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ABSTRACT

Occupational safety and health (OSH) in industrial environ-
ments is gathering increasing attention in the era of Industry
4.0. In this context, location based services (LBS) can be
adopted to support workers’ safety in hazardous industrial
environments. However, the provision of accurate location
service in these harsh environments still faces big challenges.

To address these challenges, this paper presents a robust
hybrid localization algorithm that combines ultra-wideband
(UWB) based ranging measurements and inertial measure-
ment unit (IMU) data. The algorithm has been implemented
on a proprietary wearable platform and its performance has
been evaluated in an indoor environment. The experimen-
tal results show that the proposed hybrid algorithm outper-
forms a non-hybrid, UWB-based, Position — Velocity (PV)
extended Kalman filter (EKF), which has been chosen as
benchmark, in terms of both location accuracy and avail-
ability. Thanks to a modular approach, the proposed solu-
tion also leads to a lower computation processing compared
to other hybrid solutions.

Keywords

Radio-based localization, UWB, IMU, wearable technology,
Kalman filter, Industry 4.0.

1. INTRODUCTION

In the era of Industry 4.0 [12], the application of cyber
physical systems (CPS) and, in general, the adoption of in-
formation and communication technology (ICT) are playing
an important role as these contribute to the transformation
of traditional working environments in a way that are both
more productive and appealing for workers.

Another important aspect of Industry 4.0 is the workplace
safety that has been triggering the adoption of innovative
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ICT solutions mainly based on wearable devices. For exam-
ple, wearable technology can be used by workers in order to
prevent their access to dangerous areas, such as regions of
the shop floor in which there is a presence of high heat or
toxic gas or other types of hazards. To this purpose, radio
frequency (RF) positioning systems can be employed in or-
der to alert workers approaching these dangerous areas. It
is remarked that global navigation satellite systems (GNSS)
cannot be used for these applications as the satellite signal
is obstructed in indoor environments.

Many proposed indoor positioning systems are based on
the ultra-wideband (UWB) radio technology as it provides
accurate ranging measurements with a precision proportional
to the signal bandwidth and independent from the environ-
ment [5]. In addition, the UWB technology is low cost,
provides lower power consumption, in comparison to other
radio technologies, and it is robust against interference and
fading. Typically, in office scenarios, the UWB positioning
error is in the order of centimetres. However, the perfor-
mance of UWB-based localization systems is heavily affected
in industrial environments due to high amount of metal sur-
faces, electrical motors, soldering robots, etc. [11]. In order
to be more robust, location systems based only on inertial
measurement unit (IMU) have been proposed [3][8]. The re-
lated position accuracy depends on the sensor quality and
the ability to estimate its orientation in a robust way [2]. In
addition, these location systems are infrastructure indepen-
dent as they do not need the deployment of anchor nodes
and provide good short-term accuracy, but lack in long-term
stability due to biased measurements [6].

This paper, presents a hybrid localization system for in-
dustrial environments combining UWB-based ranging mea-
surements and IMU data. In particular, the localization
system uses a two-cascade Bayesian algorithm for a robust
position estimation taking into account drifting problem of
IMU sensors. In addition, the localization algorithm esti-
mates the sensors’s orientation (named attitude) and de-
tect/remove ranging measurements outliers.

This paper is structured as follows: section 2 presents the
related works. Section 3 presents the overview of the hybrid
localization system as well as the application scenario. Sec-
tion 4 shows a designed UWB-based wearable device for the
hybrid algorithm implementation. Section 5 describes the
designed hybrid localization algorithm. Section 6 exposes
the experimental results and section 7 concludes this work.
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2. RELATED WORKS

Some localization approaches have been proposed in the
literature with the aim to enhance their performance in
harsh industrial environments. The authors in [9] presented
a method to reduce the self-interference of radio-based rang-
ing measurements in order to enhance the accuracy of the
estimated position. Other authors have focussed on inertial
navigation systems proposing pedestrian dead reckoning lo-
calization [3][8]. In order to estimate sensor’s orientation in
a robust way, mechanisms for bias estimation and attitude
error compensation have been developed; either by taking
assumptions on the movement of persons or introducing ad-
ditional sensors [6] such as a magnetometer for the heading
computation. However, the magnetic field might be highly
disturbed in industrial environments making the bias and at-
titude error correction challenging. The authors in [10] pre-
sented an effective and adaptive IMU/Magnetometer based
filter for an attitude and heading reference system (AHRS).
The experiments in [10] proved that the proposed method
can improve the orientation estimation performance of low-
cost IMU sensors. Also the authors in [2] presented a com-
parison of several state-of-the-art AHRS algorithms propos-
ing an approach to improve their behaviour in industrial
environments. Special emphasis has been given to the ef-
fects of magnetic perturbations. The experimental results
showed that the proposed approach is highly recommended
for a better orientation estimation performance in challeng-
ing environments.

