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Abstract: Ultra-wideband (UWB) systems promise centimetre-level accuracy for indoor positioning,
yet they remain susceptible to non-line-of-sight (NLOS) errors due to complex indoor environments.
A fusion mechanism that integrates the UWB with an odometer sensor is introduced to address this
challenge and achieve a high positioning accuracy. A sliding window method is applied to identify
NLOS anchors effectively. The modified UWB-only positioning has an average error under 13 cm
with an RMSE of 16 cm. Then, a loosely coupled approach named Dynamic Dimension Fusion (DDF)
is designed to mitigate the odometer’s cumulative errors that achieve a remarkable average error and
RMSE below 5 cm, notably superior to established unscented Kalman filter (UKF) fusion techniques.
DDF utilises UWB data to correct the one-dimensional heading error of the odometer when the robot
moves in a straight line and to correct both heading and mileage in two dimensions when the robot is
turning. Comprehensive real-world experimental evaluations underscore the efficacy and robustness
of this novel approach.

Keywords: UWB; wheel odometer; indoor position; sensor fusion

1. Introduction

In recent years, the rapid development of the Internet of Things (IoT) and robotics
technology has significantly expanded the application scenarios for indoor robots. In
industrial settings, intelligent warehouse management can be achieved through collabo-
ration among various types of Automated Guided Vehicles (AGVs), leading to enhanced
efficiency and reduced labour costs. Meanwhile, indoor sweeping robots have gained
increasing popularity in daily life scenarios. The advancement of technologies such as IoT
systems, virtual reality (VR), and augmented reality (AR) has raised higher demands on
the accuracy and stability of indoor positioning systems. While GNSS can provide precise
meter-level positioning in outdoor environments [1,2], it is not applicable indoors due to
signal attenuation caused by obstacles.

In order to achieve indoor positioning, researchers have employed various method-
ologies, including WIFI, Bluetooth, UWB, Inertial Measurement Units (IMU), Odometer,
Visual, and LiDAR. The utilisation of WIFI for indoor positioning offers the advantage of
its extensive adoption spanning several decades; most indoor environments are already
equipped with WIFI base stations. Using these base stations for positioning purposes can
reduce hardware costs [3]. The issue of WIFI positioning lies in the accuracy achieved in
the process. The study conducted by Satish et al. [4] demonstrated that despite the joint
correction of support vector regression (SVR) and Kalman filter (KF), the accuracy of the
WiFi positioning system remains suboptimal, with an error margin of 0.8528 m. One of
Bluetooth’s key advantages lies in its extensive ubiquity. Most mobile devices, including
smartphones and laptops, have Bluetooth functionality. Additionally, Apple has introduced
the iBeacon, a Bluetooth-enabled location tag [5]. Bluetooth Low Energy (BLE) technology
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has empowered numerous small-scale platforms with limited battery capacity to offer
prolonged and consistent positioning capabilities. In a study by Fernando et al. [6], nine
distinct algorithms for fingerprint-based BLE positioning were compared. The Weighted
k-Nearest Neighbors (Wk-NN) algorithm demonstrated the highest accuracy, achieving a
positioning error of only 0.68 m. On the other hand, the Independent Gaussian Distribution
(IGD) algorithm yielded less precise results, with an error of 10 m in various experimental
trials. Consequently, WIFI and Bluetooth technologies face a standard limitation—they
typically provide positioning at the meter-level to decimeter level, making it challenging to
meet the demands for centimetre-level indoor positioning in future industries.

