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Improved autonomy in robotic systems is needed for innovation in, e.g., the marine sector. Autonomous
robots that are let loose in hazardous environments, such as underwater, need to handle uncertainties that
stem from both their environment and internal state. While self-adaptation is crucial to cope with these un-
certainties, bad decisions may cause the robot to get lost or even to cause severe environmental damage.
Autonomous, self-adaptive robots that operate in uncontrolled environments full of uncertainties need to be
reliable! Since these uncertainties are hard to replicate in test deployments, we need methods to formally
analyse self-adaptive robots operating in uncontrolled environments. In this article, we show how feature-
oriented techniques can be used to formally model and analyse self-adaptive robotic systems in the presence
of such uncertainties. Self-adaptive systems can be organised as two-layered systems with a managed sub-
system handling the domain concerns and a managing subsystem implementing the adaptation logic. We
consider a case study of an Autonomous Underwater Vehicle (AUV) for pipeline inspection, in which the
managed subsystem of the AUV is modelled as a family of systems, where each family member corresponds
to a valid configuration of the AUV which can be seen as an operating mode of the AUV’s behaviour. The
managing subsystem of the AUV is modelled as a control layer that is capable of dynamically switching
between such valid configurations, depending on both environmental and internal uncertainties. These un-
certainties are captured in a probabilistic and highly configurable model. Our modelling approach allows
us to exploit powerful formal methods for feature-oriented systems, which we illustrate by analysing safety
properties, energy consumption, and multi-objective properties, as well as performing parameter synthe-
sis to analyse to what extent environmental conditions affect the AUV. The case study is realised in the

This work was partially supported by the European Union’s Horizon 2020 Framework Programme through the MSCA
network REMARO (Grant Agreement No 956200), by the Italian project NODES (which has received funding from the
MUR – M4C2 1.5 of PNRR with grant agreement no. ECS00000036), by the Italian MUR PRIN 2020TL3X8X project T-LADIES
(Typeful Language Adaptation for Dynamic, Interacting and Evolving Systems), by the German DFG under the projects
EXC 2050/1 (CeTI, project ID 390696704, as part of Germany’s Excellence Strategy) and TRR 248 (see https://perspicuous-
computing.science, project ID 389792660), and by the Dutch NWO through Veni grant VI.Veni.222.431.
Authors’ Contact Information: Juliane Päßler, Department of Informatics, University of Oslo, Oslo, Norway; e-mail:
julipas@ifi.uio.no; Maurice H. ter Beek, CNR-ISTI, Pisa, Italy; e-mail: maurice.terbeek@isti.cnr.it; Ferruccio Damiani, Uni-
versity of Turin, Torino, Italy; e-mail: ferruccio.damiani@unito.it; Clemens Dubslaff, Eindhoven University of Technology,
Eindhoven, Netherlands and Dresden University of Technology, Dresden, Germany; e-mail: c.dubslaff@tue.nl; Einar Broch
Johnsen, Department of Informatics, University of Oslo, Oslo, Norway; e-mail: einarj@ifi.uio.no; Silvia Lizeth Tapia Tarifa,
Department of Informatics, University of Oslo, Oslo, Norway; e-mail: sltarifa@ifi.uio.no.

This work is licensed under a Creative Commons Attribution 4.0 International License.

© 2025 Copyright held by the owner/author(s).
ACM 1433-299X/2025/10-ART32
https://doi.org/10.1145/3709159

Form. Asp. Comput., Vol. 37, No. 4, Article 32. Publication date: October 2025.

HTTPS://ORCID.ORG/0000-0001-8515-1809
HTTPS://ORCID.ORG/0000-0002-2930-6367
HTTPS://ORCID.ORG/0000-0001-8109-1706
HTTPS://ORCID.ORG/0000-0001-5718-8276
HTTPS://ORCID.ORG/0000-0001-5382-3949
HTTPS://ORCID.ORG/0000-0001-9948-2748
https://perspicuous-computing.science
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3709159
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3709159&domain=pdf&date_stamp=2025-10-31


32:2 J. Päßler et al.

probabilistic feature-oriented modelling language and verification tool ProFeat, and in particular exploits
family-based probabilistic and parametric model checking.

CCS Concepts: • Software and its engineering → Software product lines; Formal methods; Model

checking; • Computer systems organization → Embedded and cyber-physical systems; Robotics; •
Mathematics of computing → Probabilistic representations; • Theory of computation → Verifica-

tion by model checking;

Additional Key Words and Phrases: Feature models, probabilistic model checking, parametric model checking,
self-adaptive systems, cyber-physical systems, robotics
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1 Introduction

More than 70 percent of the surface of Earth is covered in water. The blue economy, which includes
expanding sectors such as marine energy, bio-industry and food production, water desalination,
mining, underwater construction and ecosystem monitoring, is crucially dependent on underwa-
ter vehicles that are able to operate in environments that are inaccessible or hostile to humans.
The sustained growth of the blue economy and control of undesirable environmental impacts es-
sentially depends on two factors: increased autonomy in underwater robotics and reliability of
underwater operations, as control shifts from human operators to the robots themselves, expand-
ing their range of activities. However, this growth is slowed down by a gap between what the
underwater robotics industry delivers today and the required level of autonomy and reliability.
While there is currently a significant push towards increased autonomy, many underwater robots
are still controlled by human operators at the mission level. The need for human operators sig-
nificantly increases cost and restricts the activities in which underwater robots can engage. Due
to low bandwidth underwater, such control goes via cable between the underwater robot and the
operator on land or on ship.

For autonomous mission control in underwater robotics, a particular challenge stems from the
environments in which the robots operate. Generally, these environments are not fully understood
and may be subject to change, potentially causing surprises for the robot. For example, a robot per-
forming underwater pipeline inspection may need to change how it performs its mission because
of unexpected underwater currents, reduced water visibility, or even a landslide. One approach to
dealing with such environments is through self-adaptation [86]. Self-adaptation enables the robots
to autonomously adapt their mission-level control strategies to the environment in which they
operate—during the mission itself. Enabling robots to adapt in this way provides several advan-
tages. Self-adaptive mission control expands the range of scenarios in which the robots are able to
operate, resulting in a higher level of autonomy. Self-adaptive mission control has been realised in,
e.g., Metacontrol [55], in which control strategies can be manipulated by activating, deactivating or
adjusting them on the fly; MROS [17] implements Metacontrol for the Robot Operating System

(ROS) [74].
Let us briefly recall how a Self-Adaptive System (SAS) can be realised using a two-layered

architecture which decomposes the system into a managed and a managing subsystem [61], see
Figure 1. The managed subsystem deals with the domain concerns and tries to reach the goals set
by the system’s user, e.g., navigating a robot to a specific location. The managing subsystem han-
dles the adaptation concerns and defines an adaptation logic that specifies a strategy on how the
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system can fulfil the goals under uncertainty [86], e.g., adapting to changing environmental con-
ditions. While the managed subsystem may affect the environment via its actions, the managing
subsystem monitors the environment and the internal state of the managed subsystem. By using
the adaptation logic, the managing subsystem decides whether and which changes are needed and
adapts the managed subsystem accordingly.

Unless done in the right way, autonomous controllers for underwater vehicles can potentially
be both damaging and expensive, as vehicles may get lost and even, in the worst case, cause harm
to installations or the marine environment. However, it is cumbersome to validate new designs for
autonomous mission-level control of underwater vehicles in situ: vehicles may get lost during val-
idation and only a few real-life scenarios get tested in practice. To address this problem, it is useful
to validate the mission control in simulation. This leads to the emergence of configurable simula-
tors that target the mission control layer of robotic software stacks. Using simulation scenarios, the
autonomous mission control layer of the underwater robot can be tested and validated much more
efficiently. Simulators, such as the open-source exemplars UNDERSEA [45] and SUAVE [76], allow
scenarios for mission-level control to be tested and compared in simulation, based on a realistic
robot software stack, and enable the comparison of different strategies for autonomous mission
control.

Managed Subsystem 
(domain concerns)

monitor

Managing Subsystem 
(adaptation logic)

monitor adapt

Self-Adaptive System

Environment

monitor effect

Fig. 1. The architecture of a two-layered SAS
with a managed subsystem implementing the
application logic and a managing subsystem
implementing the adaptation logic ([69]).

However, testing and validation might not be
enough to assure the system operators that the au-
tonomous robots will operate as desired. Therefore,
in addition to testing and validation, rigorous anal-
ysis techniques such as model checking [5] are of-
ten applied in industry [7] to help provide safety
guarantees for these and other (mission-critical) sys-
tems even in the presence of uncertainties. Our work
considers analysis techniques for autonomous under-
water robots, based on model checking, and comple-
ments simulation-based validation techniques for Au-

tonomous Underwater Vehicles (AUVs). Specifi-
cally, our goal in this article is to model and analyse
a case study of mission control for an AUV, realised
as a two-layered SAS which was taken from the exem-
plar SUAVE. To this aim, we organise the adaptation
space of the SAS as a reconfiguration problem, using
feature-oriented modelling techniques [22, 23]. The functionalities of the managed subsystem of
the AUV are modelled in a feature model, making the dependencies and requirements between
the components of the AUV explicit. The behaviour of the managed subsystem is modelled as a
featured Markov Decision Process (fMDP), i.e., a probabilistic transition system were feature-
guarded transitions can only be taken in a system configuration with matching features. Thus, the
managed subsystem of the AUV is modelled as a family of systems whose family members corre-
spond to valid feature configurations which can be understood as modes of operation of the AUV.
As the behaviour of the AUV depends on environmental and internal conditions, which are both
hard to control, we opted for a probabilistic model in which uncontrolled events, like a thruster
failure, occur with given probabilities. We model the behaviour of the managing subsystem as a
control layer that switches between the feature configurations of the managed subsystem accord-
ing to input from the probabilistic environment model and the managed subsystem. In our case
study, we consider an abstract version of an AUV, focusing on core functionalities of the AUV with
limited features and variability. The resulting model can be refined and extended in several ways
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depending on the necessary degree of realism to verify specific requirements. Finally, we model
the environment as a probabilistic transition system which abstracts from the real environments in
which AUVs operate, yet captures essential aspects of changes in the environment that can affect
the behaviour of the AUV.

The analysis of the resulting model considers five different aspects: (1) safety guarantees con-
cerning a mission’s duration and energy usage that can be used for the deployment of the AUV;
(2) safety guarantees concerning unsafe states; (3) the impact of different environments on the
safety guarantees; (4) parameter synthesis to analyse to what extent environmental conditions af-
fect the AUV; and (5) tradeoffs between mission duration and energy usage. Together, the analyses
provide a good indication of the feasibility of model checking as a viable technique to analyse AUVs.
The case study is modelled in ProFeat [23], a tool for probabilistic family-based model checking,
which provides a means to simultaneously model check, in a single run, properties of all different
configurations in a family model [82]. The analysis of the model was carried out in the backends
for ProFeat, in PRISM [62] and Storm [54], depending on the analysed properties. We close the
article with a discussion about the suitability of family-based modelling techniques for analysing
SASs such as AUVs, and the relation of these techniques to dynamic Software Product Lines

(SPLs) [14, 33, 40, 49, 80].

Contribution. This article is an extension of the conference publication by Päßler et al. [69] and
the related artefact [70], recently published as an original software publication [68], which used
techniques from SPLs to model and analyse the case study of a self-adaptive AUV as a two-layered
system, providing the following contributions:

— a case study of an SAS from the underwater robotics domain, modelled as a probabilistic
feature-guarded transition system with dynamic feature switching [69];

— automated verification of (quantitative) properties that are important for roboticists, using
family-based analysis [69];

— a configurable software model of a Dynamic SPL (DSPL), reflecting the self-adaptive
AUV [68, 70].

In more detail, this extended version of the work additionally provides the following contributions:

— enabling more variants of the case study which can include another environment and an
AUV that can operate at more altitudes (see Section 4), enabling analysis of how the envi-
ronment and the number of possible altitudes influence the analysis results;

— extending the analysis with
– an analysis of how the number of possible altitudes influences the analysis results using

PRISM (see Sections 5.2 and 5.3),
– an analysis of how the environments influence the analysis results using PRISM experi-

ments (see Section 5.4),
– an analysis of how the probability of currents influences the analysis results using para-

metric model checking with Storm (see Section 5.5), and
– multi-objective queries where we explore achievability, numerical and Pareto queries us-

ing Storm (see Section 5.6);
— a discussion about the suitability of using SPL techniques and tools for modelling and

analysing SASs (see Section 7.1).

To the best of our knowledge, we are the first to showcase the applicability of feature-oriented
verification using Storm and performing parameter synthesis.

Outline. Section 2 presents the case study of pipeline inspection with an AUV, setting up the
context of the SAS analysed in this article. The analysis technique of family-based model checking
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and a brief account on (dynamic) SPLs and ProFeat is provided in Section 3. Section 4 explains
both the behaviour of the managed and managing subsystem of the AUV and the environment,
as well as their implementation in ProFeat. Section 5 presents quantitative analyses conducted on
the case study, involving the tools ProFeat, PRISM, and Storm. Section 6 summarises related work
and Section 7 discusses our results and ideas for future work.

