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Abstract—This paper presents a framework for the real-time
initialization of unknown Ultra-Wideband (UWB) anchors in
UWB-aided navigation systems. The method is designed for
localization solutions where UWB modules act as supplementary
sensors. Our approach enables the automatic detection and
calibration of previously unknown anchors during operation,
removing the need for manual setup. By combining an online
Positional Dilution of Precision (PDOP) estimation, a lightweight
outlier detection method, and an adaptive robust kernel for
non-linear optimization, our approach significantly improves
robustness and suitability for real-world applications compared
to state-of-the-art. In particular, we show that our metric which
triggers an initialization decision is more conservative than
current ones commonly based on initial linear or non-linear
initialization guesses. This allows for better initialization geome-
try and subsequently lower initialization errors. We demonstrate
the proposed approach on two different mobile robots: an
autonomous forklift and a quadcopter equipped with a UWB-
aided Visual-Inertial Odometry (VIO) framework. The results
highlight the effectiveness of the proposed method with robust
initialization and low positioning error. We open-source our code
in a C++ library including a ROS wrapper.

I. INTRODUCTION

Autonomous systems often face challenges in Global Navi-
gation Satellite System (GNSS)-denied environments. In such
scenarios, alternative localization methods become critical.
One promising solution is integrating Ultra-Wideband (UWB)
technology, which offers positioning capabilities by measuring
distances between the system and fixed UWB anchors. How-
ever, the overall accuracy of UWB-aided navigation systems
heavily depends on the precise calibration of the anchors’ posi-
tion. Typically, the operator manually conducts this calibration
process in a separate phase before the actual mission begins.
While effective, this can be time-consuming and impractical
in specific scenarios, such as large-scale deployments where
manual calibration becomes unfeasible. To overcome this
limitation, various techniques have been studied in litera-
ture to calibrate the anchors’ position leveraging the mobile
robot’s onboard sensors and incoming UWB range data. All
such approaches require to decide with which and with how
many range measurements the 3D UWB anchor position is
initialized. Current metrics for such a decision process are
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Figure 1. The two different mobile robots used in the real-world demon-
stration of our anchor initialization method: an automated forklift (left) and
a quadcopter (right). The forklift uses two UWB receivers for 3D anchor
positioning, as a single tag cannot provide vertical axis information for a
ground vehicle. A single UWB receiver is sufficient for the quadcopter,
assuming movement along the vertical axis.

often overconfident leading to poor or even degenerated initial
position guesses of the anchor.

This paper presents a framework with a novel initialization
decision process to automatically detect and reliably estimate
the position of previously unknown UWB anchors for UWB-
aided navigation. During operation, the system collects mea-
surements from available UWB anchors until a geometric
configuration that ensures accurate anchor position estimation
is identified. A simple yet effective online outlier rejection
method ensures data integrity, even for compute-constrained
platforms. We propose a novel approach based on estimating
the Positional Dilution of Precision (PDOP) in real-time to
determine whether the geometric configuration of the data
from a given anchor is sufficient for precise initialization. Once
the criterion is met, the anchor’s position is initially estimated
using Least Squares (LS) and then refined through an adaptive
robust-kernel Nonlinear Least Squares (NLS) method [1] to
mitigate residual outliers and noise variations. After initializa-
tion, range measurements from the calibrated anchor can be
integrated into the navigation framework, enabling early drift
compensation and improving accuracy and robustness.

The proposed method is validated through simulations and
real-world experiments, proving its robustness to poor ini-
tializations and accurate estimation of unknown anchors. We
demonstrate the effectiveness of our solution with two different
mobile robots: an Autonomous Mobile Robot (AMR) and an
Unmanned Aerial Vehicle (UAV), as shown in Fig. 1. The
AMR combines GPS and wheel odometry for localization,
while the UAV employs an open-source UWB-aided Visual-
Inertial Odometry (VIO) framework UVIO [2].

The main contributions of this work are summarized:
● Fully automated and easily integrable framework for the

robust online initialization of unknown anchors’ position



for UWB-aided navigation solutions.
● Novel real-time PDOP estimation based on the closest-

point-to-anchor to trigger the initialization when the geo-
metric configuration ensures accurate anchor positioning.

● Extensive validation of our framework through simu-
lations and real-world experiments, including real-time
demonstrations with two different robotic platforms: an
AMR (automated forklift) and a UAV (quadcopter) uti-
lizing an UWB-aided VIO framework1.

