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Highlights
1. A complete (end-to-end) framework for Autonomous Marine Vehicle mission planning

designed to adhere to vehicle energy capacities and maximise completed mission objectives
was defined.

2. The standard marine vehicle dynamics model was developed to forecast energy consumption
for possible trajectories in a mission.

3. Existing optimal route selection algorithms were modified to demonstrate improved solution
times without compromising on solution quality.

4. Simulation of an offshore wind farm inspection mission shows the mission planner produces
unique, collision free routes for each vehicle that conform to energy constraints and maximise
the number of inspected turbines.
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Abstract

Mission planning for Autonomous Marine Vehicles (AMV5s) is non-trivial because significant un-
certainty is present when profiling the operating environment, especially for underwater missions.
Mission complexity is compounded for each vehicle added to the mission. In practice, fleet oper-
ations are formulated as separate temporal problems by the operator and solved using a temporal
planner. This paper proposes a planning method that uses energy as the base planning resource in-
stead of time. Unlike temporal planners, energy planners account for physical loads endured by the
vehicles. The extent of uncertainty in the vehicle loads is clarified by using the vehicle dynamics
model and Monte Carlo simulation on the model parameters. The planning method is a multistage
procedure to decompose operator specified task, obstacle, and vehicle data into an energy formu-
lation of the Team Orienteering Problem (TOP) which is then solved using Discrete Strengthened
PSO (DStPSO). The DStPSO algorithm has been modified to include a selective swarm size de-
cay method that allows for larger initial swarm sizes to promote early exploration and preserves
a percentage of the best performing particles on each iteration to save computational resources.
The planner produces near-optimal routes containing feasible trajectories for individual vehicles
that maximise tasks completed according to individual vehicle energy constraints. A case-study
mission for long-term, large-scale, underwater inspection of a wind turbine array was converted
into input data to evaluate the planner. Energy planning presents the opportunity for vehicles to
actively monitor the feasibility of their individual plan against their current energy consumption,
allowing for advanced reasoning and fault handling to occur in situ without operator assistance.

Keywords: Planning Al, Multi-robot Systems, Marine Robotics
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1. Introduction

This paper proposes a modular framework for the automated mission planning of a fleet of Au-
tonomous Marine Vehicles (AMVs) for long-term, large-scale missions such as inspection, main-
tenance, and monitoring of offshore structures. Mission planning for solo AMVs is non-trivial.
Factors that need to be considered include the objectives that determine mission success, the re-
quirements of the objectives, the suitability for the chosen vehicle to fulfil these requirements, and
the associated risks and consequences that the vehicle and operator crew will be subject to during
the mission. The complexities are compounded when multiple vehicles are deployed for differ-
ent tasks, which increases cognitive load on the operators of the vehicles [1]. By implementing
aspects of Artificial Intelligence (Al) in the automation of mission planning such as task prioritisa-
tion, feasibility analysis, and path planning, the duties of the operator can be refocused on strategic
objectives such as task generation and risk analysis, increasing the robustness of the final mission

plan.

The mission planning framework proposed in this paper is the primary novel contribution to
multi-AMV planning literature. The framework is designed as a modular pipeline, that can ac-
cept methodologies for each module so long as the input and output requirements for the module
slot are satisfied (see Fig. 1 for the basic outline of the framework). By using working methods
from operations research, path-planning, and optimisation, we demonstrate the functionality and
effectiveness of the framework as a mission planner. We have defined “’placeholder” modules to
perform the demonstration, but the opportunity exists to improve these modules by replacing the

placeholders with better performing algorithms.

The planner formulates the multi-AMYV mission plan as the Team Orienteering Problem (TOP) [2]
rather than as a resource scheduling problem, with energy as the base planning resource instead of
time. Energy resource optimisation is multi-objective in that it represents both the time taken and

the loading on the vehicles, and requires dynamic models of the vehicles and the environment to
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s provide a reliable plan. The planner is proposed as an alternative framework to existing temporal

27 logic planners [3] and Hierarchical Task Network (HTN) planners [4, 5] for marine vehicles.

