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Abstract—Autonomous Mobile Robots (AMRs) are revolutionizing industries by enhancing flexibility
and efficiency, particularly in dynamic environments such as automotive manufacturing. These en-
vironments pose challenges due to their constantly changing layouts, unpredictable obstacles, and
varying conditions, which impact the performance of localization systems. This paper presents a novel
real-time localization scoring architecture to address these challenges by quantifying the confidence
in a robot’s positioning system. The proposed Localization Score improves map reconciliation, man-
ages sensor interference, adapts navigation strategies, and enhances traffic coordination. Extensive
experimental studies, including real-world deployment in an operational automotive production factory,
demonstrate the robustness, accuracy, and adaptability of the developed Localization Score algorithm.
The results showcase its potential to significantly enhance the operational efficiency and reliability of
AMRs in industrial settings.

smooth operation of AMRs in dynamic environments,

1. INTRODUCTION

Recently, autonomous mobile robots (AMRs) have
emerged as key players in various industrial and

where failures in localization can lead to inefficiencies
and delays.

commercial settings, offering flexibility and efficiency
in tasks ranging from manufacturing to logistics [1].
This surge in demand has coincided with a projected
growth rate of 23% (compound annual growth rate),
propelling the market to exceed 10 billion USD by
2028 [2]. However, deploying AMRs in dynamic en-
vironments (e.g., automotive manufacturing factories)
poses significant challenges. These challenges result
from the inherent complexity of real-world scenarios,
where factors such as changing layouts, unpredictable
obstacles, and varying environmental conditions can
impact the performance of localization systems [3].
Addressing these challenges is crucial for ensuring the

Digital Object Identifier 10.1109/10.1109/MRA.2025.3584350

©2026 IEEE

Localization robustness typically depends on three
key factors: detection (sensor sensitivity), matching
(alignment between map and measurements), and ac-
curacy (localization error) [4]. Ensuring robustness
in these aspects is crucial for maintaining reliable
localization, especially in highly dynamic industrial
settings.

The Localization Score is a metric that quantifies
the confidence in a robot’s positioning system. This
score is pivotal in addressing these challenges by
enabling lifelong localization [5], which helps maintain
continuous and efficient operations without interrup-
tions.

The Localization Score facilitates enhanced map
reconciliation when environmental changes cause dis-
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crepancies between a robot’s internal map and the
actual surroundings, ensuring up-to-date navigation
data [6]. It can also aid in managing sensor inter-
ference by triggering adjustments in sensor settings
or switching to more robust sensors, thereby preserv-
ing the integrity of localization data. The score can
guide adaptive navigation strategies to optimize path-
finding and mobility in scenarios involving physical
obstacles or diverse terrains. Traffic coordination can
be improved through dynamic adjustments based on
the Localization Score, promoting efficient flow and
interaction not only between robots but also between
robots and human workers [7].

The Localization Score’s scalability and role in
continuous improvement across multiple robots help
refine localization algorithms and adapt to larger oper-
ational demands [8]. By enabling reliable and precise
localization that adapts to various challenges in real-
time, the Localization Score can significantly enhance
the operational efficiency and robustness of automation
systems in automotive manufacturing, thereby prevent-
ing knock-on production stoppages or disruptions and
maximizing factory efficiency.

In this study, therefore, a real-time localization
scoring architecture is presented. Numerous studies
have explored localization confidence estimation meth-
ods, including map-measurement coherence metrics
that enhance reliability alerts [9], search-based met-
rics designed for frequent environmental changes by
maintaining a short-term map alongside a static map
[10], and Bayesian classifiers-based robust reliability
estimation function integrated with Monte Carlo Lo-
calization (MCL) [11]. While these methods contribute
significantly to localization confidence estimation, they
often lack the adaptability required for dynamic and
complex settings. Based on the key factors affect-
ing localization robustness, our proposed Localization
Score dynamically evaluates detection, matching, and
accuracy, offering a simple yet robust framework tai-
lored for lifelong localization in industrial applications
by dynamically assessing confidence in continuously
changing environments.

The aims and key contributions of the study are

1) developing a simple but effective real-time lo-
calization scoring architecture that quantifies the
confidence in a robot’s positioning system, ad-
dressing dynamic environmental challenges;

2) ensuring lifelong localization reliability by de-
tecting localization failures in real-time and
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triggering the necessary environment map up-
dates based on observing localization failures
and maintaining continuous system performance
even in frequently changing layouts;

3) implementing the proposed methods in a real
factory environment. Unlike most studies that
rely solely on simulations or field tests in labo-
ratory settings, this research includes practical
implementation, validating the feasibility and
effectiveness of the approach and demonstrating
its potential for industrial applications.