2 Case Study: Pipeline Inspection by AUV

In this section, we introduce the case study of this article, an AUV used for pipeline inspection. The
case study is inspired by the case study of the exemplar SUAVE [76]. In SUAVE, the AUV has been
implemented in a simulator using ROS2 [66] to enable the comparison of different self-adaptation
strategies, i.e., different implementations of a managing subsystem. The full SUAVE model would
clearly exceed the limits when turning towards a formal analysis. We hence abstracted the case
study to its essential characteristics, aiming towards verification of the core functionalities and
self-adaptivity of the AUV in various exemplary environments.

As within the SUAVE case study, an AUV has the mission to first find and then follow and
inspect a pipeline located on a seabed. For moving in different directions, the AUV has several
thrusters. All thrusters are needed for a reliable operation of the AUV, however, thruster failures
are possible. Furthermore, the AUV can operate at different altitudes, where a higher altitude pro-
vides a wider field of view and thus increases the AUV’s chances of finding the pipeline. We assume
that switching between altitudes increases the energy consumption. The only aspect of the envi-
ronment considered in this case study is the water visibility: it reflects the maximum distance at
which the AUV can perceive objects; we assume that it changes probabilistically during runtime,
e.g., due to currents that swirl up the seabed. By assuming probabilistic behaviour of the environ-
ment, we assume to have partial knowledge of the environment which is in line with the fact that
it is in general difficult to understand.

The AUV’s operation is influenced by thruster failures, the water visibility, and its tasks (search-
ing for the pipeline and following it). When a thruster fails, the AUV starts drifting off its intended
path and the thruster has to be restarted before the AUV can continue its mission. Thruster failures
are more likely at a lower altitude because seaweed might wrap around the thrusters. If a thruster
failure happens while following the pipeline and the AUV drifts too much off its path, the pipeline
can be lost and the AUV needs to search for it again. The water visibility determines the maximum
altitude at which the AUV can perceive the seabed, and thus the maximum altitude at which it can
operate. The higher the visibility, the higher the maximum possible operational altitude. The task
determines whether the AUV switches between altitudes or stays at one altitude. When following
the pipeline, the AUV does not benefit from a wider field of view and should thus operate at the
lowest possible altitude to keep the energy consumption low by not switching between altitudes.
However, when searching for the pipeline, the AUV can operate at every altitude.

As in SUAVE, the AUV is separated into a managed and a managing subsystem. The managed
subsystem is responsible for searching for and following the pipeline. It has different configura-
tions that consist of a task and an altitude where a configuration can be understood as a mode
of operation of the AUV. Thus, the managed subsystem can in fact be seen as a family of sys-
tems where each family member corresponds to a system configuration. The managing subsystem
chooses a configuration of the managed subsystem depending on the current task and the wa-
ter visibility. When following the pipeline, the lowest possible altitude is chosen to decrease the
energy consumption. When searching for the pipeline, a higher altitude is preferred because it in-
creases the probability of finding the pipeline and it decreases the probability of a thruster failure.
However, the altitudes at which the AUV can operate are determined by the water visibility. The
higher the visibility, the higher the maximum operational altitude. Considering, e.g., three possible
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altitudes at which the AUV can operate, the managed subsystem consists of four family members:
one family member for searching at each possible altitude and one for following the pipeline at the
lowest altitude. The managing subsystem switches between the first three during the search for
the pipeline depending on the current water visibility and activates the last one when the pipeline
should be followed. Note that, unlike in SUAVE, we assume that thruster failures are handled by
the managed subsystem and not the managing subsystem.

In this article, we present an extension of the first formal modelling of the AUV case study
by Päßler et al. [69]. While the original case study only considered three possible altitudes, we
additionally provide a setting with five altitudes to investigate the impact of a more fine-grained
implementation of adaptation by the managing subsystem. These settings are hereafter referred to
as the three-altitudes case study and the five-altitudes case study, respectively; SUAVE corresponds
to the three-altitudes case study.

3 SPLs and Family-based Model Checking

SPL engineering concerns the management of commonality and variability, usually defined in
terms of core and optional features, across families of software products [1, 29, 71]. There exist
many different definitions of what constitutes a feature [27], ranging from “an increment in prod-
uct functionality” [6] to the approach adopted in this article, namely, “anything users or client
programs might want to control about a concept is a feature” [32, Chapter 4: Feature Modeling].
Selected features provide a feature configuration, from which those that give rise to an actual soft-
ware product are collected in a set of valid configurations. Such sets of valid configurations are
commonly modelled in a variability or feature model, most prominently using structures such as
feature diagrams [59] (see, e.g., [12, 81] for surveys). The actual behaviour of software products
to be deployed can be modelled by choosing annotative [26], compositional [79], or hybrid ap-
proaches [40, 60]. In annotative approaches, the behaviour of the whole SPL is modelled in one
behavioural model where parts of behaviour are annotated by features, specifying the behaviour of
the products containing this feature. Compositional approaches specify the behaviour of each sin-
gle feature in an isolated feature module, and the feature modules are then composed to determine
the behaviour of the software product. In this article, we opt for a hybrid approach, where the be-
haviour of (sets of) features is modelled in feature modules that may also contain feature-guarded
behaviour to specify feature interactions or fine-grained variability [40].

Since the number of potential software products is exponential in the number of features, the
analysis of SPLs is a challenging task [82]. Many different analysis approaches for SPLs have been
proposed using model checking [28], static analysis [8], theorem proving [83], or testing [16]. A
one-by-one analysis, investigating every product in isolation, easily becomes infeasible. Hence,
when giving a behavioural model of the SPL, an all-in-one analysis is to be preferred, where the
behaviour of all products is modelled in a family model and analysed in a single analysis step [26].
As products of an SPL typically share a large number of features and behaviours, this family model
can usually be compactly represented and analysed by exploiting symbolic representations and
analysis techniques [25]. In this article, we consider the SPL model-checking problem, which was
first recognised in the seminal article of [28]. It generalises the classical model-checking problem
as follows: given a logic formula φ, determine for every valid configuration whether φ is satisfied
(and provide a counterexample for each configuration not satisfying φ). The straightforward one-
by-one approach to solve this problem is by product-based model checking, applying classical model
checking to each of the products in the SPL. Family-based model checking implements an all-in-one
approach where all products of a family model, modelling the combined behaviour of all products,
are simultaneously checked [82]. The answer to the SPL model-checking problem is obtained by
projecting the results gained from the family model to single configurations. This approach is also
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well-suited for analysing reliability or other quantitative aspects of SPLs through family-based

probabilistic model checking [11, 42]. Another dimension where the use of family models for SPLs
excels is in modelling and analysing DSPLs where feature configurations can be switched during
runtime [49, 51]. Such reconfigurations can be modelled in a similar way as modelling actual be-
haviour in feature modules, leading to feature controllers where each feature corresponds to a vari-
able of the module (see, e.g., [40]). As a family model contains the behaviour of all valid feature con-
figurations, a feature controller can select the possible behaviour of the current feature configura-
tion within the family model during runtime, and change between the behaviours of the products.

The tool ProFeat1 [23] implements this kind of analysis for DSPLs by choosing a hybrid mod-
elling approach combined with family-based probabilistic model checking. Thereby, all possible
products and reconfigurations between products can be analysed in one run. In particular, Pro-
Feat provides a means to model probabilistic system families in an intuitive specification language
as well as perform family-based quantitative analysis on them. It extends the probabilistic model
checker PRISM2 [62] with functionalities such as family models, feature modules, and the feature
controller. Technically, ProFeat performs a translation of the feature-oriented model to PRISM’s
input language, which is then analysed with family-based probabilistic model checking. Hence,
all of the analysis capabilities of PRISM carry over to ProFeat as well. Furthermore, note that this
translational approach also enables the use of other analysis tools supporting PRISM’s input lan-
guage, e.g., the state-of-the-art probabilistic model checker Storm [54]. The translation ensures
feature-specific properties such as reconfiguration within the valid configurations and respecting
the rules for reconfiguration. Analysis results from the model checkers are translated back auto-
matically in a feature-aware representation, including compact symbolic representations through
decision diagrams [23].

4 Feature-oriented Modelling of the AUV Case Study

In this section, we show that feature-oriented modelling is well-suited to formally specify the
structure and behaviour of the AUV case study. First, we observe that the formal model to describe
the behaviour of the AUV has to support quantitative aspects such as failure probabilities, time, and
energy consumption. Hence, probabilistic feature-oriented modelling approaches [11, 42] have to
be preferred compared to non-probabilistic ones [10, 26]. Furthermore, the managing subsystem
has to be able to switch between configurations of the managed subsystem such that dynamic

reconfigurations are supported as well [11, 23, 84]. Due to the clear separation of concerns between
behaviour of features and the reconfiguration component, we decided to model the case study with
the probabilistic feature-oriented engineering framework ProFeat.

Similar to an SAS, a ProFeat model can be seen as a two-layered model, as illustrated in Figure 1.
The behaviour of a family of systems that differ in their features, such as the managed subsystem of
an SAS, can be specified. Then a so-called feature controller can activate and deactivate the features
during runtime, and thus change the behaviour of the system, such as the managing subsystem of
an SAS that changes the configuration of the managed subsystem. Furthermore, the environment
can be specified as a separate module that interacts with the managed and managing subsystem.
Thus, ProFeat is well suited to model and analyse the case study described in Section 2.

Technically, a ProFeat model consists of three parts: an obligatory feature model that specifies
features and their relations and constraints, obligatory modules that specify the behaviour of the
features, and an optional feature controller that activates or deactivates features. This structure is
also reflected in our implementation of the two case study variants in ProFeat.3

1https://pchrszon.github.io/profeat
2https://www.prismmodelchecker.org/manual
3The models are publicly available [67].
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navigation

high lowmed search

pipeline inspection

follow

robot

mandatory feature

exclusive or

requires

medhigh lowmed

Fig. 2. Feature model of the five-altitudes model; the three-altitudes model does not contain the features
with a grey background.

Both pipeline inspection case studies ultimately specify a Markov decision process, i.e., a state-
based operational model that includes non-deterministic and probabilistic state transitions. The
probabilities and parameters used in our model are estimates and have not been validated by ex-
periments. This article aims at showing the practical feasibility of using feature-oriented modelling
for quantitative SAS verification, not to model a realistic AUV. More realistic values can be obtained
by doing experiments with a real AUV and by consulting domain experts and are left for future
work.

In this section, we follow the modelling structure of the two case study variants in ProFeat.
First, we introduce the feature-oriented view of the case study along with its implementation as
a feature model in Section 4.1. Then we explain the behaviour of the managing subsystem, i.e.,
how the managing subsystem switches between valid feature configurations of the feature model,
and its implementation as a feature controller in ProFeat in Section 4.2. Lastly, we describe the
behaviour of the managed subsystem and the environment as well as their implementation as
modules in ProFeat in Sections 4.3 and 4.4, respectively. For each of the modelling components,
we describe both case studies by focusing on the three-altitudes case study and explaining the
additions for the five-altitudes case study.

4.1 The Feature Model

Feature-Oriented View of the Case Study. The important characteristics of the managed subsys-
tem for self-adaptation are the tasks of the AUV and the possible altitudes. Thus, we consider them
to be the AUV’s features. The features corresponding to the tasks of the AUV are called search and
follow, and the features corresponding to the possible altitudes are called low, med (for medium),
and high in the three-altitudes case study with additional features lowmed and medhigh in the
five-altitudes case study. The basis for feature-oriented modelling is the so-called feature model

that abstractly relates how features can be combined, i.e., which activation of features yields a
valid configuration of the system. Feature diagrams [1, 59] constitute the standard feature model
formalism. They hierarchically structure features to specify the high-level dependencies between
the features. Specifically, an activation of a subfeature implies the activation of its parent feature.
To create a feature model for the AUV case study, the altitude features are considered to be subfea-
tures of the feature navigation, the task features to be subfeatures of the feature pipeline inspection,
in both cases connected by an exclusive or relation, and navigation and pipeline inspection are con-
sidered to be mandatory subfeatures of the root feature robot. Furthermore, since following the
pipeline requires a low altitude, the feature follow is connected to the feature low with a requires
relationship. The resulting feature model can be seen in Figure 2 where the feature model of the
three-altitudes case study does not contain the features with the grey background.

Each configuration of the AUV contains the features robot, navigation, and pipeline_inspection
as well as exactly one sub-feature for navigation and one for pipeline inspection, while moreover
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the feature follow requires the feature low. This yields four different configurations of the managed
subsystem of the AUV in the three-altitudes case study (one including the leaf features search and
high, one including search and med, one including search and low, and the last one including follow
and low) and two additional configurations in the five-altitudes case study (one including the leaf
features search and medhigh and including one search and lowmed). Therefore, the valid configu-
rations of the three-altitudes case study are the following (where the leaf features are displayed in
bold font):

{robot, navigation, pipeline_inspection, search, high}, {robot, navigation, pipeline_inspection, search,med},

{robot, navigation, pipeline_inspection, search, low}, {robot, navigation, pipeline_inspection, follow, low}.

The five-altitudes case study includes the following configurations in addition to those of the three-
altitudes case study:

{robot, navigation, pipeline_inspection, search, medhigh}, {robot, navigation, pipeline_inspection, search, lowmed}.

