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Abstract: In the autonomous navigation of mobile robots, precise positioning is crucial. In forest environments
with weak satellite signals or in sites disturbed by complex environments, satellite positioning accuracy has
difficulty in meeting the requirements of autonomous navigation positioning accuracy for robots. This article
proposes a binocular vision SLAM/UWB tightly coupled localization method. The core of this algorithm is
based on an Extended Kalman Filter (EKF), which utilizes the displacement increment output by binocular
vision ORB-SLAM and the positioning coordinates calculated via UWB positioning as measurement
information to achieve data fusion. The research utilized the constructed experimental platform to collect
images and UWB ranging data in outdoor environments and experimentally validated the combined
positioning method. The experimental results show that this algorithm outperforms the use of the individual
UWB or visual SLAM localization methods in terms of positioning accuracy. Compared with traditional single
positioning algorithms, this algorithm exhibits better practicality and stability, and can effectively suppress the
impact of UWB non line of sight errors. The average error under normal line of sight conditions is 0.058 m, the
root mean square error (RMSE) is 0.080, and the average error under non-line-of-sight conditions is 0.081 m,
with an RMSE of 0.084. There is no significant jump or drift. Through the tightly coupled processing of
binocular vision SLAM and UWB positioning, more reliable and accurate mobile robot positioning can be
achieved, providing a useful reference for the autonomous navigation of mobile robots in complex
environments.

Keywords: Extended Kalman Filtering; multi sensor fusion; visual SLAM; ultra-wide-band
positioning

1. Introduction

Accurate positioning for mobile robots is a key challenge in achieving the autonomous
navigation of mobile robots in unknown environments. Especially in mountainous navigation, due
to the lack of reliable Global Navigation Satellite System (GNSS) [1,2], this problem has become more
complex and has attracted widespread attention from scholars.

Simultaneous Localization and Mapping (SLAM) [3-7] technology is used by researchers to
address this issue. In SLAM technology, the most commonly used methods are based on vision [8-
10] and LiDAR. Lidar SLAM performs well in environments with rich features, but is prone to
generating errors when features are missing, limiting its application in changing environments. In
contrast, the visual SLAM algorithm [11-13] utilizes continuous images to estimate camera motion; it
is cost-effective and able to present environmental details, resulting in higher accuracy in robot
localization and mapping in changing environments and helping mobile robots to complete tasks in
a wider range of spaces. However, after long-term or long-distance operations, visual SLAM may
experience error accumulation issues. Therefore, in the absence of GNSS signals and in complex
environmental conditions, relying solely on a certain positioning method makes it difficult to obtain
positioning results with high robustness and precision. To address these issues, many scholars have
adopted multi-sensor fusion methods, enabling mobile robots to perform autonomous navigation
more robustly in complex environments and achieve high-precision positioning results [14,15].
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Ultra-wide-band (UWB) positioning is an active positioning method with high bandwidths and
strong penetration abilities, which can provide absolute position services in environments where
GNSS cannot determine positioning [16]. However, in complex environments, UWB is susceptible to
factors such as reflection and non-line-of-sight (NLOS) conditions, leading to a decrease in
positioning accuracy. Multiple fusion localization methods have been proposed in the existing
literature to address the challenge of UWB localization. Among these studies, [17] proposes
enhancing the indoor navigation of unmanned aerial vehicles by improving UWB positioning
through SLAM, which can improve the positioning accuracy of UWB with a 90% quantile error of
20.5 cm to 13.9 cm, achieving effective navigation of unmanned aerial vehicles in the environment.
However, this method uses weighted fusion, which cannot cope with complex indoor environments
and does not solve the problem of accumulated errors caused by long-term visual SLAM operations.
In addition, another study [18] adopts the fusion method of the UWB, odometer, and RGB-D, which
controls the positioning error to within 10 cm and the deviation angle error to within 1°, effectively
solving the problem of tracking failure during SLAM in RGB-D cameras, but this approach does not
consider the impact of the non-line-of-sight error of UWB. In [19], UWB positioning data and camera
fusion were used to determine the position of indoor moving objects and solve the problem of scale
blur, achieving a positioning accuracy of 0.2 m. Although these methods have improved the accuracy
issue to some extent, due to the use of loosely coupled fusion methods, UWB data cannot be directly
used for image matching. Therefore, researchers continue to explore methods of multi-sensor fusion
to further improve the accuracy and reliability of UWB positioning in complex environments.

