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Abstract: Autonomous navigation is a mission-critical capability for firefighting robots operating in
hazardous, unstructured, and highly uncertain environments. However, existing evaluation approaches are
largely based on deterministic performance metrics and provide limited support for quantifying navigation
reliability under uncertainty. This limitation hinders objective benchmarking and standardized assessment
across different robotic platforms and operating conditions. This paper proposes an uncertainty-aware
reliability assessment framework for autonomous navigation of firefighting robots. The framework integrates
multi-source sensing, trajectory reconstruction, deviation analysis, and probabilistic performance evaluation
into a unified pipeline. A nearest-neighbor-based trajectory matching method is employed to quantify
discrepancies between reference and executed trajectories under asynchronous and non-uniform sampling
conditions. To move beyond deterministic evaluation, key performance indicators, including trajectory
deviation, completion time, and obstacle avoidance success rate, are modeled as stochastic variables, from
which probabilistic reliability measures are derived. Experimental studies were conducted in controlled
environments with static, dynamic, and complex obstacle configurations. The results show that the proposed
framework effectively captures both navigation accuracy and performance variability across scenarios. In
particular, the reliability metrics provide a more informative assessment than conventional threshold-based
indicators by explicitly reflecting the probability of satisfying navigation requirements under uncertainty. The
proposed framework offers a systematic and quantitative approach for reliability assessment of autonomous
navigation systems and provides practical value for performance benchmarking, system validation, and
algorithm improvement in firefighting robotics and related mobile robotic applications.
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1. Introduction

Firefighting robots are increasingly deployed in hazardous environments such as industrial facilities,
underground infrastructures, and disaster-response sites, where high temperatures, dense smoke, toxic gases,
unstable structures, and cluttered terrain pose substantial risks to human responders. In such scenarios,
autonomous navigation is a prerequisite for effective task execution, including environment exploration,
obstacle avoidance, target localization, and continuous mobility under limited visibility or restricted
communication conditions. Reliable navigation capability improves operational efficiency and reduces
human exposure to life-threatening conditions (Al Mahmud et al., 2024; Liu et al., 2024; Usinskis et al., 2025;
Waga et al., 2025).

Recent advances in sensing, path planning, and motion control have significantly improved the navigation
performance of mobile robots in complex environments. Existing studies have mainly focused on obstacle
detection, sensor fusion, path planning algorithms, and online replanning strategies (AlAli and Alabady, 2022;
Ghauri et al., 2024; Dong et al., 2025; Deng et al., 2026). While these developments have enhanced the
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autonomy of robotic systems, the evaluation of navigation performance remains comparatively
underdeveloped. In many cases, performance is assessed using deterministic indicators such as trajectory
deviation, completion time, collision count, or task success rate. These metrics are useful at a basic level, but
they are often scenario-specific, insufficiently standardized, and not explicitly linked to uncertainty (Kim et
al., 2024; Raoufi et al., 2025).

This limitation is particularly critical for firefighting robots. Their operating environments are inherently
uncertain due to sensing noise, communication disturbances, environmental variability, and control
imperfections. As a result, navigation performance cannot be fully characterized by single deterministic
values alone. Two systems may exhibit similar average trajectory errors while having substantially different
levels of robustness and failure risk under dynamic obstacles or changing terrain conditions. Therefore, a
meaningful evaluation framework should not only measure navigation accuracy but also quantify the
likelihood that the system satisfies required performance thresholds under uncertainty (Stephens et al., 2024;
Chen and Xiao, 2025; Rado et al., 2025).

The same trend is visible in localization and SLAM research. Multi-sensor fusion methods based on
UWB, IMU, wheel odometry, LIDAR, and camera sensing have significantly improved the resilience of
mobile robot localization, but they also make evaluation more complex because uncertainty propagates across
sensing, estimation, and control stages (Ji et al., 2024; Deng et al., 2025; Cao et al., 2025; Fan et al., 2025).
Foundational surveys on motion planning and SLAM remain highly relevant here because they show that
performance should be discussed jointly in terms of path quality, localization consistency, and robustness to
environmental variation (Paden et al., 2016; Cadena et al., 2016).