By differentiating between configurations depending on the selected features, distinct behaviour
of the AUV can be specified depending on the configuration as described in Section 4.3.

The ProFeat Implementation of the Feature Model. We show how the feature model of the case
study is expressed in ProFeat, including connections and constraints among features. Each feature
is specified within a feature . . . endfeature block, and the declaration of the root feature is done
in a root feature . . . endfeature block. An excerpt of the implementation of the root feature of
the pipeline inspection case study according to Figure 2 is displayed in Listing 1. The root feature
can be decomposed into subfeatures; in this case, in only one, the subfeature robot, see Line 2.
The all of keyword indicates that all subfeatures have to be included in the feature configuration
if the parent feature, in this case the root feature, is included. It is, e.g., also possible to use the
one of keyword if exactly one subfeature has to be included, see Line 2 of Listing 2. The modules
modelling the behaviour of the root feature are specified after the keyword modules. In our case
studies, the root feature is the only feature specifying modules, thus, the behaviour of all features
is modelled in the modules auv and environment described in Sections 4.3 and 4.4, respectively.

Contrary to an ordinary feature model, ProFeat allows to specify feature-specific rewards in the
declaration of a feature. Reward structures allow to annotate quantitative measures to behaviour
and can be interpreted in various ways. Reward structures whose aim is to be reduced are im-
plementing costs such as energy or time. Differently, reward structures with favourable proper-
ties usually have an objective to be increased, such as utility, successfully transferred packages,
points earned, or alike. Each reward structure is encapsulated in a rewards . . . endrewards block.
In the three-altitudes case study, we consider the rewards time and energy_3alt, see Lines 4–18 of
Listing 1. Additionally to these rewards, the five-altitudes case study contains the reward
energy_5alt, see Lines 19–28. During each transition the AUV module takes, the reward time

is increased by 1; it is a transition-based reward, see Line 5. We assume that one time step cor-
responds to one minute, allowing us to compute an estimate of a mission’s duration. The energy
rewards are state-based rewards, which are gained when entering a state. We distinguish between
the one that takes all states of the three-altitudes model into account (energy_3alt), and the one
that additionally gives rewards to the states of the five-altitudes model (energy_5alt).

Both energy rewards can be used to estimate the necessary battery level for mission completion.
Since the reward energy_3alt does not take all states of the five-altitudes model into account, using
it with the five-altitudes model is only done to compare the two models. In both reward structures,
a reward of two energy units is given if a thruster of the AUV failed and needs to be recovered, see,
e.g., Line 9. Furthermore, switching between the search altitudes requires significant energy. Since
the altitude is switched if the AUV is in a search state and a navigation subfeature that does not
correspond to the current search altitude is active, a higher energy reward is given in these states.
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1 root feature

2 a l l o f r o b o t ;

3 modules auv , env i ronment ;

4 rewards " t ime "

5 [ s t e p ] t r u e : 1 ;

6 endrewards

7 rewards " e n e r g y _ 3 a l t "

8 / / Cos t s f o r being in a r e cove ry s t a t e o f the three−a l t i t u d e s model
9 ( s = r e c o v e r _ h i g h ) : 2 ;

10 / / . . omit ted code . .
11

12 / / Cos t s f o r swi t ch ing a l t i t u d e s low−med−high
13 ( s = s e a r c h _ h i g h ) & a c t i v e ( low ) : 4 ;

14 ( s = s e a r c h _ h i g h ) & a c t i v e ( med ) : 2 ;

15 ( s = found ) & a c t i v e ( h igh ) : 4 ;

16 ( s = found ) & a c t i v e ( med ) : 2 ;

17 / / . . omit ted code . .
18 endrewards

19 rewards " e n e r g y _ 5 a l t "

20 / / . . omit ted code . .
21

22 / / Cos t s f o r swi t ch ing a l t i t u d e s low−lowmed−med−medhigh−high
23 ( s = s e a r c h _ h i g h ) & a c t i v e ( medhigh ) : 1 ;

24 ( s = s e a r c h _ h i g h ) & a c t i v e ( lowmed ) : 3 ;

25 ( s = found ) & a c t i v e ( medhigh ) : 3 ;

26 ( s = found ) & a c t i v e ( lowmed ) : 1 ;

27 / / . . omit ted code . .
28 endfeature

Listing 1. An excerpt of the declaration of the root feature of the five-altitudes model; the root feature
of the three-altitudes model does not contain the reward energy_5alt.

1 feature n a v i g a t i o n

2 one o f low , lowmed , med , medhigh , h igh ;

3 i n i t i a l c o n s t r a i n t a c t i v e ( low ) ;

4 endfeature

Listing 2. The declaration of the navigation feature of the five-altitudes model; the navigation feature
in the three-altitudes model does not contain the features lowmed and medhigh.

The given energy reward corresponds to the number of switched altitude levels. For example, if
the AUV needs to switch between high and low, lowmed, med, or medhigh altitude, a reward of 4,
3, 2, or 1 energy units, respectively, is given (see Lines 13, 24, 14, or 23, respectively). The reward
energy_3alt only contains rewards for the switches between low, med, and high, whereas the reward
energy_5alt contains all possible switches. Since the altitude must be changed to low once the
pipeline has been found, these cases also receive an energy reward as explained above, see Lines
15–16 and 25–26. All other states receive an energy reward of 1, where the reward energy_3alt only
assigns rewards to states of the three-altitudes model. We use the function active to determine
which feature is active, i.e., included in the current feature configuration; given a feature, the
function returns true if it is active and false otherwise.

The remainder of the feature model is implemented similarly to the root feature, but the features
do not contain feature-specific modules or rewards. The features are implemented and named
according to the feature model in Figure 2. To have only one initial state, we initialise the model
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Fig. 3. The behaviour of the managing subsystem of the AUV in the three-altitudes case study ([69]); transi-
tion guards are written in black, actions in grey following a vertical bar; actions reflect the activated features,
conflicting features are deactivated; by (de)activating features, transitions of the managed subsystem are
(de)activated.

with the features search and low active, using the keyword initial constraint, see Line 3 of
Listing 2. As an example of the implementation of another feature, the declaration of the feature
navigation of the five-altitudes model can be seen in Listing 2.

4.2 The Managing Subsystem

The Behavioural Model of the Managing Subsystem. The managing subsystem implements the
AUV’s adaptation logic. Here, adaptation during runtime is achieved by switching between the
different configurations of the managed subsystem, activating and deactivating the subfeatures
of navigation and pipeline inspection. Note that adaptations have to adhere to the feature model
in Figure 2, i.e., the resulting feature configuration has to be valid. By switching between the
configurations of the managed subsystem, the managing subsystem enables different behaviour.

The behaviour of the managing subsystem in the three-altitudes model is displayed in Figure 3.
The grey area of the figure includes the transitions that can be taken during the search for the
pipeline, and the white area the transitions once the pipeline has been found. Each transition
contains a guard, written in black, and an action, written in grey after a vertical bar. The managing
subsystem of the five-altitudes model contains two more states, search altitude lowmed and search

altitude medhigh, as well as transitions from these states to each other and to all states in Figure 3.
The actions on these transitions follow the same pattern as in Figure 3 and the guards are assigned
as described below and shown in Table 1.

During the search for the pipeline, i.e., when the feature search is active, reflected in the grey area
of Figure 3 (plus the states search altitude lowmed and search altitude medhigh and their transitions
in the five-altitudes model), the managing subsystem activates and deactivates the subfeatures of
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Table 1. The Possible Altitudes for Different Water Visibilities in the Five-altitudes Case Study,
where the Water Visibility Reflects the Maximum Distance at which the AUV Can Perceive Objects

Possible Altitude

water visibility (wv) low lowmed med medhigh high

wv < lowmed_visib ✓ ✗ ✗ ✗ ✗
lowmed_visib ≤ wv < med_visib ✓ ✓ ✗ ✗ ✗
med_visib ≤ wv < medhigh_visib ✓ ✓ ✓ ✗ ✗
medhigh_visib ≤ wv < high_visib ✓ ✓ ✓ ✓ ✗
high_visib ≤ wv ✓ ✓ ✓ ✓ ✓

navigation according to the current water visibility (which reflects the maximum distance at which
the AUV can perceive objects). To do so, thresholds lowmed_visib, med_visib, medhigh_visib, and
high_visib that depend on the environment that the AUV operates in are introduced. In the three-
altitudes case study, only low can be activated if the water visibility is below med_visib, both low

and med can be activated if it is between med_visib and high_visib, and all of them can be activated
if it is above high_visib. In the five-altitudes case study, the possible altitudes for different water
visibilities can be found in Table 1. In Figure 3, the activated feature is displayed in grey on the
transition, implicitly the other subfeatures of navigation and pipeline_inspection are deactivated.
Note that the transitions in the grey area implicitly carry the guard s != found, i.e., the AUV is not
in the state found, because they represent the transitions during the search for the pipeline. This
guard was omitted for better readability.

Once the pipeline has been found, i.e., the managed subsystem is in the state found, one of the
transitions in the white area (plus the transitions from search altitude lowmed and search altitude

medhigh to following in the five-altitudes model), guarded by s = found, is taken. These transitions
include the action of activating low and follow, and thus deactivating the other navigation subfea-
tures and search. When the AUV loses the pipeline, i.e., it is in the state lost pipe, the managing
subsystem activates search and deactivates follow. Since the AUV is following the pipeline at a low
altitude, the AUV will start searching at a low altitude.

The Implementation of the Managing Subsystem in ProFeat. As usual in the PRISM input language
and thus in ProFeat as well, behaviour is specified in modules, containing a set of probabilistic

guarded commands of the following form:

[action] guard -> prob_1: update_1 + ... + prob_n: update_n;

A command may have an optional label action to annotate it or to synchronise with other modules.
In PRISM, the guard is a predicate over global and local variables of the model, which can also come
from other modules. ProFeat extends the capability of guards to also support a predicate active

that yields whether a given feature is active or not. If the guard is true, then the system state is
changed with probability prob_i using update_i for all i . An update describes how the system
should perform a transition by giving new values for variables, either directly or as a function
using other variables. To model feature switches, ProFeat provides a specific module, called feature

controller, that specifies commands over features. Through keywords activate and deactivate, the
feature controller can activate and deactivate features in the update of a command. Several features
can be activated and deactivated simultaneously. If the resulting feature configuration does not
adhere to the feature model, then ProFeat blocks this transition.

Due to its close correspondence, the managing subsystem of the AUV is implemented as a fea-
ture controller in ProFeat. In the pipeline inspection case study, subfeatures of navigation (i.e., the
different altitudes at which the AUV can operate) and subfeatures of pipeline_inspection (i.e., the
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1 formula l owmed_v i s ib = ( 4 ∗ m i n _ v i s i b + m a x _ v i s i b ) / 5 ;

2 formula m e d _ v i s i b = ( 3 ∗ m i n _ v i s i b +2∗ m a x _ v i s i b ) / 5 ;

3 formula m e d h i g h _ v i s i b = ( 2 ∗ m i n _ v i s i b +3∗ m a x _ v i s i b ) / 5 ;

4 formula h i g h _ v i s i b = ( m i n _ v i s i b +4∗ m a x _ v i s i b ) / 5 ;

5

6 c o n t r o l l e r

7 / / Change a l t i t u d e depending on water v i s i b i l i t y
8 [ s t e p ] ( s ! = found ) & a c t i v e ( s e a r c h ) & w a t e r _ v i s i b < med_v i s i b

9 −> a c t i v a t e ( low ) & d e a c t i v a t e ( h igh ) & d e a c t i v a t e ( med ) ;

10 [ s t e p ] ( s ! = found ) & a c t i v e ( s e a r c h )

11 & med_v i s i b <= w a t e r _ v i s i b & w a t e r _ v i s i b < h i g h _ v i s i b

12 −> a c t i v a t e ( low ) & d e a c t i v a t e ( med ) & d e a c t i v a t e ( h igh ) ;

13 [ s t e p ] ( s ! = found ) & a c t i v e ( s e a r c h )

14 & med_v i s i b <= w a t e r _ v i s i b & w a t e r _ v i s i b < h i g h _ v i s i b

15 −> a c t i v a t e ( med ) & d e a c t i v a t e ( low ) & d e a c t i v a t e ( h igh ) ;

16 / / . . omit ted code . .
17

18 / / Switch task from " search " to " f o l l o w "
19 [ s t e p ] ( s = found ) & a c t i v e ( s e a r c h )

20 −> d e a c t i v a t e ( s e a r c h ) & a c t i v a t e ( f o l l o w ) & a c t i v a t e ( low )

21 & d e a c t i v a t e ( med ) & d e a c t i v a t e ( h igh ) ;

22

23 / / Switch task from " f o l l o w " to " s earch "
24 [ s t e p ] ( s = l o s t _ p i p e ) & a c t i v e ( f o l l o w )

25 −> d e a c t i v a t e ( f o l l o w ) & a c t i v a t e ( s e a r c h ) ;

26

27 / / Enable t r a n s i t i o n s when f o l l o w i n g the p i p e l i n e
28 [ s t e p ] ( s ! = l o s t _ p i p e ) & a c t i v e ( f o l l o w ) −> t r u e ;

29 endcontrol ler

Listing 3. An excerpt of the ProFeat feature controller of the three-altitudes model.

tasks the robot has to fulfil) can be switched by the feature controller during runtime, see Listing 3
for an excerpt of the three-altitudes feature controller. The feature controller of the five-altitudes
model is implemented similarly, respecting the restrictions in Table 1. We will describe the im-
plementation of the three-altitudes model here, briefly highlighting additions in the five-altitudes
model in brackets.

