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Abstract

The success of mine-clearance missions conducted by Autonomous Underwater Vehicles
(AUVs) mainly depends on two inter-related factors: the AUV behavior and the validation
of a mission assumption. AUVs are typically modeled as stochastic dynamical systems and
controlled using probabilistic techniques, such as Kalman filtering, to handle environmental
uncertainties and inherent behavioral randomness. Assumption validation, on the other hand,
often relies on set-based conditions, such as detecting an object on the seabed using an onboard
exteroceptor, resulting in a three-valued logic outcome: success, failure, or uncertain. Thus,
estimating mission success involves computing the probability of an event whose realization can
be uncertain and influenced by a stochastic system (i.e. the AUV). In this paper, we extend
traditional binary outcome models to a three-valued logic framework and introduce an empirical
estimator based on the Monte Carlo method to bound the success probability within an interval.
As with the standard binary outcome Monte Carlo estimator, the accuracy of this estimated
interval improves with the number of trials, following the law of large numbers.
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1 Introduction

Autonomous Underwater Vehicles (AUVs) are gradually transforming how we perceive, explore and interact
with the underwater environment. Over the past few decades, these ground-breaking vehicles have evolved
from experimental prototypes to precise and reliable systems, capable of operating in challenging conditions
without human intervention. They are used in various applications, such as ocean exploration [1] [2], coastal
mapping [3] [4] and even underwater infrastructure inspection [5] [6]. The defense sector is also increasingly
using AUVs for missions like the surveillance of strategic areas (e.g. ports or transit zones) [7] or the
reconnaissance of objectives in hostile environments (e.g. preparations for landings) [8].

Among these applications, one stands out more than the others: mine-clearance. The goal of a mine-
clearance operation is to secure a maritime area (e.g. a port or a navigation corridor) by locating and
neutralizing all dangerous objects, such as naval mines. Traditionally, mine-clearance operations have been
conducted by dedicated vessels crewed with trained and specialized navy personnel. However, with the
development of AUVs, it is now possible to keep man away from the threat, replacing crewed vessels by
unmanned naval vehicles [9]. While humans are still involved in the decision-making process, particularly in
analyzing data and making critical judgments, they can now operate remotely, beyond the reach of danger.

There are several types of naval mine (see Figure 1), ranging from drifting surface mines to buried mines.
For simplicity, we will only focus on bottom mines (i.e. mines lying on the seabed) but our results could
be easily extended to other cases. A bottom mine can be characterized as a remarkable, unnatural and
dangerous object standing on the seabed. To find and neutralize these threats, a mine-clearance mission
generally progresses in four stages:

1. Detection: Detect all remarkable objects lying on the seabed within the area.
2. Classification: Categorize detected objects as either natural or non-natural.
3. Identification: Assess whether the non-natural classified objects are dangerous.

4. Neutralization: Detonate objects identified as dangerous.

Due to their low-risk nature, the first two stages can be carried out using AUVs equipped with high-
performance navigation payloads and advanced perception sensors. This configuration offers high coverage
rate and reliable detection capabilities. However, despite the quality of their navigation payloads, AUVs are
generally subject to position drift due to the uncertainty accumulated during navigation [11]. This results in
approximate positioning of seabed objects, with accuracy depending on when the AUV detects the objects
during the mission.

On the other hand, due to their dangerous nature, the last two stages can only be carried out by AUVs
equipped with low-grade navigation payloads and basic perception sensors. This configuration results in a
low-cost and potentially expendable vehicle. However, the use of low-precision navigation payloads leads to
high positioning uncertainty during navigation and, consequently, potentially unpredictable AUV behavior.

Consequently, a mine-clearance mission conducted with AUVs typically involves two different types of
vehicles and is carried out in two successive phases. The first phase is performed by a high-performance
and expensive AUV tasked with detecting, classifying, and locating non-natural objects on the seabed.
The second phase involves low-cost and expendable AUVs that are deployed to relocate the previously
detected objects in order to identify and potentially neutralize them. The second phase poses a major
technical challenge, requiring the relocation of objects with only approximate positions using low-cost AUVs
that may behave unpredictably. These uncertainties raise serious concerns about the reliability and overall
feasibility of identification and neutralization operations conducted by AUVs.