In reliability engineering, mixed uncertainties, cross-stage error propagation, and system-level risk
aggregation have been addressed through probabilistic and evidence-based modeling frameworks (Mi et al.,
2022; Bensaci et al., 2023; Pan et al., 2024). These ideas are highly relevant to mobile robots, yet a unified
reliability-oriented framework for evaluating firefighting robot navigation remains underdeveloped. EXisting
robotic studies typically focus on algorithmic improvement, while standardized and uncertainty-aware
evaluation frameworks are still rare (Nrioui et al., 2019). A recent digital-twin-based navigation evaluation
study underscores this gap by explicitly calling for multi-metric and uncertainty-aware validation in robotics
(Bergs et al., 2025).

To address these challenges, this paper proposes an uncertainty-aware reliability assessment framework
for autonomous navigation of firefighting robots. The main contributions are threefold. First, a unified
evaluation framework is established by integrating scenario configuration, trajectory generation, data
acquisition, and probabilistic performance analysis into a closed-loop pipeline. Second, a nearest-neighbor-
based trajectory deviation quantification method is developed for asynchronous and non-uniform sampling
conditions. Third, a probabilistic reliability metric system is introduced to estimate the likelihood that
predefined navigation requirements are satisfied under uncertainty.

2. Methodology

2.1 PROBLEM FORMULATION
2.1.1 Trajectory Representation
In an autonomous navigation task, the motion of a firefighting robot can be represented as a trajectory in a
two-dimensional workspace. Let the reference trajectory generated by the planning module be denoted by Eqg.
(D).

r={p"(®) =&®y®)Itel0T} (1)

Let the actual executed trajectory be Eq. (2).
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I'={p@) = x@©),y®) 1t €[0,T]} (2)
In practice, the reference trajectory is typically available as a continuous curve or a densely sampled
sequence, whereas the executed trajectory is reconstructed from discrete measurements acquired by the
sensing system. Therefore, the actual trajectory is expressed as Eq. (3).
= {p; = (xu, y)}HL1 3)
2.1.2 Trajectory Deviation Definition
To quantify the discrepancy between the reference trajectory and the actual executed trajectory, a nearest-
neighbor matching strategy is adopted. For each sampled point pi on the executed trajectory, the closest point
on the reference trajectory is determined by Eq. (4).

p; =argmin llp; —q| )
The point-wise trajectory deviation is then defined as Eqg. (5).
e;=lp;—p; (5)
Based on the matched point pairs, the root mean square (RMS) trajectory error is computed as Eq. (6).
€RMS = % 1iv=1 eiz (6)

In addition to the RMS error, the maximum deviation and deviation variance are also considered to
capture the magnitude and variability of path-tracking errors.

To further characterize deviation behavior, the maximum trajectory deviation, mean trajectory deviation,
and deviation variance are defined as Egs. (7) - (9).

Emax = maxe; (7)
1
Ug = ;Zﬁvﬂ € ®)
1
of ==Xl (e; — up)? )

N
These metrics jointly reflect the overall magnitude, worst-case behavior, and fluctuations in trajectory-

tracking errors.

2.1.3 Performance Variables under Uncertainty

To characterize navigation performance, several key variables are introduced: trajectory deviation E, task
completion time 77, travel distance D, and obstacle avoidance success indicator S. In this study, E denotes a
trajectory-deviation-related performance variable, which can be instantiated by metrics such as erms, e, or
Emax, depending on the evaluation objective.

In realistic firefighting environments, these variables are influenced by multiple uncertainty sources,
including measurement noise, obstacle dynamics, environmental disturbances, and actuation errors.
Consequently, they are modeled as random variables rather than fixed deterministic quantities. This
probabilistic formulation provides the basis for reliability-oriented performance assessment. Instead of
merely reporting whether a metric exceeds a threshold in a single trial, the objective is to estimate the
probability that a navigation system satisfies predefined requirements over repeated trials or uncertain
operating conditions (Stephens et al., 2024; Lind et al., 2024; Pan et al., 2024).

2.2 RELIABILITY ASSESSMENT METHODOLOGY

2.2.1 Evaluation Framework

The proposed framework consists of four tightly coupled components: scenario configuration, multi-source
sensing and data acquisition, trajectory reconstruction and deviation analysis, and probabilistic reliability
evaluation.

