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Tightly Coupled Visual-Inertial-UWB Indoor
Localization System With Multiple
Position-Unknown Anchors

Chao Hu ", Ping Huang

Abstract—1In this letter, we perform a tightly-coupled fusion of a
monocular camera, a 6-DoF IMU, and multiple position-unknown
Ultra-wideband (UWB) anchors to construct an indoor localization
system with both accuracy and robustness. Prior to this, there have
been several works that have achieved satisfactory results by fusing
UWRB ranging measurements with visual-inertial system. However,
these approaches still have some limitations: 1) these approaches
either require the UWB anchor position to be calibrated in advance
or the UWB anchor position estimation method used is not robust
enough; 2) these approaches do not allow for dynamic changes to
the number of UWB anchors in a tightly coupled estimator. Our
approach uses visual object detection algorithm to provide UWB
anchor initial position and refine it in the factor graph, using chi-
square test algorithm to identify UWB ranging outliers. Based on
the above two ideas, we implement a tightly coupled estimator that
dynamically adjusts the number of UWB anchors, i.e. adding them
to the factor graph when their ranging measurements are available
and discarding them when their ranging measurements are out-
liers. These ideas improve the efficiency and robustness of the fusion
about UWB ranging measurements with the visual-inertial system,
as well as the easy setup of UWB anchors. Experimental results
show that the proposed method outperforms previous methods in
terms of estimating anchor position and improving localization
accuracy.

Index Terms—Visual-inertial SLAM, sensor fusion, localization.

1. INTRODUCTION

CCURATE and consistent position estimation is essential

for mobile robots. In recent years, Visual Simultaneous
Localization and Mapping (Visual-SLAM) is a popular research
direction in the field of robot localization. It can obtain contin-
uous 6-DoF pose estimates using only the camera. However,
the pose estimation accuracy of Visual-SLAM in weak texture
environment is poor. Due to the complementary nature of camera
and Inertial Measurement Unit (IMU), introducing IMU into
Visual-SLAM systems can obtain more robust pose estimation
results, which is called Visual-Inertial SLAM (VI-SLAM) or
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Visual-Inertial Odometry (VIO) system. There are many ex-
cellent open source VIO systems, filter-based systems such as
OpenVINS [1], R-VIO [2] and StructVIO [3], optimization-
based systems such as VINS-Mono [4], OKVIS [5] and ORB-
SLAMS3 [6]. However, sensor noise and calculation errors cause
the system drift to accumulate with increasing distance. A natu-
ral idea is to introduce a global measurement in the VIO system
to constrain its drift. Global Navigation Satellite System (GNSS)
is a good choice in outdoor environments, but it is not available
in indoor environments [7], [8]. Recent studies have shown that
Ultra-wideband (UWB) can provide reliable global constraints
for VIO system in indoor environments [9], [10].

A natural idea is to loosely couple the localization results of
UWRB subsystem with those of VIO subsystem to obtain more ac-
curate position estimates [11], [12]. However, it requires at least
four calibrated UWB anchors, which makes the setting of UWB
anchors not flexible enough to work in special environments
such as corridors and tunnels. In contrast, a system with tightly
coupled camera, IMU, and UWB can fully utilize the ranging
information of UWB and has a more flexible UWB anchor
setup. These systems use the global UWB ranging information to
constrain the drift of the visual inertial sensor, and achieve more
robust and accurate localization results [13], [14], [15]. UWB
anchor position estimation is a frequently mentioned module
in tightly coupled systems, and a number of anchor position
estimation approaches based on UWB ranging measurements
have been proposed in recent years. These approaches collect
UWB ranging data over a period of time and then solve for
the position of the UWB anchor using linear or nonlinear
methods [10], [16], [17]. More recently, a distributed UWB
network anchor position initialization approach is proposed to
significantly reduce the computational complexity at the robot
side by distributing the computing load for anchor position
estimation to the anchor’s on-board computer [18]. The approach
strikes a good balance between the efficiency of anchor position
initialization and the computational complexity of a single node.
The above approaches have made excellent contributions to the
fusion of camera, IMU, and UWBs for indoor localization. How-
ever, these approaches still have the following drawbacks: 1)
Anchor position initialization methods based on UWB ranging
measurements do not guarantee robustness in complex envi-
ronments such as non-line-of-sight (NLOS); 2) Once the UWB
anchor initialization is complete, the number of anchors in the
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Fig. 1. Diagram of coordinate frames and measurements.

system is fixed. There is no dynamic adjustment of the number
of anchors fused in the system based on the quality of the ranging
measurements of the UWB anchors.