Given the current low accuracy of single positioning methods and the issue of loose coupling in
combining these methods, as well as the potential for richer and more accurate location information
through the integration of SLAM algorithms with UWB positioning, this paper tightly integrates
UWB's global absolute coordinates with visual SLAM's relative displacement increments. In
environments with obstacles and outdoor scenarios, this algorithm performs exceptionally well,
exhibiting higher stability and robustness when compared to traditional methods, ultimately
achieving high-precision positioning.

The main contributions of this work can be summarized as follows:

(1) The Extended Kalman Filter (EKF) [20-22] algorithm is used to tightly couple UWB and visual
SLAM data. This method models all motion and measurement information simultaneously,
making it easier to reach the optimal model and improving positioning accuracy in various
complex environments.

(2) ORB-SLAM2 [23] and UWB complement each other effectively. ORB-SLAM2, with its
advantages in unstructured and dimly lit environments, reduces the impact of UWB's non-line-
of-sight errors. Meanwhile, UWB data efficiently compensates for cumulative errors resulting
from prolonged SLAM operations, further enhancing positioning accuracy.

(3) Estimation error divergence is effectively suppressed. This paper introduces the Sage-Husa
noise estimator and threshold determination mechanism in addition to the traditional EKF to
control the divergence of estimation errors, thus optimizing filter performance.

2. Principles of the Visual and UWB Localization Algorithms

2.1. Principles of the Visual SLAM Localization Algorithm

The ORB-SLAM2 algorithm is used for visual positioning, and the front-end visual odometer is
based on the “Oriented FAST” key points and the BRIEF descriptor, with the aim of achieving feature
point extraction and matching [24,25]. The back end is based on a nonlinear optimized BA visual
SLAM system. It divides the traditional visual SLAM algorithm into three threads: position tracking,
local mapping, and loop closing. The flowchart of the algorithm is shown in Figure 1. In the RGB-D
mode, the tracking thread is responsible for real-time pose localization, tracking, and optimization
processing based on the provided feature point depth information. The local mapping thread creates
new map points through the obtained keyframes and removes points outside the map. The pose of
the keyframes is locally optimized via BA, and redundant keyframes and map points are deleted.
The closed-loop detection thread uses a mathematical model to evaluate the similarity of adjacent
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keyframes and determine the closed-loop situation of keyframes, which helps to reduce the
cumulative drift of trajectories. This article selects an RGB-D camera as the image input source.
Compared to monocular and binocular cameras, the RGB-D camera can simultaneously capture color
images and corresponding depth maps. Not only can it solve the problem of scale uncertainty in
monocular vision, but it can also eliminate the tedious steps of calculating the parallax between left
and right cameras in binocular vision, reduce computer computation, and ensure real-time

requirements.
Relocalization
: Pre-process : _‘ Model Track last Track local
image 3 Motion model %
input J decision frame map
RPE model
Weight model
: Keyframe
Mappoints Keyframes o
PP 4 decision
Loo Loo New points
Full BA P '.’ Local BA e
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Figure 1. ORB-SLAM?2 algorithm flowchart.

2.2. Principle of the Ultra-Wide-Band (UWB) Positioning Algorithm

The ultra-wide band is a wireless carrier communication technology [26-28] that uses
nanosecond non-sinusoidal narrow pulses to transmit data, occupying a wide spectral range. Due to
its simple system structure, high transmission rate, and low functionality, it is widely used in
positioning technology.

The commonly used positioning methods for UWB technology include TOA (time of arrival),
TDOA (time difference of arrival), TWR (time of flight ranging), etc. [29,30]. The principle of TOA
positioning is to calculate the distance of signal propagation by measuring the propagation time of
the signal from the transmitting source to the receiver. It uses multiple receivers (anchors or base
stations) to simultaneously measure the arrival time of the signal and calculate the position of the
target via multilateral positioning algorithms (such as triangulation). The TDOA positioning
principle is based on using the difference in the signal arrival time to calculate the target position. In
TDOA positioning, at least three receivers are required for measurement. By measuring the time
difference between signals reaching different receivers, the position of the target relative to these
receivers can be calculated. The principle of TWR positioning is to calculate distance based on the
flight time of the signal. TWR calculates the distance of signal propagation by measuring the flight
time from the transmitter to the receiver, combined with the propagation speed. Multiple TWR
measurements can be used for multilateral positioning and calculating target positions [31-33].