The remainder of the study is organized as follows:
Section 2 summarizes related works in this field and
compares them with the presented real-time local-
ization scoring system. Section 3 elaborates on the
challenges encountered in automotive manufacturing
and factory operations, emphasizing the importance of
the localization scoring system in resolving them. Sec-
tion 4 details the proposed localization reliability eval-
uation system. In the subsequent section, Section 5,
we present the experimental setup and extensive field
test results in various automotive production scenes,
demonstrating the importance and performance of real-
time localization scoring, followed by a comprehensive
discussion regarding the utilization of lifelong local-
ization. Finally, Section 6 concludes the article and
discusses future work opportunities.

2. RELATED WORKS

The field of AMRs has seen significant advance-
ments, particularly in localization systems designed
to ensure robust and accurate positioning in dynamic
environments [12]. Various methods have advanced
AMR localization, particularly in improving robust-
ness and reliability. For example, Garrote et al. [13]
combined reinforcement learning with particle filters
for map updates, introducing an overlap score based
on laser measurements and map cells. However, small
deviations in orientation critically impacted mapping
accuracy. Complementing this work, Wang et al. pro-
posed a switching approach to enhance localization
reliability in complex environments by defining each
sensor-based localization subsystem’s confidence in its
accuracy [14]. This study, on the other hand, focuses
on developing a localization reliability assessment
method rather than improving the localization relia-
bility of the systems.

Boukerche et al. highlighted that localization sys-
tem performance improves with reliability-driven data,
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comparing reliability-aware and unaware systems [15].
This study underscores the importance of integrating
reliability metrics but does not propose specific mech-
anisms for dynamic environments.

Ferranti et al. introduced a lightweight confidence
measure metric for visually estimated poses based on
spatial distribution inliers and coverage scores [16].
Despite the innovation, visual localization systems are
less prevalent than range-based systems for AMRs due
to their susceptibility to environmental variations.

In statistical methods, Chen et al. proposed a mea-
surement index of localization accuracy for Ultra-Wide
Bandwidth (UWB) systems, demonstrating higher re-
liability with smaller confidence interval radii [17].
Anagnostopoulos et al. proposed the Dynamic Accu-
racy Estimation (DAE) method for RSSI-based finger-
printing localization methods [18]. Although promis-
ing, the performance of such methods falls short
in challenging factory environments requiring precise
robotic navigation and material handling. Similarly,
Nguyen et al. used confidence scores to estimate the
reliability of Wi-Fi fingerprinting localization [19].
However, UWB, RSSI, and Wi-Fi fingerprint systems
are inconvenient for highly reflective industrial envi-
ronments like automotive factories [20].

Jing et al. evaluated localization system perfor-
mance through accuracy, availability, continuity, and
integrity metrics. Their method, tested on GNSS and
inertial systems, highlights different types of localiza-
tion errors but is more suited for outdoor applications
than dynamic indoor factory environments [21].

Moon et al. focused on a failure recovery scheme
for reliable localization using an Observation Likeli-
hood Model [22]. Their approach addressed the design
of the observation likelihood model, failure detection,
and recovery. By employing semi-global localization,
they effectively managed wheel slippage-like localiza-
tion failures. However, their evaluation was limited
to static or quasi-static environments, which may not
reflect the complexities of dynamic settings. Similarly,
He et al. enhanced the Adaptive Monte Carlo Localiza-
tion (AMCL) by integrating the Iterative Closest Point
(ICP) for localization confidence estimation [23]. This
method allows particle swarms to update and converge
faster based on ICP registration.

Other studies, such as Nobili et al. [9], emphasized
map-measurement coherence for reliability evaluation,
while Hroob et al. [24] extended confidence estima-
tion to 3D environments using CNNs. While useful
for creating alerts, the map-observation consistency

metrics alone may not fully ensure accurate local-
ization or capture localization failures in the quasi-
static, instantaneously static but changing over time
(e.g., warehouses), or dynamic environments. While
the map-observation coherence metric is a necessary
component for evaluating localization reliability, it
alone cannot fully capture the complexities of dynamic
environments. In our localization scoring mechanism,
we incorporate this metric alongside additional mea-
sures, such as particle weight distributions and ac-
curacy evaluations, to provide a more comprehensive
assessment of localization reliability.