First, the testing environment is configured by defining the workspace geometry, obstacle layout, start
and target positions, and scenario-specific constraints. The framework supports both static and dynamic
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obstacle settings, allowing the navigation system to be examined under different levels of environmental
complexity. Second, multi-source data are collected during task execution. The experimental platform
integrates ultra-wideband (UWB) positioning and inertial measurement unit (IMU) sensing to obtain robot
position, motion state, and temporal information. The UWB system provides the global positioning reference,
while the IMU contributes short-term motion dynamics and improves trajectory reconstruction consistency.
All data streams are time-synchronized and recorded for subsequent analysis. Third, the executed trajectory
is reconstructed from the measured data and compared with the reference trajectory. Deviation metrics are
computed through nearest-neighbor matching, enabling robust trajectory comparison under asynchronous and
non-uniform sampling conditions. Finally, the obtained performance indicators are analyzed statistically and
transformed into probabilistic reliability measures. This step allows the framework to move beyond
deterministic threshold checking and to explicitly quantify the likelihood that navigation requirements are
satisfied (Liu et al., 2024; Usinskis et al., 2025; Bergs et al., 2025). The overall framework forms a closed-
loop assessment pipeline, from controlled experimentation to quantitative reliability characterization, and
supports repeatable comparison across different scenarios and robotic platforms. The reliability assessment
framework for autonomous navigation of firefighting robots is shown in Figure 1.
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Figure 1. Reliability assessment framework for autonomous navigation of firefighting robots.

2.2.2 Trajectory Deviation Analysis

2.2.2.1 Nearest-Neighbor Matching

Trajectory comparison is complicated by the fact that the reference and executed trajectories often have
different point densities and non-uniform time sampling. Direct one-to-one point correspondence is therefore
generally unavailable. To address this issue, nearest-neighbor matching is employed to associate each
measured point on the executed trajectory with the closest point on the reference trajectory. Compared with
strict time-based alignment, this strategy is less sensitive to local speed variations and irregular sampling
intervals. It provides a geometrically meaningful measure of deviation and is particularly suitable for
autonomous navigation tasks in which the executed path may deviate locally due to obstacle avoidance or
replanning (Xu et al., 2025; Xu, 2024).

2.2.2.2 Statistical Characterization of Deviation

Trajectory deviation is not fully represented by a single error metric. For this reason, the framework
characterizes deviation using multiple statistical descriptors, including the mean deviation xe, RMS deviation
ervis, Maximum deviation Emax, and deviation variance o£°. These indicators reflect different aspects of
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performance. The mean deviation represents the average path-tracking quality, the RMS deviation reflects
the overall error magnitude, the maximum deviation captures the local worst-case behavior, and the deviation
variance characterizes stability and fluctuation. Together, these metrics provide a richer description of
navigation performance than any single error measure alone. (Katona et al., 2024; Bergs et al., 2025; Tran et
Ryoo, 2025).
2.2.2.3 Segment-Wise Analysis
Navigation tasks often consist of several motion phases, such as straight-line travel, turning, obstacle
avoidance, and path recovery. The same robot may perform well during nominal tracking but exhibit larger
errors during maneuvering or dynamic obstacle interaction. To identify such localized performance variations,
the trajectory can be segmented into different motion phases, and deviation metrics can be calculated
separately for each segment. Segment-wise analysis improves interpretability and helps identify the specific
navigation stages that contribute most strongly to performance degradation. This is particularly useful for
diagnosing the impact of obstacle interactions and environmental complexity.
2.2.3 Probabilistic Reliability Modeling
2.2.3.1 Uncertainty Sources
Navigation performance variability arises from multiple sources of uncertainty. In the present framework,
these sources are grouped into three categories. The first category is measurement uncertainty, including
UWSB positioning noise, IMU drift, packet loss, and timestamp mismatch. These effects influence trajectory
reconstruction accuracy and therefore affect all downstream deviation metrics. The second category is
environmental uncertainty, including changes in obstacle position, dynamic obstacle motion, terrain variation,
and disturbances caused by cluttered surroundings. These factors increase task difficulty and alter the motion
response of the robot. The third category is control uncertainty, including path-tracking errors, actuation delay,
wheel slip, and controller response variation. These uncertainties directly influence the difference between
the reference path and the executed path. The combined effect of these uncertainty sources results in
variability of the measured navigation performance across repeated trials (Al Mahmud et al., 2024; Xu et al.,
2025).
2.2.3.2 Reliability Metrics
To quantify navigation reliability, deterministic thresholds are extended to probabilistic indicators. Let e
denote the acceptable threshold for trajectory deviation. The reliability associated with deviation is defined
as Eq. (10).
Rg = P(E < 68) (10)

This metric expresses the likelihood that the trajectory deviation remains within the acceptable range.