In our experiments, TOA positioning was selected. Unlike other positioning methods, TOA does
not require advanced hardware or complex signal processing algorithms, and it is relatively easy to
implement. It has high accuracy and a relatively simple implementation method. Moreover, TOA
positioning is based on time measurement, and its measurement accuracy can reach the sub-
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nanosecond level or better. Therefore, it has high positioning accuracy and a good ability to suppress
multipath effects. The schematic diagram is as follows:

Assuming the target generates a signal at time t, and, at time tg, reaches the receiver. The
propagation time of the signal from the transmitting source to the receiver At (TOA) can be
expressed as:

At = tR _to (1)
The distance d of signal propagation is as follows:
d=cxAt 2

where ¢ represents the propagation speed of the signal (usually approximately the speed of light).

In this way, by measuring the time of arrival (TOA) and signal propagation speed of the signal,
the distance of signal propagation can be calculated, thereby achieving target positioning. In practical
applications, multiple receivers (anchors or base stations) are usually used to calculate the position
of the target through multilateral positioning algorithms (such as triangular positioning algorithms),
as shown in Figure 2.

Figure 2. Schematic diagram of ultra-wide-band positioning.

When installing and deploying base stations 1, 2, and 3, their positions are fixed and known. For
base stations 1 (x4, ¥1), 2 (x2, ¥2), and 3 (x3, ¥3), the coordinates of the required positioning labels
are Ry (xo, ¥o).- The unique intersection point is calculated using three circular equations, as shown
in Equation (3):

Vo —x)% + (yo — y1)2 = vty
Vo — %)% + (o — y2)? = vty ®)
V(o — x3)2 + (yo — ¥3)? = vis

where v is the speed of light, and t;, t;, and t; represent the time to reach the three base stations.
Solvable R, (xq, ¥,) coordinates are given.

3. Fusion Localization Algorithm

3.1. Time Synchronization and First Coordinate System

As shown in Figure 3, before conducting data fusion, it is necessary to consider the time
synchronization and coordinate system of one of the two positioning methods. Therefore, a
preprocessing stage is designed to take place before the experiment, which is divided into two parts:
the first part involves the time synchronization of the solution devices of the two positioning methods
and adds time labels to the output data of SLAM and UWB; the second part converts the camera
coordinate system of ORB-SLAM2 into UWB coordinates through coordinate system transformation.
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unified coordinate
system

Figure 3. Pre-processing structure diagram.

To obtain the rotation and offset matrix from the camera coordinate system of ORB-SLAM?2 to
the UWB coordinate system, it is necessary to collect a certain number of UWB and SLAM data under
the same trajectory after time synchronization. Under this trajectory, the coordinate dataset of UWB
is U, and the coordinate dataset of SLAM is S. The iterative method is used to obtain the point sets
of the two datasets that are close in time. The new datasets U’ = {u,u,,uz ..., u,} and §' =
{s1,52,55 ..., Sp} are obtained, and the rotation matrix r and horizontal shift matrix from the camera
coordinate system to the UWB coordinate system are assumed to be T.

The following formula is used:

n
(r,7) = argmin Y IGru; + T) = sil @)
i=1

The centroids of U’ and S’ are calculated separately, using py and p;:

n

X ©)

pe = %Z 5 (6)

Decentralizing the dataset yields:

U=U'-py 7)

§5=8"~=ps ®)

Using the singular value decomposition method [34] to solve the rotation matrix r and the
translation matrix T, the following equation can be derived:

T=S—rU 9)

3.2. KF-Based Data Preprocessing

Due to the presence of noise and errors in the process of propagating UWB signals, resulting in
inaccurate measurement values, it is necessary to perform filtering processing on UWB data before
data fusion. The Kalman filter predicts and corrects the system state through recursion, resulting in
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more accurate state estimations and effectively handling noise and uncertainty standards. The
position velocity (PV) model is used in this article:

{xt =Ax,_ 4 + W,

zy = Hx, +V; (10)

. T - .
In the equation x, = [x, V) Uy, vy] , A represents the system state transition matrix, A =

1 0 dt 0

0 1 0 dt h ¢ h

00 1 ol dt represents the system update rate of 10 Hz, and H represents the system
00 0 1

0 0 O
1 0 0
measurement noise, W,~N(0,Q), V,~N(0, R):

measurement matrix, H = [(1) ],Wt. V. represents the current process noise and

4t 0 0 0
4
0 dct 0 0
Oy’ 0 2
R:[vg oy ]’Qz * dt? x oy’ (1)
Y 0 0 — 0
2

0 0 0 d?