● Implementation and open-sourcing of the code in a pub-
licly available C++ library2 with a ROS wrapper.

II. RELATED WORK

The automated calibration of UWB anchors’ position is a
subject of significant research interest, with numerous stud-
ies tackling this issue. Several studies have approached the
problem by assuming that anchor-to-anchor measurements are
available [3]–[11], often focusing on scenarios with a dense
grid of UWB devices. In contrast, our approach does not rely
on anchor-to-anchor but only on tag-to-anchor measurements,
relaxing the assumptions and making it suited for scenarios
with fewer anchors that support other localization methods.

Studies that consider only tag-to-anchor measurements are
as follows. Initial research used linear [12], [13] or iter-
ative [14] least squares methods to solve the initialization
problem in a single step, neglecting the influence of the
problem’s geometry on the accuracy of the estimation. More
recent work [15]–[17] introduces nonlinear optimization and
a trajectory-variance-based initialization [16], but they require
an initial anchor estimate. Trajectory variance is also less reli-
able than the dilution of precision used in other methodologies.

The authors of [18] propose a long-short time-window pro-
cedure for anchor initialization using nonlinear optimization.
However, this method relies on a fixed duration for initializa-
tion data collection, limiting its effectiveness. Their subsequent
work [19] introduces a distributed method requiring dedicated
computational units for the anchors. In contrast, our approach
reduces assumptions, considers the trajectory’s geometry, and
does not require specialized computational units.

A recent paper [20] employs a factor graph for UWB-aided
monocular-vision SLAM with a single anchor, and another
study [21] uses a similar approach to integrate LiDAR-inertial
SLAM with UWB measurements in an indoor environment. A
different approach [22] uses a deep neural network to visually
detect UWB modules and support initialization. Apart from
relying on specific additional sensors, these approaches can be
limited by the high computational cost and reduced generality.

The above-mentioned work does not consider how initializa-
tion trajectory geometry affects anchor calibration. This aspect
is examined next. In a recent study [23], the authors applied
Fisher Information Matrix (FIM) principles to optimize the
selection of data collection points for initializing a single UWB
anchor with a UAV, following an initial coarse triangulation
with random vehicle positions. Subsequent work [2] builds

1https://github.com/aau-cns/uvio.git
2https://github.com/aau-cns/uwb_init.git
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Figure 2. Diagram illustrating the proposed framework for initializing
unknown UWB anchors within a UWB-aided VIO system. A key feature is the
real-time PDOP estimation, which triggers anchor initialization once it drops
below a defined threshold, preventing poor initialization due to unfavorable
geometric configurations. This approach allows for the continuous detection
and initialization of new anchors becoming available during operation.

upon this concept and introduces the PDOP as a metric to
improve the anchors’ initialization. Specifically, an optimal
set of waypoints is computed that minimizes the PDOP for
the specific anchors’ arrangement, enhancing the geometric
configuration between the UAV and multiple anchors simul-
taneously. Like [23], this approach requires initial position
estimates for the anchors from a prior random flight.

Similarly, [24] proposes a two-step approach for UWB
anchor initialization, incorporating optimal path planning. De-
spite the potential of these methods, they have an intrinsic
limitation: they require the mobile robot to follow specific
waypoints in a dedicated initialization phase, which may not
always be feasible in real-world scenarios. This drastically
limits their practical appeal, particularly for ground vehicles.

In a follow-up study [25], the authors show the effectiveness
of the method presented in [2] by extending it to multi-tag
configurations. This extension allows for measurements be-
tween known and unknown anchors and includes a RANSAC-
based outlier rejection technique to enhance its robustness.
Nonetheless, in their assessment of the online anchor initial-
ization approach, the calibration process for a batch of anchors
was initiated when a timeout event occurred, which does not
guarantee a geometric quality for initialization.

A newly published article [26] employs a robust ridge NLS
algorithm to estimate the anchors’ position while the PDOP is
used to determine if the initialization is sufficiently reliable.
Similarly to [26], our method overcomes the limit of [2],
[23], [24] and removes the need for a separate initialization
phase, enhancing the efficiency of UAV inspection and AMR
transport missions. Moreover, unlike [26] and other geometric
methods [2], [23], [24], which evaluate the geometry only after
initialization using the estimated anchor positions, we propose
a real-time PDOP computation that is provably underconfi-
dent. This allows us to perform anchor initialization only when
the geometric configuration ensures high positioning accuracy.