When the feature search is active and the pipeline has not been found yet, the feature controller
activates and deactivates the altitudes non-deterministically, but according to the current water
visibility, as described before. Whether or not the pipeline has been found is reflected in the state
s of the managed subsystem (as described in Section 4.3) which the feature controller accesses.
The minimum and maximum water visibility can be set by the user during design time and in-
fluence the altitudes associated with the features low, med and high (plus lowmed and medhigh in
the five-altitudes model); i.e., it influences when the feature controller is able to switch features.
To reflect this, the variables med_visib and high_visib are declared as in Lines 2 and 4 (plus the
variables lowmed_visib and medhigh_visib in Lines 1 and 3 in the five-altitudes model). A formula

in PRISM and ProFeat can be used to assign an identifier to an expression. If the water visibil-
ity is less than med_visib, the feature controller activates the feature low (see Lines 8–9) because
the AUV cannot perceive the seabed from a higher altitude. The variable water_visib reflects the
current water visibility and is declared in the environment module which also updates this vari-
able, see Section 4.4. If the water visibility is between med_visib and high_visib, the feature con-
troller chooses non-deterministically between low and med (see Lines 10–15), whereas it chooses
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non-deterministically between all three altitudes if the water visibility is above high_visib. (In the
five-altitudes model, it activates the features non-deterministically according to Table 1.) Note that
it is also possible to deactivate or activate a feature if it is already inactive or active, respectively.
The computation of med_visib and high_visib is different from the one in our previous article to
align the three and five-altitudes models.

When the pipeline is found, i.e., the managed subsystem is in state found, the feature controller
activates the feature follow and deactivates search, see Lines 19–21. Since the AUV should be at a
low altitude while following the pipeline, the feature controller also deactivates the features high

and med (plus lowmed and medhigh in the five-altitudes model) and activates low. If the AUV lost
the pipeline, i.e., the managed subsystem is in state lost_pipe, the feature controller deactivates
follow and activates search to start the search for the pipeline, see Lines 24–25.

The feature controller synchronises with the auv and environment modules via the action label
step. Since all transitions of the modules and feature controller have the same action label, they can
only execute a transition if there is a transition with a guard evaluating to true in both modules and
in the feature controller. Thus, the feature controller needs to include a transition doing nothing
if the feature follow is active and the AUV is not in state lost_pipe, see Line 28.

Let us reflect on technical details how ProFeat ensures a sound encoding of the SAS into PRISM
models. During the translation of the ProFeat model into the PRISM language, features are ex-
pressed by standard PRISM variables in the feature controller module, where the value of the vari-
able reflects whether the feature is active or inactive. To ensure that the system adapts only within
valid configurations, ProFeat automatically includes several constraints into guards and updates
of PRISM commands. The constraints on valid feature configurations are added as guards to every
command in the feature controller and to the initial state expression of the model. Furthermore,
these constraints are also incorporated into the potential updates of the feature controller (for de-
tails, see [23]). For every feature module, guards of commands are extended by the corresponding
feature to be active, while an additional unblocking command is added that is only enabled if the
corresponding feature is inactive (for proofs of this translation to be sound, we refer to [40, 41]).
These transformations ensure that the SAS is always in a valid configuration during runtime, even
when adapting to changing environments.

4.3 The Managed Subsystem

The Behavioural Model of the Managed Subsystem. The behaviour of the managed subsystem of
the AUV is described as an fMDP [41, 42]. Here, each transition results from a guarded command
comprising a feature guard and a state guard on the state variables of the system. A transition
can be taken if and only if both the feature guard is fulfilled in the current configuration of the
managed subsystem and the state guard is fulfilled by the current values of the state variables. The
possible configuration switches done by the managing subsystem can resolve the feature guards,
leading to an MDP where features are encoded into the state-space of the system [42]. Figure 4
depicts such an MDP for the AUV in the three-altitudes setting, where some details have been
omitted to avoid cluttering (in particular, all probabilities). The details can be obtained from the
publicly available model4. The five-altitudes model contains four more states, search_lowmed, and
search_medhigh together with their respective recovery states and the transitions following the
same pattern as in the three-altitudes model, which is further explained below. The probabilistic
model allows us to easily model the possibilities of, e.g., finding and losing the pipeline depending
on the system configuration.

4The models are publicly available [67].
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Fig. 4. The behaviour of the configurations of the managed subsystem and the switches between config-
urations in the three-altitudes case study ([69]); transitions with a feature annotation are guarded by the
respective feature; transitions without annotation are not guarded by features; blue transitions are enabled
by a feature (de)activation of the managing subsystem; black transitions are taken if the managing subsys-
tem did not (de)activate features; probabilities are omitted for better readability.

The MDP consists of the behaviour of the configurations of the managed subsystem together
with the switches between the configurations induced by the managing subsystem. Therefore, we
distinguish between two kinds of transitions in Figure 4: black transitions that model the behaviour
of a certain configuration of the managed subsystem and blue transitions that switch between con-
figurations, enabled by the managing subsystem during runtime. The labels search, follow, low, med,
and high on the transitions represent the features that have to be active to execute the respective
transition, i.e., they represent the feature guard. The blue transitions between configurations im-
plicitly carry the action to start the task or go to the altitude specified by the feature associated
with the transition.

The behaviour of one configuration, i.e., the behaviour associated with a set of features F compli-
ant with the feature model, is modelled by the projection of the MDP on the sub-MDP containing
only features in F . More concretely, it is modelled by the MDP consisting of all black transitions
with feature guards satisfied by F and the states that these transitions connect. Consider for ex-
ample the configuration with the features robot, navigation, pipeline_inspection, low, and search.
Then the behaviour of this configuration is represented by the states start_task, search_low with
its associated recovery state, and found as well as the transitions between them and the self-loops
of search_low and its recovery state. Hence, the behaviour of the MDP corresponding to this con-
figuration consists of the AUV starting its task search and going to the state search_low where it
remains until either a failure occurs and it goes to the associated failure state, or until it finds the
pipeline and transitions to the state found and then again to start_task.
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The managing subsystem can switch between configurations (and thus change behaviour) by
activating another subfeature of navigation during the search for the pipeline, or by activating
another subfeature of pipeline_inspection if the pipeline was found or lost, reflected by the states
found and lost pipe of the managed subsystem. These switches between configurations are reflected
by the blue transitions in Figure 4. Consider for example the same configuration as before which
consists of the features robot, navigation, pipeline_inspection, low, and search. Then the managing
subsystem can activate another subfeature of navigation during the search of the pipeline, i.e., in
the state search_low which implies deactivating the feature low. If this happens, the black transi-
tions within the current configuration cannot be taken anymore because the feature low is inactive.
Only the blue transition with the newly activated navigation subfeature to a new configuration can
be taken. If, for example, the feature med has been activated, the blue transition from search_low

to search_med will be taken which implicitly carries the action to go to a medium altitude.
The behaviour of the AUV can then be described as follows. At deployment time, i.e., in state

start task, the AUV can either immediately start following the pipeline if it was deployed above it,
indicated by the feature follow in the initial configuration, or start searching for it, indicated by the
feature search in the initial configuration. During the search for the pipeline, i.e., when the AUV
is in the grey area labelled search, the managing subsystem might switch between the subfeatures
of navigation during a transition as described in Section 4.2 which causes a configuration change
of the managed subsystem, reflected by taking a blue transition. If the managing subsystem does
not switch between configurations, then the AUV keeps searching for the pipeline, it transitions
to a thruster failure state to repair its broken thrusters, or it finds the pipeline and transitions
to the state found. Once the pipeline has been found, the AUV transitions to the state start_task

again. As described in Section 4.2, the managing subsystem deactivates the feature search during
this transition and activates the feature follow. When the AUV is following the pipeline, i.e., in
the grey area labelled follow, it can also lose the pipeline again, transitioning to the state lost_pipe,
e.g., because of sand covering the pipeline or because the AUV drifted off its path due to thruster
failures. In this case, the managing subsystem activates the feature search during the transition
from lost_pipe to start_task (see Section 4.2) such that the AUV will start its search again.

Additionally to the states and transitions displayed in Figure 4, the five-altitudes model contains
the states search lowmed and search medhigh with their respective recovery states. The states follow
the same pattern as the ones of the three-altitudes model: the search states are connected with
configuration changing (blue) transitions to the other search states, guarded by the corresponding
feature, and they contain a self-loop and a transition to their respective recovery state, guarded
by their respective feature (black transitions). The recovery states each contain a self-loop and a
(black) transition back to the corresponding search state.

The ProFeat Implementation of the Managed Subsystem. In ProFeat, each feature can be imple-
mented by several feature modules, each comprising a set of guarded probabilistic commands (see
Section 4.2). We encapsulate the behaviour of the managed subsystem of the AUV in a module auv.
Feature modules in ProFeat can exhibit guards in commands that include the function active, evalu-
ating to true if the corresponding feature is active. To this end, configuration-dependent behaviour
can easily be specified in feature modules. Figure 4 shows the behaviour of the module together
with feature switches through the feature controller for the three-altitudes model and with the
additional states in the five-altitudes model as described before. In this section, we will describe
the implementation of the three-altitudes model (see Listing 4 for an excerpt). As in Section 4.2,
the additions for the five-altitudes model as described above are briefly introduced in brackets.

As in Figure 4, there are thirteen enumerated states (seventeen in the five-altitudes model) in
the ProFeat module with names that correspond to the state labels in the figure. The recovery
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1 module auv

2 s : [ 0 . . 1 2 ] i n i t s t a r t _ t a s k ;

3 d_ insp : [ 0 . . i n s p e c t ] i n i t 0 ;

4 t _ f a i l e d : [ 0 . . i n f l _ t f ] i n i t 0 ;

5

6 / / To the c o r r e c t ta sk
7 [ s t e p ] ( s = s t a r t _ t a s k & a c t i v e ( s e a r c h ) ) −> 1 : ( s ' = s t a r t _ s e a r c h ) ;

8 [ s t e p ] ( s = s t a r t _ t a s k & a c t i v e ( f o l l o w ) ) −> 1 : ( s ' = f o l l o w i n g ) ;

9

10 / / . . omit ted code . .
11 / / From search s t a t e to another s t a t e
12 [ s t e p ] ( s = s e a r c h _ h i g h & a c t i v e ( h igh ) )

13 −> 0 . 5 9 : ( s ' = found )

14 + 0 . 4 : ( s ' = s e a r c h _ h i g h )

15 + 0 . 0 1 : ( s ' = r e c o v e r _ h i g h ) ;

16 [ s t e p ] ( s = s e a r c h _ h i g h & a c t i v e ( med ) ) −> 1 : ( s ' = search_med ) ;

17 [ s t e p ] ( s = s e a r c h _ h i g h & a c t i v e ( low ) ) −> 1 : ( s ' = s e a r c h _ l o w ) ;

18 / / . . omit ted code . .
19

20 / / Go to o the r ta sk i f p i p e l i n e i s found
21 [ s t e p ] ( s = found ) −> 1 : ( s ' = s t a r t _ t a s k ) ;

22

23 / / Fo l l owing the p i p e l i n e
24 [ s t e p ] ( s = f o l l o w i n g ) & ( d_insp < i n s p e c t ) & ( t _ f a i l e d = 0 )

25 −> 0 . 9 2 : ( s ' = f o l l o w i n g ) & ( d_insp ' = d_ insp + 1 )

26 + 0 . 0 5 : ( s ' = l o s t _ p i p e )

27 + 0 . 0 3 : ( s ' = r e c o v e r _ f o l l o w i n g )

28 & ( t _ f a i l e d ' = ( t _ f a i l e d < i n f l _ t f ? t _ f a i l e d +1 : t _ f a i l e d ) ) ;

29 [ s t e p ] ( s = f o l l o w i n g ) & ( d_insp < i n s p e c t ) & ( t _ f a i l e d > 0 )

30 −> 0 . 9 2 ∗ ( 1 − t _ f a i l e d / i n f l _ t f ) : ( s ' = f o l l o w i n g )

31 & ( d_insp ' = d_ insp + 1 ) & ( t _ f a i l e d ' = t _ f a i l e d −1)

32 + 0 . 0 5 ∗ ( 1 + ( ( 0 . 9 2 ∗ t _ f a i l e d ) / ( 0 . 0 5 ∗ i n f l _ t f ) ) ) : ( s ' = l o s t _ p i p e )

33 + 0 . 0 3 : ( s ' = r e c o v e r _ f o l l o w i n g )

34 & ( t _ f a i l e d ' = ( t _ f a i l e d < i n f l _ t f ? t _ f a i l e d +1 : t _ f a i l e d ) ) ;

35 [ s t e p ] ( s = f o l l o w i n g ) & ( d_ insp = i n s p e c t ) −> ( s ' = done ) ;

36

37 / / Lo s t the p i p e l i n e
38 [ s t e p ] ( s = l o s t _ p i p e ) −> 1 : ( s ' = s t a r t _ t a s k ) & ( t _ f a i l e d ' = 0 ) ;

39

40 / / Recovery s t a t e s
41 [ s t e p ] ( s = r e c o v e r _ h i g h ) −> 0 . 5 : ( s ' = r e c o v e r _ h i g h ) + 0 . 5 : ( s ' = s e a r c h _ h i g h ) ;

42 / / . . omit ted code . .
43 endmodule

Listing 4. An excerpt of the ProFeat AUV module of the case study.

states are named according to the state they are connected to (e.g., the recovery state connected
to search_high is called recover_high). The variable s in Line 2 in Listing 4 represents the current
state of the AUV and is initialised using the keyword init with the state start_task. To record how
many meters of the pipeline have already been inspected, the variable d_insp in Line 3 represents
the distance of the pipeline that the AUV has already inspected, it is initialised with 0. The variable
inspect represents the desired inspection length and it can be set by the user during design time.
Since the number of times a thruster failed impacts how much the AUV deviates from its path,
the variable t_failed can be increased if a thruster fails while the AUV follows the pipeline. It is
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bounded by the influence a thruster failure can have on the system (infl_tf) that can be set by the
user during design time.