1
I Mission Planner Framework 1
1

: 1
Feasibility Energy Seguiencing | !
- ; Path Planner P and 1 .
Mission Data Preprocessing Module Estimation Allocation i Vehicles
Module Module Module | 1
1
| |
1
1
1

From Vehicles

Figure 1: Modules of the proposed mission planner framework.

2s  The implementation of the framework in this paper integrates methodologies that draw from sep-
2o arate fields of research: Al planning and operational research, marine vehicle systems, robot path
s planning, unsupervised learning, and Particle Swarm Optimisation (PSO). Development of the
a1 modules outlined in Fig. 1 resulted in minor contributions and improvements to existing literature

32 1n these fields as listed below:

3 1. A k-means clustering based algorithm that decomposes large-scale mission profiles into
3 feasible operating zones, effectively eliminating large portions of the planner’s search space.
3 2. A swarm size decay algorithm was added to an existing variant of PSO, Discrete Strength-
3 ened Particle Swarm Optimisation (DStPSO), to use less computational resources while still
a7 achieving comparable quality in the generated plans.

38 3. The parameters within the marine vehicle dynamics model used for energy estimation were
39 formulated as a stochastic process to accommodate uncertainties from real-world phenom-
4 ena.

1 Mission planning for AMVs can be structured into three procedural steps. The first step, referred

IS

2 to as knowledge-based reasoning, relies on the planning agent’s (human operator or Al) knowl-

4 edge base to identify tasks relevant to the mission objectives, requisite actions that will complete



44

45

46

47

48

49

55

56

57

58

70

ul

an identified task, and the sequencing of the identified tasks within a logical hierarchy of depen-
dency succession (e.g. substructure must be cleaned of bio-fouling before inspection tasks can
be performed). In AMV literature, HTNs [4, 5] and mixed-initiative planning [3, 6] have had the
most success at providing easy methods for the operator to represent abstract tasks as sequences

of primitive actions.

The second step, referred to as task allocation, is a common problem in multi-robot systems
literature [7]. Task allocation is a multi-objective constraint satisfaction problem that considers the
feasibility for a vehicle to complete the task (reliability), the vehicle’s competence at completing
the task to a required standard (quality), and the urgency of the task and the speed at which a
vehicle can complete it (utility). To assess the suitability of a vehicle for a task, the task must first
be refined down to a sufficient level of detail so that technical assessments can be made. In the
case of the proposed planner, tasks are refined into velocity/loading profiles and then assessed for

energy costs against the vehicle’s energy capacity.

The third step is risk projection and requires the planning agent to consider uncertainties asso-
ciated with allocated resources and mission structure within the context of failure analysis. The
amount and magnitude of uncertainties are highly dependent upon the mission, the environment,
and the vehicles involved and is difficult to generalise. If the mission proposal generated from
steps one and two is considered acceptable in terms of risk and consequence, then the mission can
be executed. Planners that can make projections on uncertainty provide the operator with decision

support.

Deliberative planners exist in the marine robotics literature for both solo and fleet based operations.
The EUROPtus mission planner [3] was developed to assist operators with the scheduling and
allocation of oceanographic sampling tasks to a variety of AMVs operating in meso-scale areas
(50 km?). EUROPtus is a general purpose deliberative planner that uses temporal logic to allocate
operator specified tasks to vehicles based on availability, producing functional plans that factor
in task length uncertainty. Individual vehicles could then use their onboard T-REX planner [8] to
repair plans in situ. This decentralised configuration is well suited for large sampling missions

where vehicles do not have to directly cooperate to achieve mission objectives. The planner has
4
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not been trialled on missions that contain tasks with interdependencies. Additionally, the time
domain is used to obtain mission plans but the planner itself does not consider the loadings the

vehicle must overcome to complete the plan.

