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Abstract—The relative pose estimation is one of the most funda-
mental components for multi-robot systems, while it still remains
an open and challenging research topic in infrastructure-free en-
vironment. In this letter, we target improving the accuracy and
robustness of relative pose estimation for ground robotic teams,
and propose to fuse range and odometry measurements to estimate
the relative pose using sliding window optimization. In the system,
multiple UWB tags for ranging are equipped on each robot, and
visual inertial odometry is applied for estimating the ego-motion
pose for each robot. Aiming for simple and effective relative pose
initialization, the triangulation uncertainty for multi-tag robots is
analyzed, and an initialization method is designed. To cope with
the complex environments such as continuous NLOS condition,
a NLOS detection and range measurements filtering method is
presented. We have conducted series of experiments to demonstrate
the performance of the proposed approach.

Index Terms—Multi-robot systems, relative localization, sensor
fusion.

I. INTRODUCTION

T EAMS of Unmanned Ground Vehicles (UGVs) have
gained increasing popularity in numerous scenarios, such

as collaborative surveillance, search and rescue [1]. These ap-
plications involving a team of robots performing coordinated
tasks require the robots to have a shared understanding of
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their location. Compared with the single robot localization,
which is well-addressed through approaches such as visual-
inertial odometry (VIO) [2], [3], the problem of multi-robot co-
localization is much more complex, requiring not only the ego-
motion poses of each robot, but also the relative poses between
robots.

To date, most of existing researches of multi-robot relative
localization have been adopting external devices, for instance,
motion tracking systems [4], range-based systems with anchors
[5], GPS systems [6], [7]. However, such schemes are not
friendly to open sites or indoor scenes where is difficult to carry
out infrastructure transformation, which not only increases the
difficulty and cost of use, but also restricts the application poten-
tial of multi-robot system. A popular approach to overcome these
limitations is to use vision sensors and visual-detection-based
or visual-feature-based [8], [9] methods to estimate the relative
pose, but the camera ‘s field of view, ambient illumination,
the association of the data from the detection results and other
factors all limit the scenarios in which vision-based method can
be applied.

Beyond visual sensors, portable range sensors using Ultra-
Wideband (UWB) technology is gaining increasing popularity
in relative localization research [10] due to its omnidirectional
sensing range, environment independence, and data association
friendliness. The general approach is to equip each robot with
a UWB tag and use the time-of-flight principle to measure the
distance between pairs of robots [11], [12]. These single-range
based localization approaches usually require persistent relative
motion between the robots to initialize the relative pose [13],
which reduce the flexibility and safety of robotic formations. The
use of multi-tag robot alleviates the unobservability of relative
pose [14], [15], but due to the limitation of the short baseline
between tags, the relative pose may still be unobservable when
the robots are far apart. On the other hand, multi-robot relative
localization also faces challenges in Non-Line-of-Sight (NLOS)
conditions, especially the continuous NLOS condition common
to ground robots, which has not been well handled by traditional
methods [16], [17]. We believe implementing effective relative
pose initialization and NLOS processing would improve the
robustness and accuracy of multi-robot systems in practical
applications.

In this spirit, this letter proposes a novel UWB range and VIO
fusion relative localization system that integrates the proposed
relative pose initialization and NLOS processing methods for
accurate and robust relative pose estimation. The main contri-
butions of this letter are summarized as follows:
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1) A relative localization system based on UWB range and
VIO fusion and using sliding window optimization for
accurate and robust relative pose estimation of ground
robotic teams.

2) A relative pose initialization method based on triangula-
tion uncertainty to ensure that the relative pose can still
be effectively initialized even when the robots are far
apart.

3) A NLOS detection and range measurements filtering
method based on consistency check to improve the accu-
racy of the relative pose estimation in NLOS conditions.

4) A series of field experiments to demonstrate the perfor-
mance of the proposed methods.

Our approach presents a possible solution for accurate and
robust relative pose estimation independent of infrastructure,
which will be conducive to the practical applications of ground
robotic teams in complex environments.