To solve the above problems, we propose a tightly coupled
visual-inertial-UWB indoor localization system with dynami-
cally adjusts the number of UWB anchors for accurate UWB an-
chor position estimation and robust visual-inertial-UWB odom-
etry. The main contributions are summarized as follows:

® avisual measurement-based UWB anchor position initial-
ization method, i.e., first using a deep learning-based object
detection algorithm to obtain the position of the UWB
anchor in the image, and then calculating its position in
the world frame by a multi-view triangulation equation.

® a visual-inertial-UWB tightly coupled estimator that dy-
namically adjusts the number of UWB anchors based on
the quality of UWB anchor ranging measurements for more
accurate robot position estimation.

e extensive experimental results validate the performance of
the proposed UWB anchor initialization method and the
visual-inertial-UWB tightly coupled estimator.

This letter is structured as follows: Firstly, Section II intro-
duces an overview of related work. Secondly, the details of all
modules in the proposed system are presented in Section III.
Next, Section IV describes the real-life experimental setup and
experimental results compared with state-of-the-art methods.
Finally, the letter is concluded in Section V.

II. RELATED WORK

A. UWB Anchor Initialization

Calibrating the UWB anchor position in an unknown en-
vironment is difficult. Therefore, online calibration of UWB
anchors using sensor outputs on the robot will greatly improve
the efficiency of UWB anchors deployment. [10], [16] proposed
a linearization method to estimate the position of UWB anchors,
where [16] used an information-theoretic approach to improve
the UWB anchors initialization accuracy. In [17] along and short
sliding window is proposed for initializing UWB anchors and
state augmentation. [18] proposed a fully distributed framework
for massive UWB network initialization that uses the Fisher
information matrix to determine whether a UWB anchor is
observable or not, while performing anchor position solving
on the anchor’s on-board computer. This method not only
improves the initialization accuracy of the UWB anchors but
also reduce the computational burden at the robot side. All
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of the above methods only use UWB ranging measurements
to initialize the position of UWB anchors. However, UWB
signals in complex environments may be in NLOS, resulting
in inaccurate UWB range measurements thus the initialization
error of UWB anchor position is large [19]. Inspired by the
visual-based multi-robot relative localization problem in [20]
and [21], we proposed an object detection-based UWB anchor
position initialization method that uses visual measurements
to compute the UWB anchor position and avoids the NLOS
problem.

B. Visual-Inertial-UWB Coupled Odometry

UWRB can realize independent localization based on the rang-
ing measurements, and then fuse with the localization results of
other systems. In [22], [23], VIO is first performed to obtain the
position of a single robot, and then UWB ranging measurements
are used to constrain the drift of VO/VIO. In these methods UWB
and VIO data are fused together in a loosely coupled manner.
Howeyver, the correlation between multi-sensor data is not taken
into account and the localization results are suboptimal. There-
fore many recent studies have fused raw measurements from
camera, IMU and UWBs in a tightly coupled manner, and an
UWB anchor position estimation module have been included
in these systems [24], [25], [26]. VIR-SLAM [14] uses the
factor graph optimization framework to integrate camera, IMU
and UWB data, and utilize a double-layer sliding window to
enhance the constraint effect of UWB ranging measurements.
In [27], Yang et al. propose an elastic Visual-Inertial-UWB
tightly coupled method to achieve seamless switching between
different positioning modes of the system. In [15], Nguyen et al.
propose a “range-focused” Visual-Inertial-UWB tightly coupled
method, which takes into account the temporal offset between
the image and the UWB data, so as to improve the accuracy of
multi-sensor data matching. However, once the initialization of
the UWB anchor positions is complete, the number of anchors in
these systems is fixed, and there is no way to dynamically adjust
the anchors based on the quality of the anchor data. So we design
a dynamic adjustment strategy for UWB anchors based on the
quality of UWB ranging measurements.