Indoor positioning systems frequently employ vision and laser-based technologies
for localisation and mapping within uncharted environments. Vision-oriented techniques
deploy monocular or stereo cameras, leveraging them to identify and monitor various
features within indoor settings, subsequently translating these visual indications into
spatial coordinates. One salient advantage of employing cameras lies in their passive nature,
ensuring they do not emit signals. This characteristic is crucial in mitigating interference,
especially within compassionate environments. However, this approach is not without
its challenges: fluctuations in ambient lighting, potential occlusions, and surfaces lacking
texture can considerably impede the precision of localisation. For instance, Qayyum and
Kim’s research [7] utilised an RGB-G camera with an IMU for UAV positioning, attaining a
localisation accuracy of below 0.2 m in terms of the RMSE. LiDAR technology, renowned
for its pinpoint accuracy in indoor spaces, operates through an active sensing mechanism.
Emitting laser beams to gauge distances ensures unwavering performance, unaffected
by variations in light conditions. Nonetheless, LIDAR devices carry a premium price tag
and encounter challenges from surfaces with high reflectivity. Furthermore, transparent
obstacles, such as glass panels, can potentially skew their scanning precision [8].

UWB technology has emerged as a prominent area of inquiry in recent years within the
domain of indoor positioning systems. UWB employs nanosecond-level pulse modulation
for communication, utilising frequencies from 3.1 GHz to 10.6 GHz, boasting bandwidths
ranging from hundreds of megahertz to several gigahertz. These distinctive attributes
confer upon UWB notable traits such as low power consumption, resistance to multi-
path propagation, and minimal interference [9,10]. Furthermore, UWB can meticulously
measure signal time-of-flight under ideal conditions, facilitating precise ranging with
centimetre-level accuracy. Nevertheless, due to the intricate nature of indoor environments,
impediments, including structural elements like walls, tables, chairs, and human presence,
may impede direct line-of-sight (LOS) communication between the UWB tag and the anchor
point, resulting in NLOS errors. The magnitude of NLOS errors varies, extending from a
few centimetres to several meters, depending on the obstructing elements’ material compo-
sition and diffraction angles. In the experimental investigations conducted by Hao et al. [11],
NLOS discrepancies induced by a 0.7-m-thick concrete pillar could exceed 3 m. The study
posits the viability of redressal for NLOS errors by developing an error model for diffracted
waves, potentially increasing accuracy by up to 80%. The discernment and amelioration
of NLOS errors constitute a central thrust within UWB-based indoor positioning system
research. In recent years, various scholars have embarked upon various methodologies to
grapple with this challenge. Some have advocated residual-based approaches, as elucidated
by Jingwang et al. [12], which entail the identification of NLOS instances predicated upon
variations in the standard deviation of ranging values, followed by employing Kalman
filtering for error rectification. Others have pursued avenues predicated upon scrutinising
channel impulse response (CIR) attributes, as expounded by Chunxue et al. [13], who
advocate for selecting higher-fidelity anchor point data through CIR analysis, leading to
a discernible 40% abatement in the RMSE associated with positioning. Further inquiries
have been directed towards modelling specific obstacles through statistical descriptors, as
evidenced by [14-16], which principally concentrate on NLOS errors engendered by human
presence. Concurrently, the advent of machine learning (ML) methodologies, including
Support Vector Machine (SVM) [17-19] long short-term memory (LSTM) [20], has demon-
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strably catalysed the in-depth scrutiny of CIR and received signal strength (RSS) attributes,
affording a vantage point for the formulation of error models. Different Al algorithms have
their drawbacks; for instance, SVM'’s drawback is that it requires longer training time and
cannot handle noisy data well [21], and LSTM requires a lot of computation and memory,
which is not friendly to the miniaturisation of the carrier.

These methods somewhat mitigate the impact of NLOS errors on positioning accuracy.
However, providing consistent and accurate positioning data in complex and changing
indoor environments using only one sensor is difficult. Consequently, the integration
of multiple sensors represents an inexorable progression. Through multi-sensor fusion,
the system not only aids UWB technology in identifying and mitigating NLOS errors to
enhance positioning precision but also augments the system’s resilience in demanding en-
vironmental conditions. Commonly integrated sensors with UWB encompass IMU [22,23],
Visual [24], odometers [25], and LiDAR [26]. Among these, wheeled odometers have
historically received less attention from researchers, primarily due to their constrained
applicability, typically limited to two-dimensional vehicular movement in scenarios involv-
ing wheeled AGVs. Nonetheless, wheeled odometers are uncomplicated, cost-effective
sensors immune to extraneous electromagnetic interference. This makes them suitable for
low-cost robotic platforms or those functioning in intricate electromagnetic environments.
The advancement of optoelectronic technology has led to notable enhancements in the
sampling frequency and precision of wheeled odometers, rendering them highly suitable
for integration within a UWB-based fusion positioning system.