As a result, our approach is not only simpler to use but also
more computationally efficient, avoiding unnecessary anchor
estimation steps while ensuring robust initialization perfor-
mance. Note that some studies may use the term Geometric
Dilution of Precision (GDOP) interchangeably with PDOP.
However, GDOP is specifically related to GNSS navigation



and includes a time component. In this context, using PDOP
as the term would be more accurate and avoid confusion.

III. ROBUST INITIALIZATION OF UWB ANCHORS

This section outlines the proposed method for initializing
previously unknown anchors in UWB-aided navigation sys-
tems during operation. We focus on a scenario involving pas-
sive UWB anchors, where only tag-to-anchor measurements
and no anchor-to-anchor data are available. The full framework
is illustrated in the diagram of Fig. 2 serving as a reference
throughout this section.

A. Problem Description

Consider a mobile robot equipped with a UWB tag deliver-
ing range measurements from one or multiple UWB anchors.
For each anchor Ai, the distance measurement is modeled as

di(t) = ∥pU − pAi∥ + γi + ηi, (1)

where pU ∈ R3 denotes the position of the UWB tag and
pAi ∈ R3 the position of the i-th UWB anchor in the world
frame, while γi ∈ R represents a constant bias term and
ηi ∼ N(0, σ2

d) denotes the measurement noise. The UWB tag
position pU can be computed based on the robot’s 6-DoF
pose and the rigid transformation defining the tag’s extrinsic
calibration. Assume that the robot operates in an environment
where one or multiple UWB anchors have been placed in
fixed but unknown positions. Additional sensors, e.g., GPS,
IMU, camera, etc., allow for estimating the robot’s position
and orientation at least initially until the first UWB anchors
are initialized and can be used for subsequent navigation. For
the remainder of the section, without loss of generality, we
focus on the problem of initializing a single UWB anchor,
allowing us to simplify the notation by dropping the subscript
i from range measurements and anchor position. Under these
assumptions, the data available to the system for initializing
each anchor consists of the range measurements dk, collected
at timestamps tk, and UWB tag positions pUk

= pU(tk)
interpolated at each UWB timestamp.

B. Outlier Rejection

In UWB-ranging systems, outliers are a common issue, par-
ticularly in complex environments with multipath effects and
non-line-of-sight (NLOS) conditions frequently encountered in
real-world scenarios. These outliers can significantly degrade
the accuracy of the anchors’ position estimation. Therefore,
fast and robust outlier rejection is crucial for achieving reliable
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Figure 3. Outlier rejection method using an online consistency check. The
absolute differences between consecutive range measurements ∆d and tag
positions ∆p are compared. Outliers are identified and rejected when the
condition ∆d <∆p + τ is not met, with τ being an adjustable threshold.

Figure 4. Outlier rejection performance in a real-world experiment with an
automated forklift. This figure shows the effectiveness of the proposed online
outlier rejection method applied to real-world UWB range data. Red dashed
lines indicate outliers that fall outside the plot range. The green box provides
a sampled zoomed-in view, highlighting that smaller outliers are also detected.

localization. A very recent study [27] introduces a triangle-
rule consistency check to identify outliers in their 2D scenario.
Our approach extends this simple but effective idea to 3D
applications, and it is based on comparing two consecutive
UWB ranges and poses as shown in Fig. 3.

Let dk−1 and dk be two consecutive distance measurements
and pUk−1

and pUk
the corresponding tag positions. By defin-

ing the quantities ∆p = ∥pUk
− pUk−1

∥ and ∆d = ∣dk − dk−1∣
we can implement the consistency check which should satisfy
∆d ≤∆p + τ , with τ ∈ R being an adjustable threshold. If,
e.g., the measurement noise follows a Gaussian distribution,
τ can be set to a multiple of the standard deviation to
act as a hypothesis check. Any UWB measurement dk that
fails to meet this condition is classified as an outlier and
discarded. The proposed method reliably detects outliers while
remaining computationally efficient, making it well-suited for
real-time applications. Figure 4 illustrates the effectiveness of
the proposed method applied to real-world UWB range data.