II. RELATED WORK

A. Range-Based Relative Localization

Inter-robot range measurement is becoming increasingly ac-
cessible due to the wide application of technologies such as
UWB which has the appeal of low cost, low power and high
accuracy. In range-based relative localization approaches that
do not require anchor, usually each robot carries a UWB tag for
inter-robot range measuring. In [11], [12], the range measure-
ments from the UWB tags are combined with the displacement
measurements from optical flow method to obtain a relative pose
estimation. In [18], a sliding window filter is used to fuse range
measurements and 9-axis inertial measurement units (IMUs)
to estimate the relative position between two robots. However,
as outlined in [13], these single-range based localization ap-
proaches usually require persistent relative motion between the
robots, and the relative pose can become unobservable in some
cases, e.g., parallel motion.

Recently, the idea of using multi-tag robot has been presented
for person tracking [19], autonomous docking [20], and so on. In
[14], two two-tag robots coupled with an altimeter and optical
flow velocity measurements are used for relative localization,
and the results are validated in an experiment with limited
motion. In [15], a sliding window optimizer fusing multi-range
and onboard odometry measurements is used to improve the
accuracy of relative pose estimation between robots. In [21], au-
thors analyze the instantaneous observability of the relative pose
between two-tag robots with attitude measurements based on the
rigidity theory, but the magnetometer for attitude measurement
is not always available due to the magnetic interference.

These approaches use multi-tag robot to alleviate the relative
pose unobservability, but ignore an important issue, that is, the
triangulation uncertainty increases with the distance between
robots due to range measurement noise. This results in that they
cannot guarantee to initialize the relative pose correctly when
the robots are far apart. Therefore, we analyze the triangulation
uncertainty for multi-tag robots and propose an initialization
method to ensure that the relative pose can still be effectively
initialized even when the robots are far apart.

Fig. 1. The system structure of UWB and VIO fusion relative localization of
multiple robots. For each robot, use UWB to measure the range to neighbor
robots and collect their VIO for relative pose estimation. The system also
integrates the proposed initialization and NLOS processing methods.

B. NLOS Processing

In practical application, UWB range may be trapped in
NLOS conditions, which may greatly reduce the accuracy of
localization, or even lead to localization failure. Therefore, the
NLOS detection and error mitigation are very important and
they have received attention in the past already [22], [23]. The
channel statistics-based approaches [24], [25] are effective for
reducing multipath interference but have little direct effect on the
ranging errors due to NLOS reception [26]. Hence, we focus on
range estimation-based methods, which do not require channel
parameters and are more general in most cases.

Hot et al. [16] use the one-step prediction of Extended Kalman
Filter (EKF) to discard individual measurements which fall
outside of their confidence interval, but do not take consistency
between ranges into account. Hepp et al. [19] use Mahalanobis
distance to check whether all ranges at a time can be attributed
to the supposed distribution and all ranges must be valid at
once to be kept. This method considers the consistency between
ranges, but will cause the system to fail due to long periods of no
available ranges in some cases. Dwek et al. [17] use conditional
probabilities to check the consistency between ranges, and it-
eratively reject the strongest outlier until all ranges agree each
other. However, this method is implemented on the assumption
that there are enough ranges free of NLOS contamination, which
only works in the presence of multiple scattered anchors. In
a relative localization system, it is very likely that all ranges
between mobile robots is contaminated with NLOS, rendering
this approach ineffective.

Therefore, we propose to first use Mahalanobis distance to
check the consistency between measurements in the sliding
window, which can improve the performance of NLOS detection
with more measurements; if NLOS is detected, we perform
rigorous ranges filtering to select consistent ranges and improve
the accuracy and robustness of the relative localization in NLOS
conditions.

III. METHOD

Fig. 1 illustrates the complete structure of the proposed rela-
tive localization system. The data from stereo camera and IMU
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on each robot is incorporated for VIO measurements using ORB-
SLAM3 [2]. Multiple UWB tags are installed on each robot for
inter-robot range measuring. The range and VIO measurements
are fused through sliding window optimization to estimate the
2D relative pose estimation. Meanwhile, the proposed relative
pose initialization and NLOS processing methods are performed
to improve the accuracy and robustness of the system.