The Kalman filter (KF) is a pivotal algorithm in multi-sensor fusion. Established as
a recursive filter for linear systems, the KF’s significance remains undiminished despite
its longstanding introduction. For instance, in the study by Kim et al. [27], the KF was
employed to integrate data from UWB and IMU. The resulting fused system achieved a
positioning precision of approximately 0.4 m, even in challenging NLOS conditions.

The evolution of the KF led to the development of the Extended Kalman Filter (EKF)
and the UKF, both tailored to address nonlinear system requirements. The EKF achieves
this by linearising the nonlinear system through the Jacobian matrix, subsequently applying
the KF. In research conducted by Li et al. [28], the EKF was utilised to integrate UWB, IMU,
and odometer data. Notably, under conditions where UWB operated strictly in LOS, the
combined system’s Root Mean Square Error (RMSE) was 3.29 cm. For UWB alone, this
error margin was slightly larger, at 4.66 cm. However, the EKF’s primary limitation arises
from its linearisation process, which can introduce inaccuracies. Moreover, the EKF may
prove unstable in contexts of intense nonlinearity.

In contrast, the UKF mitigates linearisation issues by employing sigma points for
unscented transformation, yielding more accurate state estimates. A comparative study by
Krishnaveni et al. [29] examined the EKF and UKEF localisation outcomes when fused with
UWB and IMU under identical conditions. Their findings underscored the UKF’s superior
performance over the EKF.

Particle filtering, on the other hand, employs a particle cloud to represent the system’s
state, updating weights iteratively. While capable of addressing strongly nonlinear systems,
its computational demands escalate with an increase in particle count. In a study by Jia
et al. [30], particle filtering was used to merge UWB, LiDAR, and odometry data, achieving
an RMSE of 5 cm in environments with weak NLOS interference from natural elements
like foliage.

Given the demonstrated superiority of the UKF over the EKF and its more manageable
computational demands compared to PF, this paper selects the UKF for further comparative
analysis.

Compared to other studies, the algorithm presented in this paper possesses several
advantages. Firstly, within the context of the loosely coupled framework, our experimental
setup has reached the application limits of UWB systems. Many current studies have sim-
pler path designs and NLOS environments in their experimental setups. Some integrated
positioning system studies do not consider the impact of NLOS on UWB [31,32], while oth-
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ers only account for NLOS interference over very short motion paths [33]. In contrast, the
UWSB system designed in this study encounters NLOS interference over extended durations
and distances, making the experimental setting more challenging. The loosely coupled al-
gorithm is relatively straightforward and requires minimal computational resources. Lastly,
the system’s overall localisation accuracy remains high even under stringent conditions
and utilising the simple loosely coupled algorithm.

The primary contributions of this paper can be summarised as follows:

1.  This paper introduces a straightforward adaptive localisation algorithm that first
identifies NLOS through a previous sliding window approach. The ranging values of
the optimal localisation anchors are then actively selected for localisation in complex
indoor environments to effectively mitigate the effects of NLOS.

2. This paper introduces a novel Dynamic Dimension Fusion (DDF) algorithm loosely
integrating UWB and wheeled odometers. This integration facilitates 1D and 2D
fusion, adapting to varying motion states. Through comparative analysis with the
UKEF algorithm, the proposed approach outperforms the UKF algorithm regarding
localisation precision.

3. This paper substantiates the accuracy and effectiveness of the proposed algorithm
through comprehensive data collection in a real-world indoor environment.