Furthermore, many authors have proposed hybrid solu-
tions combining different technologies. In [6] a localization
system was presented fusing both received signal strength
(RSS) ranging measurements and IMU measurements. The
system was tested in an industrial environment providing an
accuracy of 2 meters [6]. Notwithstanding RSS/IMU fusions
are widely used, the localization accuracy is low. UWB/IMU
fusions have recently received more attention, since they can
achieve good position accuracy even at low update rates of
ranging measurements, e.g. 1 Hz [4]. The authors in [4] pre-
sented a low-cost system for accurate localization in chal-
lenging environments that fuses UWB/IMU measurements.
The system was tested both in outdoor and indoor environ-
ments. It was shown that the hybrid system can maintain
a sub-meter accuracy of localization with an UWB update
rate reduced from 10 Hz to 0.2 Hz.

The contribution of this paper is a hybrid localization
algorithm that has been designed adopting a modular ap-
proach. In particular, the algorithm distributes the process-
ing effort in a two-cascade extended Kalman filter (EKF).
The first EKF implements the AHRS presented in [10] for
the attitude estimation. In addition, here the approaches
described in [2] are used to improve the performance of the
AHRS in industrial environments. The second EKF imple-
ments a proposed Position—Velocity — Acceleration (PVA)
model to perform the localization. As a result, it is possible
to perform reliable pedestrian localization in industrial en-
vironments by means of wearable devices and thus support
the workers’ safety.

3. OVERVIEW OF THE HYBRID LOCAL-
IZATION SYSTEM

Figure 1 presents the overall architecture of the localiza-
tion system. It consists of an UWB-based indoor position-

ing system, able to estimate the location of workers on the
basis of a prototype UWB-based wearable device. The sys-
tem is composed of the UWB-based wearable device, pre-
sented in more detail in section 4, (named tag), UWB fixed
nodes (named anchors), and an UWB gateway (GW). The
tag periodically communicates with the anchors perform-
ing time-of-arrival (ToA)-based ranging measurements [5].
These measurements along with the position of the anchors
and the inertial measurements collected from the tag’s IMU,
are processed by the localization algorithm implemented in
the wearable device to estimate the worker’s position. As
soon as the estimated position is available, the tag sends it
to the GW interacting with a computer which collects the
estimated data. Figure 1 shows an example of application
scenario related to occupational safety. In this scenario, in
order to guarantee the safety, the PC implements an appli-
cation that provides alerts based on a geo-fencing logics ser-
vice by using a classical point-in-polygon algorithm: given
a set of predefined forbidden/dangerous areas at the shop
floor and the estimated workers’ position, the geo-fencing
application detects wether they are inside these areas, and
generates an alarm if necessary.
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Figure 1: Overall architecture of the localization sys-
tem.

4. OVERVIEW OF THE UWB-BASED WEAR-

ABLE DEVICE

This section presents the hardware (HW) features of the
UWB-based wearable prototype, showed Figure 2, that has
been used as a tag to test the localization algorithm. The
size of the prototype is 46 mm x 29 mm.

The STM32F411 ARM Cortex F4 Microprocessor from
ST Microelectronics! has been selected as the main process-
ing unit. The wearable integrates two different wireless tech-
nologies that can be used for communication: a UWB radio
module, which is mainly used for localization and small pay-
load communication; and a Bluetooth Low Energy (BLE)
module that can be used to transmit information to smart-
phones and other devices, e.g. tablets. In addition, an IMU
sensor has been integrated to enable the hybrid localization.

"http://www.st.com



Figure 2: UWB-based wearable platform.

