friried applied
e sciences

Article

System and Method for Reducing NLOS Errors in UWB
Indoor Positioning

Yifan Wang 12, Di Zhang 3%, Zengke Li 24, Ming Lu 3, Yunfei Zheng 3 and Tianye Fang 3

check for
updates

Citation: Wang, Y.; Zhang, D.; Li, Z,;
Lu, M.; Zheng, Y.; Fang, T. System and
Method for Reducing NLOS Errors in
UWB Indoor Positioning. Appl. Sci.
2024, 14, 5123. https:/ /doi.org/
10.3390/app14125123

Received: 14 May 2024
Revised: 4 June 2024
Accepted: 8 June 2024
Published: 12 June 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

Joint Laboratory of Power Remote Sensing Technology, Electric Power Research Institute,

Yunnan Power Grid Co., Ltd., Kunming 650217, China; wangyifan@yn.csg.cn

School of Environment and Spatial Informatics, China University of Mining and Technology,

Xuzhou 221116, China; zengkeli@cumt.edu.cn

3 School of Geodesy and Geomatics, Wuhan University, Wuhan 430079, China; luming@whu.edu.cn (M.L.);
zhengyunfei@whu.edu.cn (Y.Z.); tianyefang@whu.edu.cn (T.F)

Key Laboratory of Resource and Environmental Information Engineering, China University of Mining and
Technology, Xuzhou 221116, China

*  Correspondence: dzhang@sgg.whu.edu.cn

Abstract: The ultra-wideband (UWB) technology has been increasingly recognized as an efficacious
strategy for Indoor Positioning Systems (IPSs). However, the accuracy of the UWB system can be
severely degraded by non-line-of-sight (NLOS) errors. In this study, we proposed a new method to
reduce the UWB positioning error in such an indoor environment. We developed a system consisting
of a Robotic Total Station (RTS), four UWB base stations, a moving target (including a prism and
a UWB tag), and a PC. The observed coordinates of the moving target, captured using millimeter
precision from an RTS device, served as the ground truth for calculating the positioning errors of
the UWB tag. In a significant NLOS scenario, the UWB’s three-dimensional positioning error was
identified to exceed the nominal value declared by the manufacturer by a factor of more than three. A
detailed analysis revealed that each coordinate component’s error distribution pattern demonstrated
considerable variance. To reduce the NLOS error, we designed a combined multilayer neural network
that simultaneously fits errors on all three coordinate components and three separate multilayer
networks, each dedicated to optimizing errors on a single coordinate component. All networks were
trained and verified by benchmark errors obtained from the RTS. The results showed that neural
networks outperform the traditional methods, attributed to their strong nonlinear modelling ability,
thereby significantly improving the external accuracy by an average reduction in RMSE by 61% and
72%. It is evident that the proposed separate networks would be more suitable for NLOS positioning
problems than a combined network.

Keywords: ultra-wideband; robotic total station; neural network; indoor positioning

1. Introduction

Indoor Positioning Systems (IPSs) are crucial in diverse fields, from emergency ser-
vices to industrial automation [1]. The most used satellite technologies, like the Global
Navigation Satellite System (GNSS) [2], are ineffective indoors due to signal attenuation
caused by building materials and environmental factors [3]. Ultra-wideband (UWB) tech-
nology has been increasingly recognized as an efficacious strategy for IPSs due to its
high accuracy, low transmission cost, and robustness to environmental perturbations [4].
The Federal Communication Commission (FCC) defines the UWB signal by one of the
two conditions: (1) The signal bandwidth should be wider than 0.2 times the carrier fre-
quency, or (2) the signal bandwidth should be wider than 500 MHz. The fine time resolution
and broad bandwidth of UWB technology enable precise location tracking, making it supe-
rior to other IPSs like WiFi or Bluetooth [5], especially in complex indoor scenarios. For
instance, Ridolfi et al. demonstrated UWB'’s capability to track athletes with an average
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error of 20 cm [6]. Similarly, Cheng et al. showcased the precision of UWB in static and
dynamic item tracking within an indoor environment [7]. Park et al. introduced a system
integrating BIM with UWB for accurate indoor navigation and robot tracking, enhancing
construction efficiency and safety [8]. Wang, et al. [9] proposed a trust-assessment-based
distributed localization algorithm that can achieve accurate localization.