III. METHODOLOGY

In this section, the coordinate frames and notations of our
system are presented first. Then, we introduce an overview of
the proposed system, including the UWB anchor position ini-
tialization module and the visual-inertial-UWB tightly coupled
estimator. Finally we present the details of all the parts in the
system.

A. Coordinate Frames and Notations

The coordinate frames and notations involved in this letter are
explained as below. ¢ denotes the camera frame, b denotes the
IMU Frame and w denotes the world frame. The relationship
between these coordinate frames is depicted in Fig. 1. The
notations used for coordinate transformations include rotation
matrix RE, quarternion q% and translation vector p&. ||x||
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Fig. 2.
contribution of this letter.

TABLE I
GLOSSARY OF NOTATION

Symbol Meaning Symbol Meaning
c Camera Frame b IMU Frame
w World Frame r(z,x)  measurement residual
RB Rotation Matrix from B Quarternion from
A Frame A to Frame B da Frame A to Frame B
B Translation Vector from 1| the Euclidean Norm of
Py Frame A to Frame B X

denotes the Euclidean norm of a vector. (2, x) denotes the
measurement residual in the cost function.

For the convenience of reading, all involved coordinate frames
and some important notations used in this letter are summarized
in Table 1.

B. System Overview

Fig. 2 illustrates the overview of the proposed system. The
orange boxes indicate the modules for the contribution of this
letter. First, the VIO is run normally after the visual-inertial
initialization is completed. When the camera detects a UWB
anchor, the rough position of the anchor is calculated by the
coarse anchor localization module. Then, the similarity between
UWRB ranging measurements and the body-anchor distance is
calculated to determine the ID of the anchor. After that, the
position and ranging measurements of the anchor are added to
the Visual-Inertial-UWB optimization module to optimize the
anchor position and finally fix it. In addition, the range outlier
detection module detects the range outliers of an anchor, and
when the number of outliers exceeds a threshold, the measure-
ments and states associated with this anchor are removed from
the factor graph until its ranging measurements are normal, and

—— — — — — — — —

Anchor Position Pose & Velocity

Overview of the proposed system. Based on the state-of-the-art open-source VIO system VINS-mono [4], the orange boxes indicate the modules for the

then it will be added to the factor graph again, thus realizing the
dynamic adjustment of the UWB anchors.

C. UWB Anchor Localization Based on Object Detection

Manual calibration of the positions of UWB anchors is te-
dious and time consuming, so it is necessary to estimate the
positions of anchors online based on sensor data. Recently, a dis-
tributed UWB network anchor position initialization approach
is proposed to realize online initialization of anchor positions
for massive UWB networks [18]. This approach significantly
reduce the computational complexity at the robot side by dis-
tributing the computing load for anchor position estimation to
the anchor’s on-board computer. However this method using
only UWB ranging measurements does not guarantee that all
anchors are in LOS conditions, commonly found in complex
indoor environments [19]. Ranging measurements under NLOS
condition can significantly increase the initialization error of the
anchor positions. Inspired by visual-based methods for relative
localization of multiple robots, we use a camera on the robot to
detect UWB anchors to ensure that the robot and UWB anchors
are at LOS condition.

The visual object detection algorithm we use is TPH-
YOLOVS [28], which performs very well in terms of detection
speed and accuracy, so it meets the real-time requirements of
SLAM. Firstly, we collected a dataset containing 1000 UWB
anchor pictures to train the UWB anchor detection model. Then
we take the RGB image of the camera as the input of the model
to obtain the detection result and the pixel location of the anchor.
The dataset labeled images and anchor detection results are
shown in Fig. 3.