The UWB radio module is based on the DWM1000? com-
ponent which is compliant with the IEEE802.15.4a standard
[7]. It allows distance measurements between two devices
with an accuracy of up to 10 cm in LoS. Under ideal cir-
cumstances this chip will be able to measure distances up
to 300 m. The module uses centre frequencies of 3495.4,
3993.6, 4492.8 or 6489.6 MHz respectively and operates at
bandwidths of 499.2 or 900 MHz. In addition, the ranging
can be performed at data rates of 110 kbps, 850 kbps or 6.8
Mbps.

The BLE module is based on the SPBTLE-RF® compo-
nent which is compliant with the second generation BlueNRG-
MS chip* and provides a low power solution. This module
operates as a radio receiver that also implements most of
the Bluetooth 4.1 stack.

Finally, the IMU sensor is based on the MPU9250° device
which includes a 3-axis gyroscope, 3-axis accelerometer and
3-axis magnetometer in one package.

Furthermore, the prototype also incorporates a USB port,
LEDs and free GPIO pins and provides means for adding
additional sensors in the future.

5. HYBRID LOCALIZATION ALGORITHM

Figure 3 presents the architecture of the localization al-
gorithm. In particular, there are two main blocks involved
in the localization: Attitude estimator, presented in section
5.1, and Location estimator, presented in section 5.2. The
Attitude estimator provides orientation information as well
as bias tracking for the gyroscope measurements. The Loca-
tion estimator tracks the position and velocity of the target,
and the bias of the accelerometer taking as input both the
attitude and UWB-based range measurements. Since the
readings of the sensors (i.e. UWB/Inertial/Magnetic mea-
surements) have different update rates, the attitude and the
localization modules can be executed at different intervals
of time; thus, this helps distributing the processing efforts.
Moreover, the disturbances that affect the performance of
the hybrid algorithm are managed by the Correction control
block and the outliers filter. The Correction control block
performs analysis of the IMU measurements. This block

*http://www.decawave.com/products/dwm1000-module
http://www.st.com/en/wireless-connectivity /spbtle-rf.
html
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Shttps://www.invensense.com /products/motion-tracking/
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is described in section 5.1. The outliers filter processes the
ranging measurements and rejects ranging distances. In par-
ticular, ranging measurement with respect to an anchor can
be rejected when the difference between the current esti-
mated distance and the previous one, divided by the time
step, is larger than the defined maximum walking speed of
a person.

5.1 Attitude estimator

This block uses routines to compute and correct the sen-
sor’s attitude and the bias of gyroscope measurements by
means of: the Orientation computation, the EKF attitude
error estimator and the Attitude correction components in-
side the AHRS block.

The Orientation computation uses gyroscope measurements
to update the tag’s attitude by using a Padé approximation
[4]. The attitude is expressed as the direction-cosine-matrix
(DCM) from body (b)-frame to navigation (n)-frame. Since
the drift in gyroscope measurements increase in time, an
error into the updated attitude will increases each time the
Pade approximation is performed. Thus a method for track-
ing the bias and the attitude error has to be adopted. To this
aim, the AHRS algorithm presented in [10] has been adopted
and implemented by the EKF attitude error estimator com-
ponent. This EKF estimates the attitude error expressed in
Euler angles and the bias of the gyroscope measurements
by means of accelerometer/magnetometer measurements in
b-frame. The main characteristic of this component is the
effective adaptability to set the EKF parameters according
to the dynamic scale sensed by the accelerometers. The At-
titude correction component adjusts the updated attitude by
means of the tracked errors as in [8].

In general, AHRS algorithms are only able to track the
previously mentioned errors in a reliable way under ideal
conditions, i.e. no significant acceleration and magnetic dis-
turbances. Thus the submodules in the Correction control
block (i.e. SP/ZA/MD detectors) [3] have been fostered
to detect the right time to track those errors. Then, the
proper time to enable the AHRS block is when no magnetic
disturbances are presented (established by the magnetic dis-
turbances (MD) detector), and when there are static periods
or zero acceleration instants (determinated by the static pe-
riods (SP) detector and the zero acceleration(ZA) detector,
respectively).

