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Fuzzy System Dynamics Risk Analysis (FuSDRA) of
Autonomous Underwater Vehicle Operations in the
Antarctic

Tzu Yang Loh ,1,∗ Mario P. Brito,2 Neil Bose,3 Jingjing Xu,4 and Kiril Tenekedjiev1,5
Q1

With the maturing of autonomous technology and better accessibility, there has been a grow-

Q2

Q3

ing interest in the use of autonomous underwater vehicles (AUVs). The deployment of AUVs
for under-ice marine science research in the Antarctic is one such example. However, a higher
risk of AUV loss is present during such endeavors due to the extreme operating environment.
To control the risk of loss, existing risk analyses approaches tend to focus more on the AUV’s
technical aspects and neglect the role of soft factors, such as organizational and human influ-
ences. In addition, the dynamic and complex interrelationships of risk variables are also often
overlooked due to uncertainties and challenges in quantification. To overcome these short-
falls, a hybrid fuzzy system dynamics risk analysis (FuSDRA) is proposed. In the FuSDRA
framework, system dynamics models the interrelationships between risk variables from dif-
ferent dimensions and considers the time-dependent nature of risk while fuzzy logic accounts
for uncertainties. To demonstrate its application, an example based on an actual Antarctic
AUV program is presented. Focusing on funding and experience of the AUV team, simula-
tion of the FuSDRA risk model shows a declining risk of loss from 0.293 in the early years
of the Antarctic AUV program, reaching a minimum of 0.206 before increasing again in later
years. Risk control policy recommendations were then derived from the analysis. The ex-
ample demonstrated how FuSDRA can be applied to inform funding and risk management
strategies, or broader application both within the AUV domain and on other complex tech-
nological systems.
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1. INTRODUCTION

1.1. Autonomous Underwater Vehicles (AUVs)
and Risk of Loss

AUVs are robotic devices that are self-powered
and piloted by onboard computer systems. With the
maturing of autonomous technology and better ac-
cessibility, there has been a growing interest in the
use of AUVs for various scientific, commercial, and
military applications. Under-ice marine science re-
search in the Antarctic is one such example of us-
age (Cadena, 2011; Jenkins et al., 2010; Nicholls et al.,
2006). Beneath Antarctic’s ice lie unique ecological,
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geological, and physical oceanographic ecosystems
that harbor valuable information on the Earth’s cli-
mate system and biogeochemical cycles. It also of-
fers insights into other similar cold icy worlds such as
that of Jupiter’s moon Europa, Saturn’s moons Ence-
ladus and Titan, and even Neptune’s moon Triton
(Cooper, 2016).

However, the use of AUVs in the Antarctic

Q4

presents challenges such as ice cover, inaccessibil-
ity, and limited field season. The extreme environ-
ment also tests the technological limits of the AUV
and the onsite team both physiologically and psy-
chologically (Gunderson, 1967). Therefore, it is not
surprising that the risk of AUV loss during under-
ice deployment in the Antarctic is higher as com-
pared with open water missions (Brito, Griffiths, &
Challenor, 2010). Previous risk analysis of the Auto-
sub 3 AUV showed the median probability of AUV
loss for under-sea ice missions to be 4.9 times higher
than that of open water missions. Risk of loss for un-
der ice-shelf missions is even higher, with the me-
dian probability 9.4 times higher than open water
missions (Brito et al., 2010). In 2005, Autosub2, an
AUV owned by the National Oceanography Cen-
tre, Southampton, United Kingdom, was lost during
an Antarctic mission with unknown exact cause of
loss (Griffiths & Collins, 2006). In another report, a
SeaBED AUV owned by the Woods Hole Oceano-
graphic Institution (WHOI) in Massachusetts was
stuck under Antarctic ice during a mission and had
to be recovered (Waters, n.d.). Seaglider SG522, an
underwater glider owned by the University of East
Anglia, United Kingdom, was lost at the Weddell Sea
in the Antarctic due to erroneous parameters set by
the AUV operator (Brito, Smeed, & Griffiths, 2014).

The loss of an AUV can have several adverse
consequences. For instance, it can result in higher
insurance premiums for the AUV community, delay
to research projects, damage to the reputation of the
AUV community, loss of valuable research data, and
a possibility of harming the delicate Antarctic envi-
ronment (Griffiths & Collins, 2006). It is therefore
imperative that risk of loss be analyzed and man-
aged effectively for any deployment of AUVs in the
Antarctic.

1.2. Existing Risk Analysis Approaches

The most widely adopted definition of “risk” is
that it is a combination of the severity of an event (or
scenario) and the likelihood of that scenario occur-
ring (Kaplan & Garrick, 1981). Risk analysis, there-

fore, refers to the process to comprehend the nature
of risk and to express the risk, with available knowl-
edge (“Society for Risk Analysis Glossary,” 2015).
In the AUV domain, Griffiths and Brito (Brito &
Griffiths, 2016; Griffiths & Brito, 2008, 2011) and
their colleagues (Griffiths, Brito, Robbins, & Moline,
2009) set the foundation by carrying out extensive
risk studies using probabilistic models such as the
Kaplan–Meier estimator, Bayesian Belief Network
(BBN) and Markov chains to analyze historical fail-
ure fault log data of AUVs. These models, usually
applied in synthesis with expert’s judgment, enable a
probability of AUV loss to be predicted. In a differ-
ent approach, Bian, Mou, Yan, and Xu (2009) pro-
posed the use of a fuzzy fault tree for reliability anal-
ysis of AUVs. Although the study focuses solely on
technical reliability, it demonstrates how the incorpo-
ration of fuzzy logic into fault tree analysis copes with
the lack of data and accounts for uncertainties. In re-
cent risk studies, more attention has been devoted to
systemic issues, such as the role of organizational and
human factors in the overall risk of AUV loss during
deployment. Brito and Griffiths (2012) applied sys-
tem dynamics models to analyze the impact of mul-
tiple AUVs deployments on risk mitigation efforts.
Based on a generic risk model, their study repre-
sents a proof of concept for using system dynamics in
risk analysis. Although the study lacks a structured
framework and validation of the model, several ways
to improve the approach, including the integration
of expert’s judgment to establish the interrelation-
ships between risk variables were suggested. A risk
management framework that focused on both human
and organizational factors was proposed by Thieme,
Utne, and Schjolberg (2015). Based on human relia-
bility analysis (SPAR-H), fault tree, and event tree
analysis, application of the framework found “inter-
nal faults of the AUV” as the most likely cause of
AUV loss during a mission. Although the focus on
organizational and human factors represents a sig-
nificant development in risk analyses approaches to
reduce risk of AUV loss, there still exists room for
improvements.

1.3. Shortfalls

Three main shortfalls were identified despite
the progress made in risk analyses approaches in
reducing risk of AUV loss. First, existing approaches
often view AUV incidents as a chain of events,
neglecting the complex interrelationship between
risk factors leading to systemic issues. Second, much
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of the existing focus still lies on the technical aspects
of the AUV and neglects other risk dimensions such
as human, organizational, social, political, and envi-
ronmental influences. In particular, soft factors, such
as the reputation of organization or attitude of an
AUV team member, which are difficult to quantify
are most often overlooked. Last, many existing ap-
proaches are discrete based, and they do not capture
the time dependency of risk factors effectively, such
as aging of the AUV with time. As a result of these
shortfalls, most AUV operations still adopt early
risk management strategies that are unsuitable for
modern-day AUV operations (Brito, 2017).