Following a HTN approach, [9] produced a task allocation method for mine countermeasure mis-
sions that distributes the mission plan onboard each vehicle. New tasks that are generated by
vehicles in situ, such as mine clearance tasks that result from positive mine detection tasks, are
intermittently broadcasted using underwater acoustic communication, which will propagate to
neighbouring vehicles. Because each vehicle is aware of the others, allocation is done locally
by assessing the vehicle’s proximity and ability to perform a new task against the others. This
leads to inefficiencies in mission execution, where multiple vehicles may allocate themselves the
same task based on out-of-date information. Mission planning tools [10] were developed to paral-
lelise a task into smaller equivalent sub-tasks that are subsequently allocated to individual AMVs.
The genetic algorithm was used to allocate sub-areas to AMVs participating in a cooperative sur-
vey mission. The planning tool is limited by a uniform speed assumption and does not consider

loadings on the vehicle that may reduce run times.

This paper specifies a modular pipeline that formulates operator-specified tasks into the TOP [2]
and then solves the TOP. The TOP, which can be described as a combination of the vehicle routing
problem and the binary knapsack problem, is formulated into the marine vehicle mission planning
domain in Sections 2.2 to 2.3 and is represented as a directed edge graph where the nodes repre-
sent locations of tasks that include a reward for being visited and the edges represent the cost of
transitioning between two nodes. The objective of the TOP is to specify routes for multiple team
members that maximise the combined reward (defined in Section 2.4) and meet the individual cost

constraints of the members.

The preprocessing module, presented in Sections 2.6 to 2.7 functions as a preprocessing step that
clusters operator-specified task data and vehicle data into feasible operating zones for the vehicles
based on their estimated point-of-safe-return (PSR), the furthest distance the vehicle can travel
safely from a nominal rendezvous point. The PSR is determined through the energy capacity

of the vehicle’s battery and the expected energy consumption (calculated in Section 2.5) for the
5
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vehicle operating at a steady forward speed.

The path-planning module (Section 2.8 is then applied on each cluster. The module generates
collision-free transitions between nodes through an Artificial Potential Field (APF) method es-
tablished by [11] and modified by [12]. A useful property of the vector field obtained by this
particular APF is C* smoothness [12], meaning that the commanded velocity, acceleration, jerk or

snap profiles can be directly determined according to the specifications of the vehicle controllers.

The cost of task transitions in the TOP are specified in terms of energy consumption, which is
calculated through the energy prediction module presented in Section 2.5. The module obtains the
energy consumption distribution of the vehicle by computing the required thruster output loads
to follow the commanded velocity profile for the duration of the transition. Difficult to measure
forces such as surface friction due to bio-fouling, thruster output variation due to non-linear voltage
drop from battery discharge, wave induced pressure fluctuations, and localised currents can be
accounted for by adding noise to and randomly sampling the parameters in the dynamics model.
These uncertainties are what we aim to account for in our proposed method for energy estimation,

increasing the robustness of the planner.

For this paper, the underwater robot platform called REconfigurable MOdular Robotics for Aquatic
environments (REMORA) [13] is considered. The mathematical model of the REMORA vehi-
cle’s dynamics in calm water [13] was sampled and used in Monte Carlo simulation to produce
the energy distribution. The path planner was tested for suitability with the control model of the
REMORA AMV developed in [13] and was shown to quickly stabilise and track the generated
path.

With the data formulated into the TOP, a PSO variant formulated for discrete operations was cho-
sen as the solver for the sequencing and allocation module (Section 2.9). DStPSO [14] formulates
PSO for the discrete domain and uses a reduced version of variable neighbourhood search as a
local improvement to the global leader particle, strengthening the best solution. DStPSO was se-
lected because it has few parameters, is simple to implement, and converges to near optimal global

solutions in comparatively faster times than most other swarm optimisation methods [15]. The
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original DStPSO method has been modified to include a linearly adaptive inertia weight based on
the stall counter stopping criterion, and a swarm size decay algorithm (Section 2.9.1) that prunes

the swarm over each outermost loop of the worst performing particles.