As an example for the use of the active keyword, consider the command in Lines 12–15, which
can be read as follows. If the system is in state search_high and the feature high is active, then with
a probability of 0.59, the system changes its state to found, with a probability of 0.4 it changes to
search_high and with a probability of 0.01 it changes to recover_high. These are exactly the black
transitions shown in Figure 4 exiting from state search high. This command also has an action
label, step. Using this action label, it synchronises with the environment module and the feature
controller. The blue transitions exiting state search high in Figure 4 are modelled in Lines 16–17
(in the five-altitudes model, additional transitions to the states search_lowmed and search_medhigh

with the respective guards are added). If the model is in state search_high, but the feature low or med
is active, indicating that the AUV should go to the respective altitude, then the state is changed to
the respective search state. The transitions exiting the states search_med and search_low are mod-
elled similarly (as well as the transitions existing in the states search_lowmed and search_medhigh

in the five-altitudes model). However, the probability of going to the state found is highest from
state search_high and lowest from search_low because the AUV has a wider field of view when
performing the search at a higher altitude. Furthermore, the probability of a thruster failure, i.e., of
going to the respective recover state, is highest in state search_low and lowest in state search_high

because the probability of seaweed getting stuck in the thrusters is higher at a lower altitude. If
the AUV found the pipeline, then a transition to start_task is taken, see Line 21.

From the state start_task, a transition to either start_search or following can be taken, de-
pending on which subfeature of pipeline_inspection is currently active, see Lines 7–8.

From the following state, the transitions that can be taken depend on the variables d_insp and
t_failed. Lines 24–28 consider the case where the distance of the pipeline that has already been
inspected (d_insp) is less than the distance the pipeline should be inspected (inspect) and the
variable t_failed is 0, indicating that there were no recent thruster failures. Then the AUV stays
in the following state and inspects the pipeline one more meter, it loses the pipeline, or a thruster
fails and it transitions to the failure state and increases t_failed if t_failed is not at its maximum.
Lines 29–34 consider the case where d_insp is less than inspect and t_failed is greater than 0. In
this case, the probabilities of following and losing the pipeline depend on the value of t_failed.
The bigger the value, the more likely it is to lose the pipeline because it indicates that the AUV’s
thrusters did not work for some time, causing it to drift off its path. If the already inspected distance
is equal to the required inspection distance, the AUV transitions to the done state (see Line 35) and
finishes the pipeline inspection. If the AUV lost the pipeline (see Line 38), then a transition to
start_task is taken and the variable t_failed is set to 0 again.

When the AUV is in a recovery state, it can either stay there for another time step or exit it
again to the state from where the recovery was triggered (see Line 41).

All commands in the module auv are labelled with step. Thus, every transition receives a time

reward of 1, i.e., the time advances with every transition the AUV takes, see Lines 4–6 of Listing 1.

4.4 The Environment

The Behavioural Model of the Environment. The only parameter of the environment we consider
in our model is the water visibility. We model it with a value that we assume to be bounded by a
minimum and a maximum visibility that depend on where the AUV is deployed and can be set by
the user during design time. We assume that changes in the water visibilty occur probabilistically
with a probability of currents which also depends on the place of deployment of the AUV and can
be set by the user during design time. Thereby, we reflect the uncertainty about how the environ-
ment will behave. We used two different behavioural models for the environment, a symmetric and
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Fig. 5. The behaviour of the environment (modified from [69]); the probabilities of increasing and decreas-
ing water visibility (inc_prob and dec_prob, respectively) can be used to model different behaviour of the
environment; the minimum and maximum visibility depend on where (in which kind of water conditions)
the AUV is deployed.

1 module env i ronment

2 w a t e r _ v i s i b : [ m i n _ v i s i b . . m a x _ v i s i b ] i n i t round ( ( max_v i s ib −m i n _ v i s i b ) / 2 ) ;

3 [ s t e p ] t r u e −> dec_prob : ( w a t e r _ v i s i b ' =

4 ( w a t e r _ v i s i b = m i n _ v i s i b ? m i n _ v i s i b : w a t e r _ v i s i b −1) )

5 + i n c _ p r o b : ( w a t e r _ v i s i b ' =

6 ( w a t e r _ v i s i b = m a x _ v i s i b ? m a x _ v i s i b : w a t e r _ v i s i b + 1 ) )

7 + (1 − ( dec_prob + i n c _ p r o b ) ) : t r u e ;

8 endmodule

Listing 5. The ProFeat environment module of the case study, where the variables dec_prob and
inc_prob have to be instantiated to model different behaviours of the environment.

an asymmetric one. Their behaviour is depicted in Figure 5, where inc_prob denotes the probability
of increasing water visibility and dec_prob the probability of decreasing water visibility. With the
asymmetric behaviour of the environment, the water visibility decreases by 1 with the probability
of currents cp, i.e., dec_prob=cp, while it stays the same or increases by 1 with probability (1-cp)/2,
i.e., inc_prob=(1-cp)/2. If the water visibility is already at the minimum visibility, the water visibility
stays the same with probability (1+cp)/2 = 1-inc_prob and, at maximum visibility, it stays the same
with probability 1-cp = 1-dec_prob. With the symmetric behaviour, we set inc_prob=dec_prob=cp

and calculate the cases for minimum and maximum visibility as shown in Figure 5. The focus of
this article is on modelling and verifying an abstract variant of the AUV, not prioritising a realistic
model. Therefore, we chose two simple environment behaviours to analyse if and how the envi-
ronment can influence the behaviour of the AUV. The environment model can easily be enhanced
with more realistic specifications. Instantiating the values of minimal and maximal visibility as
well as the probability of currents of the environment together with selecting a desired length of
pipeline that should be inspected provides scenarios which we will use for analysis, see Section 5.1.

The Implementation of the Environment in ProFeat. The environment is modelled in a separate
environment module, see Listing 5. The variable water_visib in Line 2 reflects the current water
visibility and is initialised parametrically, depending on the minimum and maximum visibility. The
function round() is pre-implemented in the PRISM language and rounds to the nearest integer. The
environment module synchronises with the AUV module via the label of its action, step. Since the
guard of the only action in the environment module is true, the environment executes a transition
every time the AUV module does. By decoupling the environment module from the AUV module,
we obtain a separation of concerns which makes it easier to change the model of the environment
if needed.

For the asymmetric environment, the variables for increasing and decreasing the water visibility
are instantiated as inc_prob=(1-current_prob)/2 and dec_prob=current_prob whereas for the sym-
metric environment these variables are instantiated as inc_prob=dec_prob=current_prob/2 where
current_prob is the variable reflecting the probability of currents.
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5 Analysis

ProFeat automatically converts models to the PRISM input language for quantitative analysis, e.g.,
by statistical or probabilistic model checking. To analyse a PRISM model, properties can be spec-
ified in the PRISM property specification language, which includes several probabilistic temporal
logics like PCTL [53], CSL [3], or probabilistic LTL [4]. For family-based analysis, ProFeat extends
this specification language to include properties depending on feature selection through the key-
word active.5

The model translated into the PRISM input and property specification language can be inter-
preted by various (probabilistic) model checking tools. In our experiments, we report on analyses
with PRISM and Storm 6 [54], depending on the properties to be investigated. Since PRISM works
well together with ProFeat, we used it whenever possible. However, for parametric model check-
ing and multi-objective reasoning, Storm is considered as the state-of-the-art [35, 58], providing in
general better functionality and performance. We thus opted to use Storm for parameter synthesis
and multi-objective reasoning experiments (see reporting in Sections 5.5 and 5.6).

In our analysis, we used the standard settings for both PRISM and Storm. For the parametric
analysis with Storm, the chosen parameters are reported in the respective section. All experiments
were conducted on a MacBook Pro with an Apple M1 chip and 16 GB memory.

The analysis of the model considered five different aspects: (1) the rewards time, energy_3alt
and energy_5alt were used to compute safety guarantees that can be used for the deployment of
the AUV using PRISM, see Section 5.2; (2) reachability of safe/unsafe states was analysed using
PRISM, see Section 5.3; (3) we analysed how the different environments introduced in Section 4.4
influence the analysis results using PRISM, see Section 5.4; (4) minimal and maximal rewards with
unspecified probability of currents were computed to determine the possible range of the rewards
using Storm, see Section 5.5; (5) finally, we analysed tradeoff properties between the time and
energy rewards using Storm in Section 5.6. Note that it is not necessary to analyse whether the
model satisfies the constraints of the feature model because ProFeat automatically ensures this. Of
course, a more complex analysis can be done in addition to the analyses presented in this article.
Our intention in this section is to give a taste of possible analyses that demonstrate the feasibility
and applicability of our approach.

5.1 Parameter Setup for the Scenarios

The operators used for analysis in this article are P and R, which reason about probabilities of events
and about expected rewards, respectively. Since we use Markov decision processes (which involve
non-determinism), these operators must be further specified to ask for the minimum or maximum

probability and minimum or maximum expected cost, respectively, for all possible resolutions of
non-determinism.

In our analyses, we used four different scenarios, two of them with an undefined value for the
probability of currents. The values used in these scenarios are reported in Table 2. Scenario 1 is in
the North Sea, where the minimum and maximum water visibility (in 0.5 meter units) is relatively
low and the probability of currents is relatively high. In this case, only 10 meters of the pipeline
have to be inspected. Scenario 2 is in the Caribbean Sea with a higher minimum and maximum
visibility and a lower probability of currents compared to the North Sea, as well as 30 meters of
pipeline that have to be inspected. Scenarios 3 and 4, are parametric versions of Scenarios 1 and 2,
respectively. That is, they are the North Sea and the Caribbean Sea scenarios, where the value of

5ProFeat constructs within PRISM properties are specified using bracketing ${...} to ensure a well-formed translation
to the PRISM property specification language.
6https://www.stormchecker.org/index.html
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Table 2. Four Different Scenarios Used for Analysis; in Scenarios 3 and 4 the Probability of
Currents current_prob is Left as a Parameter

Scenario min_visib max_visib current_prob inspect

1 (North Sea) 1 10 0.6 10

2 (Caribbean Sea) 3 20 0.3 30

3 (Parametric North Sea) 1 10 x 10

4 (Parametric Caribbean Sea) 3 20 x 30

Table 3. The Probabilities of a Water Visibility Change in
Scenarios 1 and 2

Scenario 1 Scenario 2

Environment inc. dec. stag. inc. dec. stag.

symmetric 0.30 0.30 0.40 0.15 0.15 0.70
asymmetric 0.20 0.60 0.20 0.35 0.30 0.35

Table 4. The Thresholds for Possible
Altitudes for All Four Scenarios

Scenarios

Threshold 1&3 2&4

lowmed 2.8 6.4
med 4.6 9.8
medhigh 6.4 13.2
high 8.2 16.6

the variable current_prob is left unspecified. We use Scenarios 3 and 4 for the parametric analyses
in Sections 5.4 and 5.5 and Scenarios 1 and 2 for the other analyses.

The probability of currents of the scenario influences how the water visibility changes. The prob-
abilities for increasing, decreasing or stagnant water visibility in Scenarios 1 and 2 with symmetric
and asymmetric environments are listed in Table 3. It can be seen that with the symmetric environ-
ment, staying at the same water visibility has by far the highest probability in Scenario 2 while the
difference between increasing/decreasing and staying at the same water visibility is much smaller
in Scenario 1. With the asymmetric environment, however, the situation is reversed. Here, decreas-
ing the water visibility has a much higher probability than increasing or stagnating in Scenario 1,
while the difference between the probabilities is very small in Scenario 2, with the probability of
increasing or stagnant water visibility being a bit higher than the probability of decreasing.