Addressing the challenges posed by dynamic ob-
jects, Demir et al. developed methods using Nor-
mal Distributions Transform (NDT) and LiDAR scan
matching confidence estimation [25]. They proposed
metrics like fitness score and transformation probabil-
ity, which can be affected by dynamic objects and local
minima. Their approach also included mean elevation
angle estimation to mitigate the effects of dynamic
objects. These methods share similarities with map
measurement overlap distance-based evaluation, but
require further refinement for dynamic environments.

Villacres et al. presented an RL-based resampling
method for PF-based localization to counteract kidnap-
ping [26]. Their method, however, is not designed to
handle local localization failures common in dynamic
industrial settings like factories.

PF variants are one of the most common frame-
works used for indoor localization of the AMRs [27],
[28]. Therefore, Akai et al. [11] enhanced Monte
Carlo Localization (MCL) by integrating reliability es-
timation with a class-conditional measurement model.
Their method improved robustness to environmental
changes and enabled failure detection, but required
accurate initial estimates and incurred computational
overhead. Our approach builds on these methods by
incorporating particle weights and distributions into a
real-time scoring mechanism.

In summary, while many studies have made sig-
nificant contributions to AMR localization, most are
designed for static or quasi-static environments and
struggle to maintain robustness in highly dynamic and
complex settings. Our proposed real-time localization
scoring architecture bridges this gap by providing a
simple, scalable, and adaptive solution for lifelong
localization in ever-changing environments.
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3. CHALLENGES IN AUTOMOTIVE
MANUFACTURING AND FACTORY
OPERATIONS

Mobile robots in automotive factories face nu-
merous operational challenges that can significantly
impact their efficiency and reliability. These challenges
stem from the inherent characteristics of industrial
environments and the specific demands of automotive
production processes. The proposed Localization Score
addresses these challenges by offering a quantitative
measure of the confidence level in the robot localiza-
tion system.
Challenge 1: Dynamic Environmental Changes:
Automotive factories are subject to frequent changes in
layout and operation zones due to varying production
requirements. This dynamic nature can lead to discrep-
ancies between the robot’s internal map and the actual
environment, leading to navigation errors.
Solution 1: By continuously monitoring the Localiza-
tion Score, the system can detect when the robot’s
map becomes misaligned with the environment due
to dynamic changes. This prompt detection allows for
immediate corrective actions, such as map updates or
on-the-fly recalibration of the localization system.
Challenge 2: Interference and Sensor Noise: The
dense deployment of machinery and electronic devices
in automotive factories generates significant electro-
magnetic interference, which can disrupt the signal
integrity of the sensors used in robot localization sys-
tems. Additionally, heavy welding and metalworking
equipment produce optical and acoustic noise, which
can confuse sensors like LiDAR or cameras.
Solution 2: In environments with high electromagnetic
and sensory noise, a dropping Localization Score can
trigger enhanced filtering techniques or the switch
to more robust sensors that are less susceptible to
interference, thus maintaining localization integrity.
Challenge 3: Physical Obstacles and Varied Ter-
rain: Robots often have to navigate around temporary
obstacles like moved machinery, stockpiles of parts,
or other robots and human workers. Furthermore,
different areas of the factory may have varying floor
conditions—from smooth concrete to grated metal sur-
faces—which can affect mobility and sensor readings.
Solution 3: The Localization Score can guide adaptive
navigation strategies. For instance, if the score drops
upon entering an area with complex terrain, the system
can switch to alternative navigation modes that rely
more on robust sensors or different types of sensors
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better suited to those specific environmental condi-
tions.

Challenge 4: High Traffic Areas: Some zones in
automotive factories experience high traffic flow, with
both robots and human workers sharing the same path-
ways. Managing such interactions without collisions
or unnecessary stoppages requires highly reliable and
precise localization to ensure smooth and continuous
robot operations.

Solution 4: In high-traffic areas, maintaining a high
Localization Score is critical for avoiding collisions
and ensuring efficient traffic flow. The score can be
used to dynamically adjust the robot’s speed, path, and
operational timing to synchronize with surrounding
traffic, thereby enhancing overall workflow efficiency.
Challenge 5: Scale and Complexity of Operations:
As factories expand and incorporate more automated
systems, the scale and complexity of operations in-
crease. This growth requires a scalable localization
system that can maintain high levels of accuracy and
reliability across a larger array of robots and a more
extensive operational environment.

Solution 5: The Localization Score allows for the
aggregation of localization data across multiple robots,
facilitating a collective improvement in localization
strategies. This aggregation helps in refining the local-
ization algorithms and adjusting the system to scale up
to larger operational demands without losing accuracy
or efficiency.

By directly addressing each of these challenges,
the Localization Score not only ensures that the robots
maintain high operational efficiency but also con-
tributes to the overall robustness and reliability of
the automation systems within the automotive factory
environment.