The individual placeholder modules were given unit test instances to benchmark their effective-
ness. The hydrodynamic potential flow path-planner was tested on the dynamic model of the
REMORA vehicle and evaluated for reliability in collision avoidance. The preprocessing mod-
ule’s clustering algorithm were evaluated on 387 test datasets from [2, 16] for computational cost.
The sequencing and allocation module was also evaluated on the same 387 test datasets without
the preprocessing module for computational cost, and sensitivity and consistency of the solution’s
score to parameters such as problem size, swarm size, and decay rate. To evaluate the mission
planner framework with the developed modules in its entirety, a case-study inspection mission of

the Anholt wind turbine array using a small fleet of REMORA AMVs was used as input data.

The results show the framework is capable of producing near-optimum mission plans over a variety
of problems, and can also be used as a benchmark for modules proposed as improvements to the

placeholder modules.

2. Methodology

2.1. Definition of Robustness

We define a robust mission planner as a system capable of generating plans across a variety of

missions that are:

1. Efficient in terms of energy consumption.
2. Unlikely to strand any of the vehicles due to energy depletion.
3. Reducing the likelihood of collisions.

4. Maximising the productivity of all the vehicles.

The rest of this section develops a mission planning framework based on these design criteria.
The formulation of the TOP (Sections 2.2 to 2.3) addresses criteria 1, 2 and 4 in conjunction with

the energy estimation module (Section 2.5) and feasibility preprocessing module (Sections 2.6
7
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to 2.7). The inclusion of the path planning module (Section 2.8) contributes to criteria 3, as well
as indirectly contributing to the other criteria by improving the realism of the energy estimate.
Finally, we demonstrate that the framework and proposed placeholders can generate feasible, near-

optimum results across a large range of mission problems in Section 3.

2.2. Problem Formulation

AMV fleet missions can be described abstractly as allocating and sequencing tasks to be com-
pleted at each target to the available vehicles. An applied mathematics problem that has a similar
objective to the above is the TOP defined in [2]. In this problem, several agents must be allocated
separate routes through a set of targets that represent tasks that yield a reward variable when com-
pleted. These routes must satisfy the energy constraints of the vehicles and maximise the collective

reward of the team. An optimal solution for the TOP has the following characteristics:

1. Each vehicle has a unique set of tasks.

2. Each vehicle’s route does not cross over itself.

3. Each vehicle’s route has a predicted energy consumption that is close to the energy capacity
of the vehicle.

4. Each vehicle starts and finishes at the nominated starting and finishing points.

2.3. Definition of the TOP Adapted for AMV Missions

The TOP stands as a solid method for allocating sequences of points to team members where
the situation may arise that not all points can be visited. Variants of the TOP that consider time-
windows [17], stochastic weights (for the single vehicle TOP) [18], time dependent weights [19],
and many others (see [20] for more variants) introduce aspects of real-world problems to the TOP.
There are aspects of each of these variants that also suit AMV mission planning, but to begin with
we present the following definitions that adapt the TOP to fit within the multi-robot systems and

marine vehicle domains.
Definition 1. A task, 7, is the tuple (g, s, I;) where

e g € R is the vector containing the location information of the task.

8
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e 5 € R > 0is the scalar reward yielded by completing the task.

e [, is a tuple containing further information on the type of task, prerequisite tasks, and effects

on other tasks.

Assumption 1. For non-hierarchical missions (i.e. tasks are independent from each other), I, sim-

ply points to the type of task, no prerequisite tasks or effects on other tasks need to be considered.

Additionally, s is mapped to I, by a time dependent reward function specified by the operator
which must also depend upon the importance, urgency, and frequency of the task. We define such

a reward function in Section 2.4.
Definition 2. A vehicle, V, is the tuple (e, I,) where
e ¢, € R is the energy storage capacity of the vehicle’s batteries in Joules.

e ], is a tuple containing further information on the vehicle identifier, type of vehicle, domain

of operation, collision boundary, capabilities, and dynamic model.