Similarly, if Jr is the maximum acceptable completion time, the time-related reliability is defined as Eq. (11).

Rr = P(T; < 67) (11)
For obstacle avoidance success, the corresponding reliability can be defined as Eq. (12).
Rs =P(S=1) (12)

Where S=1 indicates successful completion of the obstacle avoidance task without collision or task failure,
and S=0 indicates failure. These definitions transform conventional threshold-based performance evaluation
into a reliability-oriented interpretation.
2.2.3.3 Composite Reliability Index
In practical applications, autonomous navigation performance depends on multiple criteria rather than a single
metric. To aggregate different aspects of performance into a single interpretable indicator, a composite
reliability index is introduced in Eq. (13) — (14) (Mi et al., 2022; Bensaci et al., 2023; Pan et al., 2024).

R = wiRg + wyRr + w3Rg (13)
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wy+w,+wy; =1 Wi, Wo, W3 = 0 (14)

The weighting factors can be adjusted according to mission requirements. For example, in time-critical
rescue missions, completion time may be assigned a higher weight, whereas in high-risk environments,
avoidance success and trajectory control may receive greater emphasis.
2.2.3.4 Distribution Estimation
The proposed framework adopts a data-driven strategy for reliability estimation. Rather than assuming a
specific parametric distribution for each performance variable, empirical distributions are constructed from
repeated experimental trials. Based on these empirical samples, probabilities of satisfying performance
thresholds are estimated directly. This approach is advantageous for experimental robotic systems because
the underlying distributions may deviate from standard Gaussian assumptions, especially in the presence of
nonlinear path replanning, intermittent disturbances, or heterogeneous obstacle interactions. In addition to
empirical probabilities, conventional statistical descriptors such as sample mean, variance, and confidence
intervals can also be reported to support interpretation (Lind et al., 2024; Bergs et al., 2025).

3. Experimental Validation and Results

3.1 EXPERIMENTAL SETUP
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Figure 2. Layout of the test field.
The experimental platform was constructed in a controlled outdoor environment to evaluate the proposed
framework under representative navigation conditions. A rectangular test field of approximately 15 m X 15
m was established, and different obstacle configurations were deployed to create static, dynamic, and complex
scenarios. The robot was equipped with a multi-sensor measurement module integrating UWB positioning
and IMU sensing. The UWB system provided a global spatial reference with centimeter-level positioning
capability, while the IMU supplied motion-state information to improve consistency in trajectory
reconstruction (Ji et al., 2024; Deng et al., 2025; Tran and Ryoo, 2025; Cao et al., 2025). A workstation was
used for scenario configuration, task execution control, data acquisition, and real-time monitoring. All sensor
streams were synchronized and stored for offline analysis. The position data were sampled at a sufficiently
high rate to support trajectory reconstruction and statistical deviation analysis. Figure 1 presents the
standardized layout of the test field, including the start point, target point, and representative obstacle
configuration.

(c) The software interface of the evaluation system
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3.2 TEST SCENARIOS
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Figure 3. Flowchart of the main program.

Three types of scenarios were considered in the experiments. In the static obstacle scenario, fixed obstacles
were placed along or near the planned path. The robot was required to navigate from the start point to the
target while autonomously avoiding collisions. This scenario evaluates baseline path-tracking accuracy and
obstacle avoidance capability in a relatively stable environment. In the dynamic obstacle scenario, moving
obstacles were introduced to simulate unexpected disturbances during navigation. The robot was required to
respond online to changes in obstacle position and to modify its path accordingly. This scenario emphasizes
responsiveness, replanning robustness, and performance degradation under dynamic interference. In the
complex path scenario, multiple obstacles were arranged in a denser and less regular pattern, generating
narrow passages and multiple turning regions. This setting increases geometric constraints and better reflects
cluttered or partially unstructured environments. It is intended to evaluate navigation behavior under higher
environmental complexity (Chen and Xiao, 2025; Rado et al., 2025; Deng et al., 2026). For each scenario,
repeated trials were conducted to obtain statistically meaningful results. These three scenarios are
implemented using the software shown in Figure 2(c), and the program flowchart is presented in Figure 3.
3.3 PERFORMANCE METRICS