4. REAL-TIME LOCALIZATION
SCORING ARCHITECTURE

Evaluation of the localization system output is
as vital as the localization algorithm itself for real-
world scenarios such as those in automotive production
lines. Beyond conventional approaches, the developed
real-time localization scoring architecture in this study
considers two main outputs. The first one involves
inferences drawn from the weights and distributions
of particles used in PF-based localization approaches
to determine the position. The latter, pivotal metric is
the incorporation of map measurement consistency for
evaluating the reliability of localization outputs.
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Particle Filter (PF) Data Information

PFs are widely favored in localization due to
their ability to handle non-linear distributions, man-
age uncertainty, and adapt to diverse motion behav-
iors, rendering them ideal for real-time tasks. When
assessing localization reliability using particle filter-
based methods, attention is typically directed towards
the distribution and weights of particles. Additionally,
particles can be categorized into clusters based on their
distributions, enhancing the granularity of localization
analysis.

Weight analysis for particles and clusters:
Each particle and cluster in a PF framework is assigned
a weight representing its contribution to the estimated
position. The weights can be evaluated through two
primary metrics:

e Maximum Weight: Indicates the most significant
particle or cluster. Higher maximum weights sug-
gest a more confident localization.

o Logarithmic Weight: Measures the spread of
weights among particles or clusters, providing in-
sights into uncertainty. Lower logarithmic weights
imply higher uncertainty.

From here on, let the number of particles be N and
the number of clusters be C, and the weights of
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is scaled logarithmic weight of particles, and wc(;g“ is

scaled logarithmic weight of clusters. Scaled versions
of these metrics normalize their values for better
comparability.

When the uncertainty in localization increases,
both the scaled maximum weight of clusters and parti-
cles increase. Consequently, if the specified boundaries
are exceeded, it can be concluded that the localization
output is unreliable. Conversely, the logarithmically
scaled weight parameters decrease as uncertainty in-
creases. Therefore, when the actual output falls be-
low the specified threshold, we may infer that the
localization system output is unreliable. Therefore,
the weight reliability component (w) for the PF is
computed based on these scaled maximum/logarithmic
particle/cluster metrics as follows,

max max log. log,.
_ %  Ta  Wp T Yy
W= Sw maXsc maXsc lo lo
w w o 2 o 2
p cl p cl (5)
max max log log :
where O'p s Ol O'p . and (o) represent speci-

fied thresholds for scaled maximum/logarithmic par-
ticle/cluster weight values. On the other hand, s,, is a
scale constant for the weight reliability component to
normalize the output of the overall measure.

Distribution analysis for particles: The distri-
bution of particles can be investigated through the
covariance matrix, which provides information about
the particles. In 2D flat environments, such as factories,
the components of the covariance matrix representing
translation in the x and y directions and orientation
variability around the z-axis characterize the distri-
bution of particles. The uncertainty in localization
increases as the covariance matrix components grow
larger, implying a more scattered particle distribution.
Conversely, smaller values indicate particles tightly
clustered around the estimated pose.

To provide a single reliability measure, our local-
ization scoring system considers the combined magni-
tude (hypotenuse) of these covariance components to
compute the particle distribution component (d), such
that

2 2 2
\/Crtr + Cyf,r + szt
—Sd (6)

O—COV

d = exp

where cz,,., Cy,,, and ¢, , denote covariance matrix
components for translation in the x and y directions
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[cm] and rotation around the z-axis [°], respectively.
The use of these units ensures that both error types
are represented on a consistent scale. In industrial ap-
plications, sub-centimeter and sub-degree accuracy are
often the targets, making these units relevant. Similar
to the weight analysis sub-section, o
specified threshold for the magnitude of covariance
matrix components. On the other hand, s, is a constant

variable for the distribution reliability component to

represents the

transfer the range of the metric to the desired interval.
This score decreases as uncertainty increases, ensuring
it aligns with intuitive expectations of reliability.

Map-Measurement Consistency

Next, a localization reliability metric was devel-
oped based on the consistency between the environ-
ment map and AMR laser measurements, independent
of the localization method utilized. This metric aims
to examine how well the environment map aligns with
laser measurements relative to the determined pose of
AMR. Two parameters can be investigated for map-
measurement consistency. One parameter indicates the
percentage of overlap between the map and measure-
ments, while the other measures the average distance
between overlapping points. A low overlap rate may
suggest the need to update the relevant portion of the
map, whereas the distance between overlapping points
provides insight into the consistency of the overlap
computation. Therefore, in the reliability metric, the
inference is drawn from this average distance data,
where a lower distance corresponds to higher localiza-
tion performance. In contrast, an increase in distance
corresponds to a decrease in reliability. Consequently,
the following expression can be employed as the map-
measurement consistency metric (¢) within localiza-
tion reliability analysis.