Assumption 2. For a homogeneous fleet (i.e. vehicles are of similar type and capability), I,
provides unique identifiers and the type, domain, capabilities and dynamic model are identical for

all vehicles.
Definition 3. An obstacle, O, is the tuple (X, r,, I,) where
e X, € R? is the 3D position of the obstacle centroid.
e r, € R is the clearance radius the operator would like to maintain around the obstacle.

e |, is a tuple containing further information on the obstacle, such as the classification (e.g.

buoy, pile, rock, etc.) and the coordinate convention used by X,,.
Definition 4. The open mission, Mo, is the sextuple (7-,V, O, P, Q, E) where
e The operator defines Ny number of 7" which are collected in the Ny-tuple 7.
o The operator defines Ny number of V and collects them in the Ny-tuple V.

o The operator defines Np number of O and collects them in the Ny-tuple: O.
9
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e P ¢ NM is the set of Ny sequential integers that references an element of 7: P = {1,..., Ny}.
e Q¢ N}‘\,’ is the set of Ny sequential integers that references an element of V: Q = {1,...,Ny}.

e E is the zero-diagonal matrix of costs for transitioning between 7p, and 7p; and performing

task 7p,: E € RNV > 0,

Mo is the search domain of the planner. E is zero-diagonal because the transition P; = P; is
a forbidden transition. There are a total of N% — Nr non-zero entries in E. The planner must
provide a subset of 7~ allocated to V as a proposal that can be evaluated for adherence to the
energy constraints of the vehicles and the total reward yielded from completed tasks. The planner’s

proposal is specified as follows.
Definition 5. The closed mission, Mc, is the quintuple (7, V, R, S, F)) where

e Ris the Ny length set of tuples, where each tuple, Ry, has an independent length Ly > 2. Ry
is an ordered sequence subset of P corresponding to each vehicle’s proposed route through

T.
e S is the set of rewards collected from completed tasks in 7: S = {s €Ty RQ}.

e Fisthe Ny length set of tuples, each of length Ly — 1, corresponding to the ordered sequence
of elements of E accessed by the ordered sequential pairs in Rg. Fg = {E(Rg,,Rp;) | 1 <i <
Lo—-1,2< <Ly (i, j) €N},

The mission planner is then a solver that finds the most effective M according to the following

fitness function and constraint:

maximise E X;
/V(C
x;€S

€]
subject to Z yi<e,€Vp
vi€Fo
To introduce real-world components to this framework, E is the sum of the energy consumed

traversing from g € 7 to g € Tp, along the collision free path S;;, labelled Ej;;, the energy

consumed completing the task at 7p, labelled E, ; and the hotel load drain on the vehicle over the

10
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time taken to traverse the path and complete the task, labelled E,. E is provided as the expectation
of a stochastic process, which presents the opportunity of planning using stochastic weights. The

models underlying the estimation of the energy variable are presented in Section 2.5.

Because the vehicles must navigate around obstacles and take routes that are energy efficient,
Euclidean distance calculations for g € 7p may result in solutions that underestimate the actual
distance travelled by the vehicle, which will subsequently underestimate the energy cost of travers-
ing the path. Therefore, care must be taken with finding S;;. A simple method for projecting a

smooth, collision free trajectory for an AMV is presented in Section 2.8.

Similar to the TOP formulation, each vehicle must start and finish at two specified locations by
the operator, which are inserted at the beginning and end of 7~ as two special tasks, 7 and Ty,
respectively. For the minimum operator effort mission, we would like the vehicles to return to
their deployment position, 7; = 7, is the special case called the home point. This is because
in practice, AMVs are deployed from a central location such as a shore launch point, moored
docking station or a vessel. The home point conveniently ensures the vehicles return to a position
where they are able to recharge, offload collected data and diagnostic information, and be easily
accessible for maintenance. In Section 3.2.1, we describe a procedure to determine ideal location

Ofg < 7}1’}\/7).

Solving the TOP is well studied and many solutions have been developed, most of which are
available in [20]. The Discrete Strengthened Particle Swarm Optimisation (DStPSO) method [21]
was selected as a meta-heuristic method for solving the TOP. Compared to other meta-heuristic
solvers such as Ant Colony Optimisation, Genetic Algorithm, and Tabu search, DStPSO reaches

near-optimum solutions faster with fewer parameters [15].