The paper is structured as follows: Section 2 describes the localisation principles of
UWB and wheeled odometers and the fusion strategy of UWB and wheeled odometers.
Section 3 is dedicated to the experimental environment, equipment, and corresponding
results. Section 4 is a discussion of the results. Finally, Section 5 encapsulates the findings
and implications of the proposed algorithm.

2. Methods
2.1. UNB

The UWB positioning system comprises a set of stationary anchor points and mobile
tags requiring localisation. The fundamental principle underlying UWB ranging involves
determining distance by measuring the Time of Flight (TOF) of the signal between the
anchor and tag, which is then multiplied by the speed of light, as articulated in Equation (1).
Here, d;, represents the range measurement, t,, represents the TOF between the tag and
anchor, and C signifies the speed of light.

dy =ty % C 1)

As a rule of thumb, a minimum of three anchor point ranges is the requisite for
calculating tag coordinates. The geometric interplay between the anchor point and the tag
is visually represented in Figure 1.

Figure 1. Placement of anchors and tag.



Electronics 2023, 12, 4499

50f 15

In Figure 1, Ay, A, and A3 denotes three stationary anchor points, each characterised
by coordinates (x,,y,) n =1,2,3... Meanwhile, dy, dp, d3 represent the respective range
measurements between the corresponding anchor points and the tag. The point of intersec-
tion among the three circles establishes the tag’s position, defined by coordinates (x,y). This
geometric correlation is succinctly encapsulated by Equation (2) [34].

(x—x1)+@y—-y) =&
(x — XZ)Z + (v - yZ)Z = dj @)

(x —x0)* + (y —yn)* = d2

In an ideal scenario, the circles would converge at a point. However, in real-world
settings, the influence of noise on the ranging values results in an intersection region.
Consequently, an optimal solution is imperative to ascertain the tag’s coordinates. The
prevalent approach is the employment of the Least Squares (LS) method. Equation (2) is
further elaborated upon and presented in matrix form, as in Equations (3) and (4).

—2x1 2y, 1 X d% -n
—2xn —Zyn 1 r d% — Ty
AX =B 4)

The tag coordinates can be obtained by the LS method:
-1
X = (ATA> (ATB) ®)

In the experimental setting of this study, certain anchor points’ range measurements
are substantially impacted by NLOS conditions. Consequently, this paper employs a
localisation algorithm incorporating a conditional judgment to achieve tag localisation,
even when only two LOS anchors are available. The flowchart of the method is shown in
Figure 2.

NLOS ranges as
judgment
condition

Ty = (X1, Ye1)

True coordinate

2 LOS range
T, = (Xe2: ¥12)

Figure 2. Flowchart of the algorithm for the 2 LOS ranging values.

Due to the LOS conditions, UWB ranging exhibits a high degree of accuracy, with
the impact of ambient noise resulting in ranging errors within 10 cm. This precision
allows for the computation of coordinates for the two points of intersection using the
range measurements from the two LOS anchor points. While the range values from the
NLOS-affected anchor points may not be directly employed for tag localisation, they
serve as a criterion to discern the actual coordinates of the tag from the two potential
intersection points. This approach serves to enhance the accuracy of UWB positioning in
NLOS environments to a significant extent.

2.2. Odometer

This paper employs the two-wheel differential model [35] to elucidate the robot’s
locomotion in the context of odometer-based positioning. Within this model, effective
control over the robot’s motion can be achieved by regulating the speeds of the wheeled
robot’s left and right driving wheels.

In the Figure 3, v; and v, denote the linear velocities of the left and right driving
wheels, respectively. | represents the distance between the two wheels, r represents the
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turning radius, and 6 signifies the turning angle. Based on this model, the ensuing equation
can be derived.

Figure 3. Two-wheel differential motion model.