However, the accuracy of the UWB system is affected by various error sources. No-
tably, non-line-of-sight (NLOS) conditions can degrade positioning accuracy substantially
due to signal obstruction, with errors up to several meters [10,11]. Multipath propagation,
due to NLOS signals in combination with the original LOS signal [12], introduces errors
ranging from a few centimeters to over a meter [13], depending on environmental com-
plexity [14]. Multipath error is more common but much easier to ignore, more difficult to
avoid, and significantly impacts positioning accuracy. Additionally, synchronization errors
between devices and clock drift can also contribute to inaccuracies, typically within tens of
centimeters [15].

Several correction methods have been developed to mitigate these challenges. Kalman-
filter-based algorithms are commonly used to minimize ranging errors [16,17]. The twice
correction algorithm, combining linear fitting and polynomial methods, enhances both
static and dynamic positioning accuracy [18]. Multi-sensor data fusion techniques, such as
integrating UWB with inertial measurement units (IMUs) and encoders, employ Kalman
filtering to enhance positioning accuracy by leveraging the complementary strengths of
different sensors [19]. Despite improvements, the complexity of sensor integration [20]
and the need for extensive calibration [21] can limit these methods. NLOS identification
and mitigation strategies aim to detect and correct the additional path length caused by
obstacles [22], but they often require complex environmental modeling [23].

The development of neural networks has introduced new possibilities for error cor-
rection in UWB indoor positioning. Neural networks can learn complex patterns and
relationships from data [24], which implies their capability to correct the nonlinear error
characteristics in complicated environments. The neural network can be integrated into
UWB-based algorithms and maintain a stable accuracy in NLOS scenarios [25]. Another
study by Leyla Nosrati et al. utilized deep learning algorithms, including multilayer per-
ceptron (MLP) and convolutional neural networks (CNNs), to reduce ranging errors caused
by multipath components [26]. However, one possible side effect of a complex network
structure is that it always needs a large amount of data and a long training time, which also
brings inconvenience to use. Furthermore, retrieving more accurate and reliable reference
values for training neural networks is still a challenging issue for researchers.

Robotic Total Stations (RTSs) have gained significant attention for their versatile
applications in various fields, especially in environments where the GNSS signal is unreli-
able [27]. In outdoor environments, RTSs are the preferred choice to obtain high-accuracy
measurements in the order of millimeters. In indoor robot navigation, their contribution is
marked by high precision and stability [28]. However, few studies use RTS to correct UWB
locations.

Therefore, this paper presents the following main contributions:

(1) A method for improving the UWB positioning accuracy is proposed. Synchronous
RTS coordinate observations at the mm level are used as the benchmark value for the
UWB positioning error, which are then inputted into the neural network for training.

(2) An experimental system for data acquisition was designed and developed, including
control software running on a PC, one RTS, four UWB base stations, and a moving
target consisting of a prism and a UWB tag.

(3) Two kinds of neural networks (a combined neural network that fits all three coordinate
components concurrently and three separate networks dedicated to optimizing a
single coordinate component) and two traditional methods (a polynomial model
and a locally weighted linear regression model) were compared. An evaluation
was implemented using external coincidence accuracy based on the result from the
verification dataset.
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The remainder of this paper is organized as follows: Section 2 introduces the basic idea
and steps of our method, including a description of the UWB and RTS experimental sets in
Sections 2.1 and 2.2, respectively; an introduction of the control software is in Section 2.3,
and Section 2.4 describes the matching method for the RTS and UWB observations. Experi-
mental steps are listed in Section 3.1, the neural network structure is given in Section 3.2,
two traditional techniques are provided in Section 3.3, and Section 3.4 shows the accuracy
indicators for the network evaluation. Section 4 presents the results and discussion of the
validation and testing experiments. Finally, our conclusions are drawn in Section 5.