( : )
c=exp | —S¢—m @)
o

represents the specified threshold for
the map-measurement consistency component and S,
constant ensures the consistency reliability compo-

where o™

nent within specified ranges. Moreover, d denotes the
average distance between the overlapping points on
the map and laser measurements. For that purpose,
synthetic laser measurements! are generated for the
estimated pose and compared with the current laser

Thttps://github.com/yilmazabdurrah/synthetic_laser_
measurement_ MATLAB
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measurements of the AMR. To compute the overlap-
ping points between the map and measurements, the
overlap rate calculation approach proposed by Yilmaz
et al. [29] is employed. Similar expression in (7)
is also employed by Zhu et al. [30]. While Zhu et
al’s method focuses on classifying observations as
static or semi-dynamic to adjust observation weights
dynamically, our approach directly quantifies map-
measurement consistency to assess overall localization
reliability. Moreover, Zhu et al.’s two-map approach
contrasts with our use of a single map, aimed at
realigning the robot’s perception with environmental
changes. These distinctions underline complementary
but fundamentally different methodologies.

Computation of Overall Localization Score

Expressions have been derived for calculating the
values of the w metric obtained from PF particle and
cluster weights, the d metric calculated based on the
distribution of particles, and the ¢ metric derived from
map-measurement consistency. Utilizing these metrics,
the overall localization reliability score (r) can be
straightforwardly computed as follows by the weighted
sum of defined metrics.

T = WeW + wgd + wee ®)

The use of w,, wg, and w. weights allows for
the maintenance of the localization reliability metric
within the range of O to 1, as well as the ability to
adjust the influence of any metric on the Localization
Score as desired, increasing or decreasing its impact.

By synergizing these components, our algorithm
ensures adaptability and versatility to localization fail-
ures and flexibility and robustness for complex envi-
ronments with dynamic features.

5. EXPERIMENTAL STUDIES

The experimental studies section examines the
performance and reliability of the localization scoring
algorithm using T2000 robots of Bluepath Robotics.
With their advanced navigation and perception sys-
tems, these robots are tested in different environments
to assess how well the algorithm works in real-world
applications. Each scenario is designed to address spe-
cific challenges, from static controlled environments
to highly dynamic automotive manufacturing sites,
ensuring a thorough algorithm evaluation. The results
show the robustness, accuracy, and adaptability of
the developed localization score algorithm, offering
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Figure 1. Bluepath Robotics T2000 used in Ford
Otosan’s Production Factory located at Golcik-
Kocaeli/Turkey. For more details please visit Bluepath
Robotics.

valuable insights for its use in industrial settings.

Experimental Setup

In this study, T2000 robots of Bluepath Robotics,
a spin-off company of Ford Otosan, are used (see
Fig. 1). The T2000 is designed for heavy-duty in-
dustrial applications, supporting a maximum payload
of 2000 kg. The robot has a maximum speed of 1.5
m/s and is equipped with a Sick Laser Scanner and
a RealSense RGBD camera for perception. It features
high docking precision, supports remote control with
safe on/off functionality, and complies with VDAS5050
standards. It uses a hybrid navigation system com-
bining natural navigation based on a particle filter
localization approach on grid maps and line tracking,
achieving a position accuracy of =1 cm. The robot has
3D object/obstacle detection, obstacle avoidance, high-
precision trajectory tracking, dynamic map updating,
and enhanced perception features. It is actively used
in Ford Otosan’s automotive factory, demonstrating its
practical application and reliability in a demanding
industrial environment.

Application Scenarios

Application scenarios are thoroughly selected and
fine-tuned to address the particular requirements of
automotive applications. The purpose of each sce-
nario is to evaluate the localization score algorithm
in conditions that closely mimic real-world automotive
settings. By customizing these scenarios to automotive

contexts, we ensure that the algorithm is assessed
under conditions directly relevant to its intended use,
providing a comprehensive evaluation of its resilience
and robustness.

In Scenario 1, the localization score is tested
and tuned in a controlled Pre-Landing Area without
dynamic elements, ensuring any score variations are
due to the algorithm’s performance.

Scenario 2 introduces a moderately dynamic real
automotive manufacturing site. Here, the map changes
and the tuned localization score from Scenario 1 are
tested to observe consistent score drops and identify
genuine declines in localization accuracy.