Furthermore, the minimum and maximum visibilities of the scenarios influence the thresholds
at which the managing subsystem can choose specific altitudes, they are listed in Table 4 for both
scenarios. The altitude difference between the thresholds for Scenarios 1 and 3 is 1.8, while the
difference is 3.4 for Scenarios 2 and 4. Therefore, increasing or decreasing water visibility can cause
an increasing or decreasing number of possible altitudes of the AUV much faster in Scenarios 1
and 3 than in Scenarios 2 and 4. Consider for example a situation in the five-altitudes case study
where the water visibility is 6.4 which allows all altitudes apart from high in Scenarios 1 and 3 and
the altitudes low and lowmed in Scenarios 2 and 4. Then it is possible that high can be activated in
two time steps in Scenarios 1 and 3 if the water visibility increases in both time steps, but it is only
possible to activate med after at least four time steps in Scenarios 2 and 4.

We first analysed for Scenarios 1 and 2 in both models whether it is always possible to finish
the pipeline inspection, i.e., to reach the state done. This could be confirmed since the minimum
probability for all resolutions of non-determinism of eventually reaching the state done is 1.0.

Note that the analysis results of the three-altitudes model with the asymmetric environment
reported in the following sections are different from those obtained in our previous article [69]
where we also used the asymmetric environment. The difference between the model from our pre-
vious article (hereafter called the “old model”) and the three-altitudes model in this article are the
thresholds at which adaptation can be triggered. In this article, we divided the space in which the
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1 R { " e n e r g y _ 3 a l t " } min =? [ F $ { s =done } ] ;

2 R { " e n e r g y _ 3 a l t " } max=? [ F $ { s =done } ] ;

Listing 6. Analysis using the rewards.

AUV can operate (between min_visib and max_visib) into five equally big parts to accommodate
switches between the five different altitudes in the five-altitudes model. To enable a comparison
between the analysis results of the three- and five-altitudes models, we used a subset of the thresh-
olds defined for the five-altitudes model also for the three-altitudes model instead of the thresholds
defined in the old model. Thus, the thresholds at which the managing subsystem can switch be-
tween altitudes are different, allowing different configurations for the two versions of the model
at certain water visibilities. For example, using Scenario 2, the threshold med_visib is defined as
approximately 5.7 in the old model but as 9.8 in this article’s models. Similarly, the threshold
high_visib is defined as approximately 11.3 in the old model and as 16.6 in this article’s mod-
els for Scenario 2. Therefore, using the old model with Scenario 2, the managing subsystem can
switch between the features low and med if the water visibility is above 5.7, increasing the energy
consumption. However, in the three-altitudes model of this article, the managing subsystem has to
choose the feature low if the water visibility is below 9.8. Similarly, the managing subsystem of the
old model can switch between the three altitudes with lower water visibilities than the managing
subsystem of the three-altitudes case study of this article. This enables the managing subsystem
of the old model to choose a strategy that results in a higher maximum energy consumption than
is possible for the three-altitudes model in this article because this strategy is not possible for the
managing subsystem of this article. Therefore, the maximum energy consumption with the old
model is much higher than the energy consumption with the three-altitudes model of this article.

5.2 Reward Properties

The rewards time, energy_3alt, and energy_5alt were used to analyse safety properties related
to the execution of the AUV in the model. Since the AUV has only a limited amount of battery,
an estimation of the energy needed to complete the mission is required. This ensures that the
AUV is only deployed for the mission if it has sufficient battery to complete it. The commands in
Listing 6 were used to compute the minimum and maximum expected energy_3alt reward (for all
resolutions of non-determinism) to complete the mission. Since the model includes three reward
structures, the name of the reward has to be specified in {"..."} after the R operator. Similarly, the
minimum and maximum expected energy_5alt and time rewards to complete the mission were
analysed, the latter to give the system operators an estimate of how much time the mission might
take. The execution time of the analysis in PRISM for the three-altitudes case study took at most
3.8 seconds while the analysis for the five-altitudes case study took at most 15.5 seconds. For both
case studies, the most time-consuming analysis was analysing the maximum time of Scenario 2
with the asymmetric environment.

The results for the two models in Scenarios 1 and 2 as well as with symmetric and asymmet-
ric environments are reported in Table 5. For analysing the three-altitudes model, the reward
energy_5alt was not used and therefore marked as N/A (Not Applicable) because it refers to states
that are not present in the three-altitudes model. It can be seen that the variation of the param-
eters in the two scenarios strongly influences the expected energy and time of the mission. The
difference between minimum and maximum expected energy and minimum and maximum ex-
pected time for Scenario 2 are significantly bigger than for Scenario 1. In particular, the maximum
expected energy and time are much higher for Scenario 2 than for Scenario 1.

Furthermore, the behaviour of the environment has an interesting impact on the analysis re-
sults. In Scenario 1, the minimum rewards are slightly higher in the asymmetric environment
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Table 5. Expected Min-/maximum Rewards for Completing the Mission for the Two
Models Concerning both Scenarios and Environments

3-Altitudes 5-Altitudes

Scenario Environment Property Result Result

1

symmetric

min 24.7839 19.3133
energy_3alt

max 139.6440 263.5274
min N/A 24.5033

energy_5alt
max N/A 310.3349
min 23.7951 23.5909

time
max 66.2743 131.4976

asymmetric

min 24.7844 21.2382
energy_3alt

max 31.4667 32.3222
min N/A 24.7015

energy_5alt
max N/A 37.5475
min 23.8917 23.8389

time
max 27.1616 32.5339

2

symmetric

min 59.0823 49.8592
energy_3alt

max 382.1825 998.8417
min N/A 58.5831

energy_5alt
max N/A 1159.4918
min 56.4871 56.1615

time
max 173.2865 468.0138

asymmetric

min 59.0823 49.6258
energy_3alt

max 963.8585 2753.7185
min N/A 58.5826

energy_5alt
max N/A 3011.3884
min 56.3243 56.0297

time
max 341.9468 972.3262

while the maximum rewards are at least 2.4 times higher with the symmetric environment for
all reward structures. However, in Scenario 2, the minimum rewards are slightly higher in the
symmetric environment while the maximum rewards are at least 2 times higher with the asym-
metric environment. Several factors influence these results and have to be consulted to explain
this phenomenon:

(1) The probability of currents is higher in Scenario 1 than in Scenario 2 which leads to different
probabilities for increasing or decreasing the water visibility, see Table 3;

(2) The inspection length is longer in Scenario 2 than in Scenario 1;
(3) The difference between the minimum and maximum visibility is higher in Scenario 2 than in

Scenario 1, which means that the water visibility has to increase or decrease more to allow
for more or less possible altitudes, respectively, see Table 4;

(4) With the symmetric environment, increasing and decreasing the water visibility has the
same probability, whereas with the asymmetric environment, increasing and staying at the
same altitude has the same probability.

In Scenario 1, a decrease of the water visibility leads to a decrease in the number of possible alti-
tudes very fast because the thresholds at which different altitudes can be activated are relatively
close together compared to Scenario 2, see Table 4. Therefore, the asymmetric environment, where
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the probability of decreasing the water visibility is very high for Scenario 1, see Table 3, does possi-
bly not allow as many altitude switches as the symmetric environment because the water visibility
might often be low. This might lead to a higher maximum energy consumption with the symmetric
environment since it allows more altitude switches. The higher maximum time for the symmetric
environment can be explained similarly. Time advances with every transition of the combined
transition system of the managed and managing subsystem and the environment. Switching
between altitudes of the managed subsystem is one such time step during which it is impossible
to find the pipeline. Therefore, increasing the switches between altitudes increases the maximum
time the AUV takes to finish the pipeline inspection. As described before, altitude switches are
more likely in the symmetric environment which thus leads to a higher maximum time reward.

In Scenario 2, the water visibility has to increase much more than in Scenario 1 to allow a higher
altitude of the AUV, see Table 4. With the symmetric environment, the probability of the water
visibility staying the same is much higher than an increase or a decrease in the water visibility, see
Table 3. Therefore, it is less likely to increase the water visibility to a point where a higher altitude
is allowed, which leads to a higher maximum energy and time with the asymmetric environment
(the argumentation is similar to the one for Scenario 1).

It can also be seen that in all experiments, the five-altitudes model enables a mission to happen
in less time and with less energy compared to the three-altitudes model, independent of the chosen
energy reward. Thus, in these scenarios and with these environment behaviours, it is beneficial to
enable the AUV to operate at five instead of three altitudes.

It might seem counter-intuitive that the five-altitudes model with the reward energy_3alt does
not give the same results as the three-altitudes model with this reward; we give an explanation for
this here. Considering the minimum expected energy, searching at a lowmed or medhigh altitude or
switching to and from these altitudes does not cost energy with the energy_3alt reward because
these altitudes are not part of the three-altitudes model. Therefore, the five-altitudes model, which
allows these altitudes, enables a lower minimum energy_3alt reward than the three-altitudes
model since the managing subsystem can choose a strategy with lowmed and medhigh altitudes
which do not increase the energy_3alt reward. Concerning the maximum expected energy_3alt

reward, we investigated the strategy for obtaining this maximum reward in both models. Inter-
estingly, the strategy in the five-altitudes model includes going to lowmed altitude if the water
visibility is below med_visib. If the water visibility is below med_visib, the managing subsystem
can hinder the AUV from finding the pipeline by continually switching between low and lowmed.
To understand this, note that there is only a probability of finding the pipeline if the current search
altitude matches the active navigation subfeature as, e.g., in Lines 12–15 of Listing 4. If, on the
other hand, the current search altitude is different from the active navigation subfeature, then the
AUV will change with probability 1 to the search state corresponding to the active navigation

subfeature, see, e.g., Line 16 of Listing 4, and there is no probability of finding the pipeline dur-
ing this transition. Therefore, unless the water visibility drops below lowmed_visib, the managing
subsystem in the five-altitudes model can choose a strategy that increases the energy_3alt reward
without enabling it to find the pipeline. It can be observed that here, again, the scenario and the
behaviour of the environment influence how much impact this strategy can have on the maximal
energy_3alt reward. The highest impact can be achieved in Scenario 2 with the asymmetric envi-
ronment where the maximum energy_3alt reward in the five-altitudes model is ≈2.86 times higher
than in the three-altitudes model.

Note that analysing the maximum rewards is a worst-case analysis. Any reasonable adaptation
strategy would not choose to, e.g., maximise the energy consumption by continually switch be-
tween altitudes if the goal of the system is to do a pipeline inspection. Nonetheless, it can be
interesting to do this worst-case analysis.
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1 l a b e l " u n s a fe " = s = r e c o v e r _ h i g h | s = recover_medhigh | s = recover_med | s = recover_ lowmed

2 | s = r e c o v e r _ l o w | s = r e c o v e r _ f o l l o w i n g ;

3 l a b e l " s a f e " = s = l o s t _ p i p e | s = s t a r t _ t a s k | s = s t a r t _ s e a r c h | s = s e a r c h _ h i g h

4 | s = search_medhigh | s = search_med | s = search_lowmed | s = s e a r ch_ low

5 | s = found | s = f o l l o w i n g | s =done ;

6

7 Pmin =? [G " s a f e " ] ;

8 f i l t e r ( avg , Pmax=? [ F <=k " u n s a f e " ] , " s a f e " ) ;

9 f i l t e r ( min , Pmin =? [ F <=k " s a f e " ] , " u n s a f e " ) ;

Listing 7. Analysis of unsafe states.

In conclusion, the analysis revealed that the scenario and the environment behaviour can have a
big impact on the expected rewards. It can therefore be beneficial to evaluate a model with different
scenarios and environment behaviours. Furthermore, increasing the granularity of the model by
enabling more altitudes at which the AUV can operate provided lower expected minimum rewards
in our model, giving an indication that increasing the granularity of the model can be beneficial.

5.3 Unsafe States

Thruster failures, although we assume that they can be repaired, pose a threat to the AUV since
unforeseen events like strong currents might cause the AUV to be damaged, e.g., by causing it
to crash into a rock. Even though the possibility of, e.g., a crash is not modelled in our model,
we showcase how thruster failure states can be analysed. To analyse this, the state space was
partitioned into two parts, safe and unsafe states. This was achieved by using labels, see Lines 1–5
of Listing 7 for the labels of the five-altitudes model. The labels of the three-altitudes model only
contain the states present in this model. These labels were then used to calculate the probability
of several properties regarding reachability of safe/unsafe states. Each of the analyses in PRISM
took less than half a second.

Safe States. The minimum probability of only taking safe states (see Line 7) was shown to be
≈0.65 for Scenario 1 and ≈0.32 for Scenario 2 in the two models and with both symmetric and
asymmetric environments. As expected, the probability of only taking safe states is higher for a
shorter pipeline inspection. It is interesting to see that the probability of only taking safe states
is influenced by neither the behaviour of the environment nor the number of possible altitudes of
the AUV even though the probability of going to an unsafe state depends on the altitude of the
AUV, i.e., it is higher the lower the altitude of the AUV, see Section 2. The altitude at which the
AUV can operate then depends on the environment. However, it seems that both of them do not
influence the probability of only taking safe states as the results are always exactly the same.