2 i

In the experiment, the ¢, value in the process noise (Q) was 0.01, and the value of [0,,?, 6,,%]
in the measurement noise (R) was [0.018, 0.015] (this value is calculated based on experimental
measurement results).

The equation system for the time update stage in KF includes the predicted state £; and
predicted covariance Py :

Xy =A%, (12)

Pt_ = APt_lAT + Q (13)

here, X,_; and P,_; represent the optimal state estimation and error covariance matrix for the
instantaneous t — 1 moment, respectively, and @ is the covariance matrix for the instantaneous
t process noise. Then, Kalman gain K; is:

K, = PFHT(HPfHT + R)™! (14)

The predicted covariance P; and Kalman gain K; are positively correlated, with the observed
noise R and Kalman gain K, showing a negative correlation. The above equation indicates that R is
used to adjust the weight of observations in state estimation; that is, when R is small, the system
relies more on observations, and, when R is large, the system relies more on prior predictions. Based
on the above expression, the update status expression can be obtained as:

X = X7 + K. (2, — HX,) (15)

P, = (I — KH)P (16)

where %, is the estimated state value of the current time t, which is the predicted state value. z is
the observed value at the current time t, which is the actual value measured by the sensor. P; is the
state covariance matrix of the current time t, representing the uncertainty of state estimation. This
article verifies the importance of one-dimensional filtering in tightly coupled localization through
UWB preprocessing experiments.

3.3. Data Fusion Algorithm Based on EKF

In the tightly coupled visual ORB-SLAM2/UWB combination localization, UWB suppresses the
cumulative error generated by visual SLAM localization over time, while visual SLAM localization
also reduces the impact of non-line-of-sight errors during UWB localization. The ORB-SLAM2/UWB
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combined positioning method constitutes a nonlinear system, so this article uses the EKF algorithm
to handle nonlinear problems.
In general, the nonlinear motion state equation and measurement equation are, respectively:

X = f (-1, Wi—1) (17)

z = h(xy, vy) (18)

where xj, represents the state vector; z, represents the observation vector; wy represents process
noise; v, represents measurement noise; f(-) represents the state function; and h(-) represents the
observation function.

In the combined positioning method used in this article, UWB and visual ORB-SLAM?2 data are
fused through time synchronization and coordinate system 1, as detailed in 3.1, to obtain the position
and speed updates of the combined system. The model is as follows:

2

Sxyp = 6xp_q + tOVE_| + 36175—1

Svi = 8vi_, + tai_
k k-1 k 12 (19)

y "y
lSyk = 0Yp_1 +tov,_; + 7“k—1
sv) =6v)_, +tay_,

where t is the sampling interval time of the combined system; (x;, ;) represents the plane position
of the combined system at the k-th moment; v, v} is the velocity of the combined positioning in the
x-axis and y-axis directions at the k-th moment, and aj, a,’c’ represents the acceleration in the x-axis
and y-axis directions at the k-th moment, respectively. Using the position and velocity errors of the
combined system as the state vector of the visual ORB-SLAM?2 combined system, the state equation
of the combined system is obtained by organizing Equation (3) as follows:

Xy = FXpq + Wiq (20)
2 2
where X, = [6xp, 6k, 6y, 6117, Wy = [t?a,’j_l,%a,f_l,ta,’c‘_l,ta,f_l]T is process noise. F =
1 0 t O
0 1 0 ¢tf. . .
00 1 0 is the state shift matrix.
0 0 0 1

Like the KF algorithm, the main process of the EKF algorithm includes state updates and
measurement updates. State updates include state prediction and error covariance prediction. The
details are as follows:

XAk_ = f(A)?k—liuk—li O) (21)

Pk_=FPk_1FT+Qk (22)

where X;. Py is the prediction of the state vector and error covariance of the combined system at
the k-th moment, and @, is the covariance matrix of process noise.