C. Real-time PDOP Estimation

Accurate anchor calibration requires evaluating the geome-
try of the initialization trajectory relative to the actual anchor
position. The PDOP is a key metric for estimating the quality
of this geometric configuration [28]. It is calculated as follows:

PDOP =
√
tr((G⊺G)−1) (2)

where, for N range measurements d1,2,...,N , G ∈ RN×3 is

G=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

(pU1
−pA)

⊺

d1
(pU2

−pA)
⊺

d2

...
(pUN

−pA)
⊺

dN

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

pU1x
−pAx

d1

pU1y
−pAy

d1

pU1z
−pAz

d1
pU2x

−pAx

d2

pU2y
−pAy

d2

pU2z
−pAz

d2

...
...

...
pUNx

−pAx

dN

pUNy
−pAy

dN

pUNz
−pAz

dN

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (3)

A lower PDOP value implies a better geometric configuration
for precise calibration. Note that the PDOP computation re-
quires not only the measured distances d1,2,...,N and the known
UWB tag positions pU1,2,...,N

, but also the anchor position pA

which is unknown by assumption in our problem formulation.
In [26], PDOP is used to assess estimation accuracy, and it is

computed after estimating an initial anchor position. However,
this approach has an inherent limitation: the estimated PDOP
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Figure 5. Geometric representation of initialization regions and their influence
on our closest-point-to-anchor PDOP estimation from (4). When initialization
occurs in the green zone, which is the typical case, e.g., when anchors are
attached to walls, the PDOP estimation remains conservative. If initialization
takes place in the blue zone, it means that the trajectory "wraps around" the
anchor, and thus, the PDOP is inherently low due to good geometric condition,
rendering our then slight overconfidence in the metric negligible.

could be overconfident due to its dependency on the accuracy
of the initially calculated anchor position, which can experi-
ence large fluctuations in the beginning or in scenarios with
poor geometric configurations. To address this problem, we
introduce a real-time PDOP estimation method as initialization
trigger that is intrinsically underconfident and does not require
prior knowledge of an initial anchor position. Our approach
leverages the closest-point-to-anchor pC , which is defined as
the known tag position pUj corresponding to the shortest range
measurement dj = dmin =min{d1, d2, ..., dN}. To do so, we
modify the matrix G in (3) and define a new matrix G̃ as

G̃=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

...
(pUk

−pC)
⊺

dk

...

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

∈ R(N−1)×3, (4)

where the row corresponding to pUk
= pUj is removed. The

conservative closest-point-to-anchor PDOP is then computed
as in (2), replacing G with the modified geometry matrix G̃.

Theorem 3.1. Let G ∈ RN×3 be the geometry matrix defined
in (3). Let G̃ ∈ R(N−1)×3 be the modified geometry matrix (4),
obtained by replacing the unknown anchor position pA with
its closest known tag position pC . Then, the closest-point-to-
anchor PDOP estimated using G̃ provides a conservative up-
per bound on the true PDOP if ∥pUk

− pC∥ ≤ ∥pUk
− pA∥∀k.

Proof. By expanding the information matrix as a sum of outer
products, one obtains

G⊺G =
N

∑
k=1

(pUk
− pA)(pUk

− pA)⊺
d2k

. (5)

For the modified geometry matrix G̃ and pC = pj , we have

G̃⊺G̃ =
N

∑
k=1
k≠j

(pUk
− pC)(pUk

− pC)⊺
d2k

. (6)

By assumption we have ∥ pUk
− pC∥ ≤ ∥ pUk

− pA∥ = dk∀k.
Dividing by dk implies that the normalized vectors in G̃ satisfy

∥ pUk
− pC∥
dk

≤ ∥ pUk
− pA∥
dk

= 1. (7)

Figure 6. Comparison between true and our estimated PDOP (top) and
corresponding initialization error (bottom). The figure shows the results of
a Monte Carlo (MC) simulation with M = 102 different random trajectories
and measurement noise realizations (σd = 0.15 m). The top plot reveals that
the estimated PDOP is consistently higher than the true one, while the bottom
plot shows a correlation between the PDOP and the initialization error. Sample
index refers to the increasing number of data samples used for initialization.