Scenario 3 presents a highly dynamic industrial
environment, examining the reliability and behavior of
the localization score in extreme conditions based on
the findings of Scenarios 1 and 2.

In Scenario 4, the localization score triggers an in-
house map update algorithm when score drops are de-
tected. This updated map, once deployed, improves the
localization score, creating a robust feedback mecha-
nism for lifelong localization.

Collectively, these scenarios ensure the localization
score algorithm is tested across varying environments,
from static to highly dynamic, establishing a reliable
and adaptive system capable of excellent performance
in real-world scenarios.

The parameters described in (5), (6), and (7) (see
Sect. 4) are selected and universally applied across all
scenarios as follows: s,, - Ug“”‘ = 0.2625, sy - 0™ =
0.2501, sw/ag’g = 0.1563, sw/azg = 0.2143,
$q/0 = 6.9315, and s./0°" = 2.7726.

These parameters were first fine-tuned to balance
the effects of uncertainties at reasonable levels. On
the other hand, the weights in (8) are set as w,, =
wg = we = 1/3 to equalize the impacts of the sub-
localization scoring metrics. The overall localization
reliability score (r) is interpreted by analyzing how
its values vary concerning environmental conditions
across different scenarios. The categorization of this
reliability score will be elaborated on within the sce-
nario descriptions.

Finally, to showcase the advantages of our local-
ization scoring architecture, we conducted both quali-
tative and quantitative comparisons against three state-
of-the-art reliability approaches. These are Akai’s ALS
Score [11], Costa’s Dynamic Localization Score [31],
and Valencia’s dual timescale NDT-MCL Score with
Weber’s implementation [10], [32].
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Figure 2. Localization scoring results in a controlled environment, specifically in the Pre-Landing area of the
factory: (a) Localization scores vs. time for the compared algorithms (Value “0” indicates reliable localization,
while “1” indicates unreliable localization), (b) close-up view of the section where our Localization Score system
detects localization failure (the green line represents the raw output of our Localization Score system, and the
yellowish line indicates the threshold-based 0-1 correspondence, where “0” corresponds to reliable localization
and “1” corresponds to unreliable localization, based on the green line), (c-e) snapshots at different time
instances, including occupancy grid map section of the environment, current laser measurements (red), and

localization system estimates (green).

Scenario 1: Proof of Concept in a Controlled
Static Environment

In this scenario, the primary focus is on evaluating
the performance of the Localization Score algorithm
in a static and controlled environment. The absence of
dynamic elements ensures that the algorithm’s efficacy
in accurately determining the robot’s position can be
measured without interference from external variables.

The Traffic Management System (TMS) plays a
crucial role in this setup. It issues specific orders to the
robot, guiding it through a series of waypoints within
the Pre-Landing Area. These waypoints form loops
that the robot must navigate, allowing for repeated and
consistent testing conditions.

This scenario aims to establish a baseline perfor-
mance metric for the Localization Score algorithm by
focusing on a static environment. The insights gained

from this controlled testing will provide a foundation
for subsequent evaluations in more dynamic and com-
plex environments.

The observations on the Pre-Landing area have
been indicated in Fig. 2. In this scenario, the AMR
moved autonomously from one point to another while
the reliability of the estimated pose was computed
simultaneously. As in Fig. 2(b), our tests demonstrated
that sharp decreases and/or lower values in the local-
ization score corresponded to unreliable localization
estimation; in other words, the AMR may have lost its
pose at those times. For instance, while AMR poses are
tracked properly at time instances shown in Fig. 2(c)
and (e), the AMR lost its pose at the time instance
highlighted in Fig. 2(d). To visualize the superior
performance of the developed algorithm, we compared
it with the state-of-the-art reliability approaches in
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Figure 3. Localization scoring results in a real automotive production environment: (a) scene from real
automotive production environment, (b) Localization scores vs. time for the compared algorithms (Value “0”
indicates reliable localization, while “1” indicates unreliable localization), (c) close-up view of the section where
our Localization Score system detects localization failure (the green line represents the raw output of our
Localization Score system, and the yellowish line indicates the threshold-based 0-1 correspondence, where
“0” corresponds to reliable localization and “1” corresponds to unreliable localization, based on the green line),
(d-f) snapshots at different time instances, including occupancy grid map section of the environment, current
laser measurements (red), and localization system estimates (green).

Fig. 2(a). Additionally, feedback from human oper-
ators, Expert Assessment Score, is also extracted as
a ground truth (GT) localization reliability measure.
In this figure and from now on, score “0” represents
a “reliable” estimated pose, while score “1” denotes
unreliable cases. The results indicate that the methods,
except ours, often fail to properly estimate unreliable
cases, highlighting the robustness and accuracy of our
algorithm in such scenarios.