To summarise, the following components from M, are required in order to be solved in a similar

fashion to the TOP:

1. The number of tasks, Ny
2. The number of vehicles, Ny
3. Each vehicle’s battery energy storage constraint, e,.

11



252 4. The value of each task’s reward, s.

253 5. The cost of moving to and performing a task, E;;.

25 The TOP requires the mission data to be processed into the above form to find an optimum Mg,
255 which is distributed to the vehicles upon deployment. The proposed planner follows the process
26 in Fig. 2. The following sub-sections detail the steps taken to obtain each of the components of

257 the process.

12
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2.4. Modelling Rewards

For the TOP to be solved, rewards for completing a task must be assigned to each target. In the
case of recurring tasks such as maintenance and cleaning, reward is primarily a function of time
since the task was last completed. Machine learning methods such as linear regression could be
used to estimate the reward of a task from a sensor based data set (such as measuring the vibration
of a structure). As a simple, parameterised alternative, the sigmoid function, a popular continuous
activation function in machine learning, is selected as the candidate function for representing the

reward of a task:

s(f) = @)

1+e!
The range of the sigmoid function is [0, 1], hence it is useful as a binary activation switch. How-
ever, it is desired that tasks can be parameterised in terms of importance, importance growth-rate,
and frequency. The generalised logistic function [22] could allow the operator increased flexibility

with how reward s € T grows or decays with time. Given the generalised logistic function:

s(t)y=A+ —(C Do

|(A.B,C,D,K,0) e R 3)

The operator can control the start and end values with A and K, and rate of growth/decay B of
s € T (see Fig. 3). As time progresses and 7" has not been completed, s can grow or decay. The

independent variable, ¢, can be set to 0 upon completion of a task to restart the reward function.

14
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2.5. Energy Consumption Prediction

Let S;; be the collision free path connecting the task location g € 7, to g € Tp,. The energy

consumed by the vehicle V € V to traverse the route and perform the tasks is given by
Eij = E,\‘,ij + Et,j + Eh, l ?5 ] (4)

where E;; is the energy spent to traverse the path, E, ; is the energy depleted to perform the task
T at g € Tp; and E, is the energy consumed by the hotel load. The complete set of calculations
for E,;; (A.1, Egs. (19) to (23)), E;; (A.2) and E;, (A.3, Eq. (24)) are located in Appendix A for

completeness.
15
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Eq. (23) shows that the energy E;; is a function of the hydrostatic and hydrodynamic characteris-
tics of the specific vehicle V through Eq. (21). The coefficients of D(v), C(v) and g(n) are usually
estimated from model tests and hence affected by uncertainty [13]. Furthermore, as the vehicle
performs missions natural wear and tear will affect its hydrodynamic characteristics resulting in
changes of the coefficients. This implies that a pure deterministic description of T may cause se-
vere underestimates of the energy consumption associated with traversing the route Ry. To account
for model uncertainties and wear and tear the steady state generalised vector T is modelled as a
Gaussian random vector with mean g and covariance matrix X, i.e. T ~ N(y,, X;). Therefore
both the power spent and the energy needed to traverse the path become random variables and
their estimates are computed through the expected value operator E [-] as

E,; =E[ES,,-_,~] =E[ fs 'T'(s)ds] = fs TE[t(s)] ds = f [fE[SD(z)] dr. 5)
il]

ij I

Remark. Since the matrices D(v), C(v) and the vector g(n) are linear in the parameters and each
parameter is estimated as being normally distributed, then the generalised vector of forces and
moments is normally distributed. However as the vehicle ages through operations the wear and
tear may determine changes in the parameters such that distributions other than normal will be
better suited. This implies that model parameters should be periodically re-estimated in order to

reduce errors in the energy consumption estimation.

2.6. Vehicle Range

The range of a vehicle depends on its total energy storage, hotel load, power distribution effi-
ciency, mechanical efficiency, propulsive efficiency, hydrodynamic drag properties, and environ-
mental loadings. Estimating all of these properties, which in reality vary with time, is non-trivial.
However, an ideal range for a specified forward speed can be obtained based on approximated
constants as described in [23]. For most vehicles, the range is obtained through endurance testing
under certain speeds and weather conditions [24]. The range of the vehicle can be inferred for new

conditions based on this knowledge.