Since the terms in G̃⊺G̃ contain the outer product of these
scaled vectors, each term in the sum contributes a smaller or
equal magnitude compared to the corresponding term in G⊺G.
Thus, we have the inequality G̃⊺G̃ ⪯G⊺G and, by the mono-
tonicity of the matrix inverse, we get (G̃⊺G̃)−1 ⪰ (G⊺G)−1.
Taking the square root of the trace and applying its mono-
tonicity over positive semidefinite matrices, we obtain

√
tr((G̃⊺G̃)−1) ≥

√
tr((G⊺G)−1). (8)

This proves that if ∥pUk
− pC∥ ≤ ∥pUk

− pA∥∀k then the
estimated PDOP using the closest known tag position is always
greater or equal to the true PDOP.

Figure 5 illustrates a simplified 2D representation of the
geometry constraints for the PDOP estimation problem and the
Theorem 3.1. The distance inequality states that as long as the
distance from any point on the trajectory where a measurement
was taken for the PDOP computation to the point on the
trajectory closest to the anchor (tag measurement with minimal
distance measurement in the set), i.e., ∥pUk

− pC∥, is smaller
than the distance from any of those points to the anchor,
i.e., ∥pUk

− pA∥, our approach is inherently conservative.
Additionally, our method demonstrates robustness during the
critical phase when initial measurements from the anchor
are first received, even when the anchor is far away. As
shown in Fig. 6, simulation results confirm that the PDOP
is always greater than or equal to the true PDOP and exhibits
a strong correlation with the average initialization error. In
practical implementation, initialization is triggered when the
online estimated PDOP falls below a predefined threshold that
depends on the specific use case (see Sec. IV).

D. Anchor Position Estimation

When the PDOP criterion is satisfied, anchor initialization
begins with a coarse solution obtained by solving a total LS
problem using the Optimal Double Method detailed in [2].



Specifically we get A x = b with x = [pA γ]T ∈ R4×1 in-
cluding the anchor position pA and constant bias γ from (1).
Each k-th row of A ∈ R(N−1)×4 is computed as

Ak = [−(pUk
− pUj

)T (dk − dj)] , (9)

and each k-th row of b ∈ R(N−1)×1 is computed as

bk =
1

2
((d2k − d2j) − (∥pUk

∥2 − ∥pUj∥2)) . (10)

Note that the index j can be selected arbitrarily and does
not necessarily correspond to the closest point pC . In [2],
a method is proposed for selecting the index that minimizes
the uncertainty in the LS solution. However, the choice of
this pivot index has minimal impact on the final solution,
as a non-linear optimization algorithm is then applied to the
initialization data with the LS solution as the initial guess. The
standard NLS problem aims at finding the parameter vector
θ = (pA, γ) ∈ R4 that minimizes a sum of squared residuals:

θ̄ =min
θ

N

∑
k=1

∥rk(θ)∥2 =min
θ

N

∑
k=1

∥d̂k(θ) − dk∥2, (11)

where rk(θ) = d̂k(θ) − dk represents the k-th residual be-
tween a prediction d̂k(θ) = d(θ, tk) from (1) and the actual
UWB range measurement dk. In [2], the Levenberg-Marquardt
(LM) algorithm is used for optimization, but the presence of
noise, remaining outliers, and unmodeled effects in the UWB-
ranging data can compromise the accuracy of the final result.
Studies like [13], [21] demonstrated the effectiveness of robust
kernels in down-weighting large UWB residuals during non-
linear optimization. However, they require appropriate kernel
selection and parameter tuning. A similar limitation is found
in [25], which includes a RANSAC-based outlier rejection.

To overcome this problem and increase our system’s robust-
ness, in addition to the outlier rejection method introduced in
Sec. III-B, we incorporate the Adaptive Robust Kernel [1] that
automatically adapts to the distribution of the residuals. The
new minimization problem is formulated as follows:

(θ̄, ᾱ) =min
θ ,α

N

∑
k=1

ρ(rk(θ), α), (12)

where ρ(rk(θ), α) is the generalized robust loss function

ρ(r,α, c) = ∣α − 2∣
α

⎛
⎝
((r/c)

2

∣α − 2∣ + 1)
α/2

− 1
⎞
⎠
, (13)

α ∈ R is an additional optimization parameter that controls the
shape of the kernel, and c ∈ R is a fixed scale parameter. The
full description of the algorithm and how to solve the mini-
mization problem (12) is omitted due to space limitations but
is comprehensively explained in [1]. This approach enables the
joint estimation of both kernel shape α and parameter vector θ ,
accounting for varying noise levels and improving robustness
against outliers and unmodeled environmental effects.