These analysis shortfalls are not unique to the
AUV domain and have been addressed separately
in other fields. To better account for the time-
dependent risk factors as well as the underlying
complex relationships, there has been a gradual
shift in risk analysis focus from static chain of event
models to complex dynamic risk models (Hollnagel,
Pariès, Woods, & Wreathall, 2013; Katsakiori,
Sakellaropoulos, & Manatakis, 2009). The use of
holistic, dynamic, and system-based approaches for
risk analysis started to gain traction after the inves-
tigations of several high-profile industrial accidents
such as the Three Mile Island accident (Herndl,
Fennell, & Miller, 1991), Bhopal gas tragedy (Aini &
Fakhrul-Razi, 2010), and the Chernobyl nuclear dis-
aster (Pidgeon & O’Leary, 2000). Although all three
accidents were attributed, at least partially, to human
errors of operators, these were the long-term effect
of other systemic issues such as production pressure,
poor workforce planning, weak governance, lack of
communication channels, poor resource planning,
or placing a priority on productivity over safety
(Leveson, 2011). In a more recent development,
there has been an increasing interest in the contribu-
tion of intangible soft factors to risk, an aspect often
neglected in the past due to difficulty in quantifica-
tion. Using a myriad of different approaches, soft
factors ranging from organizational safety culture
(Guldenmund, 2010) to personal beliefs (Nakay-
achi, Johnson, & Koketsu, 2018) and personalities
(Sween, Ceschi, Tommasi, Sartori, & Weller, 2017)
are now being considered in many risk studies.

This research presents a hybrid FuSDRA ap-
proach for risk analysis of AUV operations in the
Antarctic. Utilizing the strengths while overcoming
weaknesses of system dynamics and fuzzy logic, the
proposed approach addresses existing risk analysis
shortfalls. The application of FuSDRA reveals a set
of systemic behaviors influencing the risk of AUV

loss. Through these insights, risk control policies can
be recommended, with the eventual goal of achiev-
ing both better control and monitoring of risks. This
article is organized as follows: Section 2 describes the
FuSDRA approach. Section 3 presents an example
of FuSDRA application on an Antarctic AUV pro-
gram. Section 4 discusses the benefits, limitations,
and scope for future work. Finally, Section 5 con-
cludes the article.

2. METHODOLOGY

2.1. System Dynamics

Forrester (1958) established the field of system
dynamics in the mid 1950s for analysis of dynamic
complex systems. Sterman (2000) further demon-
strated the application of system dynamics to facili-
tate learning about the dynamic complexity of a sys-
tem, understand the sources of policy resistance, and
aid design of more effective policies.

The fundamentals of system dynamics lie in the
field of feedback control, demonstrating how the
structure of the system with its feedback loops are
responsible for its dynamic behavior. The main el-
ements of system dynamics models are feedback
processes, expressed through reinforcing and bal-
ancing loops (Fig. 1(a)), stock and flow structures
(Fig. 1(b)), and time delays. A reinforcing loop is one
where an initial change influences more of the same
change while a balancing loop seeks an equilibrium
by counteracting change. Stock represents the state
of the system that accumulates or depletes over time
while flows define the rate of change in a stock. This
can be represented by the following Equation (1):

d
dt

(Stock) = inflow (t) − outflow (t). (1)

Stocks characterize the system state by provid-
ing inertia and memory, which can also lead to time
delays when a difference between inflow and outflow
rate exist.

System dynamics is an objective-oriented deter-
ministic approach. It can overcome existing risk anal-
ysis shortfalls of AUV operations in the Antarctic
by modeling the complex interrelationships between
risk variables of different risk dimensions. In addi-
tion, the use of stock and flow models expressed us-
ing differential equation notation also takes into ac-
count the dynamism of time-dependent risk factors.
This strength of system dynamics is well recognized
outside of the AUV domain and demonstrated in risk



1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

UNCORRECTED
PROOF

4 Loh et al.

Fig. 1. (a) An example of a causal
loop diagram showing both reinforc-
ing feedback R© and balancing feedback
loop (B) and (b) an example of a simple
stock and flow diagram.

studies across various disciplinary boundaries, from
chemical (Garbolino, Chery, & Guarnieri, 2016),
mining (Cooke, 2003) to aerospace (Dulac et al.,
2005). However, the deterministic nature of system
dynamic models does not explicitly account for un-
certainties in causal relationships and soft factors.
This limitation has resulted in the recent develop-
ment of various hybrid system dynamics approaches
(Alvanchi, Lee, & AbouRizk, 2011; Magdy, 2008;
Pruyt, 2007) as well as qualitative system dynamics
models (Coyle, 2000). Here, we propose the integra-
tion of fuzzy logic with system dynamics to overcome
this limitation.

2.2. Fuzzy Set Theory

Zadeh (1965) generalized the concept of multi-
valued logic and established fuzzy set theory. Fuzzy
set theory utilizes mathematical logic to account for
human subjectivity and uncertainty. In contrast to
traditional Boolean logic where an element either be-
longs or does not belong to a set, fuzzy logic takes
a less rigid view and reflects more naturally each el-
ement’s association with a particular set (Fig. 2). It
does so by using a membership function µ(x) that as-
signs membership values of between 0 and 1 to its
elements x, defined as

µ (x) : X → [0, 1] (2)

Another fundamental concept to the theory is
that of linguistic variables. Linguistic variables are
words or sentences in natural language that are

Fig. 2. Crisp boundaries of Boolean logic as compared to a smooth
transition between risk level categories represented by fuzzy logic.

often vague in nature (Zadeh, 1975). They are used
in day-to-day conversations to represent opinions,
easily comprehensible by most listeners, and are in-
dependent of the measuring system. For instance,
“risk” is a linguistic variable if its values are described
in linguistic terms of “low,” “moderate,” “high,” or
“extreme” instead of numerical values.

Fuzzy-based approaches are often the method
of choice for handling of uncertainties, which in-
cludes the analysis of soft factors (Helton, Johnson,
Oberkampf, & Sallaberry, 2010; Purba, Sony
Tjahyani, Ekariansyah, & Tjahjono, 2015; Unwin,
1986). As a result of this, the use of fuzzy logic
for risk analysis is common in various domains
such as nuclear power plants (Rastogi & Gabbar,
2013), construction (Gürcanli & Müngen, 2009), and
medical fields (Lee & Wang, 2011). The transparent
characteristic of fuzzy logic is also the primary reason
why it is chosen in this article to reduce the opacity
of system dynamic risk models.
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2.3. Fuzzy System Dynamics Risk Analysis
(FuSDRA)

Despite being proposed as early as 1994 (Tessem
& Davidsen, 1994), the use of fuzzy system dy-
namics remained relatively uncommon. Khanzadi,
Nasirzadeh, and Alipour (2012) applied the approach
to determine an optimal concession period for build–
operate–transfer infrastructure projects. Nasirzadeh,
Khanzadi, and Rezaie (2014) used fuzzy system dy-
namics models to establish an optimum percent-
age of risk allocation between owners and contrac-
tors, which helps to minimize construction project
cost. Mutingi and Mbohwa (2014) demonstrated how
fuzzy system dynamics approach has the ability to
solve real-world manpower planning problems and
help organizations design more effective manpower
management strategies. To our best knowledge, this
is the first time that the use of fuzzy system dynamics
has been proposed for analyzing operational risk of
autonomous systems. In addition, a systematic and
structured framework to facilitate application and
understanding of the approach is also novel.