The identification stage being critical, as it determines whether an object is a mine or not, failure in
finding the object, or worse, identifying the wrong object, can lead to serious consequences, including the
loss of human life. To make informed decisions (i.e. whether to carry out the identification using AUVs or
human divers), the operator in charge of mission planning must therefore know the feasibility of the mission
or, at least, have an estimate of it. The aim of this paper is to provide this same operator with a reliable
and understandable indicator for decision-making.



Figure 1: Classification of various types of naval mines.
(Extracted from [10])

The most straightforward indicator to interpret is the probability of mission success. In other words, this
is the likelihood that the AUV used for identification will successfully relocate the object to be identified. To
calculate this probability of success, we will first model the problem to define what represents a successful
outcome, identify the parameters that affect whether this outcome is achieved and determine a method to
reliably and precisely compute the success probability.

2 Problem modeling

The success of an identification mission conducted by an AUV, and more broadly, the success of any under-
water mission performed by an AUV, hinges on two critical factors:

e The AUV’s behavior during the mission.

e The validation of a key assumption.

For example, consider the following scenario: at the end of the detection and classification stages, a
non-natural object, which could potentially be a bottom mine, has been detected, classified, and located.
To determine the nature of this suspicious object, an AUV is deployed for an identification mission. The
identification AUV is equipped with a low-cost inertial navigation system (INS) and with a waterproof
camera. Its task is to reach the estimated position of the object and acquire visual data through its
integrated camera system. To validate the mission, a key assumption must be satisfied: the camera must
successfully capture images of the suspect object. Since the camera is mounted on the AUV, meeting this
condition is directly linked to the trajectory followed by the vehicle (i.e. its behavior). We can therefore
conclude that the success of an identification mission conducted by an AUV corresponds to the validation
of a key assumption that is dependent on the AUV’s behavior. Having defined what constitutes a successful
outcome (i.e. the validation of a key assumption) and identified the parameters that affect whether this
outcome is achieved (i.e. the AUV’s behavior), the next step is to model them to develop a method for
calculating the probability of success.

Autonomous Underwater Vehicles (AUVs) are complex dynamical systems that integrate various sensors,
actuators, and algorithms to autonomously accomplish their missions. These vehicles also operate in vast,
dynamic, and often unknown environments, necessitating continuous adaptation of their behavior [13]. As
a result, the behavior of an AUV is shaped by a variety of influencing factors that may be uncertain (e.g.
sensor measurements), dynamic (e.g. ocean currents) or random (e.g acoustic communication loss), all of
which must be accounted for to ensure reliable and adaptive operation in real-world conditions.



To account for various sources of uncertainty, AUVs are typically modeled as stochastic dynamical
systems, with control strategies based on probabilistic assumptions. For instance, sensor noise is often
modeled as Gaussian [14], which represents the random errors typically found in sensor measurements.
Filtering techniques, such as the Kalman filter [15], are commonly used to process this noisy data, allowing
for more accurate estimation of the AUV’s true state by reducing the effect of these errors. In summary, the
behavior of an AUV is inherently stochastic. Even when operating under similar environmental conditions
and with identical mission plans, the AUV’s trajectory will vary.

In this paper, we will therefore model the identification AUV as a random system S. A realization Rg of
the system S corresponds to a possible trajectory described by the AUV for a same mission and environment.
A trajectory is defined as a function from R to R™, mapping each instant ¢ € R to a possible state X € R"
of the robot. The set of all realizations of the system is denoted {Rg,;}/L, where Rs,; corresponds to the
i-th realization of S and N € N* represents the total number of realizations performed or simulated. As
explained earlier, the aim of an identification mission is to relocate a suspect object in order to acquire more
information about it, and determine its nature. The key assumption to validate is whether the object was
seen by the AUV during the mission. If so, the mission is considered a success; if not, it’s a failure.