The following performance indicators were evaluated: RMS trajectory error erms, maximum trajectory
deviation Emax, task completion time T, obstacle avoidance success indicator S and its empirical success
probability, probabilistic reliability measures Re, Rr, and Rs, and composite reliability index R. The deviation-
related threshold &z and the time-related threshold &r were predefined according to the navigation
performance requirements of the test task. These thresholds enable the estimation of probabilistic reliability
from repeated trials (Bergs et al., 2025).

3.4 RESULTS AND RELIABILITY ANALYSIS
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3.4.1 Trajectory Comparison

The trajectory tracking performance in static and dynamic obstacle scenarios can be quantitatively
distinguished by the maximum trajectory deviation and the locations of critical deviations. In the static
scenario, the system achieves an average maximum trajectory deviation of 0.098 m, which occurs only at
path turning points, indicating good overall tracking consistency. In the dynamic scenario, due to obstacle
interaction and online path adjustment, the average maximum trajectory deviation increases to 0.365 m and
is concentrated in key regions of obstacle interaction, where local deviations become significantly larger.
These results suggest that visual inspection of a single trajectory is insufficient for rigorous evaluation; instead,
statistical characterization from repeated trials is necessary to effectively identify performance variability and
guantify system reliability.

3.4.2 Statistical Performance Comparison
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Figure 4. Empirical distribution of erwms.
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Figure 5. Boxplots of RMS error and task completion time under different scenarios.

Figure 4 shows the empirical distribution of the RMS trajectory error eRMS for the three tested scenarios.
The static scenario exhibited the smallest deviation and the narrowest distribution, indicating relatively stable
tracking performance. The dynamic scenario showed larger deviation and higher variability, reflecting the
influence of moving obstacles and replanning behavior. The complex scenario exhibited the broadest
distribution, suggesting that environmental complexity substantially increases the uncertainty of navigation
performance. Figure 5 compares the RMS error and completion time across scenarios using boxplots. Both
the median value and dispersion increased from static to dynamic and complex settings. This trend indicates
that the navigation task becomes progressively more difficult as obstacle interaction and geometric constraints
increase. These observations are consistent with the expected effect of uncertainty and environmental
complexity. They also demonstrate that repeated-trial statistics provide more informative evidence than
single-trial deterministic measurements.

3.4.3 Reliability Evaluation
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Figure 6. Reliability metrics comparison.

Based on repeated trials, probabilistic reliability measures were estimated for each scenario. The deviation-
related reliability RE reflects the probability that trajectory deviation remains below the acceptable threshold.
The time-related reliability RT reflects the probability that task completion time satisfies the required upper
bound, and RS represents the empirical success probability of obstacle avoidance. Figure 5 compares the
reliability metrics across scenarios. The static scenario achieved the highest reliability values, while both the
dynamic and complex scenarios showed reduced reliability, particularly in deviation-related performance.
The composite reliability index also decreased with increasing environmental complexity.

Figure 7. ECDF of erwms.

To further explain the deviation-related reliability, Figure 6 presents the empirical cumulative distribution
functions (ECDFs) of the RMS trajectory error erms under different scenarios. In correspondence with the
bar-chart results shown in Figure 5, Figure 6 provides a direct visualization of the cumulative probability that
erms<= ¢ for a given deviation threshold 6. The static scenario exhibits the leftmost and steepest cumulative
curve, indicating smaller overall deviation and the highest probability of satisfying the threshold. The
dynamic scenario shows intermediate behavior, whereas the complex scenario is shifted to the right, implying
larger errors, stronger dispersion, and a substantially lower probability of meeting the same requirement. This
distribution-level evidence further confirms the comparative results of Re shown in Figure 5. In this sense,
the ECDF provides a graphical interpretation of the deviation-related reliability Re.