The proposed FuSDRA approach follows a
three-stage iterative framework, comprising the
identification of risk variables, risk modeling and risk
evaluation (Fig. 3).

2.3.1. Identification

The first task is to become familiar with the
Antarctic AUV program, the subject area under con-
sideration and to identify domain knowledge sources.
Experts’ knowledge is often the only and the best
source of information for this process (Kuhnert,
Martin, & Griffiths, 2010). As far as possible, the
number of experts to interview should lie between 6
and 12 as recommended by Cooke and Probst (2006).
Experts should have different roles and specialism
in the AUV domain and this can come from AUV
engineers, the program owner, the manufacturers,
or contractors. Additional information can also be
sought from organizational documents such as the
safe work procedures, technical specifications of the
AUV, fault logs, risk assessment records, program
schedules, budget plans, Antarctic deployment plans,
and expected performance requirements.

Tapping into the established domain knowledge
sources, the second task involves identification of
risk variables that can cause or culminate in the
loss of the AUV during an Antarctic deployment.
To ensure comprehensiveness, risk variables from

Fig. 3. An overview of the FuSDRA framework.

different dimensions such as human, organizational,
technical, and external influences should be consid-
ered. Using semistructured interviews with experts
and other identified knowledge sources, causal re-
lationships between risk variables are then identi-
fied and represented in a qualitative causal loop di-
agram (CLD). A CLD enables clear visualization of
the overall feedback structure influencing the risk of
AUV loss during an Antarctic deployment.

2.3.2. Modeling

2.3.2.1. Establish FuSDRA model. The next
task aims to quantify the risk of loss by constructing
quantitative stock and flow models from the quali-
tative CLDs. This is carried out through parameters’
estimation, formulation of behavioral relationships,
and establishing initial conditions. For uncertain
causal relationships between risk variables, fuzzy
logic is applied through a fuzzy expert system. The
use of fuzzy expert system has many advantages.
It provides consistent and objective results, help
support and verify expert’s opinions, and allows
for modeling based on data and knowledge banks
(Zimmermann, 2001). More importantly, it allows



1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

UNCORRECTED
PROOF

6 Loh et al.

Fig. 4. The generic architecture of a fuzzy expert system adapted
from Mendel (2001).

Table I. An Example of the Universe of Discourse, Fuzzy Sets,
and Triangular Membership Function for the Risk Variable

“Annual Utilisation Rate”

Membership Function

Risk Variable

Universe of
Discourse

(Units)
Fuzzy
Sets Min

Most
Likely Max

AUV annual
utilization rate
(time in water)

0–0.5 (year) Minimal – 0 0.125

Low 0 0.125 0.25
Average 0.125 0.25 0.375
High 0.25 0.375 0.5
Extreme 0.375 0.5 –

for a combination of hard and soft factors as well as

Q5

uncertain causal relationships to be modeled. The
generic architecture of a fuzzy expert system, which
involves determining the universe of discourse,
defining fuzzy sets and membership functions, and
constructing fuzzy rules is shown in Fig. 4 (Mendel,
2001). The universe of discourse is the numerical
range of possible values associated with the risk
variable. To ascertain a fuzzy set, a list of typical ad-
jectives associated with the risk variable is identified.
The membership function then defines the degree to
which a parameter belongs to a particular fuzzy set.
An example of universe of discourse, fuzzy sets, and
membership functions for the risk variable “AUV
Annual Utilisation Rate” is shown in Table I. Fuzzy
rules, usually elicited from experts, then infer infor-
mation using linguistic variables and fuzzy sets to
produce an output in a process called fuzzy inference.
Two of the most commonly used fuzzy inference
methods are the Mamdani and Assilian (1975) and

Sugeno (1985) inferences. Finally, a crisp output
value is derived through defuzzification using meth-
ods such as the centroid method, weighted average
method, center of sums, center of largest area, mean-
max membership, or max-membership principal
(Leekwijck & Kerre, 1999; Zhao & Govind, 1991).

The resultant fuzzy expert systems are incorpo-
rated with the stock and flow models to construct hy-
brid fuzzy system dynamics risk models. To do so, the
stock and flow model is first converted into a block
diagram. To demonstrate this, consider the stock and
flow diagram given in Fig. 5(a). The stock variable
“Number of AUV Engineers” (Engr) changes via
flow variables “Hiring” and “Attrition,” which are in-
fluenced by parameters “Hiring Rate” (HR) and “At-
trition Rate”’ (AR). The corresponding integral equa-
tion of the model up to this point can be written as

Engrt = Engr0 +
t
∫
0

(HR − AR) × Engr × dt. (3)

However, the HR is further influenced by “Sup-
ply of Labour” and “Workload in AUV Team,”
where causal relationships are harder to quantify de-
terministically due to uncertainty. To model this, a
fuzzy expert system can be established through the
elicitation of experts’ opinion and integrated into the
stock and flow model using a block diagram. The
resultant fuzzy system dynamics model is shown in
Fig. 5(b).

2.3.2.2. Model testing, simulation, and scenario
analysis. To ensure relevance and suitability for its
intended purpose, the established FuSDRA models
should then be tested, reviewed, and calibrated. A
wide variety of tests are available in the literature
for both system dynamics models and fuzzy expert
systems. These can be broadly classified into model
structure, model behavior, and policy implications
tests (Sterman, 2000). The choice of tests often de-
pends on several factors such as time and resource
availability, size of the model, and purpose of the
model. Any unexpected behavior revealed during the
tests must be investigated and improvements made to
the model accordingly. Once sufficient confidence is
gained, simulation and scenario analysis can be un-
dertaken. The types of scenarios to be analyzed are
selected based on discussion with the AUV team and
decision maker in the AUV program; the result of
which is a set of systemic behavior influencing the
risk of AUV loss in the Antarctic.
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Fig. 5. (a) An example of stock and
flow diagram to be modeled with fuzzy
system dynamics; (b) corresponding
fuzzy system dynamics block diagram
of Fig. 5(a).

2.3.3. Evaluation

To evaluate risk, simulation results are com-
pared against predetermined organizational evalua-
tion criterion. For instance, this can be an acceptable
probability of AUV loss based on the capital and op-
erating cost of the AUV (Gwyn Griffiths & Collins,
2006). Insights attained through analysis of the risk
models can improve mental models of decision-
makers and lead to the identification of leverage
points. For example, the CLD can be used to commu-
nicate risk, identify missing information and dispell
misconception (Atman, Bostrom, Fischhoff, &
Morgan, 1994). The eventual aim is to derive and
recommend risk control policies to prevent loss of
AUV in the long run. To ensure the effectiveness
and pragmatism of the recommended risk control
policies, it is critical that decision-makers, experts
and other key stakeholders in the AUV program are
closely involved in the entire FuSDRA process.