IV. EXPERIMENTS AND RESULTS

The method outlined in the previous section is validated
with simulated and real-world experiments.

Table I
COMPARISON OF INITIALIZATION PERFORMANCE IN SIMULATION:

PDOP-BASED (OUR) VS. FIXED-WINDOW STRATEGY

# Method Avg. (m) Med. (m) Init. >1m Ratio (%)

1 Fixed 0.233 0.039 3000 283 9.43
Our 0.131 0.054 1362 37 2.71

2 Fixed 0.350 0.043 3000 505 16.8
Our 0.100 0.044 576 14 2.43

3 Fixed 0.516 0.055 3000 615 20.5
Our 0.148 0.048 513 21 4.09

4 Fixed 0.747 0.229 3000 621 20.7
Our 0.343 0.173 623 38 6.09

A. Simulation

We simulate UWB tag trajectories in a tunnel environment
with multiple anchors distributed along its entire length, and
we generate synthetic UWB range data. We perform multiple
Monte Carlo (MC) simulations of the initialization procedure,
utilizing random trajectories with varying noise levels and
outliers. Each simulation consists of M = 102 different noise
realizations. Figure 6 shows the results of such simulations for
a single anchor, evaluating the relation between the true and
the estimated PDOP and its association with the initialization
error. The data shows that the error and the PDOP are
correlated, and our estimated PDOP is consistently higher than
the true one. This allows for formulating a criterion where a
PDOP threshold is selected to trigger initialization ensuring
high accuracy. In our evaluation, this threshold was set to 1.

We validate the robustness of our PDOP-based approach
against poor initializations by comparing it to a simple fixed-
window initialization strategy that uses measurements col-
lected throughout the whole trajectory. Suboptimal trajectories
are simulated to test our method’s effectiveness in detecting
unfavorable geometrical configurations and avoiding erroneous
anchor initialization. Four MC simulations are performed
with increasing noise (σd = 0.1 − 0.5 m) and percentage of
outliers, assessing the initialization errors for both methods, as
presented in Tab. I. The table reports key metrics: average and
median initialization errors, total initialized anchors ("Init."
column), anchors with errors over 1 m, and the ratio of these
bad initializations to the total. The table allows the following
important conclusions: while the fixed window approach is
more often more accurate (lower median error), our approach
significantly outperforms it on average, particularly under
higher noise conditions. This is a direct result of our conserva-
tive initialization decision and the higher quality fluctuations
for the fixed window approach (also reflected in the last three
columns of the table showing number of initializations, large
error counts, and ratio of bad initializations, respectively).

B. Real-world AMR Experiments

To evaluate our framework outdoors with real-world data
collected by an AMR, we deployed in total 11 stationary
UWB anchors in front of a machine hall, see left image
of Fig. 1, with slight variation in their height (0.9−2.9m). Two
UWB tags were rigidly attached to the AMR above the center
of the rear axle with a horizontal displacement of 0.85 m.



Figure 7. Boxchart comparison of PDOP estimation methods and initialization error across the first 110 s of the five real-world AMR trajectories in Fig. 9,
segmented into 10 s intervals to enhance statistical sampling. The left plot shows the PDOP difference (estimated - true) across various estimation methods,
with a different y-axis scale for better comparison. Our closest-point-to-anchor PDOP (blue) is computationally efficient with conservative estimates (positive
values here). In contrast, the LS PDOP (red) is more computationally demanding while still being real-time capable but is more unpredictable (see several
overconfident, i.e., negative, dots), as its accuracy depends on the estimated anchor position, which can exhibit large fluctuations. Nonlinear LS PDOP (yellow)
is more accurate but not suitable in real-time, and remains susceptible to divergence, leading to occasional outliers. In comparison, our method consistently
demonstrates robust and stable performance. The right plot highlights the relationship between PDOP and initialization error on a logarithmic scale.

Table II
AMR REAL-WORLD EXPERIMENT: COMPARISON OF THE ANCHORS’
POSITION RMSE WITH DIFFERENT OUTLIER REJECTION METHODS.