The difference between the position information of the visual ORB-SLAM2/UWRB after spatial
transformation and the position information calculated via UWB positioning is used as the
measurement information of the combined system. The measurement equation for the combined

system is:
Y, = HX), + v (23)
SLAM _ , UWB x
x - X . . Uk | .
where Y, = [YI,%L M J’Z]WB] s H= [(1) (1) g g] is the measurement transfer matrix; v, = [vg'] is the
measurement noise; and (x¢"%, y/"F) is the plane coordinate of the visual solution. The

measurement update includes calculating the Kalman gain Ky, the state vector X; atmoment k, and
the error covariance Py:
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Ky = P Hi (H P Hi + R)™ (24)
P, = (I — K H )Py, (26)

where I represents the identity matrix and R, is the covariance matrix of observation noise. Based
on the state equation and measurement equation, the positioning information of the combined system
is obtained via EKF for state and measurement updates.

3.4. Measurement Noise Estimation and Threshold Judgment

Due to the traditional EKF requiring measurement noise to follow a Gaussian distribution of
zero mean on the noise assumption Qx~N(0,Q), R,~N(0,R), where Q; should be related to the
system prediction model, R; is mainly related to sensor measurement data. In practical scenarios
such as SLAM and UWB positioning, the measurement noise may not fully conform to the Gaussian
distribution, and may be affected by the environment, resulting in increased or even divergent
estimation errors. Therefore, this article introduces the Sage Husa noise estimator and threshold
judgment mechanism based on traditional EKF to optimize the performance of the filter.

The Sage Husa noise estimator is an adaptive noise estimation technique that continuously
adjusts the intensity of measurement noise. In each iteration, by analyzing the measurement data, the
actual measurement noise intensity is estimated and applied to the noise model in EKF to more
accurately reflect the actual measurement error. The threshold judgment mechanism analyzes the
estimated values of the filter output to determine whether there is significant deviation from the
actual position of the measurement data, preventing these abnormal data from interfering with the
filter estimation, and thus achieving the optimization of the filter.

When wy, is fixed, the Sage Husa algorithm is used to estimate the covariance of system
measurement noise. For the k measurement, first, the measurement residual is calculated:

€ =yk—HXA,: (27)

where y, is the actual measurement value, H is the state observation matrix, and Xj is the prior state
prediction value. Then, the covariance R [35] of the measurement noise is estimated using the
following formula:

ﬁk = (1 - dk)ﬁk + dk(ekel’{ - HXR_HT) (28)

where Rj is the k-th estimated measurement noise covariance matrix, d is the adaptive weight,
and d = %:H. b is the forgetting factor, ranging from 0.95 to 0.99, representing the estimated
weight before forgetting. The specific value can be obtained through experiments.

To eliminate abnormal measurement data, before fusion, the measured values are compared
with the estimated values of the state vector, and the difference between the two is subtracted from
the pre-set threshold. If the threshold is exceeded, the previous state estimation is used instead.

After combining the threshold judgment, Equation (15) in EKF is modified to:
0, |ex| > thresh
Kk =

. 29
P HY (HyPrHY + Ry) ™, lex| < thresh 29)

where the threshold is the pre-selected threshold. The main steps of the final fusion localization
algorithm are shown in Figure 4.

According to the flowchart, first, Kalman filtering is performed on the UWB range values to
obtain more accurate and stable estimates; then, the UWB measurement data are fused with visual
ORB-SLAM?2 using an extended Kalman filtering framework. The measurement equation in EKF is
dynamically adjusted based on the results for the measurement noise and threshold to obtain the
optimal positioning estimation for the current state. Due to the continuity of localization, the optimal
estimation of the current state is fed back to the Kalman filter range value of the next state, and the
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noise is estimated and adjusted again, continuously updating to suppress the divergence of the EFK
results and improve the accuracy of the localization system.
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Figure 4. Framework diagram of the fusion localization algorithm.
4. Testing and Analysis