A. Problem Formulation

Let’s denote the 2D pose of robot i(i ∈ [1 : N ]) in the world
frame at time t as transformation matrix wTt

i. The transforma-
tion consists of a position vector wpt

i(x, y) and a rotation matrix
wRt

i(φ). Measurements are denoted by (̃�) and estimated values
are indicated with a hat (i.e., (̂�)). bi(�) and li(�) denote the values
in the robot body frame and VIO local frame respectively.

For a robotic team that contains N robots, the relative pose
estimation problem can be represent as: For an arbitrary robot k,
estimate bkT̂t

i for each neighbor robot at time t. Together with
the ego-motion pose lkT̃t

k (as a measurement) obtained by VIO,
the pose of robot i in robot k’s local frame at time t can be easily
retrieved: lkT̂t

i =
lkT̃t

k
bkT̂t

i.

B. Measurement Modeling

1) UWB Range: The position of UWB tag g on robot i in
world frame is expressed as

wpt
ig

= wTt
i.
bipig , (1)

where bipig is the calibrated extrinsic transformation between
the tag frame and the body frame.

Denote r̃tig,jh as the range measurement between tag g(g ∈
[1 : G]) on robot i and tag h(h ∈ [1 : H]) on robot j. Assum-
ing range measurement noise follows an approximately normal
distributionnr ∼ N (0, σr), the range measurement can be mod-
eled as

r̃tig,jh = ||wpt
ig
− wpt

jh
||2 + nr

= ||wTt
i.
bipig − wTt

j .
bjpjh ||+ nr. (2)

There are multiple range measurements between every two
robots, and all range measurements at the same time between
two robots is abbreviated as ztri,j = {r̃tig,jh}G,H

g,h=1.
2) Visual Inertial Odometry: In our system, odometry output

of VIO is used to provide real-time local pose estimation. In
terms of statistics, the first-order Markov process dominates
the long-term drift of VIO. [27]. In our approach, we make
use of a simplified model in order to reduce the complexity
of the optimization scheme and use relative pose extracted from
odometry in the pose solver to cope with the difference of the
local frames, which can be modeled as

ztδTi
=
(
liT̃t−1

i

)−1 (
liT̃t

i

)
=
(
wTt−1

i

)−1 (wTt
i

)
+ no, (3)

where the noise of the relative odometry pose is assumed as
Gaussian no ∼ N (0,Σo) and Σo can be obtained through
the statistical results of VIO drift. Moreover, with the help of
accelerometers and gyroscopes, the z-axis of the local frame of
all robots can be aligned with the gravity direction.

Fig. 2. An illustration of the sliding window relative pose estimation. The slid-
ing window uses all range and odometry measurements at multiple consecutive
times to jointly estimate the poses of all neighbor robots relative to robot k. The
poses before the window are marginalized and provide the prior measurements.

C. Optimization-Based Relative Pose Estimation

For robot k, exchange data with neighbor robots at a cer-
tain frequency to measure the ranges to neighbors and collect
the odometry of each neighbor simultaneously. A sequence of
measurements in chronological order forms a sliding window
for optimization. An illustration of a sliding window is shown
in Fig. 2. Note that due to the nature of temporal information
coupling [28], instead of extracting partial-time ranges, we use
all-time ranges for estimation.

Once the window size reaches M (M time steps aligned
with ranges), we solve the relative pose estimation problem
through sliding window optimization. The full state vector Xk

for optimization is defined as

Xk =

⎧⎪⎨
⎪⎩

Melements︷ ︸︸ ︷
lkT̂t1

1 , lkT̂t2
1 · · · lkT̂tM

1 , lkT̂t1
2 , · · · lkT̂tM

N︸ ︷︷ ︸
M×Nelements

⎫⎪⎬
⎪⎭ . (4)

By minimizing the Mahalanobis norm of the residuals of
the measurements, a maximum a posterior estimation can be
obtained. The optimization is expressed as

f(Xk) := min
Xk

⎧⎨
⎩ ∑

i=1:N,t=t1

Ep(z
t
Ti
,Xk)

+
∑

(k,i,t)∈R
Er(z

t
rk,i

,Xk)

+
∑

(i,t)∈O
Eo(z

t
δTi

,Xk)