# Method x (m) y (m) z (m) Avg. (m)

1 Our 0.17 0.12 0.35 0.44
RANSAC 0.17 0.12 0.37 0.47

2 Our 0.18 0.11 0.34 0.43
RANSAC 0.2 0.13 0.31 0.42

This vertical setup should facilitate the calibration of anchor
heights, as the ARM operates on a nearly flat horizontal plane,
typically leading to high vertical Dilution of Precision (DOP).
The UWB anchors provided measurements to each of the two
tags at roughly 10Hz. The AMR was moving in an area of
roughly 40 × 20 m2 as shown in Fig. 9. The true pose of the
vehicle was captured by a commercial RTK GPS-INS system
with absolute orientation. The true position of the anchors was
obtained by theodolite measurements, that were aligned to the
RTK reference frame of the robot.

To demonstrate the effectiveness of the proposed outlier
rejection method presented in Sec. III-B, we employed the
NLS slover proposed in [2] on our prefiltered data against
the RANSAC method proposed in [25]. The results listed in
Tab. II show that the RANSAC approach generally performs
well, but it is computationally expensive, and its performance
greatly depends on the selected parameters. In this evaluation,
we wanted to obtain an inlier subset with a probability of
p = 95%, choose s = 60 measurements for the solver, and
assume e = 10% of outliers in the samples, which lead to
n = log(1−p)

1−(1−e)s
= 1666 iterations of solving the NLS on a subset

of s samples. It took, on average, 463 times longer than the
proposed outlier rejection method, which removed on average
6.5% of the samples, with a threshold of τ = 0.1 ≈ 2σd.

Figure 7 shows an evaluation of the proposed closest-point-
to-anchor PDOP introduced in Sec. III-C over the five different
trajectories of Fig. 9. Our method, i.e., the computation of the
geometry matrix (4), is compared against two different PDOP
estimation methods commonly utilized in the literature: the
LS PDOP, i.e., the computation of the geometry matrix (3) is
based on the LS estimate p̂A, and the NLS PDOP, i.e., the
computation of (3) is based on the respective NLS estimate.

To empirically validate Theorem 3.1, we computed the

Figure 8. PDOP estimation and initialization error for three UWB anchors in
real-world forklift experiments. The top plots compare PDOP values estimated
by different methods against the true PDOP, with our method being the most
conservative. The bottom plots show the corresponding initialization error.

Figure 9. AMR trajectories from outdoor experiments. The left plot illustrates
two trajectories (blue and yellow lines) where all 11 anchors were initialized
with a PDOP threshold of 1. The average error for these initializations is less
than 0.5 m. The right plot shows three suboptimal trajectories (green, red, and
purple lines). Only one anchor (7) for the green trajectory and three anchors
(7, 8, 9) for the red trajectory met the PDOP threshold and were initialized,
avoiding large positioning errors.

PDOP using solutions from different methods as the number
of observations grew. Figure 8 illustrates that our proposed
approach results in conservative PDOP estimates. Furthermore,
the plot highlights a correlation between initialization error
and PDOP, advocating for a PDOP threshold to trigger the
initialization process. In scenarios with suboptimal trajectories,
premature initialization can lead to significant position errors
or, in the worst case, to incorrect solutions due to ambiguities.
Therefore, it is crucial to avoid early initialization. Figure 9
displays the successful anchor initialization of our proposed
approach on well-conditioned trajectories and partial initial-
ization on ill-conditioned ones.



Figure 10. Comparison of OpenVINS and UVIO* performance in a real-
world experiment. The top plot displays the position ATE for VIO-only. The
middle plot shows the position ATE for UWB-aided VIO using the same
experimental data. The bottom plot depicts the evolution of the estimated
PDOP for each anchor, with initialization events indicated by dashed lines
triggered when the PDOP drops below a threshold of 1. The 46% reduction
in position RMSE highlights the importance of fast and accurate initialization.

Table III
UAV REAL-WORLD EXPERIMENTS: EVALUATING IN-FLIGHT ANCHOR

INITIALIZATION ERRORS AND TIMES.

# Anchor ID 19333 22660 7435 19110 Avg.

1 Err. (m) 0.119 0.155 0.139 0.398 0.203
tinit (s) 40.77 137.52 95.05 40.77 78.53

2 Err. (m) 0.126 0.169 0.077 0.196 0.142
tinit (s) 62.94 106.85 167.79 58.55 99.03

3 Err. (m) 0.089 0.110 0.117 0.136 0.113
tinit (s) 45.44 89.88 45.44 41.21 55.49

4 Err. (m) 0.112 0.169 0.159 0.396 0.209
tinit (s) 73.22 166.01 166.01 73.22 119.61

C. Real-world UAV Experiments

To test our framework with a UAV, we replicated the
experiments conducted in [2]. These experiments utilized a
UAV equipped with a Raspberry Pi 4 flight computer, an IMU,
a Matrix Vision BlueFOX camera, and a Qorvo MDEK1001
UWB transceiver, communicating with four additional UWB
modules deployed as fixed anchors. The UAV autonomously
navigated through an indoor space measuring 4 × 6.5 × 7 m3,
where an Optitrack motion capture system was used to record
the ground-truth poses of both UAV and anchors precisely.
The experiments are structured in two stages: an autonomous
phase where the UAV flies through random waypoints and a
manual phase where a pilot performs more agile maneuvers.