Linear velocity v and angular velocity w at the centre of the robot:

o= 4] —12-71, ©6)
vt "

Turning radius: ’
r= w 8

When the sampling frequency is At, the odometer data can be converted to the robot
coordinates by the differential method (Equations (9)—(11)):

Xp = X1+ 0*cos(0,_1) *x At 9)
Yn = Yn—1+v*sin(0,_1) x At (10)
0y =0,1+wxAt (11)

Wang et al. [36] categorised wheeled odometer errors into two primary classes. The
first category encompasses systematic errors from hardware characteristics such as wheel
diameter, wheelbase, and drive motor. These errors accumulate over time and contribute
to positioning drift. The second category encompasses random errors, such as wheel slip
and uneven terrain. Experimental design measures were taken to minimise these random
errors as much as possible.

2.3. Methodology

This section explains an indoor localisation method based on the fusion of odometry
and UWB technology, as shown in Figure 4.
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Figure 4. Flowchart of the fusion algorithm.

The UWB system comprises four stationary anchors with predetermined coordinates
and a tag with unknown coordinates. Ranging is executed utilising the Two Way Ranging
(TWR) method, which circumvents the necessity for synchronised clocks between the
anchors and the tag. This methodology mitigates the impact of the clock-drift error on
the obtained ranging values [37]. After obtaining distance measurements between the
four anchors and the tag, this paper implements the sliding window approach introduced
in our prior research [38] to ascertain potential NLOS effects on the ranging values. The
fundamental principle of this method is predicated on the premise that significant jumps in
ranging measurements manifest when NLOS errors occur. By statistically analysing the
variance of differences in a set of contiguous ranging values, when the variance of this set
surpasses a specified threshold as the evaluation window slides over time, it is deduced
that the ranging measurement at that specific instance is influenced by NLOS conditions,
as delineated in Equations (12) and (13) [38]. The window size is an empirical value for
UWB systems, and in this experiment, the best results were obtained with a window size
of 50. Subsequently, the adaptive localisation algorithm outlined in the preceding section
to derive optimised tag coordinates, considering variations in the number of LOS anchors.

~

dy —dy_q LOS(n — 1) — LOS(n)

Addy = |dn = d"*’ - {dn —dy_1+entos LOS(n—1) — NLOS(n)

(12)

In the above equation, dy represents the range value at the moment 7, Ad, represents
the difference between the range value at the moment n and the previous moment. If the
window size is k, the variance of K consecutive differences versus a threshold can determine
whether NLOS is present, as shown in Equation (13).

> Threshold — NLOS

Var (Ad"_k’ A1 Ad") { < Threshold — LOS

(13)

The fusion system employs a loosely coupled methodology. Specifically, this paper
introduces a one-dimensional correction to the odometry in the direction perpendicular to
the heading, leveraging optimisedUWB localisation data when the robot exhibits smooth
motion characteristics (i.e., high linear velocity and low angular velocity). This correc-
tion effectively alleviates accumulated errors in the robot’s heading. Conversely, during
cornering manoeuvres (characterised by low linear velocity and high angular velocity), a
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two-dimensional correction is applied to both the heading and total distance measured
by the odometer, utilising UWB-derived coordinates. This two-dimensional correction
addresses cumulative errors in the direction of motion and mitigates discrepancies in
distance measurements by accounting for the relationship between actual motion distance
and odometer readings. Through this approach, the fusion system significantly rectifies
cumulative odometer errors.

This method is particularly well suited for practical applications compared to the tra-
ditional Zero Velocity Update (ZUPT) method [39]. ZUPT corrects errors during complete
stationary phases, both actively and passively. Frequent active stationarity can diminish
overall system efficiency and escalate collision risks and system complexity in multi-robot
environments. On the other hand, passive stationarity often arises due to obstacles, such
as passing pedestrians. These obstacles may influence the UWB system in such scenarios,
leading to potential NLOS errors and highly inaccurate correction outcomes. This Dynamic
Dimension Fusion scheme proposed in this paper furnishes a more precise localisation for
the robot without disrupting the overall system operation.