⎫⎬
⎭ ,

Ep(z
t
Ti
,Xk) =

∥∥∥((ztTi
)
−1
(lkT̂t

i))
∥∥∥2
Σ−1

p

Er(z
t
rk,i

,Xk) =

G,H∑
g,h=1

ρ

∥∥∥∥r̃tkg,ih
−
∥∥∥lkT̂t

k.
bkpkg

− lkT̂t
i.
bipih

∥∥∥∥∥∥∥2
σ−1
r

,

Eo(z
t
δTi

,Xk) =
∥∥∥(ztδTi

)
−1
((lkT̂t−1

i )
−1
(lkT̂t

i))
∥∥∥2
Σ−1

o

, (5)
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where R is the set of all range measurements, O is the set of
all odometry measurements. The notation ‖ � ‖2W denotes the
squared Mahalanobis norm with the information matrix W.
Ep(z

t
Ti
,Xk) is the residual of prior item, ztTi

is the result from
previous window and

∑
p is the covariance carried over from

historical measurements [28].Er(z
t
rk,i

,Xk) is the residual of the
range measurements. Eo(z

t
δTi

,Xk) is the residual of odometry
measurements, ensuring the local consistency of the robot i’s
poses. Since some anomalous measurements may be generated
in range measurements, we adopt Huber normρ(�) [29] to reduce
the effect of possible outlier.

The Ceres-solver [30] is adopted to solve the optimization
problem, while the Trust Region with the Levenberg-Marquardt
method is chosen. After optimization, the oldest poses in the win-
dow will be marginalized and provide the prior measurements.
Meanwhile, the latest odometry measurement can be used to
predict the robot pose as the initial value for the optimizer:

lk
�

T
t

i =
lkT̂t−1

i

(
liT̃t−1

i

)−1
liT̃t

i. (6)

D. NLOS Detection and Ranges Filtering

In addition to using the robust Huber norm as (5) to reduce
the impact of outliers, we also design a NLOS detection method
based on consistency check, as well as a range measurements
filtering method based on normal distribution to improve the
accuracy of the system.

As we know, the range measurement error will deviate from
the normal distribution in NLOS conditions, and hypothesis
testing is usually used to detect NLOS. The general method
[16] is to directly reject the range that are inconsistent with the
prediction of the odometry as∣∣∣∣r̃tkg,ih

−
∥∥∥lkT̃t

k.
bkpkg

− lk
�

T
t

i.
bipih

∥∥∥∣∣∣∣
abs

> 2σr. (7)

In fact, similar to the Huber norm, this method can only reject
strong outliers without considering the consistency between
measurements. Therefore, for more robust detection of NLOS,
we perform chi-square test based on the Mahalanobis distance of
the residuals of all measurements in the sliding window. NLOS
is detected according to

χ2
n=

∑
(k,i,t)∈R

Er(z
t
rk,i

,Xk) +
∑

(i,t)∈O
Eo(z

t
δTi

,Xk) ≥ χ2
thresh,

(8)

where χ2
thresh is equal to the 0.9 probability quantile of the

χ2 distribution of n degrees of freedom and can be proper
adjusted in practice. The NLOS detection is performed after
the optimization of problem (5). If NLOS is not detected, the
optimization result is used as estimation output, otherwise the
range measurements are filtered to re-optimize the problem.

For a set of consistent range measurements, the error should
be close to a normal distribution, that is, the mean of the error is
close to zero, and the error is concentrated around the mean.
Therefore, the residuals set {e+,1

r , · · · e+,A
r , e−,1

r , · · · e−,B
r }

of the selected consistent range measurements should be

Fig. 3. The analytical results of possible positions of every tag using circle
geometry, as the shaded areas bounded by the dashed circle arcs. Solid circles
of the same color represent true positions of the tags on the same robot, and
we consider initializing the poses of the nearer robot (green circles) and the
farther robot (magenta circles) relative to the reference robot (black circles). l is
the baseline between tags on one robot. d1 and d2 are the reference distances
for one tag, and the confidence interval for range measurements is ±2σr . The
possible position areas of the tags on the farther robot partially overlap, indicating
that the relative pose initialization may fail.

satisfied with∑
1≤a≤A

e+,a
r ≤ res_sum <

∑
1≤a≤A+1

e+,a
r ,

∑
1≤b≤B

−e−,b
r ≤ res_sum <

∑
1≤b≤B+1

−e−,b
r ,

res_sum = min

( ∑
1≤a≤A′

e+,a
r ,

∑
1≤b≤B′

−e−,b
r )