The FuSDRA approach does not end in this last
step of the iterative framework. During the analy-
sis process itself, new risk factors and information
can surface during both the modeling and evaluation
stage of the framework. As a result, the analysis must
return to the task of identification to enhance the risk
model. Even upon completion of the analysis, the
inclusion of new information, filling of data gaps and

review of models need to be performed on a regular
basis to maintain relevancy and more refined analy-
sis of risks. Revisiting the analysis also helps to re-
fresh knowledge and facilitate open discussions. This
will ensure the effectiveness and sustainability in con-
trolling the risk of AUV loss for future Antarctic
deployments.

2.4. Software

For this work, Vensim
R©

(“Vensim User Guide,”
2017) was chosen for system dynamics modeling,
which includes both CLDs and stock and flow di-
agrams. It has the advantage of a user-friendly in-
terface, dimensional checks and visual clarity. The
fuzzy expert systems were developed using the
MATLAB R© fuzzy logic toolbox 2017 (“Fuzzy Logic
Toolbox User’s Guide,” 2017). This tool provides
a comprehensive and user-friendly environment to
build and evaluate fuzzy systems.

System dynamics models from Vensim
R©

were
converted into block diagrams to construct the
fuzzy system dynamics models with the MATLAB R©

Simulink toolbox 2018 (“Simulink R© User’s Guide,”
2015). This tool allows for the construction of math-
ematically complex systems involving many risk vari-
ables. More importantly, it enables the incorporation
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of fuzzy expert systems with system dynamics models
with relative ease.

3. APPLICATION EXAMPLE

3.1. Overview

To demonstrate the FuSDRA approach, it was
applied to an actual Antarctic AUV program. The
nupiri muka AUV program is funded by the Aus-
tralian government through the Antarctic Gateway
Partnership and managed by the University of Tas-
mania. The partnership initiative aims to build polar
research capability in Tasmania and the AUV pro-
gram supports this by enabling the conduct of marine
scientific research in the Antarctic. The Explorer-
class AUV has the capability to explore depths of up
to 5,000 m, a present cruising range of 140 km and
allows for diverse scientific payload requirements to
acquire high-resolution data.

Delivered in May 2017, the first Antarctic de-
ployment to the Sørsdal Glacier took place during
the summer field window, between December 2018
and February 2019. The nupiri muka AUV is still rel-
atively new at the time of writing, with very limited
historical data for any meaningful probabilistic risk
quantification. The high level of uncertainty makes
the FuSDRA approach highly suitable for analyzing
the long-term risk of AUV loss.

3.2. Identification

The AUV operating team in the University of
Tasmania consists of a facility manager, a research
engineer, and an engineer. They serve as the primary
information source throughout the entire risk analy-
sis process and were elicited through a series of both
individual and group interviews. The semistructured
interview for an individual consist of 11 questions
including both open and closed questions. The group
interviews were unstructured discussions focused
on reviewing conflicting information provided by
the interviewees to better understand the different
perspectives, and to achieve a consensus. Other
knowledge sources included data from trial runs,
information from the manufacturer’s operating
manual, direct observations, standard operating
procedures, risk assessments records, and literature
on under-ice missions of other AUVs. Two common
issues that may affect long-term survivability of the
AUV were brought up by all members of the AUV

Table II. Identified Risk Variables Influencing the Risk of AUV
Loss for the nupiri muka AUV

Risk Dimension Risk Variable (s)

Organizational 1. Utilization rate
2. Allocated annual HR budget
3. Reputation in AUV operations
4. Third-party AUV hire contracts
5. Research demand

Human 6. Average experience of AUV team
7. Human error incidents

Technical 8. Technical and system faults
9. Effective AUV age

10. Reactive maintenance costs
11. Preventive maintenance costs
12. Total expenses of maintenance

External 13. Commercial demand

team. They are the securing of funding to ensure the
long-term sustainability of Antarctic deployments
and the hiring of niche talent who are experienced in
polar AUV operations. For example, an interviewee
mentioned:

Getting our finances right is one of the biggest risks. If
we do not have the right finance, we will not be able to
run the vehicle in the first place. The vehicle costs a lot
of money to run and so that money has to come from
somewhere.

The FuSDRA approach was applied to examine
the impact of these two issues on the risk of AUV
loss. Other risk variables associated with the two is-
sues were also identified through the interviews, as
presented in Table II.

Through the interviews, causal relationships be-
tween the risk variables were also identified. For in-
stance, an interviewer highlighted the causal relation-
ship between “Effective AUV Age,” “Technical and
System Faults,” and “Reactive maintenance cost”:

We have to be able to maintain the vehicle, have the bud-
get, because in three to five years’ time, some things need
to be replaced or keep up to date.

Each causal link was verified by the AUV team
during group discussions and supported with litera-
ture when possible. The final diagram (Fig. 6.), grad-
ually established through the series of interviews, had
a resultant reinforcing loops R1 and R2, and balanc-
ing loops B1 and B2. This diagram was reviewed and
validated through group discussions, with frequent
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Table III. Formulations, Definitions, and Initial Conditions for the Stock and Flow Diagram Presented in Fig. 7

Risk Variable Definition Equation

Allocated annual
HR budget

Amount of budget to be allocated for human resources in the
AUV program. Affects recruitment, turnover, and training.

Function of (third-party AUV hire contracts),
(reputation in AUV operations) and
(expenditure)

Uncertaina

Average experience
of AUV team

Average experience of the primary AUV team in AUV
operations.

INTEG (change in experience)
Initial value = 2 years
INTEG = numerical Integration

Baseline aging of
components and
systems

Aging of AUV components and systems that are independent
of usage.

0.2 years per year (for each year in operation)

Change in AUV
effective age

Rate at which the effective age of the AUV increases. MAX (baseline aging, relative utilization rate)
MAX = maximum of two alternatives

Change in
experience

The amount of experience gained or lost due to turnover or
training of staff.

Function of (allocated annual HR budget)
Uncertain

Change in
reputation

Changes to reputation of the University of Tasmania in AUV
operations.

Function of (research demand) and (incident rate)
Uncertain

Commercial
demand

Pool of potential customers hiring the AUV at a specific
period considering the costs, awareness, regulations,
geographical limitations, and economic conditions. Utilizes
an arbitrary range of 0–10 where higher number indicates
higher demand.

5.0: Average commercial demand

Designed utilization
rate

The expected utilization rate considered by the AUV
manufacturer during design and production of the AUV.
Measured in time spent in water.

50% annually

Effective AUV age Basis of remaining useful life, which can be less than actual
calendar age of the AUV.

INTEG (rate of aging)
Initial value = 0

Human error
incidents

Number of recorded human error related incidents. Function of (average experience of AUV team)
Uncertain

Incident rate Overall recorded incident rate, per AUV year in water. (Human error incidents + Technical and system
faults)/Utilization rate

Increase in costs Increase in costs of preventive maintenance as AUV
components and systems deteriorate or become obsolete
with time.

5% annual increase

Preventive
maintenance costs

Amount of spending on routine preventive maintenance. INTEG (increase in costs)
Initial value = 50,000 AUD

Reactive
maintenance costs

Amount of spending on repairs in response to breakdown,
fault, or defect.

