKF algorithm effectively improves the positioning accuracy of 42%.
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