For the sake of simplicity, the object is generally considered to be punctual, i.e. it is represented by a
point (often its center) and it is assumed that seeing this point is sufficient to identify the object’s nature.
This assumption is coherent in terms of scale (i.e. the size of a mine compared to the size of the search
area and the perception capacity of the sensors), but it must be nuanced by recalling that the object is
uncertainly positioned. In fact, as detailed above, the AUV in charge of detecting and locating objects
accumulates navigational uncertainty as the mission progresses, which leads to uncertainty in the object’s
positioning. In reality, to maximize the chances of seeing the object, the aim is not simply to cover the
point, but to cover an area centered on the point, the size of which will depend on the uncertainty of the
object’s position. For example, if the object is positioned with an estimated uncertainty of +5 meters, a
circular zone centered on the object’s estimated position, and with a radius of at least 5 meters, will have
to be covered to compensate for the positioning uncertainty. Consequently, we can model the object to be
found as a punctual object contained in a set O (i.e. the search zone), which the AUV will have to cover
with its sensors to succeed in its mission.

To identify the object, the AUV is equipped with one or more perception sensors. Each sensor has its
own perception capabilities. For example, in two dimensions, the perception zone of a camera or frontal
sonar is generally modeled by a cone whose position and orientation depend on the position and orientation
of the robot. As the AUV moves along its trajectory, the perception sensors will progressively cover an area
of the seabed, which we will refer to as set C. If a point is in set C, then there is at least one instant in the
mission where this point will have been seen by the AUV; conversely, if the point is not in set C, then there
is no instant in the mission where the point has been seen by the AUV.

Therefore, to find out whether the AUV has seen the object during its mission, it is only a question of
verifying whether set O is included in set C. At the end of the mission, three realizations are then possible
(as illustrated in Figure 2):

1. Set @ and set C are disjoint (O N C = @): None of the object’s possible positions are covered by the
sensor, so the AUV will not be able to see the object, whatever its position. In this case, mission
failure is guaranteed.

2. Set O is partially in set C : Part of the object’s possible positions are covered by the sensor, and the
rest are not. No conclusion can be drawn, depending on its position in O, the object may or may not
be seen. The success of the mission is therefore uncertain.

3. Set O is entirely within set C (O C C): All possible positions of the object are covered by the sensor,
so the AUV will be able to see the object, whatever its position in set Q. In this case, mission success
is guaranteed.




Figure 2: Illustration of the possible outcomes for an identification mission
conducted by a camera-equipped AUV.

(Left) Mission failure is guaranteed.
(Middle) Mission success is uncertain.
(Right) Mission success is guaranteed.

By modeling the object and the area covered by the sensors as sets, the key assumption therefore doesn’t
follow a standard binary realization (success or failure), but rather a three-value logic (success, failure or
uncertain) [16]. To summarize, determining the probability of success of an identification mission carried out
by an AUV is equivalent to calculating the probability of occurrence of an event F (i.e. the key assumption)
whose realization is uncertain (i.e. follows a three valued-logic) and is dependent on a random system S
(i.e. the AUV). The quantity we wish to calculate is therefore Pg(gy, which we shall refer to as Pg in the
following for the sake of clarity.

3 Monte-Carlo method

Estimating the probability of success Pg for an AUV identification mission is challenging due to the system’s
inherent complexity and the numerous sources of uncertainty involved. One possible approach is to develop
a fully analytical model of the system and derive an exact expression for Pg. While attractive in theory,
this method quickly becomes impractical in real-world scenarios, as it requires modeling a high-dimensional
space of variables with nontrivial interactions.

A more feasible alternative is to approximate Pg using an estimator. As with the choice of the feasibility
indicator, the estimator must be simple, accessible, and robust enough to support decision-making by non-
specialist operators. In this context, we adopt an estimator based on the Monte Carlo method [17]. The
Monte Carlo method is an empirical approach that estimates the probability of an event E’ by simulating a
large number of independent trials. For each trial, system behavior is sampled under varying input conditions
and uncertainties, and the occurrence of the event is recorded. In the case of binary outcomes (success or
failure), the probability of success is approximated by the proportion of successful trials:

N/
1
Pp =~ 55 > S (i) (1)
i=1
where N’ € N* is the total number of trials, z; denotes the i-th simulated trial, and §g/(x;) is an indicator
function equal to 1 if the event E’ occurs in the trial x;, and 0 otherwise [18]. This estimator is unbiased,
and its accuracy improves with the number of trials, as guaranteed by the law of large numbers [19].