5.2 Location estimator

This block implements an EKF that uses a PVA model
to represent the dynamics of the system. The location of
the worker is computed here in two steps: the EKF predict
phase and the EKF update phase. The predict phase uses the
estimated attitude presented in section 5.1, the accelerom-
eter measurements and the dynamic equations to provide
the a priori location information. The update phase uses
the UWB-based ranging measurements to update and cor-
rect the predicted position by the previous phase as well as
to track the bias of the accelerometer. In case the anchor
connectivity is limited, the update phase cannot be imple-
mented. However, a priori location information estimated
in the predict phase can be used to provide accurate posi-
tion estimation but over a short-period of time. This short-
period depends on the bias of the accelerometer readings,
since this affects the performance of the predicted positions.
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Figure 3: Block Scheme of the Hybrid Localization Algorithm.

5.2.1 EKF PVA Implementation

The EKF performance depends heavily on how well the
systems dynamics and measurements, including their sta-
tistical characterization, are modelled; therefore, a properly
definition of the state model that describes the system dy-
namics is relevant. This section focuses on the design and
development of a low-complexity tracking algorithm in a low
dynamics scenario, i.e., localization workers in industrial
environments. As mentioned, the dynamics of the system
follow a PVA model. The state vector () in Eq. 1 ex-
presses the position, velocity and acceleration bias expressed
in NED (North-East-Down) coordinates.

x = [p,v,8a]”, (1)

where, p and v are position and velocity vectors, respec-
tively, expressed as p = [pn, De, pa] and v = [vn, Ve, v4], and
da is the acceleration bias defined as da = [dan, dac, daq).
Where the bias da is the difference between the measured
acceleration (@™) and the true acceleration (a™) both in the
n-frame as da”™ = a™ — a™. In addition, a™ is computed by
rotating the accelerometer measurements from b-frame to
n-frame by means of the DCM obtained from the Attitude
estimator (see section 5.1) as @" = CF' x @*. Where C' is

the DCM from b-frame to n-frame.
The equations that describe the dynamics of the system
are the following:

P = pi_1 TR Aty + ail At} /2, (2)
vy =vp_; +apAty, (3)
ap =ay, (4)

where, Aty is the time elapsed between the previous esti-
mation time t;x_1 and the current estimation time t. The
measured acceleration in n-frame is considered as an input
to the system.

The predict phase and the update phase are further de-
scribed in the following.

Predict phase

The discrete EKF state of a dynamic system is modelled
by the following discrete time state equation [1].

) = f(Tr_1, 1y) + Wk, (5)
Wi NN(O’ Qk)v

where x, is the state vector at time k, f is the state tran-
sition function which evolves the previous a posteriori state

vector xj—1 and the input p, to the system. The random
process noise vector wy is modelled as an independent ran-
dom variable with zero mean and covariance matrix QQr. The
process noise vector takes into account the non-linearity and

perturbations of the system.
The prediction of the state vector is estimated as follows:

Epip—1 = f(@r_1)p—1, M) = Fu®r_1jp—1 + Bty (6)

where Fj, = %"ik—l\k—l is the Jacobian matrix of the state
transition function f and By relates the input p, with the
dynamics of the system.

I3 Atgls 7CgkAti13/2
Fp=103 I3 —-Cp Atplz |, (7)
03 03 I3
At%[3/2
By = Aty , (8)
03

where I3 is a 3x3 identity matrix and 03 is a 3x3 matrix
with all O entries.

The covariance Pyx—1 associated to &xx—1 is also evalu-
ated from the previous a posteriori P,_1),—1 and the process
noise covariance matrix Q.

Pi—1 = FuPe_1ji—1 FY + Qk, 9)
At%[3/2 O, 0 0 At%[g/Q T
Qr = Aty I3 0 0'22 0 Aty I3 , (10)
I3 0 0 0?13 I3

where d%, 33 and d2 are the variances of an independent
random accelerations that allow to track the different forces
that could temporally affect target’s dynamics (e.g., friction)
(1].

Update phase

This phase occurs at time k, when an observation vector
zk, becomes available. This vector is modelled as follows [1]:

z = h(zy) + v, (11)
Vi NN(O’Rk)7

where zj is the measurements vector at time k, h is the ob-
servation function, which estimates the expected measure-
ments at the state x, and vy is the random observation



noise vector assumed to be normally distributed with zero
mean and covariance matrix Ry.