2. Materials and Methods
2.1. The Ultra-Wideband

The D-DWM-PG1.7 UWB board, as illustrated in Figure 1, is produced by Lenet
Technology Co., Ltd., situated in Guangzhou, China. This board is developed utilizing
the DW1000 positioning chip, a product of Decawave Ltd., which is headquartered in
Dublin, Ireland.. Its main technical specification is listed in Table 1. The distance between a
pair of such modules can be ascertained with an accuracy of +10 cm by measuring signal
propagation time. This is achieved by employing two-way ranging utilizing time-of-flight
(TOF) or one-way ranging using the time difference of arrival (TDOA) method. Based on
the principle of distance intersection, the three-dimensional coordinates of a tag can be
determined with an accuracy of +30 cm.

ANTENNA MICRO USB

’ 54mm ‘

Figure 1. The D-DWM-PG 1.7 UWB module.

Table 1. Main technical specification of the D-DWM-PG 1.7 UWB module.

Indicator Value
Range accuracy +10 cm
Positioning accuracy +30 cm
Rated voltage DC5V
Rated current 250 mA

Communication rate
Single communication time

9600~256,000 bps
Minimum 0.2 ms—6.8 Mbps air speed
Single distance measurement time Minimum 3 ms-6.8 Mbps air speed
Single positioning time Minimum 20 ms—6.8 Mbps air speed
Communication distance 50 m
Communication frequency 3.5 GHz-6.5 GHz

Supposing there are four base stations and one tag, the observation equation can be
expressed as

(x—x1)’+(y-n)’+@z-2) =R
(r—x2)2 + (y = y2)2 + (2 - 22)2 = RS )
(x —x3)° + (y — y3)* + (z — 23)° = R}
(x =2+ (y—ya)* + (2 —24)* = R}

where (x, y, z) is the coordinate of the tag, (x;, y;, z;) is the coordinate of the ith base station,
and R; is the distance between the tag and the ith base station.
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Therefore, the coordinate of the tag can be computed according to Equation (2),

11
y| =5N"'B 2
V4

2(x1 = x2) 2(y1 — ¥2) 2(z1 — 22)
where N = |2(x1 —x3) 2(y1 — y3) 2(z1 — 2z3) |,
2(x1 — x4) 2(y1 — ya) 2(z1 — z4)
RI—RY -3 +x]—y3+y; — 2 +7
B=|R§—R{—x+xf—yi+yi—25+2%
Ri—Ri—x{+xi—yg+yi—z+7

2.2. The Robotic Total Station

An RTS consists of precise angle and distance measuring mechanisms and tilt sensors,
which can determine the three-dimensional coordinates of the target at the millimeter level.
Its measurement principle can be expressed as

X = Xxg+ S X cosa X CoOsA
Yy =ys+ S X cosa X sinA (3)
z=2zg+SXsina+i—0v

where (x, y, z) is the coordinate of the target, (xg, ys, zs) is the coordinate of the RTS’s
station, S is the slope distance between the station and the target, « is the vertical angle,
A is the azimuth of the line between the station and the target, and i and v represent the
height of the instrument and target, respectively.

The MS60 multi-station RTS, a product of Leica Geosystems with its headquarters
located in Heerbrugg, Switzerland, was utilized in our experimental setup. The main
technical specifications are shown in Table 2. It can be seen that the accuracy of the MS60
angular and distance measurements is very high. When using the continuous tracking
mode, the distance measurement frequency can reach up to 20 Hz, meeting the needs of
dynamic positioning.

Table 2. Main technical indicators of the RTS Leica MS60.