In the context of an identification mission carried out by an AUV, the trials {xl}f\le represent the
trajectories {Rs,; N | that could be described by the AUV during a given scenario. Since the objective is to
estimate the probability of success Pr before the mission and within a reasonable period of time, it is not
feasible to physically send the AUV to repeat the same mission several times in order to obtain the empirical
samples {Rs,i}ﬁil. This approach would be costly, time-consuming and unrealistic.



One relevant approach is to use a high-fidelity simulator to reproduce the AUV’s behavior numerically.
By running a sufficient number of simulations of the same mission, varying, for example, random parameters
linked to navigation uncertainties, currents or sensor disturbances, it is possible to generate a set of repre-
sentative virtual trajectories {Rs,i}f\;l. These simulated trajectories are then used as samples to estimate
the probability of mission success Pg. Consequently, the Monte Carlo estimator Py for an identification
mission conducted by an AUV can be formulated as follows:

P = % ;w{s,i) 2)

where N € N* is the total number of simulated trajectories, Rg,; represents the i-th simulated trajectory
and 0g(-) is the indicator function for the event E.

A key difficulty arises in defining the indicator function for the event E when its outcome is not strictly
binary. In the standard Monte Carlo method, the event E’ is associated with a binary outcome (success or
failure), allowing a straightforward definition of the indicator function dg(-), which takes the value 1 if E’
occurs in a given trial, and 0 otherwise. In contrast, the event E may result in an uncertain realization,
introducing ambiguity in the indicator function’s definition. While it remains trivial to assign a value of
1 when E clearly occurs and 0 when it clearly does not, the uncertain case introduces a challenge, as the
occurrence of F cannot be definitively confirmed or rejected. To apply the Monte Carlo estimator in the
presence of uncertain outcomes, it is necessary to introduce a method that accounts for this ambiguity, which
could arises frequently during simulations.

4 Interval analysis

To handle uncertainty in the evaluation of the indicator function associated with event E, several modeling
strategies can be considered.

A first, naive approach would be to treat all uncertain realizations as failures by assigning them a value
of 0 in the indicator function dg(-). In this case, uncertainty about the occurrence of E is translated into
pessimism in the estimation of Pg, resulting in a loss of potentially useful information for the operator.
Consider, for example, an identification mission where the AUV follows trajectories and, for each one, is
able to cover 99% of the search area Q. Although object detection is not strictly guaranteed, the probability
of success is irrefutably high. Nevertheless, under this pessimistic model, the indicator would treat every
such trajectory as a failure, yielding an estimated success probability of zero. This significant information
loss makes the approach undesirable in practical settings.

An alternative idea is to allow the indicator function to return a value between 0 and 1 in cases where
the realization of E is uncertain. This would enable the quantification of the “degree of belief” or “level of
uncertainty” associated with each realization and allows it to influence the estimate of Pg. In the example
above, one might assign a value of 0.99 to each trajectory based on the 99% coverage of O, resulting in an
overall estimate of Pg = 0.99. While appealing, this approach raises a fundamental issue.

The main drawback is that the choice of the value to assign to an uncertain realization becomes inherently
subjective. One operator might base the assignment solely on coverage, while another might incorporate
mission duration, battery level, or additional contextual factors. This leads to multiple, equally plausible
estimates of Pg for the same underlying data, making the final decision dependent on subjective criteria.
Consequently, the indicator function loses its objective interpretability.

To model the uncertainty in the realization of E more rigorously, we propose to use interval analysis.
Initially introduced to rigorously bound errors in numerical computations [20], interval analysis has since
been extended to various applications in engineering and robotics, including state estimation and robust
control [21]. It provides a reliable mathematical framework for handling uncertainty in a guaranteed and
systematic way.

An interval [z] is defined as a closed, connected subset of R, bounded by a lower limit 2~ and an upper
limit =" [20]:
[g]=[z",z7)={zeR|2” <z <z"} (3)

The set of all real intervals is denoted IR. The width of an interval is defined as w([z]) = 2t — 7. When
2~ =z, the interval is said to be degenerate and represents a single real number.