These results demonstrate that the proposed reliability formulation captures not only average performance
but also performance consistency under uncertainty. In particular, two scenarios with similar mean values
may still differ substantially in reliability if one scenario exhibits a larger spread or more frequent threshold
violations. The distributional evidence provided by Figure 6 further illustrates that, compared with
conventional deterministic evaluation, probabilistic reliability measures offer a more informative
characterization of navigation performance under uncertainty.
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4. Discussion
The experimental results demonstrate that autonomous navigation performance cannot be adequately
described by deterministic metrics alone. Although trajectory-related indicators such as erms, Emax, and T
are useful baseline measures, they do not directly reveal the consistency of performance across repeated trials
or the likelihood of satisfying operational requirements under uncertainty. The proposed framework addresses
this limitation by transforming key performance indicators into probabilistic reliability measures.

Another important observation is that environmental complexity has a clear and systematic influence on
navigation reliability. As the task environment changes from static to dynamic and complex obstacle
configurations, both performance variability and threshold violation frequency increase. This result is
consistent with the practical challenges encountered by firefighting robots in real applications, where sensing
noise, local disturbances, and unstructured surroundings interact in a non-negligible manner (Pan et al., 2024;
Bensaci et al., 2023).

The present study has several limitations. The experiments were conducted in controlled test conditions
and therefore do not yet include all factors present in real fireground environments, such as dense smoke,
severe thermal interference, uneven surfaces, or reduced sensor visibility. The current reliability estimation
is based on empirical repeated-trial statistics, which are appropriate for data-driven evaluation but could be
further enhanced by more advanced uncertainty quantification techniques. The experiments focused primarily
on trajectory-level performance and did not explicitly model semantic perception reliability or mission-level
task success (AlAli and Alabady, 2022; Dong et al., 2025; Kilic et al., 2025).

Despite these limitations, the proposed framework provides a practical and extensible basis for
standardized performance evaluation of firefighting robot navigation. It is particularly suitable for
benchmarking, iterative algorithm testing, and comparative assessment under controlled scenario variations.

5. Conclusion
This study proposed an uncertainty-aware reliability assessment framework for autonomous navigation of
firefighting robots. By integrating nearest-neighbor-based trajectory deviation analysis with probabilistic
reliability modeling, the framework extends conventional deterministic evaluation into a quantitative
uncertainty-aware assessment scheme.

Experimental results from static, dynamic, and complex obstacle scenarios show that the proposed
method captures both navigation accuracy and reliability degradation under increasing environmental
complexity. The results also demonstrate that probabilistic reliability metrics provide a more informative
characterization than conventional deterministic indicators.

Future work will focus on more realistic fireground conditions, including smoke interference, uneven
terrain, and multi-robot cooperation, as well as on advanced uncertainty quantification and learning-based
reliability modeling.
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End Notes
Table I. Nomenclature
symbol Definition Unit / Type Remarks
rr Reference trajectory Trajectory set
r Executed trajectory Trajectory set
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p(Y)
p®)
X(t)
y ()
x(t)
y(®)
t
Tt
pi
Xi

P()
Re
Rt
Rs

W2
W3

Point on the reference trajectory at time t
Point on the executed trajectory at time t
x-coordinate of the reference trajectory
y-coordinate of the reference trajectory
x-coordinate of the executed trajectory
y-coordinate of the executed trajectory
Time
End time of the navigation task
i-th sampled point on the executed trajectory
x-coordinate of the i-th sampled point
y-coordinate of the i-th sampled point
Sample index
Number of sampled trajectory points
Nearest matched point on the reference trajectory for pi
Candidate point on the reference trajectory

Euclidean norm

Point-wise trajectory deviation
Root mean square trajectory error

Maximum trajectory deviation

Mean trajectory deviation
Variance of trajectory deviation
Trajectory deviation performance variable
Task completion time
Travel distance

Obstacle avoidance success indicator

Acceptable deviation threshold
Acceptable time threshold
Probability operator
Deviation-related reliability
Time-related reliability
Success-related reliability
Composite reliability index
Weight for deviation-related reliability
Weight for time-related reliability
Weight for success-related reliability

Position vector
Position vector
m

» 3 3 3

S
Position vector
m
m
Integer
Count
Position vector
Position vector

Operator

3 3 3 3

N

m
Random variable
S
m
Binary / random
variable
m
S
Operator
Probability
Probability
Probability
Dimensionless
Dimensionless
Dimensionless
Dimensionless

pi = (Xi, Yi)

i=1,2,...

Used to compute point-to-

point distance
Distance between pi and pi*

S=1 for successful task
completion
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