As shown in Fig. 4, accurate body pose in a short time can be
obtained through VIO, so multiple frames of anchor detection
results and their camera poses can be collected. Therefore,
Using the multi-view triangulation model, we can derive the

rdREERRbRtics antAutomatiand-rrrURAL ParReRREssNted At 1E30:2024, Xokehaman daran itk asiRédpaper-



354

uwb anchor 0.96
| [456, 279]

(b)

Fig. 3.  (a) Labeled images for the UWB anchor dataset. (b) Detection result
of UWB anchor by TPH-YOLOVS.

UWB Anchor

Fig. 4. Multi-frame anchor projection.

reprojection residual equations of the anchor position as follows:

ra(%Z%PZV) = KRgRY (pY — pY.) — p2)) — p1s

r(z2,pY) = KRR (pY — pY,) — pY)) — P2,
~C w. b, W W

ro(zd,py) = KRR (PY —PY,) —pR)) — p)

ey
where KC(-) is the camera projection function, R is the
camera-IMU extrinsic rotation matrix, py, is the camera-IMU
extrinsic translation vector, and p; is the pixel location of the
center of the anchor detection box. By constructing the anchor
projection residuals for multiple image frames, we can calculate
the coarse position of the anchor using least square method.
Finally, the similarity between UWB ranging measurements and
the body-anchor distance is calculated to determine the ID of the
anchor. Since the robot and UWB anchors are in LOS condition,
it is guaranteed that correct anchor ID matching results are
obtained.

When the coarse position of an anchor is determined, the
anchor and its ranging measurements are added to the Visual-
Inertial-UWB optimization framework. Then the anchor posi-
tion is refined in the iteration and fixed when the change is less
than a threshold. In this letter, we set the threshold to 0.01 meters.

D. Visual-Inertial-UWB Odometry With Dynamic Adjustment
of Number of Anchors

1) Status in Our System: The proposed system uses a slid-
ing window optimization manner. Therefore, the states of the
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Fig. 5. Dynamic adjustment process for UWB anchors.
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Fig. 6.  Factor graph representation of the optimization problem in our system,
where the circles represent states and the boxes represent factors.

proposed system within the sliding window is summarized as
follows:

X = [X17X2a"'aXnap17p27"'aﬂ'fﬂyp;vlvp:;;a"'apZVSL
Xk = [pgk,vgk,qgk,ba,bg],k € [lan]a (2)

where py), is the position of the body in the world frame, gy,
is the orientation of the body in the world frame, vﬁ’k is the
velocity, b, is the accelerometer bias, by, is the gyroscope bias,
p is the inverse depth for each feature, p;‘; is the position of
the jth anchor in the world frame, n is the window size, m is
the number of feature points in the sliding window and s is the
number of UWB anchors in the factor graph.

As shown in Fig. 5, when the initialization of an anchor is
complete, the rough position of this anchor and its ranging
measurements are added to the factor graph. In contrast, when an
anchor’s ranging measurement is detected as an outlier several
consecutive times, the position and ranging measurements of
this anchor are discarded from the factor graph.

2) Factor Graph: The factor graph representation of our
system is plotted in Fig. 6, which includes visual factor v, inertial
factor ¢ and UWB factor u. Because visual factor and inertial
factor are covered in detail in VINS-Mono [4], this letter only
gives a brief introduction to them. Visual factor represents the
reprojection error of the same feature point in different image
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frames. These feature points are extracted from the image frames
and tracked by the KLT sparse optical flow algorithm [29]. Iner-
tial factor represents the error between the IMU pre-integration
measurement and the prediction obtained based on the states
of adjacent frames, where the IMU pre-integration technique is
described in [30].

In this letter, we use two-way ranging (TWR) to measure the
distance between two UWB sensors because it does not require
time synchronization between sensors and is therefore suitable
for more scenarios. We first consider the use of body-anchor
ranging measurements to optimize the body position and anchor
position. However, the body position continues to drift over time,
and this drift will be transmitted to the anchor position through
the UWB factor, which eventually leads to a large error in the
anchor position estimation. Therefore we add the anchor-anchor
ranging measurements to the UWB factor. The anchor-anchor
ranging measurements represent the constant distance informa-
tion between anchors, which can effectively reduce the impact of
body drift on anchor position estimation. Thus the UWB factor in
our system includes two kinds of residuals: body-anchor ranging
residual and anchor-anchor ranging residual. These two kinds of
residuals can be formulated as (3) and (4), respectively.