To evaluate initialization performance with real-world UWB
range data, we conduct a preliminary set of experiments using
the UAV’s ground-truth pose. This approach eliminates the
impact of VIO drift, which affects the validation of the initial-

Figure 11. Comparison of ground-truth and estimated trajectories for the real-
world experiment 2 described in the last part of the section and for which the
ATE is shown in Fig. 10. UWB-aided VIO shows enhanced accuracy. Vertical
dashed lines indicate the timestamps of UWB anchor initialization.

Table IV
UAV REAL-WORLD EXPERIMENTS: PERFORMANCE COMPARISON
BETWEEN OPENVINS [29] AND UVIO [2] WITH OUR METHOD.

# System RMSEpos (m) RMSEatt (deg)

1 OpenVINS 0.73 4.47
UVIO* 0.50 4.14

2 OpenVINS 0.71 4.67
UVIO* 0.38 4.56

3 OpenVINS 0.72 4.35
UVIO* 0.34 4.5

4 OpenVINS 0.71 4.44
UVIO* 0.57 3.64

ization phase. We perform four experiments with two distinct
anchor configurations. All four anchors were initialized in all
experiments with an estimated PDOP threshold set to 1. The
results in Tab. III confirm that the average initialization errors
are consistent with those observed in simulations. Our method
demonstrates superior performance compared to the results
presented in [2], with shorter initialization time (88 s vs. 220 s
avg.) and reduced error (0.167 m vs. 0.251 m avg.). Fast and
accurate anchor initialization reduces drift in UWB-aided VIO
systems, as presented in the following.

We evaluate real-time performance within the UWB-aided
VIO system UVIO [2], modifying it into UVIO* by integrating
the proposed real-time anchor calibration framework. Based
on OpenVINS [29], UVIO* initializes anchors by using VIO-
estimated poses. Performance is assessed via Average Trajec-
tory Error (ATE) in two setups: standard VIO (OpenVINS) and
UVIO*, both using identical VIO parameters. In fact, without
initialized UWB anchors, UVIO* defaults to OpenVINS,
reflecting its extension of this framework. Figure 10 shows
a significant 46% reduction in the Root Mean Squared Error
(RMSE) of the position ATE compared to VIO-only. Figure 11
displays the x-y-z trajectory plots corresponding to the experi-
ment in Fig. 10. This improvement surpasses the results in [2],
highlighting the importance of timely initialization for drift-



prone localization methods like VIO. Unlike [2], our method
rapidly and precisely estimates unknown UWB anchors within
seconds of flight, enabling the system to leverage initialized
anchors sooner and effectively mitigating drift accumulation.
The key to this efficiency is our method’s online PDOP esti-
mation of Sec. III-C, which replaces the extended initialization
process used in [2]. Table IV summarizes position and attitude
RMSE across four experiments, demonstrating the superior
performance of UVIO*.

V. CONCLUSION

This paper proposes an automated framework for the cal-
ibration of unknown anchors in UWB-aided navigation sys-
tems. A key contribution is a novel real-time PDOP estimation
proved to be underconfident in practical scenarios, ensuring
a conservative and reliable initialization decision without
needing an initial anchor position guess. By only triggering
initialization when a well-conditioned geometric configuration
is achieved, our approach prevents poor anchor estimates
that could degrade navigation accuracy. The framework in-
tegrates an online lightweight outlier rejection method and
an adaptive robust kernel for nonlinear optimization, further
improving robustness. Extensive real-world experiments with
an autonomous forklift and a UAV show that our PDOP-based
strategy leads to more accurate positioning and significantly
faster initialization compared to state-of-the-art methods. The
open-source C++ library with a ROS1 wrapper makes the
implementation widely accessible to the community.
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