Indicator Value

Angular accuracy 0.5"
1 mm + 1.5 ppm (standard mode, 1.5 s)

Distance accuracy and time 3 mm + 1.5 ppm (continuous mode, 0.05 s)

Minimum working distance 1.5m
GPRlprism: 10 km; GRZ4/GRZ122prism: 3 km;
Maximum range GRZ101prism: 1.5 km;
non-prism: 2.4 km
Maximum allowed speed for Tangential: 9 m/s (20 m), 45 m/s (100 m)
locked prism Radial: 5m/s

2.3. The Experimental System

The experimental system consists of three parts: an RTS subsystem, a UWB subsystem,
and a PC. The connection relationship between them is shown in Figure 2. The control
software, which runs on the PC, communicates with the RTS and UWB through WiFi and
USB interfaces, respectively. The UWB tag and the 360° prism are bound together as the
moving target and are mounted on the top of a surveying pole (see Figure 3). The vertical
offset between the UWB antenna and the center of the prism is precisely determined by the
RTS observation, and the horizontal offset is omitted since it is minimal. The z coordinate
of the prism (retrieved through RTS) will be converted to the UWB antenna by adding the
vertical offset.
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station C station B

UWB base
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Figure 3. The structure diagram of the moving target, whose coordinates can be observed by the
UWB and the RTS synchronously. The vertical offset between the UWB antenna and the center of the
prism is 4.7 cm, which is used to convert the z coordinate observed by the RTS from the prism center
to the UWB tag.

The control software can send orders to control the RTS and UWB, and receive their
response messages. Once the RTS successfully locks the prism, and the UWB system starts
to solve the tag’s position, the control software will save their observations (containing
time stamps) on the PC as two separate files. After completion of the data acquisition, the
two files will be matched to compute the UWB’s positioning errors.

2.4. Observation Matching

Due to the different sampling rates of RTS and UWB observations, the moments at
which RTS and UWB record their coordinates are usually different. To obtain the benchmark
value for the UWB’s location at a moment T1, the RTS positioning coordinates at the two
adjacent moments t1 and t2 are interpolated linearly to the moment T1 (see also Figure 4)

as follows:
Atl At2

L(T1) = Tth) + EL(tl) (4)
where L represents any component of the RTS coordinates (x, y, or z), the variable in the

bracket denotes its moment, and Atis t2 — t1, Atlis T1 — t1, and A2is 2 — T1.
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Figure 4. Principle of the observation matching.

To ensure the accuracy of the interpolation, both the time threshold for Atl and At2
and the displacement threshold for L(t1)-L(f2) are set. Interpolation is only implemented
when |Atl] < 0.5sand |Af2] < 0.5sand |L(#1) — L(£2)| < 0.1 m.

3. Design of The Experiment
3.1. The Experimental Steps

The experiment was conducted in a typical indoor environment laboratory, as shown
in Figure 5. To simulate the NLOS condition, UWB stations A, C, and D were specially
installed in obstructed positions. A was surrounded by several metal baffles, and C was
mounted at the end of a narrow corridor. D was installed at the edge of the window near
the ceiling, about 20 cm higher than the lower edge of the ceiling. Therefore, in the vast
majority of the experiment locations, the UWB tag can only receive a clear LOS propagation
condition from the UWB station B.

Figure 5. The panorama view of the experimental scene. A, B, C, and D each denote a distinct UWB
base station.

The detailed experimental steps are listed below:

The RTS was set up on a tripod with visibility to all four UWB base stations.
The RTS’s WLAN was connect to the PC’s mobile hotspot so that the control software
could communicate with the RTS.
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The UWB stations A, B, C, and D were mounted as shown in Figure 5, connecting
the UWB station A interface to the PC through a USB cable to establish the data
communication between the whole UWB system and the PC.

The RTS measured the x, y, and z coordinates of each UWB station antenna, as shown
in Table 3, recorded them using the control software, and then wrote them into the
UWRB system. In this way, the coordinates measured by the RTS and the UWB were
unified into the same coordinate system.

The moving target was mounted on the top of a surveying pole, including a prism and
a UWB tag.

The RTS was allowed to aim at the moving target roughly and before starting to lock
the prism.

The UWB system was allowed to start calculating the position of the tag.

The control software was allowed to record the RTS and UWB observations as two
separate files, and then, the surveying pole moved around the room.

The experiment was terminated when enough observations were collected.
Matching the RTS and UWB observation files, the UWB’s positioning errors in the x, y,
and z directions were calculated.

A neural network was constructed to train the matched observation files. The structure
diagram of the neural network is shown in Figure 6. The divisions of the dataset are
shown in Figure 7.

The accuracy of the network was evaluated by a verification dataset, which the trained
network has not used.