Observations from Scenario 1 indicated that a
localization score of 0.74 and above corresponds to
an almost perfect score. This threshold was refined in
Scenario 1 and subsequently fed into Scenario 2 to
determine what score represents unreliable cases.

Scenario 2: A Real Automotive Production
Workshop

In this scenario, the Localization Score algorithm
is tested in a real-world setting with moderate levels of
dynamism, such as moving equipment and personnel.
This setup presents a significant challenge due to
mismatched LiDAR points on the map, which the
robots must accurately navigate.

The robots are tasked with transporting automotive

parts by pulling a dolly through a series of waypoints.
These waypoints, provided by the TMS, form loops
that the robots must follow. This setup ensures that
the robots can be tested repeatedly under consistent
yet moderately dynamic conditions.

By focusing on a real automotive manufacturing
site with its inherent challenges, this scenario aims to
evaluate the robustness and reliability of the Localiza-
tion Score algorithm in a more complex and realistic
environment. The insights gained from this testing
will be critical for effectively refining the algorithm
to handle real-world operational conditions.

Two scenarios from the real automotive production
environment were demonstrated in Figs. 3 and 4.
Similar to the Pre-Landing area case, the localization
scoring strategy developed in this study predicts local-
ization failures more robustly than the state-of-the-art
method. As observed in Fig. 3(c) and Fig. 4(c), there
is a sharp decline in the localization score during the
period when AMR is lost. The developed method was
able to detect the issue promptly in pose estimation.

In this scenario, it was observed by human oper-
ators that a localization score below 0.6 indicated a
degradation in localization performance. This thresh-
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Figure 4. Localization scoring results in a real automotive production environment: (a) scene from real
automotive production environment, (b) Localization scores vs. time for the compared algorithms (Value “0”
indicates reliable localization, while “1” indicates unreliable localization), (c) close-up view of the section where
our Localization Score system detects localization failure (the green line represents the raw output of our
Localization Score system, and the yellowish line indicates the threshold-based 0-1 correspondence, where
“0” corresponds to reliable localization and “1” corresponds to unreliable localization, based on the green line),
(d-f) snapshots at different time instances, including occupancy grid map section of the environment, current
laser measurements (red), and localization system estimates (green).

old was used as a benchmark and fed into Scenario
3. Scores between 0.6 and 0.74 were classified as
“Good”.

Scenario 3: Highly-Dynamic Automotive
Manufacturing Scene

In this scenario, the Localization Score algorithm is
tested under highly dynamic conditions in a real-world
automotive manufacturing site shown in Fig. 5(a).
The presence of moving objects, particularly forklifts,
poses significant challenges. These objects frequently
pass by the robots, blocking considerable amounts
of LiDAR points and increasing the number of mis-
matched points on the map.

The robots are tasked with transporting automotive
parts by pulling a dolly through a series of waypoints
provided by the TMS. The primary objective of this
test is to evaluate the robustness and effectiveness of
the Localization Score algorithm in a highly dynamic
environment. By subjecting the algorithm to real-world
operational challenges, such as frequent obstructions
and mismatched LiDAR points, this scenario aims to
validate its performance and reliability under extreme
conditions.

As demonstrated by the Localization Score varia-
tion graphs in Fig. 5(b,c) and the corresponding scenes
for different time instances in Figs. 5(d-f), localization
score values often remained at low levels due to pose
estimation difficulty in dynamic fields. It was observed
that when the localization score dropped below 0.5, the
robot was nearly lost. A score between 0.55 and 0.6
was classified as “Critical” and a score between 0.5
and 0.55 was categorized as “Marginal” while a score
below 0.5 was allocated as “Lost”.

At t =~ 90 (Fig. 5(d)), the AMR was still able
to maintain localization despite noticeable mismatches
between the LiDAR measurements and the map. Al-
though environmental changes, such as moving ob-
stacles, introduced inconsistencies, the system still
classified localization as ‘“Marginal” because the AMR
was able to follow its expected path. At t =~ 93
(Fig. 5(e)), a vehicle with a dolly passed directly in
front of the AMR, significantly reducing the number
of LiDAR matching points. This obstruction increased
localization uncertainty, causing the localization score
to drop below the 0.5 threshold, entering the “Lost”
class. The system could no longer accurately deter-
mine the robot’s position due to the moving object