3. Experiment and Results
3.1. Experimental Environments and Equipment

The experiment was conducted on the 11th floor of Building 11 at the University of
Technology Sydney. The floor plan of the experimental area is shown in Figure 5a, and the
map scale is in meters. The yellow squares denote the positions of the four UWB anchors.
Specifically, the coordinates of Anchors 0, 1,2, and 3 are (8.7, 5.1, 1.87), (8.91, 7.4, 1.87), (24.8,
6.13, 1.87), and (24.8, 8.99, 1.87), respectively. The area of the experiment is on the right side
of the map in a corridor of length 15 m. The reference path of the robot is shown by the
solid orange line in Figure 5a, while the red dots mark the start and end points of the robot’s
trajectory, and the green dots indicate the turning point. Throughout the experiment, the
turtlebot2 commences from the initial point, traverses the designated path up to the turning
point, and returns to the endpoint. The UWB tag is affixed to the turtlebot2 and moves
synchronously with it. Notably, obstacles such as walls and cabinets within the mapped
environment significantly influence the UWB system, often resulting in pronounced NLOS
errors during the UWB system’s operation.

The UWB chips used for the UWB anchors and tags in the experiments (Figure 5b)
are the DW1000 manufactured by DECAWAVE. This chip is characterised by its compact
form factor, precise distance measurement capabilities, and cost-effectiveness [23]. It has
garnered widespread adoption in both industrial and research applications [40-42]. Under
LOS conditions, the UWB system exhibits a range error of less than 10 cm in the experiments,
with a sampling frequency of 3 Hz.

The odometer employed is a wheel-type odometer sourced from the turtlebot2 plat-
form (as shown in Figure 5c), operating at a sampling frequency of 20 Hz. The experimental
environment features a flat carpeted surface with a high coefficient of friction, which effec-
tively mitigates the impact of wheel slippage and uneven terrain on the odometers. Even if
occasional slippage affects the accuracy of the odometer, the UWB is unaffected, and the
absolute position provided by the UWB can still be used to correct the odometer to ensure
system accuracy.
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3.2. Experimental Results

This section is primarily dedicated to the analysis of the experimental results. It
involves two main facets. Firstly, a comparative evaluation of the positioning outcomes
is conducted before and after the optimisation of the UWB system. Secondly, the fusion
of the optimisation UWB results with odometer position results are carried out using two
distinct algorithms, DDF and UKE. The positioning accuracy attained through both fusion
methodologies will be compared and presented.

The red trajectories depicted in Figure 6 were computed from the uncorrected ranging
values, encompassing all NLOS errors and associated noise. These trajectories vividly
demonstrate the significant adverse impact of NLOS errors on the UWB system’s position-
ing accuracy. Especially on the left and right sides of the trajectory, the blocked UWB signals
cannot penetrate the multi-layer walls, and the ranging values contain large NLOS errors
due to multipath effects. The maximum positioning error exceeds 16 m, with an RMSE of
1.851 m, rendering these results unequivocally unacceptable for UWB-based positioning.

Upon application of the adaptive positioning algorithm, as evidenced by the green
trajectories in Figure 7, notable improvements in accuracy are observed, even though some
positioning points still exhibit considerable deviations. This discrepancy may arise from
the inherent challenge of achieving absolute accuracy in NLOS identification. As observed
in the trajectory, the tag establishes communication with three LOS anchors near the left
and right turning points, ensuring a positioning accuracy consistent with the reference path.
However, when navigating through the central corridor, the tag can only communicate with
two LOS anchors, and the extended length of the corridor introduces a degree of multipath
effect, causing some fluctuation in the calculated positioning points. The optimisedUWB
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positioning system yields a maximum positioning error of 2.968 m, with mean and RMSE
errors of 0.127 m and 0.16 m, respectively.