In Section 2.5 we proposed a stochastic approach as an alternative to the above methods to ob-

tain an energy consumption distribution for the vehicle over a velocity profile. We can use the
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steady state power consumption evaluated for the vehicle travelling at a constant forward speed
to estimate the forward distance travelled before the vehicle’s energy storage, e, is depleted. The
battery’s capacity (Cp, measured in Ah) and its nominal operating voltage, V,, are related to its
energy storage by:

e, = Cp, X 3600(s/h) XV, ©6)

The point-of-safe-return, PSR, is useful for robust mission planning because it puts an upper
bound on the distance the vehicle is allowed to be from its home point. The PSR for the vehicle
operating at a constant forward speed of U = U m/s is:

UXxE,

PSR= ———"_
SR= 3P+

@)
The difficulty in this procedure is that the energy consumption is non-trivial to predict in the marine
environment. Dynamic loads from waves, wind, tide, current, thermal currents, and hydrodynamic
forces all influence the effort generated by the vehicle’s thrusters. Hydrodynamic effects such
as turbulence, influenced by bio-fouling and surface degradation, and the design of the vehicles
thrusters also affect the efficiency of the vehicle, dependent upon the vehicle’s speed and thruster
RPM. Small-scale hydrodynamic effects can be captured through the use of parameter variation in
the dynamic model. However, large-scale effects such as current, waves, and wind must be added

as separate estimator components to the base dynamic model.

2.7. Target Clustering

The selection of points available for the vehicle team to visit must all be within the PSR of the
vehicle with the largest range. For target sets that are distributed over large areas, such as offshore
wind farm installations or macro-scale marine sampling, some of the targets will always be outside
of any of the vehicles’ reach for any time instance. Problems that contain many targets will have
larger search spaces and will take longer to solve. Removing the infeasible targets will simplify
the search domain. We propose grouping target sets into clusters that are sized appropriately so

that they are within serviceable range of the vehicles from the centroid of the cluster. The k-means
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a0 clustering algorithm is a suitable method for obtaining appropriately sized clusters of targets. Alg.

a0 1 details a simple procedure that achieves feasible operating zones via target clustering.

Algorithm 1: Feasible operating zone clustering

input : Target coordinates L € R¥3; Point of Safe Return PSR
output: C sets of indexes, Xest centroids of each cluster

1 flag = 0;

2 Nc=0;

3 while - flag do

4 Nec <« Nc+1;

5 id «zeros(Nc, 1);

6 sumDy, «— 0;

7 fori — 1to repsdo

s [IDX, X, sumD, sqdD] «kmeans (L, N¢);
ol if 1/sumD > sumD,,; then

10 sumDy,s < 1/sumD;

1 IDX,,; < IDX;

12 Xpest — X

13 $qdDypes; — sqdD;,

14 fori < 1to Nc do
15 ‘ id(i) < PSR? > max(sqdDy,(IDXpess == 1));
16 | flag «all(d);

7 fori < 1to Nc do

8 | ) DXy IDXs0s == i

—

19 return C, X, ;

w2 The set of locations for all non-special tasks, {g € 7; | 2 < i € N < Ny — 1}, and the largest
sss calculated PSR of the vehicles are used as inputs to the algorithm. Lines 7-13 replicate the k-

s« means clustering function on the location data reps times, the solution with the best fit (i.e. the
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lowest sumD) is chosen. Lines 14-16 checks that the point furthest from the center in each cluster
is less than the specified PSR. If this constraint is not met, then the number of required clusters
(N¢) is increased and the process begins again. The returned variable, C, is the tuple of length
Nc¢ where each element corresponds to a unique subset of P. C is used to subdivide M, into N¢
sub-missions, labelled as Mg‘) where 1 < k € N < N¢. The special home point tasks 7 v, € Mg‘)

have their location set to X'’ | the centroid of the corresponding k-th cluster in R?.

best’

2.8. Obtaining Paths

Assuming straight-path distances between targets will lead to underestimation in energy costs
when planning routes for vehicles in environments containing obstacles. The vehicle will occa-
sionally take non-straight paths, either as a result of navigating around obstacles or because the
dynamics of the vehicle prevent it from instantaneously adjusting to the reference trajectory, and a
planner that does not account for this may produce optimistic plans that are unattainable by the ve-
hicle. The planner must have a realistic estimate of the distance of a collision free and dynamically

viable path, which is a well studied problem in robot path planning literature [25].