\];vkpll? +Apg paJH - bkv (3)
- dZ} (4)

Tuy (% X) = ||PB, +

ru.(2q):X) = |[Pa, — Pa,
In the above formulation, p? denotes the translation vector for
UWB receiver in the body frame, dbk denotes body-anchor

ranging measurements, dg; denotes anchor-anchor ranging mea-
surements and Af)? denotes the body position change caused by
time offset between image frame and UWB measurements. The
body position change is predicted by the IMU pre-integration,
which can be formulated as (5).

Ap) = / / R, (& — by, )di?, (5)
te[tr ]

In our Visual-Inertial-UWB optimization framework, we con-
sider the time offset between image frame and UWB mea-
surement as well as the anchor-anchor ranging measurements,
which improves the accuracy of the anchor and body position
estimation.

3) Outliers Detection: In this letter, Chi-Squared Test is
used to detect UWB ranging outliers. For each UWB ranging
measurement, we can calculate its residual using (3), where
the body position is obtained through VIO and the anchor
position is known. A sliding window consisting of the UWB
measurement residuals is maintained in the system. r,,, is the
current residual, which is combined with the residuals in the
sliding window to form a new residual vector r,, as shown in
(6). Then the covariance matrix S,, corresponding to the residual
vector is calculated by (7), where J is the Jacobian of the residual
against the body position, P is the covariance matrix of the
position estimation and R, is the covariance matrix of UWB
measurement noise. The P corresponding to the current UWB
measurement moment is obtained using IMU pre-integration.

T
ru = [Tularu27TU37 .. '7Tunaruk-] ) (6)
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S, =J'"PJ +R,, (7

Since the residual vector r, follows a zero-mean Gaussian
distribution, the normalized sum of squares of its values should
follow a Chi-Squared (x?) distribution with degrees of freedom
equal to the dimension of the residual vector. However, the UWB
measurement outliers will break this assumption, so we can
define the Chi-Squared distribution statistic and discriminant
criteria as follows:

ly=rrS r,, (8)

Ho
lu S x*(0.95), ©)

Hy
In this letter, the threshold for the Chi-Squared test was
set to 95%, the dimension of the residual vector is 6, so the
corresponding threshold is 12.59. Values above this threshold
will be marked as outliers, the corresponding 7, will not be
added to the sliding window of the UWB measurement residuals,
and the corresponding UWB ranging measurement will not be

added to the cost function.

IV. EXPERIMENTAL RESULTS

In this section, each module of our system is evaluated sepa-
rately by public dataset and real-life experiments. VINS-Mono,
VIR-SLAM and DC-VIRO [18] are used as baselines to compare
with our system in localization performance.

A. UWB Anchor Localization

We first evaluated the UWB anchor localization module
through real-life experiments. As shown in Fig. 7(a), The hard-
ware is a multi-sensor helmet with an Intel RealSense D455
camera, a DW1000 UWB receiver, and an Ublox ZED-F9P
GNSS receiver mounted on it. In the experiments of this letter,
RealSense D455 camera provides mono RGB images at 30 Hz,
IMU data at 200 Hz and DW1000 UWB receiver provides
ranging data at 20 Hz. Ublox ZED-F9P GNSS receiver is not
used in this letter. Some static test points are measured by the
total station as ground truth.

A UWB anchor is placed at an unknown position and the
system runs in VIO-only mode to estimate the anchor position.
The distance error of the estimated anchor position is used
for comparison, and the reference position is provided by the
total station. We run the system with three different trajec-
tories respectively, the anchor position estimation results are
shown in Fig. 8, and the corresponding trajectories are shown in
Fig. 9. Our method calculates the initial position of the anchor
through the coarse anchor localization module within 1.5 sec-
onds, and the initial position is very close to the reference
position. Over the next few seconds the anchor positions are
adjusted in the factor graph. We compare the anchor localiza-
tion error estimated by the proposed method with VIR-SLAM,
and the results are shown in Table II. Our method achieves a
smaller localization error, which is due to the fact that the coarse
anchor localization module provides the initial position of the
anchor, and therefore it is easier to converge near the reference
position in the subsequent optimization process compared to
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Fig. 7. Experimental equipment (a) and environment (b) used in real-life
experiments.
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Fig. 8. Experimental results for the UWB anchor localization.