Safe to Unsafe. We analysed this phenomenon further by analysing the probability of going
from a safe state to an unsafe state in the two models with both scenarios and environments.
In this way, we hope to find a relation between probabilities concerning safe and unsafe states
and the two models and environments. This is analysed with the property in Line 8 of Listing 7.
First, the maximum probability (over all possible resolutions of non-determinism) for reaching an
unsafe state from a safe state is calculated, and then the average is taken. PRISM experiments allow
analysing this property automatically for a specified range of k, in our experiments, the time steps.
The plotted graphs for Scenarios 1 and 2 with the three- and five-altitudes models are displayed in
Figure 6. The values for the symmetric and asymmetric environments were the same so they are
not annotated separately.

The graphs show that the probability of reaching an unsafe state from a safe state increases with
the number of considered time steps. Furthermore, in Scenario 2, the probability stabilises much
later and at a higher value than in Scenario 1. While the average probability of reaching an unsafe
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Fig. 6. Results for reaching an unsafe state from a safe state in k time steps for Scenarios 1 and 2 with the
three-altitudes and five-altitudes model; more concretely, for a fixed k, the maximum probability of reaching
an unsafe state from a safe state is calculated over all possible resolutions of non-determinism, after which
the average value is taken.

state from a safe state stabilises after about 42 time steps at ≈0.21 in Scenario 1, it stabilises after
about 70 time steps at ≈0.42 in Scenario 2. As can be seen from the graphs, the differences between
the three- and five-altitudes models are marginal. For example, for Scenario 2, after 50 time steps
the probabilities differ by only 0.0022. In conclusion, for these experiments concerning safe and
unsafe states, the environment did not influence the calculated probabilities, and the number of
possible altitudes only had a minor effect on them.

Unsafe to Safe. It is also important to ensure that a safe state will be reached from an unsafe state
after a short time, as, e.g., in Line 9, where k is an integer. For every unsafe state, the minimum
probability (for all possible resolutions of non-determinism) of reaching a safe state within k time
steps is calculated. Then the minimum over all these probabilities is taken. Thus, it gives the mini-
mum probability of reaching a safe state from an unsafe state in k time steps. PRISM experiments
showed that for the two models in both scenarios and environments, the probability of reaching
a safe state from an unsafe state is above 0.95 after 5 time steps and above 0.99 after 7 time steps.
Thus, for this analysis about safe and unsafe states, the behaviour of the environment and the
number of altitudes again does not influence the result.

5.4 Different Environments

To analyse how distinct implementations of the environment, as described in Section 4.4, influ-
ence the difference between the minimum and maximum rewards for the three- and five-altitudes
models, we conducted PRISM experiments with the models for Scenarios 3 and 4. That is, the
probability of currents, which is a parameter in Scenarios 3 and 4, was left unspecified, and we
asked PRISM to plot the graphs for minimum and maximum energy as in Listing 6. Each of the
experiments in PRISM took less than 35 seconds when concerning a step size of 0.01 for the prob-
ability of currents. Considering the same model and scenario, the experiments for minimal energy
took less time than the experiments for maximal time, and the experiments with the symmetric
environment took less time than the ones with the asymmetric environment.

Figures 7 and 8 show the plotted graphs for minimum and maximum energy in Scenario 3,
respectively, with the symmetric and asymmetric environments. The dotted lines show the values
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(a) Symmetric environment (b) Asymmetric environment

Fig. 7. The graphs for minimum expected energy in Scenario 3 where the probability of currents
current_prob is left as a parameter; they show the dependency of the minimum expected energy on the
parameter current_prob.

(a) Symmetric environment (b) Asymmetric environment

Fig. 8. The graphs for maximum expected energy in Scenario 3 where the probability of currents
current_prob is left as a parameter; they show the dependency of the maximum expected energy on the
parameter current_prob.

for the five-altitudes model with energy_5alt which assigns rewards to all states, including the
intermediate ones. The solid lines show the values for the three- and five-altitudes models with
energy_3alt which only assigns rewards to states present in both models. The graphs for Scenario 4
look similar and are therefore not displayed here.

It can be seen that the five-altitudes model can achieve a lower expected minimal energy re-
ward with both environments, especially with the energy_5alt reward. Therefore, considering the
scenarios and environments described in this article, it seems that enabling the AUV to operate
at more altitudes provides an advantage. However, the influence of the number of altitudes varies
with the chosen environment model. With the asymmetric environment, the difference between
the three- and five-altitudes model decreases much more with an increasing probability of currents
compared to the symmetric environment.

For the maximum expected energy reward, the results for the five-altitudes model are again
higher than the ones for the three-altitudes models. However, with increasing probability of cur-
rents, the difference between the results of the three- and five-altitudes models decreases, with
the asymmetric environment they are almost the same with probabilities of currents above 0.4.
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1 storm−p a r s −−pr ism model . pr i sm −−prop " R { \ " e n e r g y _ 3 a l t \ " } min =? [ F _s = done ] "

2 −−mode f e a s i b i l i t y −− f e a s i b i l i t y : method p l a −− d i r e c t i o n min

3 −− r e g i o n " 0 . 3 < = c u r r e n t _ p r o b < = 0 . 8 " −−g u a r a n t e e 0 . 0 0 0 1 abs

Listing 8. Analysis of rewards with parametric probability of currents using Storm.

Furthermore, for probabilities of currents less than 0.1 with the symmetric environment and less
than 0.3 with the asymmetric environment, the maximum expected energy consumption is very
high, independent of the chosen model. Therefore, one should consider using a different model of
the AUV when employing it in scenarios with low probabilities of currents. If, however, the prob-
ability of currents is above 0.3, the experiments suggest that a higher number of possible altitudes
for the AUV could provide an overall better performance: The minimum expected energy is lower
and the maximum expected energy consumption is not so much higher. In future work, it would
be interesting to investigate if these results can be replicated for even more possible altitudes.

5.5 Reward Properties with Varying Probability of Currents

The probability of currents as specified in our scenarios is only an estimate and can also vary de-
pending on the season. However, the AUV should be able to operate in all different environments
with all possible probabilities of currents. Furthermore, it would be useful to have information on
the extreme probabilities of currents for the AUV, i.e., obtain worst- and best-case probabilities
of currents, to schedule pipeline inspection missions depending on the environmental settings. In
this case, it can be useful to leave the probability of currents underspecified, i.e., as a parameter,
and analyse the range of minimum and maximum expected rewards depending on the instantia-
tion of the probability of currents. Parametric model checking [50] provides dedicated methods to
analyse Markovian models where transition probabilities may involve parameters. While PRISM
supports parametric model checking through a reimplementation of the seminal parametric model
checker PARAM [50], recent advancements in the field are mainly achieved within the Storm model
checker [58]. In fact, already predecessors of the parametric engine of Storm clearly outperformed
both, PRISM and PARAM in both functionality and speed [35]. This could also be witnessed in the
following experimental studies on parametrised AUV models, where PRISM was not able to pro-
vide results within a reasonable time. With Storm, however, the analysis of all reported properties
took less than 11 seconds where the analysis for the three-altitudes model took less than 4 seconds.

In the models for parametric model checking, we left the probability of currents as a single
parameter. To analyse the minimum expected energy_3alt reward depending on the instantiation
of current_prob, the command in Listing 8 was used. The binary storm-pars invokes the parametric
model-checking engine of Storm that can be used with PRISM files by specifying the PRISM files to
be analysed after --prism. The property to be analysed can be specified after --prop. Here, the same
property as specified in Line 1 of Listing 6 is used. Since the property does not contain a bound for
the reward, we have to specify with --direction min that the reward should be minimised. That is,
for all possible instantiations of current_prob, Storm computes the minimal expected reward for
energy_3alt, providing an interval of values whose lower bound is given. The upper bound can be
found by using --direction max.

Storm supports several different engines for storm-pars which are called modes and have to be
specified after --mode. In the experiments, we use the feasibility mode to find parameter values
such that the specified property holds. In the feasibility mode, either parameter lifting (pla) [72]
or gradient decent (gd) can be used and specified after --feasibility:method. The --region option
can be used to specify the region of the parameter, and --guarantee to specify how close the result
should be to the optimal value.
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Table 6. Parametric Model Checking in Scenario 3 with Asymmetric Environment for Parametric
Probability of Currents with 0.3≤current_prob≤0.8

3-Altitudes 5-Altitudes

Property Direction Result current_prob Result current_prob

energy_3alt
min

min 24.7844 0.55 19.1614 0.300015259
max 24.7844 0.55 22.0147 0.799992371

max
min 27.9799 0.799999762 28.0336 0.799999523
max 239.8359 0.300003815 545.114 0.300007629

energy_5alt
min

min N/A N/A 24.4879 0.30012207
max N/A N/A 24.7843 0.76875

max
min N/A N/A 30.8068 0.799998093
max N/A N/A 621.3432 0.300007629

time
min

min 23.7638 0.30012207 23.5507 0.300061035
max 23.8936 0.7375 23.8937 0.76875

max
min 25.4847 0.799996185 28.3323 0.799996185
max 97.5207 0.300003815 226.3386 0.300007629

We used Scenario 3 with the asymmetric environment and parametric probability of currents
for parametric analysis where we restricted the probability of currents to be between 0.3 and 0.8.
The used interval for the probability of currents is an estimate and can be made more realistic
by consulting domain experts. Similarly to the command in Listing 8, we analysed the minimum
and maximum rewards for energy_3alt, energy_5alt and time both in minimum and maximum
direction, providing an interval of possible values for each of them.

The results of the analysis are reported in Table 6 and are two-fold: they provide an interval of
possible values for each property and optimal values for the probability of currents to minimise
or maximise the property. Consider for example minimising the energy_3 reward for finishing the
pipeline inspection as in Line 1 of Listing 6. The results of the analysis can be found in the first two
lines of Table 6 where the “min direction” provides the lower bound of possible values, and the
“max direction” an upper bound. Therefore, in the three-altitudes model, the energy_3alt reward is
always 24.7844, whereas it is in the interval [19.1614, 22.0147] in the five-altitudes model with the
lower bound achieved with current_prob≈0.3 and the upper bound achieved with current_prob

≈0.8. Thus, the lower and upper bounds in the five-altitudes model are achieved with the minimal
and maximal possible value of current_prob.

Note that the results of Table 6 are also reflected in the graphs of Figures 7(b) and 8(b). As an
example, consider the maximum energy_3alt reward in the three-altitudes model. Table 6 shows
that the minimum of all maximal rewards (with probability of currents between 0.3 and 0.8) is
achieved with a probability of currents of almost 0.8 at a value of approximately 24, and the max-
imum of all maximal rewards is achieved with a probability of currents of ≈0.3 at a value of ≈239.
The red line in Figure 8(b) also shows these values. However, while PRISM experiments provide
a way to see how one or several parameters influence the model over the whole parameter space,
parametric model checking with Storm focuses on computing only the extreme values. With both
techniques, it is possible to specify how close one wants to be to the optimal solution. In the case of
parametric model checking with Storm, this can be done explicitly by defining a guarantee, while
it can only be done implicitly with PRISM experiments by setting the step size for the parameter.
When using PRISM experiments, the (close to) optimal result has to be determined by inspecting
the calculated values which can be tedious. Parametric model checking with Storm, on the other
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1 m u l t i ( R { \ " t ime \ " } < = 2 3 . 8 9 1 8 [ F _s =done ] , R { \ " e n e r g y _ 3 a l t \ " } < = 2 4 . 7 8 4 5 [ F _s = done ] )

2 m u l t i ( R { \ " t ime \ " } min = ? [ F _s =done ] , R { \ " e n e r g y _ 3 a l t \ " } < = 2 4 . 7 8 4 5 [ F _s = done ] )

3 m u l t i ( R { \ " t ime \ " } min = ? [ F _s =done ] , R { \ " e n e r g y _ 3 a l t \ " } min =? [ F _s = done ] ) −−

m u l t i o b j e c t i v e : e x p o r t p l o t p l o t /

Listing 9. Multi-objective queries.

hand, provides this information by default. Therefore, depending on the required results, one or
the other technique should be chosen.

We only display the results for Scenario 3 with the asymmetric environment here to give a
taste of the possible analysis. Analysing the same properties with Scenario 3 and the symmetric
environment or with Scenario 4 is possible but takes much more time. For example, the analysis
in Listing 8 for Scenario 3 with the asymmetric environment took less than two seconds, while
it took approximately 25 minutes for Scenario 4 with the same environment. Since Scenario 4
represents a longer pipeline inspection than Scenario 3, the model is much bigger which could
explain this difference. However, further investigation is needed to explain why the analysis with
the symmetric environment is so much slower.

It would also be interesting to use parametric model checking with a completely parametric
scenario. However, the values of min_visib and max_visib are used to calculate the thresholds
for changing between the search altitudes. Therefore, they cannot be left unspecified, making
parametric model checking with a completely parametric scenario unfeasible for our case study.

5.6 Multi-objective Queries

The queries considered until now only considered one property at a time. For example, in
Section 5.2, we asked for the minimum and maximum time and minimum and maximum energy
rewards for finishing a pipeline inspection. However, intuitively, there is a tradeoff between fin-
ishing the pipeline inspection in a short time (minimising the reward time) and consuming less
energy (minimising the rewards energy_3alt and energy_5alt). To minimise time, one wants to
go to a higher altitude if possible because the probability of finding the pipeline is higher. On the
other hand, switching between altitudes takes a lot of energy and should be avoided when min-
imising the energy rewards. Therefore, it is interesting to analyse the time and energy rewards in
combination, which can be done using multi-objective queries.