Interval arithmetic extends conventional operations to intervals. Given two intervals [z], [y] € IR and a
binary operator x € {4, —, -, /}, the operation [z] x [y] is defined as the smallest interval that contains all
possible outcomes of z xy, for x € [z] and y € [y]:

[x]x [yl = Hzxy |z € [z], y € [y]}] (4)
Here, [{-}] denotes the convez hull, i.e., the smallest interval containing the set.

In practice, many operations on intervals can be computed directly on the bounds. For example, adding
two intervals [z] and [y] or multiplying an interval [x] with a real value A € R:

[2] + [yl =" +y~, 2" +y7] ()

x~ zt] i
)v[:v]—{[)\ cAeT] A 20 (6)

', Az7] ifA<0

To adapt the Monte Carlo method to a three-valued logic framework, we propose quantifying uncertain
realizations of event E using the interval [0, 1]. This interval reflects the fact that, in such cases, success or
failure cannot be definitively determined. In contrast, realizations that are known to be successful or failed
are represented by degenerate intervals [1] and [0], respectively. Thanks to interval arithmetic, it is also
possible to perform operations on intervals, such as computing the mean of all the intervals returned by the
indicator function.

5 Three-valued logic Monte-Carlo method

By applying the Monte Carlo method with the interval-valued indicator function, the output is no longer a
scalar estimate but rather an interval [Pg], obtained by averaging the interval evaluations of the indicator
function [0g](-) over N simulated trajectories:

[Pe) = > l6e)(Rs.) (7)

where N € N* is the number of simulations, Rgs,; denotes the i-th simulated trajectory, and the interval-
valued indicator function [dg](+) is defined as:

1] if success is guaranteed,
[0E](Rs,:) = 4 [0] if failure is guaranteed, (8)

[0,1] if the outcome is uncertain.

In contrast to the standard binary-outcome Monte Carlo method, which produces a scalar estimate Pg
that converges to the true probability Pr as the number of simulations increases, the interval-based approach
yields an interval [Pg]. This interval serves as a bound, but does not inherently guarantee that it contains
the true value of Pgr. Rather, it is the law of large numbers that ensures that, as the number of simulations
grows, the interval [Pg| becomes increasingly narrow and reliable, thereby improving the likelihood that it
encloses the true success probability Pg.

The three-valued logic-adapted Monte Carlo method, which constitutes the core contribution of this
work, enables the computation of a mission success bound [Pg]. When used as a feasibility indicator for
AUV identification missions, this bound provides operators with a reliable basis for decision-making under
uncertainty.

6 Application

To illustrate our approach, let’s consider the following scenario: during a mine-clearance mission, three un-
natural objects have been detected, classified and located on the seabed. An identification mission must then
be planned to determine the exact nature of these objects. To this end, an AUV (Autonomous Underwater
Vehicle) would be deployed. The AUV is equipped with a waterproof camera, fixed to the underside of the
AUV and pointing downwards, to capture images of the seabed during the mission (see Figure 3).
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Figure 3: Illustration of AUV camera configuration.
(Left) Side view of the AUV. (Right) Top view of the AUV.

At a given moment, the area of the seabed covered by the camera can therefore be modeled by a disk
of diameter d, which is a function of the camera’s aperture angle and the AUV’s altitude h relative to the
seabed. For simplicity’s sake, we’ll assume that the AUV evolves at a constant altitude, thus reducing the
problem to a two-dimensional space.

The suspect objects to be identified have been located in an uncertain manner. To model these uncer-
tainties, each object is assigned a search zone, represented by a rectangular box (or bounding box). Each box
is assumed to contain one object whose exact position within the box remains unknown. The identification
mission consists, for the AUV, in following a trajectory predefined by a human operator, while continuously
acquiring images using its camera (see Figure 4). The mission is considered a success if, during this trajec-
tory, the AUV manages to cover all three search zones, thus ensuring the acquisition of images of all three
suspect objects.
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Figure 4: Illustration of the mission scenario.