VIR-SLAM. If the DC-VIRO authors open the source code of
their distributed UWB anchor initialization method, our method
will be compared with them as well.

B. Visual-Inertial-UWB Odometry

In this subsection, the performance of the odometry is eval-
uated with public dataset and real-life experiment. Absolute
trajectory error (ATE) is used to evaluate the performance of
the odometry, which is a standard method for evaluating SLAM
systems. All estimated trajectories were obtained by running
these systems on an HP-OMEN-7 laptop.

1) Public Dataset: We first evaluate our approach on the
VIRAL public dataset [31], which contains data from multiple
sensors such as stereo cameras, IMU, three UWB anchors, etc.
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Fig. 9. System running trajectories corresponding to the anchor localization
results.
TABLE II
COMPARISON OF UWB ANCHOR DISTANCE ERRORS (M) FOR DIFFERENT
METHODS
Distance error (m) VIR-SLAM Proposed
Trajectory 01 0.230 0.053
Trajectory 02 0.368 0.087
Trajectory 03 0.770 0.102
The best results are highlighted in bold.
TABLE III
COMPARISON OF ATE RMSE (M) FOR DIFFERENT APPROACHES ON VIRAL
DATASET
ATE RMSE VINS- VIR- Pronosed DC-VIRO
(m) Mono SLAM PO [18]
eee_01 1.305 N/A 0.781 0.524
eee_02 0.854 1.640 0.678 0.382
eee_03 1.065 N/A 0.315 0.331
nya_01 0.915 1.338 0.604 0.412
nya_02 0.554 0.843 0.212 0.217
nya_03 1.445 1.743 0.513 0.263

The best results are highlighted in bold, the failed results are denoted by N/A.

Since the appearance of the UWB anchor could not be simulated
in the VIRAL dataset for detection by anchor detection module,
the UWB anchor position was set as known in the system and
only the visual-inertial-UWB odometry performance was eval-
uated. Our system is compared with VINS-Mono, VIR-SLAM
and DC-VIRO, the loop closure module was disabled for all
systems, the Root Mean Square Error (RMSE) of ATE for
all trajectories is depicted in Table III. It is worth noting that
DC-VIRO’s results were extracted from their paper, and their
experiments used a stereo camera. Fig. 10 depicts some of the
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Fig. 10. Top view of the estimated (proposed system) and ground truth
trajectories for the nya_02 (left) and nya_03 (right) sequences in the VIRAL
dataset.

estimated trajectories of the proposed system and the ground
truth trajectories.

It is clear from Table III that DC-VIRO and the proposed
system achieve better localization performance compared to
VINS-Mono. This is because the absolute ranging measure-
ments provided by the UWB sensor alleviates the position drift
of the VIO system. However, VIR-SLAM suffers from poor
robustness to UWB ranging outliers, resulting in a degradation
of its localization performance or even localization failure. Al-
though our approach uses a monocular camera while DC-VIRO
uses a stereo camera, our method achieves localization perfor-
mance close to that of DC-VIRO. This is because we included
anchor-anchor ranging measurements in the UWB factors and
carefully handled the temporal deviation between the image
keyframes and the UWB data. Moreover, our UWB ranging
outlier detection module also improves the robustness of the
proposed system.