Table 3. The 3D coordinates of the four UWB base stations.

UWB Base x (m) y (m) z (m)
A 57.52 506.94 6.13
B 57.28 500.83 7.78
C 4991 495.88 5.25
D 48.62 506.14 8.13

Hidden layers

—— — ————

—

i 1

Figure 6. The structure diagram of the neural network.

3.2. Design of the Neural Network

The neural network gains its name from its brain-like structure, composed of the input,

hidden, and output layers. In this study, we designed two kinds of neural networks, i.e., the
combined and separate networks, depending on whether the three coordinate components
x, Y, and z use the same neural network. As can be seen in Figure 6, for the combined
network, there are three outputs (Ax, Ay, Az) in the output layer. While for the separate
ones, each network has only one output (one of Ax, Ay, and Az). The detailed parameters
of each network’s structure are listed in Table 4. The training function is the Bayesian
Regularization, which can train the network by optimizing the Levenberg-Marquardt
algorithm by updating the bias and weights. It minimizes a combination of squared errors
and weights, and then determines the correct combination to produce a network that
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generalizes well. The mean squared normalized error performance function was used as
the performance function.

85% training

85%

training set

matched 15% validation

obs
UWB obs

Figure 7. The divisions of the observation dataset. A total of 85% of the matched observations

15%

verification set

were used for training the neural network, and the remaining 15% were used to verify the external
coincidence accuracy of the trained neural network.

Table 4. The structure of the neural network in this study.

Type of Network Input Structure of Hidden Layers Output
x Ax
Combined y 23 X9 %x6x3 Ay
z Az
x 13 x 4 Ax
Separate y 13 x 4 Ay
22x7x5x%x3 Az

xAxAyAzAxAyAz The dataset is usually divided into three subsets when training
the neural network. The first subset, i.e., the training set, is used to update the network
by computing the gradient. The second subset is the validation set, which monitors errors
during training. Typically, if the validation error decreases, as does the training set error.
However, if the network overfits the data, the error on the validation set will rise. The
weights and biases of the neural network are saved when the minimum of the validation set
error appears. The third subset is the verification set, of which, the error is used to compare
various models. A poor division of the dataset will lead to the error on the verification set
reaching a minimum at a significantly different iteration number than the validation set
error.

3.3. Traditional Methods
3.3.1. Polynomial Model

The polynomial model uses a polynomial formula to construct a surface that corre-
sponds with the sample data using the following formulas:

55-i
f= Z Z pijxly] @)

i=0j=0
where pj; is the model coefficient.

3.3.2. Locally Weighted Linear Regression

The locally weighted linear regression uses the weight of each sample to improve the
algorithm’s performance by using a parameter to control the change rate of weight to find
the best model. The weights of each point are calculated by

3\ 3
wi=<1— — ) (6)

d(x)




Appl. Sci. 2024, 14, 5123

9 of 15

where x is the predictor value associated with the response value to be smoothed, x; is the
nearest neighbor of x as defined by the span, and d(x) is the distance along the abscissa
from x to the most distant predictor value within the span.

3.4. Accuracy Indicators

Bias and the Root Mean Square Error (RMSE) are widely recognized as crucial
metrics for assessing accuracy in the domains of positioning and navigation, including
UWRB [29-31]. Bias is a measure of the average error across all measurements, reflecting
the systematic deviation from the true value. It reveals any consistent overestimation
or underestimation by the system. On the other hand, the RMSE quantifies the average
squared difference between the model’s predictions and the true values. As a quadratic
scoring rule, the RMSE offers an insightful measure of accuracy and precision. It accounts
for the magnitude and direction of the errors, providing a robust assessment of the system'’s
performance. Bias and the RMSE offer a holistic evaluation of a model’s efficacy when used
in tandem. They complement each other by highlighting systematic errors (bias) and the
overall dispersion of errors (RMSE), thus giving a more complete picture of the model’s
performance and reliability. This dual approach enables researchers to refine their models
and improve overall accuracy.