Y (m)

20 - .i

15

10 A

-5 -

-10 -

« UwB(Original)
Reference path

0 5 10 15 20 25
X (m)

Figure 6. UWB positioning results under the influence of NLOS.
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7.5 10.0 12.5 15.0 17.5 20.0 2.5 25.0 X(m)
Figure 7. UWB positioning results after the adaptive position algorithm.

In contrast, the blue trajectory in Figure 7 originates from the raw data obtained
from the odometer. Comparative analysis with the reference path underscores the initial
commendable accuracy of the odometer. However, over a duration of operation, there is
a progressive accumulation of errors leading to a gradual divergence in the direction of
motion. This deviation peaks at the rightmost inflexion point. Additionally, it is discernible
that the odometer’s distance measurement exceeds the actual distance at this inflexion
point, an outcome attributed to accumulated systematic errors.

The data from these two sensors will be fused by the proposed DDF and the traditional
UKEF, and the results are shown as follows.
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The comparison between the localisation results of the proposed DDF method (in-
dicated by the black line) and the UKF approach (represented by the magenta line) is
depicted in Figure 8. Notably, UKF stands out as a robust multi-sensor fusion algorithm
that characterises the probability distribution of state variables through a set of sigma
points. This technique sidesteps the error introduced by the Extended Kalman Filter (EKF)
due to linearisation. While UKF entails higher computational demands, it is comparatively
more straightforward to implement than the Jacobi matrix of EKF.

10 / /
—
Anchor3
8

Office Office Office

Anchoff1

L/ L/ \

fice Office Office Office Office Office Office

— UKF

—e— Dynamic Dimension Fusion
Reference path

75 10.0 12.5 15.0 17.5 20.0 225 25.0 275

Figure 8. Results of Dynamic Dimension Fusion and UKF.

The trajectories illustrated in Figure 8 and the data tabulated in Table 1 demonstrate
that post-UKF fusion, the maximum positioning error is reduced to 0.677 m. Both the mean
error and RMSE are substantially diminished to approximately 12 cm. This represents a
notable enhancement in the accuracy of the initial odometer input and the optimisedUWB
system.

Table 1. Position errors.

Position UWB UWB Odometer
Error (Original) (Adaptive) (Original) UKF DDF
Max (m) 16.899 2.968 1.191 0.677 0.170
Mean (m) 1.781 0.127 0.259 0.119 0.048
RMSE (m) 1.851 0.160 0.304 0.117 0.042

The black trajectory in the figure portrays the motion path generated by the proposed
DDF approach. The maximum speed of turtlebot2 on this material was measured to be
0.2 m per second in the experiments. Accordingly, when the linear velocity surpasses
0.15 m per second, and the absolute value of the angular velocity is less than 0.03 radians
per second, a one-dimensional heading correction is applied to the odometer.

Furthermore, when the linear velocity falls below 0.1 m per second, and the absolute
value of the angular velocity exceeds 0.65 radians per second, the odometer undergoes
correction in two dimensions. This intervention yields a trajectory that closely aligns
with the reference path. The data in Table 1 corroborate the efficacy of this approach,
showcasing that the maximal error post-DDF fusion is reduced to 0.17 m. Both the mean
error and RMSE have been reduced to under 5 cm. Consequently, the proposed DDF
method surpasses UKF in terms of positioning accuracy.
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4. Discussion

The following Table 2 summarises the comparison of the positioning accuracy of
different sensors and UWB fusion, from which it can be seen that the best positioning
accuracy is obtained from the paper [43]. However, the experimental environment is in the
ideal LOS environment. The paper [28] shows that in the LOS environment, only using
UWRB can achieve high positioning accuracy with an RMSE equal to 4.66 cm. However,
once the UWB has NLOS errors, even in a weak NLOS environment, the overall positioning
accuracy of the fused system will be seriously affected, such as in the papers [24,27], where
the RMSE exceeds 20 cm. The result of [30] achieves an RMSE of 5 cm in a weak NLOS
environment but using moresensors, including the expensive LiDAR.

Table 2. Comparison with other methods.