For the sake of simplicity, the dynamic of the AUV is modeled as a Dubins car moving on the plane at
constant speed v(t) =1 m/s [23]:

_ cos(6(t))
X(t) = £(X(t), uo(t)) = Sin(9((§)) (9)
ug (t

where X(t) = (z(t),y(t),0(t)) " is the state vector of the AUV, and ug(t) is the control input for the heading.
The state vector X consists of the position coordinates = and y of the AUV in the horizontal plane, and 6,
its heading angle. It will be assumed that the initial state vector Xo = X(to) of the AUV is perfectly known.

To introduce randomness into the AUV’s behavior, we assume that the command ug(-) is affected by
additive white Gaussian noise 8 ~ A(0,0?). Thus, the command applied to the AUV becomes ug(t) + 5(t).
Using a numerical integration method such as the Euler scheme [24], the behavior of the AUV can be
simulated over the time interval [to,¢s] € IR, with a numerical integration time step dt € R}, using the
following evolution equation:

X(t+dt) = X(t) + dt - X(t) (10)

z(t) + dt - cos(0(t))
= y(t)+dt sin(6(t) (11)
O(t) + dt - (ug(t) + B(t))

To generate a set of trajectories {Rs,i}/, using this scheme, we only need to initialize the AUV to
the X state and simulate its evolution using the evolution equation. This process is repeated N times to
generate the desired number of trajectories (see Figure 5). In our specific case, since the area covered by the
camera at a given time is a disk centered on the AUV’s rotation center, the observed area remains invariant
to the AUV’s orientation. As a result, a trajectory Rs,; is defined as a function from R to R?, mapping each
instant ¢ € [to, %] to a possible position (x(t),y(t))" of the robot.
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Figure 5: Display of the 10,000 simulated AUV trajectories.



Once the trajectories {Rs,i},N:l have been generated, we need to evaluate the realization of the mission
for each of them, i.e. determine the value returned by the indicator function [0g](-) for each trajectory Rsg;.
In this scenario, the event E to be validated corresponds to complete coverage of the three bounding boxes

associated with the suspect objects during a single trajectory. For each trajectory Rs,;, three outcomes can
therefore occur:

1. Guaranteed success ([0g](Rs,;) = [1]): all three bounding boxes are completely covered over the tra-
jectory (see Figure 6).

2. Guaranteed failure ([0g|(Rs,;) = [0]): at least one bounding box is not covered at all. This means that
at least one object cannot be detected, and the mission is considered to have failed (see Figure 7).

3. Uncertain success ([0g](Rs,:) = [0,1]): at least one bounding box is partially covered, without any
being completely missed. This means that at least one object detection is uncertain (see Figure 8).
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Figure 6: Display of one of the simulated trajectories where mission success
is guaranteed (in green).
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Figure 7: Display of one of the simulated trajectories where mission failure
is guaranteed (in red).
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Finally, we evaluate the indicator function [§z](-) over each trajectory in {Rs;}L, (see Figure 9). By

averaging the resulting intervals as defined in (7), we compute the probability interval [Pg|, which will serve
as a feasibility indicator for the operator in charge of mission planning.
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Figure 9: Display of all the simulated trajectories and their evaluations in the realization of the
event E.

As detailed above and in accordance with the law of large numbers, Figure 10 shows that, as the
number of samples increases, the interval [Pg] converges to a stabilized interval, assumed to contain the true
probability of success Pg.
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7 Conclusion

This paper addressed a critical challenge in naval mine-clearance: evaluating the feasibility of AUV-based
identification missions under uncertainty. Standard binary-outcome models fall short in operational envi-
ronments where partial sensor coverage and uncertain object positioning are the norm. To bridge this gap,
we introduced a novel three-valued logic framework coupled with an interval-based Monte Carlo method.

Unlike traditional estimators, our approach captures the inherent ambiguity of real-world missions by
bounding the success probability within an interpretable interval. This bound provides a more honest,
transparent metric for mission planning—especially in high-stakes defense scenarios where overconfidence
can lead to severe consequences.

Beyond its immediate utility in single-AUV planning, this method lays a solid foundation for future work
in cooperative multi-AUV systems, adaptive path planning, and decision-making under deep uncertainty.
As autonomous systems become more common in defense applications, having simple and reliable tools to

assess mission feasibility is not just helpful—it’s critical.
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