The observations are modelled on the basis of the clas-
sical position and distance models [1]. The UWB-ranging
measurements represent the observation vector z defined as
the distances between the UWB-based wearable device and
L connected anchor nodes. Note that L can change along
the time. ~ B r

z = [ dref1 e drefL ] ) (12)

where a generic distance cimfl, where [ € [1, L], is the esti-
mated UWB ranging measurement. The measured distance
can be modeled as:

drefl = drefl +n, (13)

where 7 is the observation error and d.ef, is the true ranging
measurement defined as:

3
dyop, = dist (p, prefl) =D i = pier,) - (14)
=1

Typically the observation errors are modelled as uncorre-
lated white Gaussian noises so the covariance matrix Ry de-
pends on the variance of the measurements O’ﬁrefl , el L]:

. 2 2
R = d1ag< Udreflyk UdrefLyk ) . (15)

Consequently, the observation function h is defined as the
distances between the position component of the state vector
and the reference nodes:

dist (p]m prefl)
h(zk) = : (16)
dist <Pk S prefL>

since h (xy) is non-linear, the Jacobian matrix H needs to
be computed around the a priori state Tpx—1:

Hy = [H"™|0L 6], 17)
is defined as:

aux

where H},
aux __
H™ =

P1,k|k—1—P1,ref;
dist (pk\k—l »Prefl)

P2,k|k—17P2,refy
dist (pk\kfl J’refl)

P3,k|k—1"P3,ref
dist (Pk\k—laprefl)

P3,k|k—1—P3,refy,
dist (pk\k—l «Prch)

P2, k|k—1 P2 refy,
dist (pkucﬂ ,prch)

P1,k|k—1 Pl refp
dist(pk\kﬂ»pme)

and 07,6 is a Lx6 matrix with all O entries.

The a posteriori state estimate |, and the corresponding

covariance matrix Py, are estimated by correcting the a
priori state estimate &, and the a priori state covariance

matrix Pklk—l with the following equations.
e = Tpip—1 + KrYs, (18)
Py = (Io — K Hy) Pyji—1, (19)

where g, is the innovation vector and Kj, is the optimal
Kalman gain defined as:

U =2k — h (Zrp—1) » (20)
Ky = Py 1 HE S}, (21)

where S, is the covariance matrix computed as the expected
measurement estimation error due to the a priori state error
covariance plus the observation errors Ry.

Sk = Hp Py 1 HE + Ry (22)

6. EXPERIMENTAL RESULTS

To evaluate the performance of the hybrid localization
algorithm, an experimental campaign with dynamic condi-
tions has been performed. Four UWB anchor nodes have
been deployed in an indoor office area of 12 m X 9 m as
depicted in Figure 4. The UWB-based wearable device (pre-
sented in section 4) has been used as tag worn by a person
(named the subject), on the waist, at a height of 1.11 m
performing ranging measurements with respect to all four
anchors every 0.333 s. Accelerometer and gyroscope sen-
sors have been sampled every 0.05 s while the magnetometer
sensor every 0.1 s. The selected coordinates system is NED,
which is the same used by the IMU/Magnetometer sensors.

During the experiment, the subject moved around the of-
fice in a moderate and steady way. In order to acquire the
true position of the target along the time, the path followed
by the subject has been marked with a metric tape attached
to the floor. Besides, a laser has been used pointing down
to the metric tape, which indicates the exact position of
the UWB antenna. In addition, a camera has been used to
register the laser point on the floor coinciding with the ex-
act position of the tag. After that, the positions estimated
by the algorithm have been compared with the exact ones
taken, from the camera at the same time stamps, to calcu-
late the accuracy. All raw data have been logged via USB on
a PC and used to evaluate the performance off-line. Doing
so, it has been possible to analyze our proposed algorithm
and compare it with an UWB-only algorithm based on an
EKF [1] using the PV model.

First of all, the logged raw data have been processed in
order to set the correct parameters into the localization al-
gorithms (4.e., hybrid, PV EKF). For instance, the statistics
for the ranging error were: average 0.37 m, standard devia-
tion 0.21 m. Then the average value, which coincides with
the bias, has been used to correct all range measurements.
The settings for the UWB communication were: channel 2
(3993.6 MHz) at a bandwidth of 499.2 MHz and a data rate
of 110 kbps. In order to use the ZA and SP detectors, pre-
sented in section 5.1, the magnitude of the accelerometer and
gyroscope readings have been sampled in static conditions
and then averaged providing 1.002 g and 0.0019 rad/sec, re-
spectively. The error of the IMU measurements have been
modeled according to the data sheet specifications.