)
,

−2σr ≤ e−,B′
r ≤ · · · e−,1

r < 0 ≤ e+,1
r ≤ · · · e+,A′

r ≤ 2σr, (9)

where {e+,1
r , · · · e+,A′

r } and {e−,1
r , · · · e−,B′

r } are two sets of
residuals of range measurements divided according to positive
and negative, and each has been arranged in order. This method
of selecting consistent measurements as much as possible rather
than rejecting all measurements helps to reduce the influence of
odometry drift and priori error, which is necessary in continuous
NLOS conditions. Meanwhile, one-time ranges filtering can
be realized with the aid of the odometry, instead of iterative
selection like other methods [17].

E. Triangulation Uncertainty and Relative Pose Initialization

The use of multi-tag robot simplifies the relative pose initial-
ization and enables single-shot relative pose estimation when
the robots are close together. But, due to the triangulation
uncertainty caused by range measurements noise, the relative
pose estimation using single-shot measurements may still be
invalid when the robots are far apart. Therefore, by analyzing
the triangulation uncertainty, we propose a relative pose initial-
ization method to extend the coverage of the multi-tag robotic
teams.

Fig. 3 shows how a multi-tag robot uses circular geometry
to determine the position of tags on other robots at differ-
ent distances. It can be seen that the possible position areas
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of the tags are changed with inter-robot distances, and the
position areas of the two tags on the farther robot partially
overlap, which may cause the relative orientation to be in-
valid. The description of the possible position area is already
characterized as Horizontal Dilution of Precision (HDOP).
The computed HDOP [31] for the 2D case with the baseline
l between the UWB tags and the distance dt between the
robots is

HDOP (dt) =
√
2

√
dt � dt + 4l � l

2l
. (10)

The trilateration uncertainty caused by the noise of range is
mainly distributed in the tangential direction of the connection
between the robots and the uncertainty in the tangential direction
can be assumed to be normally distributed with a standard
deviation of σt = HDOP (dt) � σr.

From the odometry trajectory, the relative position between
tags on a robot at different times can be obtained, which can
be seen as virtual baseline between tags, denoted as ltv . A
simple way to ensure proper relative pose estimation is to
make ltv long enough so that the tags’ enclosed areas do not
overlap:

ltmv =
∥∥∥liT̃tm

i .bipi1 − liT̃t1
i .bipi2

∥∥∥ ≥ 4
(
σtm + σt1

)
. (11)

This method must wait for the robot to move a sufficient
distance. From another point of view, the invalid orientation
estimation is a probabilistic event, which is determined by the
proportion of overlap areas as

ptm =
1

2
erf

( −ltmv
2
√
2σtm

)
. (12)

Where erf(�) is the error function representing the indefinite
integral of the Gaussian function. The statistical methods can be
used to find the correct results as much as possible from multiple
estimations (samples). The calculation of the sample size for a
proportion can be found in [32]. But this method does not take
into account the motion of the robot.

In order to include the contribution of both estimation times
and robot motion to speed up initialization, we propose a
weighted statistics-based method. Assuming that each range
measurement is independent, and the required estimation times
n needs to meet:∑

1/
stm ≥ 1,m = 1, 2, · · ·n,

stm = Z2
α/2

ptm(1− ptm)

e2
+ c,

α = 0.001, e = 0.01, c = 20. (13)

Where stm is the expected sample size at tm and represents the
weight, α is the significance level, Zα/2 is the value of normal
distribution for α/2, e is the accepted error, c is a constant
represents the minimum sample size. From these estimations,
we can count the proper relative pose using histogram. In each
estimation, the relative pose is obtained from the positions of

Fig. 4. The experiment field and one robot platform in the system, which is
equipped with a RealSense D435i stereo camera, 4 Nooploop UWB tags and a
Nvidia Jetson AGX embedded computer. The dual antenna GNSS-RTK is used
to provide location truth. The only difference in the hardware of the other robots
is that there are only 2 UWB tags.