10,000 AUD x Technical and system faults

Relative utilization
rate

Actual utilization rate as compared to designed utilization
rate.

Utilization rate/Designed utilization rate

Research demand Amount of internal scientific or engineering research requests
on use of the AUV. Utilizes an arbitrary range of 0–10
where higher number indicates more requests.

5.0: Average research demand

Reputation in AUV
operations

Perceived level of reputation of the University of Tasmania in
AUV operations. utilises an arbitrary range of 0–100 where
higher number indicates better reputation.

INTEG (Change in reputation)
Initial value = 50: average reputation

Risk of AUV loss Likelihood of losing the AUV during a deployment to the
Antarctic.

Function of (incident rate)
Uncertain

Technical and
system faults

Number of recorded technical and system-related faults Function of (effective AUV age)
Uncertain

Third-party AUV
hire contracts

Perceived level of annual third-party AUV hires contracts.
Utilises an arbitrary range of 0–10 where higher number
indicates more contracts

Function of (reputation in AUV operations) and
(commercial demand)

Uncertain
Total expenses of

maintenance
Total expenditure on both preventive and reactive

maintenance.
Reactive maintenance costs + preventive

maintenance costs
Utilization rate The amount of time the AUV spends in water in a year. Function of (reputation in AUV operations)

Uncertain

aBolded uncertain represents presence of random factors somewhere in the functional relationships which may not be deterministically
defined at this point in time.
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Fig. 6. CLD showing causal relationships between identified risk variables and feedback loops.

reassessment of the model until the models converge
sufficiently to be deemed reflective of the real-world
system by all members of the AUV team.

In the reinforcing loops R1 and R2, average
experience of the primary AUV operating team in-
fluences the number of human error incidents during
a deployment. This causality is also supported in
the literature (Reason, 1990; Wiegmann & Shappell,
2012). Human error incidents determine partially
the overall incident rate, which reflects the risk level
of losing the AUV in the Antarctic. Supporting this
causality are several studies that found that human
errors play a significant role in contributing to the
overall risk of AUV loss (Griffiths, Millard, McPhail,
Stevenson, & Challenor, 2003; Ho, Pavlovic,
Arrabito, & Abdalla, 2011; Stokey et al., 1999).
The occurrence of incidents during deployments
can cause delays and adversely impact reputation
of the organization in AUV operations. The level
of research demand also influences the reputation
of the organization through research output such
as the number of research publications. Subjected

to a time delay, reputation of the organization have
an influence over the number of third-party AUV
hire contracts, albeit limited by external commercial
demand. Based on the amount of revenue generated
from AUV hire contracts and gain in reputation con-
tributed by the AUV program, senior management
of the university then determines the amount of bud-
get to be allocated for the AUV program in the next
work year. This includes budget for human resources
(HR), which can impact management strategies in
areas such as recruitment, turnover, and training.
Logically, a higher amount of budget allocation for
HR translates to higher average experience of the
AUV team, thus completing the two reinforcing
feedback loops.

In the B1 balancing loop, reputation of the or-

Q6

ganization in AUV operations determines the level
of future AUV utilization. Higher AUV usage will
result in a higher rate of aging and vice versa. The
effective age of the AUV then directly influences
technical and system failure rate with a typical “bath-
tub” curve relationship consisting of three phases: a
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Table IV-A. Risk Variables and Their Associated Universe of Discourse, Fuzzy Sets, and Membership Functions

Risk Variables Universe of Discourse 
(Units)

Fuzzy Sets and Membership Func�on

Commercial Demand 0 to 10 
(Dimensionless)

Reputa�on in AUV 
Opera�ons.

0 to 100 
(Dimensionless)

Third Party AUV Hire 
Contracts

0 to 10 
(Dimensionless)

Very Low 
Research Demand 0 to 10 

(Dimensionless)

Incident Rate 0 to Posi�ve Infinity, 
in prac�ce usually 
ranges from 0 to 250
(No. of Cases/Year in 
Water)

Change in Reputa�on. –5 to 5 
(Dimensionless)

Risk of AUV Loss 0 to 1 (Dimensionless)

(Continued)
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Table IV-A. (Continued)

AUV Effec�ve Age 0 to 100, in prac�ce 
usually ranges from 0 
to 10 (Years)

Technical and System 
Faults

0 to Posi�ve Infinity, 
in prac�ce usually 
ranges from 0 to 20 
(Cases per Year) 

Actual U�lisa�on Rate 0 to 0.5 
(Percentage of �me 
opera�onal in water)

Allocated HR Budget 0 to Posi�ve Infinity, 
in prac�ce usually 
ranges from 100,000 
to 800,000 (AUD) 

Change in Experience –1.5 to 2 (Years)

Average Experience of 
AUV Team

0 to 50, in prac�ce 
usually ranges from 0 
to 10 (Years)

Human Error Incidents 0 to Posi�ve Infinity, 
in prac�ce usually 
ranges from 0 to 25 
(Cases per Year)

Total Expenses of 
Maintenance.

0 to Posi�ve Infinity, 
in prac�ce usually 
ranges from 50,000 to 
350,000 (AUD per 
Year)
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relatively short infant mortality phase with a decreas-
ing failure rate; a normal operating period with low,
relatively constant failure rate; and a wear-out phase
that exhibits an increasing failure rate. Technical and
system failures determine, partially, the overall inci-
dent rate, which affects reputation of the organiza-
tion and completes the feedback loop.

In the B2 balancing loop, the level of techni-
cal and system failures affects reactive maintenance
costs. Together with preventive maintenance costs,
they make up the total expenses for overall main-
tenance. With a lump-sum budget allocation to the
AUV program, higher spending on maintenance re-
duces the amount of budget allocated to HR and vice
versa.

To better analyze the interactions between feed-
back loops and quantify the risk of AUV loss, con-
struction of the FuSDRA model was carried out next.

3.3. Modeling

Using the CLD as a basis, a stock and flow model
was constructed and shown in Fig. 7. Formulations,
definitions, and initial conditions were established
using information sought from domain knowledge
sources, as shown in Appendix A.

The formulations of causal relationships be-
tween several risk variables in the stock and flow
model were uncertain due to a lack of data points and
the presence of soft factors. These require the appli-
cation of fuzzy logic through fuzzy expert systems to
represent practical scenarios, which is the next step
of the FuSDRA approach.