IEEE Robotics & Automation Magazine
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Figure 5. Localization scoring results in a highly-dynamic real automotive production environment: (a) scene
from real automotive production environment, (b) Localization scores vs. time for the compared algorithms
(Value “0” indicates reliable localization, while “1” indicates unreliable localization), (c) close-up view of
the section where our Localization Score system detects localization failure (the green line represents
the raw output of our Localization Score system, and the yellowish line indicates the threshold-based 0-1
correspondence, where “0” corresponds to reliable localization and “1” corresponds to unreliable localization,
based on the green line), (d-f) snapshots at different time instances, including occupancy grid map section of
the environment, current laser measurements (red), and localization system estimates (green).

blocking key reference points in the environment. At
t ~ 105 (Fig. 5(f)), after the forklift moved away,
the localization system gradually regained accuracy
as more LiDAR matching points became available.
The localization score increased again, and the system
transitioned back to the reliable state around t = 108.
The results clarify that the localization scoring
algorithm developed effectively determines localiza-
tion system reliability. For such cases, to improve the
performance, the map parts can be updated.

Scenario 4: Updating Environment Map Based
on Localization Scoring

The motivation behind this scenario lies in demon-
strating that the proposed Localization Score is robust
in detecting instances where the robot’s localization
begins to deteriorate. This capability ensures timely
intervention by triggering the map update algorithm
before navigation failures occur, thereby enabling re-
liable robot performance even in highly dynamic and
ever-changing real-world conditions.

For this purpose, the Localization Score algo-
rithm is continuously monitored, and specific locations
where the localization score decreases are identified

and recorded. These drops in the score trigger the
use of an in-house developed map update algorithm.
To trigger the map update algorithm, we selected
a score of 0.55 as the lowest critical score. This
approach ensures the robot does not reach the “Lost”
state, maintaining localization accuracy and preventing
navigation failures.

The updated map is then deployed to the robots
as shown in two specific workshop cases (see Figs. 6
and 7). Following the deployment of the new map,
the Localization Score is reassessed. The results show
a significant improvement in the localization score,
indicating that the updated map aligns more closely
with the real-world conditions.

Quantitative Comparisons on Localization
Scoring System

The Expert Assessment Score is used as ground
truth to evaluate the performance of the localization
scoring systems. This score is assigned by an expert
based on the reliability of the localization and is de-
rived from a bag recording in cases where localization
is found to be unreliable. The assessment considers
map matching, the distribution of particle output by the
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(a)

(c)

Figure 6. Real automotive production workshop employed for field tests: (a) Scene from the workshop, (b)
occupancy grid map of the field, and (c) updated map according to Localization Score feedback.

(@)

Figure 7. Real automotive production workshop employed for field tests: (a) Scene from the workshop, (b)
occupancy grid map of the field, and (c) updated map according to Localization Score feedback.

AMCL algorithm, and verification through the camera
feed from the robot. The evaluation employs the FI-
score metric, an effective tool for assessing the con-
sistency of a model. Here, “reliable” and “unreliable”
states of localization systems’ output are assumed as
two classes. The overall localization scoring perfor-
mance of the methods compared over the scenarios
is demonstrated in Table 1. The results reveal that
our Localization Score can detect reliable outputs and
localization failures with more than 90% accuracy for
even highly dynamic industrial scenes.

For our localization scoring system, the follow-
ing values, summarized in Table 2, were used as

Table 1. Performance Scores Across Different Scenarios

. F1-Score of
Scenario Dynamic Localization

ALS  NDT-MCL A

Localization Score
Score Score

Score (Ours)
1 in Fig. 2 0.5079 0.8980 0.3389 0.9505
2-ain Fig. 3 0.6282 0.8791 0.2531 0.9664
2-b in Fig. 4  0.8336 0.7443 0.3629 0.9047
3 Fig. 5 0.5559 0.7592 0.5049 0.9182

reliable/unreliable class triggers. The “Lost” class is
designated as unreliable, whereas other classes are
considered reliable for all scenarios performed.
While the proposed localization scoring system
demonstrates strong reliability in dynamic industrial
environments, its applicability is currently focused on

IEEE Robotics & Automation Magazine
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Table 2. Localization Score Classification Based on Human  system, especially to automate the parameter tuning

Experts’ Assessments procedure. Lastly, while the approach has been val-

Investigated  Localization ~ Localization idated in challenging industrial indoor environments,
Scenario Score Range  Score Class future research will explore its applicability to out-
i 0.74 - 10 Perfect p pp y
2 0.6 - 0.74 Good door and other domains to enhance its scalability and
3 0.55- 0.6 Critical o
3 0.5-0.55 Marginal adaptability.
3 0.0-05 Lost
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measure of localization confidence. Experimental re-
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