4.1. Construction of the Visual/UWB Platform

The camera used on the mobile positioning platform is Intel’s Realsense-D455 model camera,
with a resolution of 1280 pixels by 720 pixels. The sampling frequency is set to 10 Hz. The UWB used
is Decawave’s DW1000 communication and ranging module, with a bandwidth of 3.5-6.5 GHz and
a data sampling frequency of 10 Hz. In order to accurately obtain the system error of each anchor
point of the UWB, a mobile calibration platform was constructed in this experiment, as shown in
Figure 5. The platform consists of three main parts: aluminum profile chassis, a control box, and a
synchronous belt. Both the UWB and the camera are fixed on the moving slider of the synchronous
belt of the mobile calibration platform. By controlling the synchronous belt via the control box, the
speed, acceleration, and spatial coordinate values of the two sensors can be accurately obtained. Time
tags are added to the data collected via UWB positioning and the camera, ensuring that these time
tags are consistent with the system time of the computer. Data are collected from both sensors on the
laptop at the same time.

Figure 5. Mobile calibration platform.

4.2. Correction of UWB Positioning System

The TOA (time of arrival) algorithm used in this article usually includes two stages: a ranging
stage and a localization stage. Due to environmental and other external factors, there may be some
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errors in the distance measured via UWB positioning. Therefore, in order to accurately obtain the
measurement error of UWB and improve subsequent positioning accuracy, this section of the
experiment collected distance information of four UWB anchor points working simultaneously.
First, four UWB anchor points are fixed within the flat area of the large scene, as shown in the
Figure 6. The label and anchor are kept at the same height. The target labels are placed at different
positions and distances within the range of 0-100 m for the distance measurement, with 20 groups
every 5 m. Data are collected for 2 min for each group, including 400 measurement data. The
measurement data of a laser rangefinder with a measurement accuracy of 0.001 m as a reference value
are compared with the collected measurement data.

Figure 6. Correction test.

Figure 7 shows the relationship between the absolute error and distance of each anchor point,
both before and after correction. As shown in Figure 7, there is a difference in the absolute error
between the measured values of each anchor point at the same true distance and the environment,
which is caused by hardware factors. Moreover, the measurement error of each anchor point
fluctuates between 0.010 and 0.040 m at different distances. This indicates that there are certain
systematic and random errors in UWB distance measurement.
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Figure 7. Absolute error of UWB anchor ranging before and after correction.

The system error remains relatively stable throughout the entire measurement system process.
In order to eliminate the impact of the system error on the positioning results, the system is calibrated
by collecting reference point data at a known distance, establishing a system error compensation
model, and applying it to distance measurement. The corrected absolute error is shown by the blue
line in Figure 7. A comparison of measurement error data before and after correction is shown in the
Table 1. The random error is processed using a Kalman filter, the results before and after processing
are shown in Figure 8.

Comparison of Kalman processing

4.66

4.65

4.64

4.63

4.62

4.61

O pre-processing
@  After Processing
K truevalue

326 328 33

332 334 336 338

34 342 344 346

Figure 8. Comparison before and after Kalman filtering.

Table 1. Comparison of errors before and after UWB correction.

Direction Index Before Correction Revised
X-axis maximum 0.118 0.105
average value 0.062 0.045
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standard deviation 0.034 0.028
maximum 0.305 0.086
Y-axis average value 0.076 0.020
standard deviation 0.034 0.024

The analysis shows that the average measurement error after correction has decreased by 5.9 cm
and the standard deviation has decreased by 0.08 compared to the values before correction. This
indicates that this pre-experiment effectively improved the performance of the UWB positioning
system, making its distance measurement more accurate and stable.

By conducting the pre-experiments described in this section, we obtained distance error
compensation models for UWB during the positioning process. These models can be used in
subsequent positioning experiments to reflect the distance measurement noise of UWB. This is very
helpful for the design and performance evaluation of subsequent localization algorithms.