To develop fuzzy expert systems, the universe of
discourse, fuzzy sets, and membership function of the
risk variables were identified through the semistruc-
tured interviews with each member of the AUV
team. Both triangular and trapezoidal membership
functions were used as they are suited to effectively
capture subjective and imprecise information, as well
as being simple to compute (Barua, Mudunuri, &
Kosheleva, 2014). Aggregation of opinions was per-
formed using the lowest and greatest value provided
by experts as the lower bound and upper bound. The
average value is then used as the modal value (Tadic,
Milanovic, Misita, & Tadic, 2011). Elicitation of fuzzy
rules was then performed through group discussions
with the AUV team using a hypercube matrix. A hy-
percube is a geometric shape of n-dimensions, deter-
mined by the number of input risk variables (McNeil
& Thro, 1994). For instance, a 4D hypercube can be
used for a fuzzy system consisting of four input risk

Table IV-B. Elicited Fuzzy Rules

Input: Commercial Demand, Reputa�on in AUV Opera�ons
Output: Third Party AUV Hire Contracts

Commercial Demand

Poor Average High

Notorious Very Low Low Low

Poor Very Low Low Average

Average Low Average High

Good Low Average High

Reputa�on in AUV Opera�ons

Excellent Low High Very High

Input: Research Demand, Incident Rate
Output: Reputa�on in AUV Opera�ons

Research Demand

Low Average High

Poor Notorious Poor Average

Average Poor Average GoodIncident Rate

Good Average Good Excellent

Input: Incident Rate
Output: Risk of AUV Loss

Risk of AUV Loss

Poor High

Average ModerateIncident Rate

Good Low

Input: AUV Effec�ve Age
Output: Technical and System Faults

Technical and System Faults

Infancy Average

Early Low

Intermediate Very Low

Late Average

AUV Effec�ve Age

Re�ring Very High

Input: Reputa�on in AUV Opera�ons
Output: Actual U�lisa�on Rate

Actual U�lisa�on Rate

Notorious Minimal

Poor Low

Average Average
Reputa�on in AUV Opera�ons

Good High

Excellent Extreme

Input: Allocated Annual HR Budget
Output: Change in Experience

Change in Experience

Very Low High Loss

Low Loss

Normal Minimal Impact

High Gain

Allocated Annual HR Budget

Very High High Gain

Input: Average Experience of AUV Team
Output: Human Error Incidents

Human Error Incidents

Inexperienced High

Some Experience Intermediate

Average Experience Intermediate

Experienced Low

Average Experience of AUV Team

Very Experienced Excellent

Input: Total Expenses of Maintenance, Third Party AUV Hire Contracts, Reputa�on in AUV 
Opera�ons

Output: Allocated Annual HR Budget
Third Party AUV Hire Contracts

Total Expenses of Maintenance = Low
Very Low Low Average High Very High

Notorious Low Low Low Normal Normal

Poor Low Low Normal Normal Normal

Average Low Normal Normal High High

Good Normal Normal High High Very High

Reputa�on in AUV 
Opera�ons

Excellent High Very High Very High Very High Very High

Third Party AUV Hire Contracts
Total Expenses of Maintenance = Average

Very Low Low Average High Very High

Notorious Very Low Low Low Low Normal

Poor Low Low Low Normal Normal

Average Low Normal Normal Normal High

Good Normal Normal High High High

Reputa�on in AUV 
Opera�ons

Excellent High High Very High Very High Very High

Third Party AUV Hire Contracts
Total Expenses of Maintenance = High

Very Low Low Average High Very High

Notorious Very Low Very Low Low Low Low

Poor Very Low Low Low Low Low

Average Low Low Low Normal Normal

Good Low Normal Normal Normal Normal

Reputa�on in AUV 
Opera�ons

Excellent Normal Normal High High Very High
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Fig. 7. Stock and flow diagram with four stocks.

variables and a 3D hypercube for a three-input risk
variable fuzzy system. The fuzzy rules were elicited
from experts in the form of IF-THEN rules such as:

IF Research Demand is High AND Incident Rate is Av-
erage

THEN Reputation in AUV Operations is Good

The universe of discourse, fuzzy sets, mem-
bership functions and fuzzy rules are presented in
Appendix B. Fuzzy inference was then performed
using the Mandani approach as it is widely accepted
for capturing experts’ knowledge (Kaur & Kaur,
2012). Finally, defuzzification was carried out using
the centroid method by finding a point representing
the center of gravity of the aggregated fuzzy set. It
is chosen over other methods as it has the advantage
of being well balanced, sensitive to the height and
width of the fuzzy output, and provides consistent
results (Negnevitsky, 2005). The fuzzy inference and
defuzzification processes were implemented using
MATLAB R© fuzzy logic toolbox 2017 (“Fuzzy Logic
Toolbox User’s Guide,” 2017).

The established fuzzy expert systems were incor-
porated into the system dynamics model by convert-
ing the stock and flow model into a block diagram,
with the resultant model shown in Fig. 8.

The main components of the FuSDRA model
include eight fuzzy logic blocks, representing the
eight uncertain causal relationships formulations in
the stock and flow model (Appendix A). There are
four integrator blocks that compute the level of stock
variables, “AUV Effective Age,” “Average Experi-
ence of AUV Team,” “Reputation in AUV Opera-
tions,” and “Preventive Maintenance Costs.” Despite
the nupiri muka being relatively new in operation,
the primary AUV team had experience working on
other AUVs such as the UBC-Gavia and the Memo-
rial University Explorer AUV. Therefore, the initial
average experience for the team was set at two years.
Initial conditions for reputation in AUV operations
was set as average, at 50%, due to positive public-
ity of the nupiri muka AUV program despite lim-
ited historical track record. For “Preventive Mainte-
nance Costs,” the initial value was set at 50,000 AUD
with a 5% annual increase to account for inflation,
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Fig. 8. Fuzzy system dynamics model

component deterioration, and outdated technology.
The integrator block outputs the integral of its input
based on the following Equation (4):

y (t) =
t
∫
0

u (t) dt + yo, (4)

where y is the output at simulation time t with input u
and initial condition yo. There are also four constant
blocks and two gain blocks representing “Commer-
cial Demand,” “Research Demand,” “Designed Util-
isation Rate,” “Baseline Aging of Components and
Systems,” “Annual Increase in Preventive Mainte-
nance Costs,” and “Average Reactive Maintenance
Cost per Technical and System Fault.” After discus-
sion with the primary AUV team, both research and
commercial demand were set at an average value of
5 out of 10 due to limited awareness, high cost, reg-
ulatory requirements, and geographical limitations.
An AUV that is kept in storage will continue to
age and deteriorate. Therefore, “Baseline Aging of

Components and Systems” was set at an equivalent
of 20% utilization rate. “Designed Utilisation Rate,”
the amount of time the AUV is expected to be op-
erating in the water was set at 50%, based on a best
estimate. Finally, the “Annual Increase in Preventive
Maintenance Costs” and “Average Reactive Main-
tenance Cost Per Technical and System Fault” were
set at 5% and 10,000 AUD, respectively. These con-
stants and gain blocks also allow for easy future cali-
bration of the risk model for a more accurate reflec-
tion of reality.

To build confidence in the developed FuSDRA
model, three main approaches were taken. First, lo-
cal knowledge from the AUV team and any avail-
able historical data were used to calibrate the model.
Second, a series of tests were undertaken to un-
cover model errors and areas for improvement. Some
key tests that were carried out include boundary
adequacy, structure assessment, dimensional consis-
tency, extensive extreme conditions, and behavior
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Fig. 9. Simulation results showing the trend of (a) “Risk of AUV Loss,” (b) “Average Experience of AUV Team,” (c) “Human Error
Incidents,” and (d) “Technical and System Faults.”

anomaly tests. To check for completeness of the
fuzzy rule bases, the completeness measure approach
by Jager (1995) was applied. Any unexpected behav-
ior revealed during the tests were investigated and
improvements made to the model accordingly. Last,
simulation results from the model were discussed and
compared with domain experts’ opinion. Once suffi-
cient confidence was gained in the FuSDRA model
through extensive model testing, custom scenarios
can be created and analyzed through the model.