2) Real-Life Experiment: The multi-sensor helmet hardware
system was previously presented in Section IV-A. In this experi-
ment, three continuous movement trajectories were collected in
an 11 m x 11 m hall area to test the drift of the odometry. As
shown in Fig. 7(b), the experimental environment is a weakly
textured indoor hall, where the localization performance of
the visual-inertial system will degrade. Therefore, the effect of
UWRB ranging measurements on system performance can be bet-
ter proved. Due to the limitation of the experimental equipment,
we were unable to obtain the complete ground truth trajectory
by motion capture system or laser tracking system as in most
literature. Therefore, we adopted the method proposed in [32]: a
static test point is set on the movement path of the multi-sensor
equipment, and the position of the static test point is precisely
measured by the total station. The multi-sensor equipment will
pass through the test point several times and stay at the point
for a few seconds each time, so that the position error of the
estimated trajectory at this position can be obtained and the
odometry drift can be verified. In all experiments, four UWB
anchors are placed at unknown locations in the hall and each
new test requires an online estimation of the anchor positions.
To verify the performance of the system when the robot does
not observe one or multiple UWB anchors, we manually limited
the number of UWB anchors to 2 or 3 during initialization and
compared their localization accuracy to the full anchors setup.

In this experiment, the localization performance of VINS-
Mono, VIR-SLAM and the proposed system with different
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TABLE IV
COMPARISON OF ATE RMSE (M) FOR DIFFERENT APPROACHES IN REAL-LIFE
EXPERIMENTS

Approaches Sequence 01 Sequence 02 Sequence 03
VINS-Mono 1.004 0.831 0.572
VIR-SLAM 0.815 0.754 0.588
Proposed(2) 0.268 0.758 0.486
Proposed(3) 0.256 0.698 0.411

Proposed(full) 0.214 0.655 0.246

Proposed(*) represents the number of UWB anchors used in the proposed system. The best
results are highlighted in bold.

Sequence 01 Trajectory
=== VINS-Mono

Sequence 03 Trajectory

3.
3 EY
> >
~14
_3.
-5
-7
Sequence 01 —— VINS-Mono ~—— Proposed —— VIR-SLAM
E1]
w
5 S
0 — > T A T A = T —]
35 95 145 150 195 200
Sequence 02 ﬁme s
£}
o ——
g ———
0- 1 a ve P
30 85 90 140 185 190
Sequence 03 T'TE [f] oz
1 i —
w
0 S T A A~ T C A
30 80 85 130 175 180
Time [s]
Fig. 11.  Comparison results of VINS-Mono, VIR-SLAM and our full system

in real-life experiments. Top: top view of the estimated trajectories in the
Sequence 01 and Sequence 03 sequences. Bottom: ATE at the static test point
for all sequences.

setups for the number of anchors are compared, and the ATE
RMSE for all sequences are recorded in Table IV. Fig. 11
shows an overview of the estimated trajectories of VINS-Mono,
VIR-SLAM and our full system in the Sequence 01 and Sequence
03 sequences, as well as the ATE results at the static test points
for all sequences. For VINS-Mono, the cumulative error of
the visual-inertial system is not corrected, which eventually
leads to large trajectory drift. The localization performance of
VIR-SLAM with the addition of UWB ranging measurements
is improved, however, the proposed system is proven to have the
best localization accuracy in all of the experiments. In addition,
the performance of the proposed system is shown to improve
with the increase in the number of UWB anchors.
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V. CONCLUSION

In this letter, we present an indoor localization system that
fuses a visual-inertial system with multiple position-unknown
anchors. First, we use a visual object detection algorithm to
provide UWB anchor coarse position, which is subsequently
refined in the factor graph, and this method can improve the
accuracy of UWB anchor position estimation. Secondly, we
design a dynamic adjustment strategy for the number of UWB
anchors to choose whether to keep them in the factor graph
or not, based on the results of the chi-square test for UWB
ranging measurements. This strategy improves the robustness of
the visual-inertial-UWB tightly-coupled estimator in complex
NLOS environments. Public dataset and real-life experiments
demonstrate that the proposed system outperforms previous
methods in terms of estimating anchor position and improv-
ing localization accuracy. In the future, we would like to fuse
GNSS raw measurements with our visual-inertial-UWB system
to construct a seamless indoor and outdoor localization sys-
tem. In particular, we expect the fusion system to still have
high localization accuracy in complex indoor-outdoor transition
environments.
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