We calculated the bias and the Root Mean Square Error (RMSE) of the UWB positioning
error according to the following formulas:

A; = L;(UWB) — L;(RTS)

Bias = ﬁ A;/n
i=1 (7)

n
RMSE = | Y. A?/n
i=1

where A is the positioning error, L represents the coordinate observation in the x, y, or z
component, and n denotes the number of matched observations.

Two kinds of accuracy metrics are computed, including internal and external coinci-
dence accuracy, which refers to the result from the training and verification sets, respectively.
The internal coincidence accuracy mainly reflects the fitting effect, while the external coinci-
dence accuracy can better measure the generalization ability of the neural network.

4. Results and Discussion
4.1. Result of the UWB Positioning Error

Figure 8 shows the trajectories of the matched UWB and RTS observations. The
trajectory of UWB experienced the most severe drifts at the top left edge areas, where the
NLOS error would be greater than elsewhere.

We computed the statistical result in Table 5. It is evident that the order of errors in
the z component is much larger than that of the other two components, mainly due to the
geometric distribution of the UWB base stations in the z component being worse. The bias
of the UWB positioning errors in the x and y components are about 10 cm, while —52.5 cm
in the z component. The RMSE values are 21.1 cm, 21.7 cm, and 89.2 cm in the x, y, and
z components, respectively, which means that the UWB system’s total three-dimensional
positioning error reaches up to 94.2 cm, more than three times the nominal value in Table 1.
Furthermore, the maximum error in the x and y components is nearly 50 cm for 95% of
samples and ~1 m for 100%. In contrast, the 2D location accuracy of the DW1000 chip in
the LOS condition reported by Barbara et al. is 25 cm for 95% and 32 ¢cm for 100% [32]. It is
evident that NLOS conditions have severely degraded the accuracy of UWB positioning.
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Figure 8. Trajectories of the matched UWB (blue) and RTS (red) observations. A, B, C, and D each
denote a distinct UWB base station.
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Table 5. Statistical results of the UWB positioning errors (cm).

x Y z
Bias —-10.9 —9.8 —52.5
RMSE 21.1 21.7 89.2
95% MAX 41.5 47.2 179.0
100% MAX 90.3 94.9 249.5

Figure 9 shows the arrow diagram of the UWB positioning error versus the reference
value (RTS coordinate). Each arrow in a figure shows both the direction and value of a
UWSB positioning error. There is a common tendency among the three subgraphs that each
component exhibits a significant nonlinear distribution with solid relevance to location.
However, the features of the x, y, and z components are different.

For the z component, the distribution pattern of errors is much more complicated
than that of the x and y components. In the top left corner of Figure 8, the errors in the
three components are significantly larger than elsewhere, mainly because the LOS signal
between this area and the UWB station C was entirely blocked by the corridor wall, which
led to a significant NLOS effect. Furthermore, the UWB base C was installed relatively
lower compared with the other three base stations (less than 30 cm above the ground). Such
geometric distribution of base stations plays a vital role in the UWB positioning accuracy
on the z component.

4.2. Results of the Traditional Models and Neural Networks

As can be seen from Table 6, compared with the raw positioning error, the accuracy
of the polynomial model and the locally weighted linear regression are very close to each
other, of which, the RMSE reductions for the x/y/z components are ~50%. The combined
network performs better than the two traditional models, of which, the external RMSE
of errors is reduced by 55%, 52%, and 76% for the x, y, and z components, respectively.
The separate networks perform best among all methods, by which the external RMSE is
reduced by 66%, 71%, and 80% for the x, y, and z components, respectively. These results
indicate that the neural network can fit the UWB positioning errors well. Furthermore,
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it would be better to construct a particular network for each component since their error
distribution patterns are different.

, —— 40cm
561 , [ |
’ 4 0
(OUARE: ] 6.75
: | J
54+ ! ¢
= A A ) 6.74 2
= I W 0 N
521 et ; ", s
50 Ll 6.72
r f it
501 502 503 504 505 506
y(m)
(a)
— 40cm
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: A‘ . 6.73
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54t
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50+ 6.72
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(©)

Figure 9. The arrow diagram of UWB positioning errors on three axes. The color of an arrow or a
UWSB station indicates its z value. The arrow is only drawn for every ten errors to avoid mutual
obstruction. (a) UWB positioning error in the x component; (b) UWB positioning error in the y
component; (¢) UWB positioning error in the z component.