Results from simulation of the FuSDRA model
showed a declining risk of loss from 0.293 in the
early years of the Antarctic AUV program, reaching
a minimum of 0.206 before increasing again in later
years. (Fig. 9(a)). As the AUV team gradually gains
experience with utilization of the AUV (Fig. 9(b)),
human error incidents declined steadily toward a
“baseline” human error incident rate (Fig. 9(c)). The

number of technical and system faults exhibited a
“bathtub” curve, common to reliability engineering,
with higher failure rates in the early phase and late
phase of the AUV program (Fig. 9(d)).

To facilitate policy recommendations for risk
control, various scenarios were simulated in the next
step of the risk analysis. The first few scenarios con-
currently checked for coherent results, useful for
evaluating validity of the model. Various input com-
binations of risk variables were then simulated next
to reflect various possible real-life scenarios.

The first scenario examines how initial “Aver-
age experience of AUV team” can affect the risk of
AUV loss (Fig. 10). The initial value of “Average ex-
perience of AUV team” was increased from two to
three years to reflect hiring of additional experienced
AUV engineers in the initial phase of the AUV pro-
gram. Results showed an apparent lower risk of loss
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Fig. 10. Simulation results showing the
trend of risk of AUV loss for differ-
ent initial average experience of AUV
team.

as compared to the base scenario, although the dif-
ference is less pronounced in later years of the AUV
program. On the contrary, if the initial value for “Av-
erage experience of AUV team” was decreased from
two to one year to reflect the departure of expe-
rienced AUV engineers, risk of AUV loss became
higher throughout the entire timespan of the AUV
program as compared to the base scenario.

The next scenario analyses how varying both
research and commercial demand on the use of
nupiri muka can impact the risk of AUV loss in
the Antarctic (Fig. 11(a)). Higher demand for the
use of nupiri muka can occur due to an increase in
oceanographic activities, awareness of AUV capabil-
ities, and a favorable regulatory framework. To simu-
late “average-high” demand, a value of 7.5 instead of
5.0 out of 10 were used as inputs to both “Commer-
cial demand” and “Research demand.” Simulation
results showed a lower risk of loss as compared to the
base scenario. The contrary effect of “poor-average”
demand to reflect a situation such as technological
obsolescence or unfavorable regulatory framework
on the use of AUVs was simulated using a value
of 2.5 as the inputs. Results showed a higher risk
of risk throughout the entire timespan of the AUV
program, being more pronounced in the later years.
It is also noteworthy that under “poor-average” de-
mand, average experience of the AUV team reaches
a peak between the third and fourth year of the
AUV program before a steady decline (Fig. 11(b)).
This decline caused an increase in human error in-
cident rates, thus exacerbating the problem further

as explained in Fig. 6 in reinforcing loops R1 and
R2.

With coherent results obtained thus far, the next
scenario analysis consisted of having different input
combinations of “Initial average experience of AUV
team,” “Research demand,” and “Commercial de-
mand” to reflect different possible real-life scenarios.
The resultant range for “risk of AUV loss” is pre-
sented in Fig. 12.

Results from the simulations showed that the
lowest range for risk of AUV loss occurred in Sce-
nario 6 and Scenario 8. In both scenarios, the ini-
tial average experience of the AUV team is three
years and research demand being “average-high” on
a scale of 7.5 out of 10. Commercial demand for Sce-
nario 6 is “poor-average” at 2.5 and “average-high”
in Scenario 8 at 7.5. The significance of these re-
sults was evaluated in the next phase of the FuSDRA
framework.

3.4. Evaluation

In principle, simulation results from the base sce-
nario can be used to evaluate against predetermined
evaluation criteria put forward by the AUV owner
or higher management. However, the nupiri muka
AUV program is still in its early phases with many
uncertainties, such as the precise operating costs and
level of value creation. Therefore, an exact set of
evaluation criterion has yet to be established. The fo-
cus currently lies in ensuring the risk of loss to be as
low as reasonably practicable before the first Antarc-
tic deployment.
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Fig. 11. Simulation results showing (a)
the trend of risk of AUV loss un-
der different research and commercial
demand and (b) average experience
of AUV team under “poor-average”
demand.

Despite lacking evaluation criterion, results from
the scenario analysis can still be used to facilitate the
formulation of risk control policies. For instance, the
initial average experience of the AUV team has an
apparent impact on the risk of AUV loss through-
out the entire AUV program, as shown in Fig. 10
and Fig. 12. Therefore, it is a useful leverage point
for risk control, and more experienced crews should
be recruited at the onset of the AUV program. Al-
though such recommendation may seem intuitive,
the FuSDRA model can support the optimizing of
recruitment strategy with both soft and hard factors
taken into considerations. Soft factors such as team
dynamics can be accounted for using linguistic ex-

pressions in fuzzy logic while hard factors such as
availability of resources can be accounted using sys-
tem dynamics. Alternatively, an intensive training
regime and practice runs similar to the actual Antarc-
tic operation should be implemented to increase
hands-on-experience of the existing AUV team. Poli-
cies to boost morale and increase engagement with
the AUV team will also help to reduce turnover of
experienced crew and ensure knowledge retention.

The importance of having both long-term re-
search and commercial demand to ensure ongoing
utilization of the AUV was demonstrated in both
Fig. 11 and Fig. 12. It is therefore recommended that
sustainable and effective communication channels
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Fig. 12. Simulation results showing
range of “risk of AUV loss” for various
combinations of scenarios. Exp: Initial
value for “Average Experience of
AUV Team.” RD: research demand;
CD: commercial demand.

are established both internally and externally to
facilitate research collaboration. Fig. 12 also shows
that research demand seems to have more influence
in reducing the risk of AUV loss than commercial
demand. A higher research demand on use of the
AUV would result in more research publications and
a better reputation for the organization, translating
to better research funding opportunities. While
commercial demand also builds upon the reputation
of the institution (Williams, Buttle, & Biggemann,
2012), it is an external variable that can change
rapidly due to momentous political, economic, soci-
ological, and technological changes (Aguilar, 1967).
However, in a realistic context of limited funding
sources, it is not practical to recommend using the
AUV solely for pure research or commercial works.
Instead, the simulation result suggests that priority
should be given for research purposes over commer-
cial works. The AUV owner should also constantly
support and encourage its own internal use of the
AUV. High internal demand can also help to miti-
gate the effects of poor commercial demand and an
AUV team with low experience. Finally, it is also log-
ical to monitor the average experience of the AUV
team and the level of demand for both internal and
external use as leading indicators to risk of AUV loss.

4. DISCUSSION AND LIMITATIONS

The multidimensional, dynamic, and sometimes
fuzzy nature of risk (Haimes, 2009) makes the
FuSDRA approach highly effective in analyzing

risk of AUV loss in the Antarctic. It overcomes
the shortcomings of existing risk analysis methods
by taking into account complexity of the system,
dynamic nature of risk variables, uncertainties in
causal relationships, as well as soft factors that are
difficult to quantify. Therefore, the resultant risk
control policy recommendations, if implemented, are
expected to be more reliable and effective than those
put forward by existing risk analysis approaches.
As demonstrated in the application example, the
FuSDRA approach, being without complex mathe-
matical computations is relatively easy to understand
and apply. The risk analysis process itself presents
an invaluable learning opportunity for the involved
stakeholders. Iterative discussions revealed insights
on possible leverage points, indicators, and decision
rules to better manage the risk of AUV loss. In addi-
tion, regular review of the risk model not only helps
to ensure relevance and sustainability of risk control
efforts, but these sessions also act as refreshers on
risk mitigation strategies for the stakeholders.

