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R eliable self-localization is fundamental to safe and
efficient navigation in autonomous mobile robots
and driverless industrial trucks. However, localization
failures in highly dynamic or feature-poor environments
can lead to safety hazards and costly workflow disrup-
tions. While probabilistic methods such as particle filters
mitigate sensing and actuation uncertainties, they lack
mechanisms to recognize impending failures. To address
this gap, we propose a systematic, physics-based simu-
lation methodology for generating datasets that enable
predictive failure detection. The datasets include local-
ization estimates, ground-truth poses, sensor data, and
automatically labeled failure cases. By systematically in-
troducing challenging conditions, such as dynamic ob-
stacles, featureless areas, and map ambiguities, we pro-
voke diverse failure modes in a reproducible manner.
These datasets establish a scalable foundation for train-
ing models that anticipate localization failures, support-
ing proactive fault detection and enhancing the safety
and reliability of autonomous navigation in complex en-
vironments.
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1 INTRODUCTION

Localization is a fundamental prerequisite for the naviga-
tion of autonomous mobile robots and driverless industrial
trucks because all higher-level navigation tasks, e.g., path
planning, obstacle avoidance, and mission execution, de-
pend on an accurate estimate of the vehicle’s position and
orientation in its environment. Without reliable localiza-
tion, the robot cannot know where it currently is, which
makes it impossible to determine how to reach its target
safely and efficiently. Different approaches for robot local-
ization exist and are compared in a systematic review in
[1]]. Self-localization is the process of determining a sys-
tem’s position without relying on external infrastructure.
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Self-localization is the process of determining a system’s
position without relying on external infrastructure and is
commonly performed using dead reckoning based on odom-
etry sources, such as wheel encoders or an Inertial Measure-
ment Unit IMU), or by employing range sensors, including
Light Detecting and Ranging (LiDAR) or ultrasonic sen-
sors, as well as camera-based methods. These approaches
are common but not exhaustive, as alternative strategies ex-
ploiting other sensing modalities or data-driven techniques
are also being investigated. During operation, malfunctions
in the localization system can affect the overall behavior of
the mobile robot, potentially jeopardizing operational safety
or workflow continuity. As Thrun et al. note, robotic op-
erating environments are “inherently unpredictable” [2| p.
3]. Probabilistic approaches such as particle filters have be-
come standard in self-localization, as they explicitly account
for uncertainties in actuation and sensing.

However, there are particularly challenging scenarios in
which localization may fail. These localization failures can
occur, for example, due to occlusions in the LiDAR scan or
noise caused by rain or challenging lighting conditions [3]].
Highly dynamic environments, such as public spaces or in-
bound and outbound areas of warehouses, can obscure static
features and degrade visual odometry. Odometry based on
wheel encoders can be inaccurate due to discrepancies be-
tween actual and modeled dimensions, incorrect encoder
readings, and wheel slip. Furthermore, map ambiguities and
featureless areas pose additional challenges.

While uncertainty in automation-compatible environ-
ments is typically low, many real-world environments ex-
hibit greater levels of uncertainty that must be addressed to
ensure reliable localization. One way of addressing these
challenges is by detecting localization failures. To safely
operate in such environments, AMRs are required in spec-
ified accuracy boundaries. Identifying these boundaries as
localization failures allows the robot to perform error cor-
rection behavior, for example, disregarding faulty sensor
readings or correcting localization estimates [4]]. Different
approaches exist for monitoring the integrity of localization
systems. Especially for detecting these failures before they
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https://flowcean.me/examples/robot_localization_failure/

	INTRODUCTION
	RELATED WORK
	SIMULATION SETUP
	ROBOT SETUP
	SIMULATION ENVIRONMENT
	ENVIRONMENTAL CHALLENGES

	DATASET CREATION
	DATA COLLECTION PROCESS
	AUTOMATIC LABELING FOR CLASSIFICATION

	RESULTS
	CONCLUSION