Reference Fusion Algorithm Sensors LOS/NLOS Accuracy
[27] KF UWB and IMU Hard NLOS RMSE = 0.3-0.4 m
environment
Fusion-RMSE = 3.29 cm
[28] EKF UWB, IMU, and odometer LOS UWB-only RMSE = 4.66 cm
EKF MSE-EKF =1.43 m
[29] UKE UWB and IMU LOS MSE-UKF = 094 m
[30] PF UWSB, LiDAR, and Wea.1k NLOS RMSE = 0.05 m
odometer environment
[24] Federzflted.Kalman UWB and Visual We?k NLOS Mean error of fusion: <30 cm
filtering environment
UWSB, IMU, and mmWave RMSE-UWB-IMU: 0.184 m
[43] EKF radar LOs RMSE-UWB-mmWave: 0.323
This Paper DDF UWB and odometer Hard NLOS RMSE = 0.042 m
environment

Therefore, in comparison with these papers, our proposed method uses only two
sensors, UWB and odometer, and achieves an accuracy of NLOS equal to 0.042 m in a harsh
NLOS environment, which is an excellent performance.

In the initial experimental findings, as depicted in Figure 6, it becomes evident that
the precision of the UWB system’s positioning capability experiences a substantial decline
when subjected to NLOS errors. This renders the system incapable of furnishing accurate
positional information. While many approaches have been postulated to alleviate these
NLOS errors, our experiments indicate that the most favourable positioning accuracy
is achieved when ranges containing NLOS errors are straightforwardly omitted. This
optimization arises from imperfections in the algorithms designed to detect and mitigate
NLOS errors within the UWB system exclusively.

It’s crucial to recognize the limitations of the approach presented in this paper. First
and foremost, the effectiveness of this method relies on having at least two LOS ranges.
When only a single LOS anchor point is available, the UWB system struggles to calculate tag
coordinates independently, making it unsuitable for the strategy described in this document.
Additionally, the paper’s methodology primarily focuses on accurately determining the
2D coordinates of the tag. Comprehensive measurements for the tag’s three-dimensional
coordinates will be a subject of future research. Lastly, due to the constraints of our testing
environment, the placement of UWB anchor points was not optimal, affecting the precision
of the UWB system’s positioning data. Furthermore, this research employs a loosely
coupled fusion method that requires both the UWB and odometer systems to provide the
location information of the tag. If the UWB system encounters errors that are difficult to
recognise and ameliorate, especially in harsh environmental conditions, the inability to
provide the coordinates of the tag results in the fused system’s positional accuracy being
significantly compromised. Consequently, as part of forthcoming research endeavours, the
research plan intends to transition towards a tightly coupled integration method. This will
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incorporate an RGB-D camera to enable real-time mapping, obstacle recognition, and path
planning.

5. Conclusions

This paper introduces a fusion scheme for loosely coupling the UWB positioning
system and the odometer, particularly in environments strongly influenced by NLOS
conditions. The UWB system’s performance is notably compromised in such challenging
conditions, while the odometer’s accuracy gradually diminishes over prolonged operation
due to cumulative errors. This paper applies an optimisedUWB localisation approach to
address these challenges, leveraging previously studied NLOS identification techniques
based on sliding windows. Furthermore, a novel DDF method was proposed for integrating
the optimisedUWB localisation data with odometry, employing a loose-coupling fusion
strategy. Notably, this method obviates the need for the robot to be actively or passively
stationary for odometer calibration, and the calibration process exerts no influence on the
robot’s motion. This enhancement significantly bolsters system efficiency and renders
it more conducive for practical applications. The feasibility and accuracy of this fusion
scheme are confirmed by experiments conducted in a real environment. The experimental
results manifest an impressive RMSE and average error of fewer than 5 cm for robot
positioning. This performance surpasses the positioning accuracy of the odometer and the
optimisedUWB system and outperforms the fusion accuracy achieved through the UKFE.
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