PRISM and Storm allow three different types of multi-objective queries7, 8: (1) achievability

queries, asking whether it is possible to achieve two properties at the same time, (2) numerical

queries, leaving the threshold of one property open and asking for the optimal value of the thresh-
old, and (3) Pareto queries, where both thresholds are open. To analyse the tradeoff between time
and energy rewards we employed the probabilistic model checker Storm, as it provided superior
functionality and performance for multi-objective analysis compared to PRISM. For all analyses
in this section, we used the three-altitudes model with Scenario 1 and asymmetric environment
to exemplify the possible analyses. The multi-objective analysis in Storm took at most a bit more
than a millisecond.

Achievability Queries. First, we wanted to know if there really is a tradeoff between minimising
time and energy. To analyse this, we used the property in Line 1 of Listing 9 for the achievability
query. This represents the question: “Does there exist a strategy for finishing the inspection such
that the expected time reward is less than or equal to 23.8918 and the expected energy_3alt reward
is less than or equal to 24.7845?”. The values used in this query are close to the optimal values as

7https://www.prismmodelchecker.org/manual/PropertySpecification/Multi-objectiveProperties
8https://www.stormchecker.org/documentation/background/properties.html#multi-objective-model-checking
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reported in Table 5. The result of this query is false, so it is not possible to finish the inspection
with both minimal time and minimal energy. However, if we change the values to 23.9 for the
reward time and to 24.8 for the reward energy_3alt, then the result is true. Thus, even though it
is not possible to achieve minimal time and energy, it is almost possible.

Numerical Queries. Using numerical queries, we can determine how close to optimal the strat-
egy can be. More specifically, we ask the following question: “What is the minimal expected time

reward for finishing the inspection over all strategies for which the expected energy_3alt reward
for finishing the inspection is less than or equal to 24.7845?”, see Line 2 of Listing 9. The result is
≈23.8937 which differs from the optimal result by less than 0.002. It is also interesting to know the
maximum time reward given an almost optimal energy_3alt reward. This is achieved by replacing
R{"time"}min with R{"time"}max in Line 2. Interestingly, the result only differs from the minimal
time reward by ≈0.00007.

Similarly, we analysed the minimal and maximal expected energy_3alt reward over all strategies
for which the expected time reward is less than or equal to 23.8918, which both returned ≈24.7893
as a result. Thus, also in this case, the difference between the optimal and the expected value is
minimal and the minimal and maximal expected rewards are the same.

Pareto Queries. The previous paragraphs described how to determine whether two properties
can be achieved at the same time, and how well one property can be achieved given a threshold
for the second property. Another interesting problem is to leave the thresholds for both properties
open and ask for the achievable and Pareto-optimal points, we only consider them informally here
and refer the interested reader to [43, 73] for additional explanations.

Consider the case where we want to minimise two objectives as before in this section. Informally,
a point P = (x ,y) is achievable, if there exists a strategy such that the expected value for the first
objective is less or equal to x and the expected value for the second objective is less or equal to y.
The point P is Pareto-optimal if it is achievable and every point P ′ = (x ′,y ′) � P with x ′ ≤ x and
y ′ ≤ y is not achievable. To analyse achievable and Pareto-optimal points, we used the property in
Line 3 of Listing 9 which also gives the files for plotting the achievable and Pareto-optimal points
as shown in Figure 9.

The five Pareto-optimal (time, energy_3alt) points computed by Storm are:

(23.89184492, 24.78901283), (23.89174364, 24.7958376), (23.89373384, 24.78443418),
(23.89280945, 24.78621552), (23.89338681, 24.78505311).

Comparing these pairs with the (non-achievable) optimal pair (23.89170189, 24.78439125), we see
that the time reward diverges by at most 0.00203195 and the energy_3alt reward by at most
0.01144635, and the sum of the pair has at most a difference of 0.0114881 to the optimal pair.
Therefore, contrary to our initial intuition, it is almost possible to achieve the optimal result for
both minimal time and minimal energy.

6 Related Work

The analysis of behavioural requirements is often crucial when developing an SAS that operates in
the uncertainty of a physical environment. These requirements often use quantitative metrics that
change during runtime. Both rule-based and goal-based adaptation logics can be used to enable the
SAS to meet its behavioural requirements. Many practitioners rely on formal methods to provide
evidence for the system’s compliance with such requirements [65, 87], also outside the context
of SASs [7], but a plethora of different methods are used [2, 56]. Recently, AUV behaviour was
modelled and analysed with timed automata and UPPAAL [75].
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Fig. 9. Achievable points for minimising the rewards time and energy_3alt with the three-altitudes model,
Scenario 1 and asymmetric environment.

6.1 SPLs for Self-adaptive and Robotic Systems

SPLs have previously been proposed to model variability for robotic systems, focusing on static
variability modelled during design time [46]. In [18], it is argued that most of the costs for robotic
systems come from non-reusable software. A robotic system mostly contains software tailored
to the specific application and embodiment of the robot, and often even software libraries for
common robotic functionalities are not reusable, so they must be re-developed all the time. Thus,
they proposed a new approach for the development of robotic software using SPLs. For robotics, the
authors in [46] propose the toolchain HyperFlex to model robotic systems as SPLs; it supports the
design and reuse of reference architectures for robotic systems and was extended with the Robot
Perception Specification Language for robotic perception systems in [20]. It allows to represent
variability at different abstraction levels, and feature models from different parts of the system
can be composed in several different ways. However, contrary to the approach used in this article,
HyperFlex only considers design time variability. Furthermore, it is only used for modelling robotic
systems, not for analysing them.

DSPLs have been proposed to manage variability during runtime [33, 49, 51, 57]. Several ap-
proaches model SASs as DSPLs to account for runtime variability such as, e.g., [15, 30, 36, 47,
52, 63, 78]. These approaches focus on modelling SASs using DSPLs and not on formal analy-
sis. DSPLs have also been proposed to manage variability during runtime in the context of self-
adaptive robots [19].

6.2 Family-based Model Checking

The benefits of family-based model checking using an annotative approach are outlined in the
aforementioned seminal work on FTSs by Classen et al. [25, 26, 28]. Properties of FTSs can
be verified by dedicated family-based model-checking tools such as SNIP [24], ProVeLines [31],
fNuSMV [25], and FTS4VMC [8]. Based on this work on FTSs, several other approaches with var-
ious modelling languages and formalisms have been proposed [10, 16, 44, 85]. Furthermore, well-
known model checkers have been made amenable to family-based model checking by suitable
abstractions and encodings applied to the input languages of, e.g., PRISM [23, 42], Maude [64],
SPIN [38, 39], mCRL2 [9, 13], and NuSMV [37]. A clear advantage of relying on such well-
established and highly optimised model checkers is to avoid having to maintain dedicated SPL
model checkers.
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Also parametric model checking [34, 50] has been used for the family-based analysis of SPLs [48,
77]. While we use the techniques to synthesise optimal parameters for a SAS environment, the
existing techniques use probability parameters to encode variability.

In this article, we used ProFeat [23], a software tool built on top of the de-facto standard input
language of PRISM for the analysis of feature-aware probabilistic models. ProFeat hence enables
all functionalities provided by the probabilistic model checkers PRISM [62] and Storm [54] also
for feature-oriented systems, including analyses by statistical, parametric, and probabilistic model
checking. Besides ProFeat, also QFLan [11, 84] offers a powerful modelling language and tool to
analyse quantitative SPLs, focusing on probabilistic simulations to yield statistical approximations,
trading 100% precision for scalability.

6.3 Feature-oriented Analysis of SASs

Dubslaff et al. [42] modelled and analysed a self-adaptive energy-aware server system using
feature-oriented formalisms. There, the feature controller for dynamically switching features only
sets constraints on self-adaptation and does not actively perform the adaptation actions as the
managing subsystem does in our article. Chrszon et al. [21] have modelled and analysed SASs us-
ing feature-oriented approaches by means of multi-product lines. Specific for their approach is the
concept of roles that correspond to features but besides activating (“admitting a role”) also distin-
guish actively performing role actions (“role playing”). While not explicitly separating managed
and managing subsystem, their role manager takes on the purpose of managing subsystem and
allows for multiple managed subsystems (e.g., multiple robots in a production pipeline). This ap-
proach has also been extended to the quantitative setting and family-based model checking was
used to analyse the reliability of a self-adaptive robotic cell [22].

7 Discussion and Future Work

In this article, we have demonstrated how a self-adaptive AUV system can be modelled and anal-
ysed using feature-oriented approaches. To this aim, we considered a two-layered SAS architecture
of a self-adaptive AUV used for pipeline inspection. The variability of the managed subsystem was
modelled as a feature model and the behaviour of the resulting (feature) configurations was mod-
elled as a probabilistic (featured) transition system that also encodes the transitions between con-
figurations. The managing subsystem was modelled as a feature controller switching between fea-
tures and thereby enabling different behaviour (i.e., operation modes) of the managed subsystem.

We modelled the case study in the tool ProFeat and used it for family-based probabilistic model
checking of both reward and safety properties via both PRISM and Storm. In particular, we anal-
ysed safety guarantees concerning an AUV’s mission duration and energy usage as well as con-
cerning the reachability of (un)safe states, the impact that different environments have on these
safety guarantees, to what extent environmental conditions affect the AUV, and tradeoffs between
mission duration and energy usage. For a more realistic analysis of an AUV, both the models of
the AUV and of the environment, and in particular the probabilities, will have to be adapted to
the robot and the environment with the help of real data and domain experts. The models will
have to be extracted from the real system at the correct level of abstraction to verify the desired
properties. We plan to further investigate this together with an industrial partner of the MSCA
network REMARO (Reliable AI for Marine Robotics).

7.1 Using SPL Techniques for Modelling and Analysing SASs

In this article, we have used a feature-oriented approach for modelling and analysing the two-
layered self-adaptive AUV. This allowed us to model the managed subsystem of the AUV as a family
of systems (or products), where each family member corresponds to a valid configuration of the
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AUV. The managing subsystem could then be considered as a control layer capable of dynamically
switching between these feature configurations depending on both environmental and internal
conditions. ProFeat was used for probabilistic family-based model checking, analysing reward and
safety properties.

The ProFeat tool allowed us to directly model the two different layers of the SAS, the managed
and managing subsystem, which also makes it easier to understand the model as well as the adap-
tation logic. Furthermore, it made analysing all configurations of the managed subsystem more
efficient by enabling family-based (SPL) model checking. However, it remains to be seen how this
scales with larger models than the ones considered in this article. Alternatively, it would also be
possible to model the case study without a feature-oriented approach by encoding the features as
variables. Besides others, the transitions of the managed and managing subsystem, which would
then use these variables, would need to explicitly take care of staying within valid feature con-
figurations. ProFeat conducts this approach in an automated manner, internally transforming the
feature-oriented model into a PRISM model agnostic to features. The theoretical underpinning of
this transformation requires several technicalities, which are difficult to ensure when done man-
ually [41]. Even in our small case study, the number of transitions in the managed subsystem
increased from 44 to 351 when transforming the ProFeat model into a PRISM model. This increase
is mainly due to the required synchronisation between the managed and managing subsystems,
where a correct modelling is ensured by the transformations.

A particular aspect of our work is the use of a two-layered model to analyse self-adaptation
in the managing subsystem of the AUV. This allows us to not only model and analyse a family
of configurations of the managed subsystem by means of family-based model checking, but also
model and analyse the self-adaptation strategy by means of a feature controller which switches
between these configurations depending on the so-called uncertainties of the uncontrolled envi-
ronment in which the AUV operates. This feature controller, which dynamically changes between
products in the configuration space of the managed subsystem, has similarities to variability man-
agement in dynamic SPLs; in our work, we explore this approach to not only model but also analyse
self-adaptive behaviour in AUVs. Our case study suggests that family-based modelling and anal-
ysis of SASs using ProFeat and (probabilistic) model checking is both a very natural and feasible
approach.

The case study in this article is of course an abstract model of an AUV and its mission. How-
ever, we showed through an extensive set of analyses that it is feasible to model and analyse a
two-layered self-adaptive cyber-physical system as a family of configurations with a controller
switching between them.

7.2 Future Work

In the future, we plan to investigate which kinds of SASs can be modelled and analysed follow-
ing the overall approach applied to this case study, aiming to propose a general methodology
for modelling and analysing SASs as family-based systems. Furthermore, we plan to find optimal
strategies for the managing subsystem, i.e., the controller switching between features to, e.g., min-
imise energy consumption. We would also like to find patterns between choosing a certain feature
configuration and the effect of this choice on quality criteria for the system. Finding such control
patterns could help to improve the adaptation logic of the managing subsystem to be more resilient
towards faults. Another interesting research direction would be to include the model into a real
system and update, e.g., the probabilities using real-time information. Then the model could be run
regularly to re-verify system properties upon model updates. Finally, we would like to investigate
how our approach scales with larger system models than the ones considered in this article.
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