4.3. Outdoor Positioning Test and Analysis

Conduct small-scale field positioning experiments on the volleyball field outside the teaching
building, this experiment aims to compare the performance of different positioning methods. The
length and width of the volleyball court are 16 and 9 m, respectively, and the experimental time is
selected as noon, as there is sufficient lighting. We conduct a combined positioning experiment using
four UWB modules, a self-made mobile positioning platform, an Intel real sense depth camera, and
a Xiaomi laptop. The four modules are respectively arranged as base stations in the four corners of
the volleyball field. The coordinates of the four UWB reference stations were obtained in advance
using a total station and a laser rangefinder. Environment and layout of the experiment is shown in
Figure 9. The moving distance of the mobile positioning platform is 3 meters, and the linear speed of
the conveyor belt is 0.105 m/s. The platform carries UWB mobile tags and the camera run at a constant
speed along a fixed trajectory. In the non-line-of sight experiment, a researcher will stand at a distance
of 0.5 meters from the tag, obstructing the transmission of information between the anchor and the
tag.

Figure 9. Text environment.

Figure 10 and Table 2 provide a comparison of errors between single sensors and the fusion
positioning algorithm in line-of-sight conditions. The analysis reveals that UWB delivers high
positioning accuracy, achieving centimeter-level precision in line-of-sight conditions. However, due
to the influence of random errors in the UWB system, positioning results still exhibit significant drift.
The fusion algorithm proposed in this article demonstrates better robustness compared to single
methods, and its trajectory aligns more closely with the actual trajectory, showing no significant drift
errors. In this experiment, the fusion algorithm has an average positioning accuracy error of 0.058 m,
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which is 0.030 m and 0.027 m higher than the average error of the first two single methods,
respectively.
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Figure 10. (a) UWB positioning calculation results in line-of-sight state; (b) fusion positioning solution

results in a line-of-sight state.

Table 2. Error statistics of the positioning method results in the line-of-sight state.

Algorithm proposed in

INDEX VIORB UWB this article
Average value 0.088 0.085 0.058
Root mean square error 0.069 0.135 0.080
Standard deviation 0.448 0.562 0.558
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Figure 11. (a) UWB positioning solution results in a non-line-of-sight state; (b) fusion positioning
solution results in a non-line-of-sight state.

Table 3. Error statistics of the positioning method results in a non-line-of sight state.

Algorithm proposed in

INDEX VIORB UWB -

this article
Average value 0.094 0.290 0.081
Root mean square error 0.104 0.336 0.084
Standard deviation 0.532 0.634 0.538
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When non-line-of-sight situations, such as occlusions, occur in the scene, it's evident that the
positioning results of UWB experience significant jumps. The drift caused by accumulated errors is
more pronounced compared to normal line-of-sight conditions, with a maximum error of up to 20
centimeters. The combined positioning method yields excellent results, effectively overcoming
significant jumps and error accumulation, maintaining closer alignment with the fixed trajectory, and
displaying strong reliability. The average positioning error is 0.081 m.

5. Conclusions

This article introduces a fusion localization algorithm that combines Visual Simultaneous
Localization and Mapping (SLAM) technology with Ultra-Wideband (UWB) technology to address
the issues of low accuracy and poor stability in single localization methods for mobile robots. The
algorithm enhances the stability of the fusion positioning system in complex environments by adding
a measurement noise estimator and threshold detection to the traditional Extended Kalman Filtering
(EKF). Experimental results indicate that its positioning accuracy surpasses that of single methods,
whether it be visual SLAM or UWB positioning. Furthermore, in cases where UWB is affected by
Non-Line-of-Sight (NLOS) conditions, this algorithm demonstrates a more stable localization
compared to traditional approaches. In summary, this fusion localization algorithm in the article can
simultaneously meet the requirements of indoor mobile robots for positioning accuracy and stability.

However, due to various limitations, there are still aspects in the designed positioning system
that can be further explored. The article outlines the following aspects for reference:

(a) The article overlooks the small spatial offset generated by the UWB label device on the mobile
platform in the design. It uses the ranging value obtained from the UWB sensor directly as the
distance between the camera and the UWB anchor point. This may introduce errors between the
calculated position and the actual position, which can impact algorithm accuracy. Addressing this
issue in the future could provide greater flexibility for the mechanical setup of the system.
Additionally, over time, UWB anchor degradation may occur, and this should be carefully monitored
to ensure the accuracy of the obtained position.

(b) The experiments in the article are conducted in a small field, leading to fewer accumulated
errors. While the errors caused by the sensor itself are considered during data modeling, the impact
of accumulated errors is closely related to the experimental site and the system's operation time.
Therefore, the results obtained in different environments may vary.

Future research will address these limitations to make the study more comprehensive.
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