Since the experiment has been carried out in an indoor en-
vironment, magnetic disturbances might be expected, thus
affecting the performance of the Attitude estimator. It is
clear then, that the performance of the hybrid localization
strongly depends on the Attitude estimator efficiency.

Figure 4 shows the positions estimated by the proposed
hybrid algorithm (described in section 5) and the UWB-
only approach using the PV EKF [1]. In addition, the figure
shows the true path and the locations of the anchors. Since
the experiment has been performed at a constant height,
the final location error has been analysed in 2D. The local-
ization frequency has been set to 3 Hz for both algorithms
(corresponding to the ranging measurement frequency). Lo-
calization at higher frequencies is not of interest for this
experiment since the application is focused on pedestrian
localization. It is worth mentioning that the hybrid algo-
rithm would also be able to track the position at two higher
frequencies, 10 Hz and 20 Hz corresponding to the sample
frequency of the magnetometer and gyroscope, respectively.

The calculated RMS of the localization error is 0.23 m for



the hybrid algorithm and 0.4 m for the PV EKF algorithm,
while the availability is 100% and 63.7%, respectively. The
position availability for the PV EKF depends directly on the
number of collected ranging measurements from anchors.
Instead, for the hybrid algorithm there are no constraints
regarding the anchor connectivity. As mentioned in section
5.2, the Location estimator can provide an estimated posi-
tion in two moments; during the predict phase in absence of
ranging, and update phase when ranging is available. How-
ever, the position provided by the predict phase can be used
only for a short period of time because the bias correction
for the accelerometer, which is part of the update phase, is
not executed. Thus, apart from the accuracy, another ad-
vantage of the hybrid algorithm is the increased availability
in harsh environments. This advantage could be exploited to
reduce the number of anchors while meeting a desired level
of performance. Additionally, the registered average rang-
ing availability with four anchors was 74.1%. Note that a
ranging measurement is considered available when both tag
and anchor are able to exchange messages. The maximum
range strongly depends on the environment. Typically, it is
approximately 249 m in LoS and 27 m in NLoS.
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True path
—%—Hybrid alg
—+—UWB only

#  Anchor nodes

0 . .
12 14 16 18 20 22 24

Figure 4: Plot of the location estimation.

7. CONCLUSION

This paper proposed a hybrid localization algorithm, com-
bining UWB-based ranging measurements and IMU data,
able to work in harsh industrial environments for pedestrian
localization. This work has been motivated by the occu-
pational safety scenario that is of great interest in the era
of Industry 4.0. In order to improve the localization perfor-
mance, the proposed hybrid algorithm has been based on the
adoption of several existing filter techniques and disturbance
measurement detectors that provide a reliable asset estima-
tion. The estimation of the orientation is an input to the
proposed hybrid PVA EKF block. The hybrid algorithm has
been further improved by integrating a filter that removes
ranging measurements outliers. To evaluate the localization
performance in an indoor environment, the designed hybrid
algorithm has been implemented in a proprietary wearable
platform. This wearable device has also allowed the storage
of the raw data into a PC for further off-line analysis.

The PV EKF algorithm [1], which is based only on UWB
raging measurements, has been chosen as benchmark. Tak-
ing as input the collected experimental data, the proposed
hybrid algorithm has provided a localization RMS error of
0.23 m and availability of 100%, outperforming the PV EKF
algorithm, which has shows a localization error of 0.45 m and
availability of 63.7%.

The main advantages of the proposed algorithm with re-
spect to the PV EKF were: improved location accuracy,
improved availability, accurate attitude estimation and the
possibility to use higher localization update rates. The im-
proved location availability could be used to reduce the num-
ber of anchors required while meeting a required level of
performance; thus saving deployment costs and hardware
maintenance. In addition, the modular approach adopted in
the hybrid algorithm implementation led to a reduction of
computational processing in comparison with other hybrid
implementations [4]. In fact, the processing cost is saved
because the matrixes are smaller.
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