501
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Table 6. Statistical results of the traditional methods and the neural networks.

Method Statistic Internal Accuracy External Accuracy
x Y 4 x Y z

Bias (cm) 0.1 0.2 0.0 0.0 0.0 -18

Polynomial model RMSE (cm) 10.7 9.9 419 11.0 10.5 419
RMSE reduction 47% 54% 53% 47% 51% 53%

. Bias (cm) 0.0 0.1 0.2 0.0 0.5 0.4
iice"jggfggsj RMSE (cm) 11.0 10.1 413 1.1 10.6 428
& RMSE reduction 47% 53% 54% 47% 51% 52%
Combined Bias (cm) 0.0 0.0 0.0 —0.4 1.0 -1.1
OT mne . RMSE (cm) 9.5 9.7 16.4 9.5 10.4 214
neural networ RMSE reduction 55% 55% 82% 55% 52% 76%
5 Bias (cm) 0.0 0.0 0.0 0.3 —0.6 0.2
elfarate . RMSE (cm) 5.5 5.9 15.3 7.2 6.2 18.2
neural networ RMSE reduction 74% 73% 83% 66% 71% 80%

Figure 10 shows the residuals in the combined and separate neural networks’ x, y,
and z components. It can be noted that neural networks significantly reduce the position
residuals. The histogram of UWB positioning errors for the raw observation and the trained
neural network is shown in Figure 11. Compared with the former, the later errors present
much more obvious accidental error characteristics, indicating good fitting performance.

30 30
56 56
20 20
54 0 54 o
& 0o & = 0 g
= _ q = _ <
52 —10 52 -10
I Tl
50 30 50 30
501 502 503 504 505 506 501 502 503 504 505 506
y(m) y(m)
(a)
30 30
56 56
20 20
54 0 541 0
B 0 & B 0o &
= . 2 = ) 3
52 -10 52 -10
. .
50 0 50 ‘ 0
501 502 503 504 505 506 501 502 503 504 505 506
y(m) y(m)
50 50
56 56
54 R 54 R
= ﬁi = H
52 52
50 50
. =50 -50
501 502 503 504 505 506
y(m)
(9

Figure 10. The UWB positioning error of the combined (left) and separate (right) networks.
(a) Residuals in the x-component; (b) residuals in the y-component; (c) residuals in the z-component.
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Figure 11. Histogram for raw (untrained) and separate (trained) networks derived from UWB
positioning errors.

5. Conclusions

This study aims to improve the accuracy of UWB indoor positioning with significant
NLOS conditions. We developed an experimental system, comprising a Leica MS60 high-
precision RTS, four D-DWM-PG1.7 UWB base stations, and a moving target. The moving
target is equipped with a coaxial reflective prism and a UWB tag. Based on the synchronous
coordinates obtained by the RTS and the UWB system, the benchmark values of the UWB
tag’s positioning error are computed, of which, RMSE values are found to be 21.1 cm,
21.7 cm, and 89.2 cm in the x, y, and z components, respectively. NLOS conditions have
severely degraded the UWB positioning accuracy, reducing it to less than one-third of the
manufacturer’s stated nominal value. Furthermore, distinct error distribution patterns
have been observed across the three coordinate components.

Two kinds of multilayer neural networks were designed and compared, i.e., a com-
bined network and three separate networks. Both neural networks take three-dimensional
coordinates as input values. However, the former outputs three coordinate components
at a time, and the latter only fits one of the three coordinate components for each model.
The results of employing benchmark errors as the training and verification datasets for
neural networks showed that both networks had better performances than the traditional
models. Specifically, they achieved an average reduction in RMSE of positioning errors
by 61% and 72%, respectively. The separate networks perform better than the combined
network since they are able to handle the error distribution pattern more precisely in each
coordinate component. This customized strategy facilitates more accurate optimization
and management of errors, leading to better modelling effects compared to a combined
network configuration.
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