the tags, which can be solved by

min
lk p̂tm

i1
,lk p̂

t1
i2

⎧⎨
⎩ ∑

g∈[1:G]

∥∥∥∥r̃tmkg,i1
−
∥∥∥lkT̂tm

k .bkpkg
− lk p̂tm

i1

∥∥∥∥∥∥∥2
σ−1
r

+
∑

g∈[1:G]

∥∥∥∥r̃t1kg,i2
−
∥∥∥lkT̂t1

k .bkpkg
− lk p̂t1

i2

∥∥∥∥∥∥∥2
σ−1
r

+

∥∥∥∥∥∥∥liT̃tm
i .bipi1 − liT̃t1

i .bipi2

∥∥∥− ∥∥∥lk p̂tm
i1

− lk p̂t1
i2

∥∥∥∥∥∥∥2
σ−1
r

}
.

(14)

Where the third item is the virtual baseline length constraint to
improve the accuracy of the relative orientation. Usually, we use
the robot with 4 tags as the reference robot, which can avoid the
flip ambiguity of the relative pose, and the enclosed area formed
by the 4 distances is almost the same as that by 2 distances when
the robots are far apart. After this, the sliding window optimizer
can be implemented to obtain accurate relative pose estimation.

IV. EXPERIMENT

To fully demonstrate the proposed relative localization system
in this letter, the customized multi-robot platforms is designed
and implemented. As shown in Fig. 4, every robot is equipped
with multiple Nooploop UWB tags, an Intel RealSense D435i
stereo camera integrated with IMU module and a Nvidia Jet-
son AGX embedded computer. The raw data from the IMU
at 200 Hz and images from the stereo camera at 30 Hz are
fused together for the VIO estimation of individual robot using
ORB-SLAM3. The baseline between UWB tags on every robot
is 0.68 m, the maximum output frequency is 50 Hz and the
nominal range standard deviation is 0.05 m. The UWB tags
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Fig. 5. Relative pose estimation error distribution at different distances be-
tween 2 robots using only single-shot range measurements, which is obtained
by 10000 Monte Carlo simulations, respectively. The bottom figure also shows
the proportion of relative orientation estimation failures (greater than 90°). The
baseline between tags is 0.68 m, and the range standard deviation σr is 0.05 m.

complete the broadcast of data with synchronized time stamps
while measuring the inter-robot distances. For the VIO drift,
we use Σo;x,y = 0.005 m,Σo;φ = 0.05 deg. This results in a
drift of 4% of the trajectory length, which is a typical order for
state-of-the-art VIO.

In order to validate the robustness and accuracy of our system,
the experiments are divided into three parts: 1): Initialization
tests at different inter-robot distances as well as simulations
to show relative pose estimation error distribution using only
single-shot range measurements; 2): NLOS condition test to ver-
ify the effect of our NLOS processing algorithm; 3): Three-robot
test to show the accuracy of our relative localization system,
which also shows the results of different methods through ab-
lation studies. The ground truth is achieved from dual antenna
GNSS-RTK. The relative pose estimation algorithms are running
on the individual robot platforms and the entire system is built
under the ROS framework. The evaluation indicators of relative
position error and orientation error (two-dimensional) are both
Root Mean Square Error (RMSE).

A. Initialization Test

In this experiment, we first show the relative pose estimation
error distribution using only single-shot range measurements
through simulations. Second, we test the relative pose initial-
ization ability of the system at different inter-robot distances
through field experiment.

In the simulation, we analyze the relative pose estimation error
distribution using only single-shot range measurements. From
Fig. 5 we can see that, consistent with the uncertainty analysis
in Section III-E, as the distance between robots increases, the
relative position error becomes more dispersed, that is, the av-
erage error becomes larger. Meanwhile, the relative orientation
error presents a state of bipolar distribution, and the proportion
of the error greater than 90° increases with the distance between

TABLE I
INITIALIZATION ACCURACY IN FIELD TEST

Fig. 6. Results of the NLOS condition test. (a) The trajectories of the two
robots. (b) Range measurements between the robots. (c) Position error of
robot 2.
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Fig. 7. The results of three-robot test. (a) The trajectories of all robots. (b)–(c) The detailed comparison of the trajectories obtained from different methods (VIO:
The result obtained by aligning the VIO with RTK in the first 2 seconds; Range Only: The result obtained by using only range measurements; Fusion: The result
obtained by fusion of range and VIO). Trajectory of robot 1 is directly obtained by RTK to visualize the relative pose estimation results of robots 2 and 3. (d) The
position error curve of robot 2 obtained from different methods.

robots, which means that the sliding window optimizer is more
likely to fail.