In our application example, the FuSDRA ap-
proach makes an attempt to capture the impact of
funding and recruitment on the AUV risk, providing
means to inform the implementation of risk manage-
ment strategies. This enables AUV owners to adapt
risk management strategies to the environment in
which the department operates.

Despite the advantages of the FuSDRA ap-
proach in analyzing risk of AUV loss in the Antarc-
tic, we also recognize that there are limitations. One
major limitation is that the approach is dependent on
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expert judgment, which is subjected to bias. AUV ex-
perts come with a varied level of experience working
with different types of AUVs. Even those who have
had Antarctic experience may have worked for dif-
ferent organizations with various objectives. As a re-
sult, assumptions, perceptions, and expectations dif-
fer between experts, often resulting in inconsistent or
conflicting opinions during construction of the FuS-
DRA model. A similar issue was also encountered
in other studies involving fuzzy logic (Ben-Arieh &
Chen, 2006; Meghdadi & Akbarzadeh-T, 2001). Ex-
acerbating this problem is the fact that risk of AUV
loss is a complex problem involving many risk vari-
ables. Attempts to include all suggested risk variables
in a single risk model often results in models that are
too complex for any practical analysis. To reduce the
complexity of the risk model meant that assumptions
had to be made, which may be subjected to differ-
ing interpretations. Finally, the inability of the FuS-
DRA model to self-learn means that regular review
is required to ensure the relevance and sustainability
of risk control efforts. Despite these limitations, the
long-term reduction to risk of AUV loss arising from
implementation of the recommended policies justi-
fies the effort for the modeling.

To overcome some of the mentioned challenges
to further improve risk analysis of AUV operations
in the Antarctic, further research can follow two
tracks: first, to account for varying degrees of trust
in experts in the risk model. This can be done with
the use of intuitionistic fuzzy logic, which is an ex-
tension of classical fuzzy logic. It deals with vague-
ness by assigning to each element a membership de-
gree and nonmembership degree. Inputs provided by
each individual experts can then be assigned a “cer-
tainty degree” based on the level of trust (Takeuti &
Titani, 1984). Second, to explore means of optimiz-
ing fuzzy rules and facilitating self-learn by applying
optimization methods such as a genetic algorithm,
neural networks, or simulated annealing among
others.

There are many different types of AUVs, and
organizations use them for different purposes in
the Antarctic. This implies a wide variety of risk
variables may influence the risk of AUV loss de-
pending on the context. It is therefore important,
to tailor the FuSDRA approach according to the
identified problem and intent of the organization. As
a result, the output may also differ vastly depending
on the organizations, vehicle characteristics, or de-
ployment types, and should only be compared with
caution.

5. CONCLUSION

The deployment of AUVs in the Antarctic is
of relatively high risk due to the extreme environ-
ment, which pushes the limits of both human and
AUV technology. However, the risk of AUV loss
is a dynamic and complex problem, influenced by
not only Antarctic’s operating environment but also
other risk variables. It is under such situations that
the AUV owner often has to devise risk control mea-
sures and make difficult deployment decisions. Exist-
ing risk analysis approaches tend to be discrete based
and focus more on technicalities of the AUV, often
neglecting risk variables from other risk dimensions
including soft factors that are often neglected due to
difficulties in quantification.

To overcome existing shortfalls, this research
presents an integrated FuSDRA approach to achieve
both better control and monitoring of long-term risk
of AUV loss in the Antarctic. System dynamics was
used to model the dynamic complex interrelation-
ships between risk variables influencing the risk of
AUV loss. Fuzzy logic was then integrated into the
system dynamics models to account for uncertainties
in causal relationships and soft factors. The proposed
hybrid FuSDRA approach follows a three-stage iter-
ative framework comprising of identification of risk
variables, risk modeling, and risk evaluation.

To demonstrate the application of FuSDRA,
it was applied to the nupiri muka AUV program,
managed by the University of Tasmania. A risk
model was constructed, and simulation of the re-
sultant risk model showed a declining risk of loss
in the early years of the AUV program, reaching a
minimal level before increasing again in later years.
Scenario analysis was then performed to validate the
risk model and facilitate policy recommendations.
Results showed that the initial “Average experience
of the AUV team” is a suitable leverage point for
reducing risk of AUV loss, which can be increased
or maintained through recruitment, staff retention,
as well as training and practice runs. Also demon-
strated was the importance of having both external
commercial and internal research demand on the use
of the AUV for reducing risk of loss. As commercial
demand may fall outside the control of the organiza-
tion, priority should be placed on internal research
demand. AUV owners should continuously support
and encourage their own use of AUV for research
purposes as increased usage can help control risk of
AUV loss in the long run. It is also recommended
that the average experience of the AUV team and
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the level of demand for both internal and external
use of the AUV be monitored as leading indicators
to risk of AUV loss. These results arising from
FuSDRA translates into policy recommendations to
manage and control the risk of loss. For example,
the university can implement an operation policy,
which places a priority on internal research use of
the AUV over commercial use. There can also be a
recruitment policy, which requires new AUV crew
to have a minimal of three years relevant experience.
In addition, the risk analysis process, which revealed
and analyses new risk variables, helped to improve
mental models of decision makers. For example, the
role of organizational reputation and demand on
AUV use have never been considered in other risk
studies on AUV operations.

In summary, the FuSDRA framework provides
a systematic and structured approach for risk anal-
ysis of AUV operations in the Antarctic, facilitating
the building and customizing of risk models in
accordance with the context of circumstances. It
overcomes limitations of existing AUV risk analysis
approaches, improves comprehensiveness of the
analysis, and can be used as a decision support tool.
In the face of increasingly complex AUV operations
such as higher autonomy and multivehicle missions,
FuSDRA can help to understand the effectiveness
of different risk management strategies. Due to the
generic nature of the approach, the framework can
also be applied to other types of AUV operations
apart from Antarctic deployment. It may also be
relevant to similar complex technological systems,
such as the budding field of autonomous cars, un-
manned aerial vehicles, and unmanned vessels. The
commonalities that they share is the apparent lack of
data and the potential for low probabilities and high
consequences accidents (Ancel, Capristan, Foster,
& Condotta, 2017; Pagallo, 2017; Thieme & Utne,
2017). The only foreseeable difference between
application of the FuSDRA approach to AUV and
other technological systems lies in the risk variables
being considered.

The proposed FuSDRA framework is not only
useful to practitioners for analysis of risk. Academ-
ically, it also explores further into the concepts of
nonprobabilistic risk modeling, which is often
challenging in real-life problems. Therefore, the
FuSDRA approach provides both contribution
to knowledge, as well as a pragmatic tool for the
AUV community for better analysis of risks. Fur-
ther advancement of this work to enhance the
FuSDRA approach can focus on data aggregation,

intuitionistic fuzzy logic, as well as optimization and
self-learning of the risk model.
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