In the field experiment, we test the effect of the initialization
method by making two robots move in parallel at different inter-
robot distances, and Table I shows the relative pose initialization
results. It can be seen that as the inter-robot distance increases,
more robot motion and more estimations are required to meet the
initialization condition. At the same time, the proposed weighted
statistics-based method can consider the contribution of both
estimation times and robot motion to speed up initialization.
This test proves the initialization ability of the system, which is
important to ensures the correct execution of the optimizer and
expands the coverage of the robotic teams.

B. NLOS Condition Test

In this experiment, as shown in Fig. 6(a), the two robots are
separated by obstacle during near-parallel movement to verify
the effect of our proposed NLOS processing algorithm. As
shown in Fig. 6(b), when being blocked by obstacle, range mea-
surements between robots have partial loss and many outliers.
As shown in Fig. 6(c), we compared the positioning accuracy of
different algorithms, including 1) Huber Norm: only use Huber
norm in optimizer like (5); 2) Predict & Reject: reject outliers
according to the prediction of VIO like (7); and 3) our proposed
NLOS processing algorithm. Moreover, the trajectory of robot
1 is directly obtained from ground truth to visualize the results
of relative pose estimation.

From the results we can see that, compared with using only
Huber norm, the effect of the method using the prediction
results to reject outliers is slightly improved, but it is still not
satisfactory. While our method of range measurements filtering
is hardly affected by NLOS, which improves the robustness and
accuracy of relative pose estimation of robotic teams in complex
environment.

C. Three-Robot Test

In this section, we use 3 robots to discuss the performance
of the UWB range and VIO fused relative localization system.

TABLE II
VIO DRIFT ERROR IN THREE-ROBOT TEST

In the experiment, the three robots circle a field of size over
10 m × 12 m in the counterclockwise direction. Fig. 7 shows
the trajectories obtained by the ablation studies and the position
error curve of robot 2, and in order to visualize the results of
relative pose estimation, the trajectory of robot 1 is directly
obtained from RTK. It can be seen that the VIO drifts more
and more with time, and the position obtained only by range is
very jittery, while the fusion of range and VIO can obtain stable
and drift-free localization results.

The relative pose estimation results obtained by different
methods are shown in Table II. It can be seen that our UWB
and VIO fusion relative position error can reach within 0.15m,
which reaches the state-of-the-art in range-based relative local-
ization approaches and can meet the needs of many multi-robot
applications.

In addition, the algorithm runs on the CPU of
ARMv8.2@2.26GHz (Jetson AGX), the computer system
is Ubuntu 18.04, and the project is based on ROS and C++.
The bandwidth required to exchange floating-point odometry
data with a maximum rate of 30Hz is less than 500 Bytes per
second, which is very easy for UWB technology. All range
and odometry measurements are used for estimation and the
oldest measurements in the sliding window are marginalized
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after optimization. The size of sliding window is 20 and the
time consumption of sliding window optimization is less than
10 milliseconds, which means it can accurately estimate the
relative pose in real time.

V. CONCLUSION

In this letter, a novel UWB range and VIO fusion relative
pose estimation approach using sliding window optimization is
introduced, which provides a possible solution for relative local-
ization of ground robotic teams in infrastructure-free environ-
ments. The proposed relative pose initialization method extends
the coverage of the multi-robot teams, the NLOS processing
method helps the system to run in extreme NLOS condition,
both of which improve the robustness and accuracy of the system
and will be conducive to the practical applications of multi-
robot systems in complex environments. In the series of field
experiments, the effect of the initialization and NLOS processing
methods is demonstrated and the accuracy within 0.15m proves
the performance of the system. In addition, there are still some
areas to be improved. One direction of future work is to improve
our approach and apply it to multi-robot systems in 3D space.
Another point is to integrate collaborative mapping and other
functions to extend the application scenarios of the system.
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