Generating a valid path for a vehicle to transition from one point to another requires consideration
of the obstacles between the vehicle’s starting and finish points for a transition. For a basic static

obstacle avoidance method, the following components are required:

1. Vehicle’s starting location and destination, {g € 77; 3}.
2. Vehicle’s collision radius, defined in /, € V.

3. Static obstacle locations and sizes, O.

There are many successful methods available in path planning literature: Probabilistic Road Maps
[26], Rapidly exploring Random Tree [27], A* [28], any-angle (®*) [29], and Artificial Potential
Fields (APF) [30]. APF methods that use hydrodynamic potential flow theory ([11, 31]) can
produce smooth, spline-like trajectories efficiently because the search domain is defined in part by
analytic equations. A particle pursuit guidance controller was developed specifically for marine
vehicles [31] that used the stream function of a hydrodynamic APF to guide a vessel around

circular obstacles, but could not guarantee that the particle would not cross an obstacle boundary.
19



362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

Circular obstacles were modelled as a potential field using the circle theorem [32] that guarantees
zero boundary crossflow between inside and outside of the circle. The circle theorem was used for
APF path planning for UAVs in [11], where it was also proven that the presence of local minima
was guaranteed to be either at the destination sink or exactly on the boundary of the circular
obstacle and nowhere else. From the definition of O in Section 2.3, the circle theorem APF method
suitably fits as a base path planning model within the AMV mission planner framework. We have

adapted this method to generate collision-free routes for marine vehicles.

If the position and velocity of the vehicle is represented in the complex domain C respectively by

Z=x+1iy ®)
%:u+iv )

where {x,y,u,v} € R* are referenced to the planar world frame. The Partial Complex Velocity

(PCV) flow field, as derived from the circle theorem used in [11] & [12], is:

__ 0 O 2
dt  2n(z—c¢) 2w (b-2)( +(b-2)E-b))

(10)

where Q; is the strength of the source (Q; > 0) or the sink (Q; < 0), ¢ € C is the location of
the source/sink (the starting or finishing point), the radius of the obstacle r € O and b € C is
the complex variable of X, € O in the X-Y plane. The full Complex Velocity (CV) field for an
obstacle is the sum of the sink and source PCV fields. For multiple obstacles, simply summing the
CV fields will not produce a valid field that represents all of the obstacles. As discussed in [31],
the cross flow at the boundary of each obstacle is influenced by the CV flows of all other obstacles.
In [12, 11], these influences are eliminated at each obstacle boundary by introducing a weighting
term for each obstacle’s CV: -

@ = 1;[ d?dej, (11)
where d; and d; are the Euclidean distances between the vehicle’s current position z and the i-th

and j-th obstacle centroids. The complete CV flow for N, obstacles is then:

No
CV=u+iv= ) ai(PCV"" + PCV™) (12)

i=1
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In effect «; interpolates the CVs of each obstacle with a weighting from O to 1, ensuring that
the obstacle closest to the vehicle will have an increasingly dominant flow compared to the other

obstacles.

Eq. (12) represents the first order differential equation that can be integrated to obtain the path of
the vehicle from a given initial condition. The Dormand-Prince (RKDP) method was selected to
evaluate Eq. (12) given a set of obstacles, obstacle radii, and the vehicle’s initial and final positions.
Compared to the Euler method used by [12], RKDP can solve long trajectories (>1000s) extremely
quickly by adapting the step size to minimise calculations whilst retaining an acceptable error

tolerance from the real solution.

The method in [12] was developed for non-holonomic vehicles by offsetting the location of the
source behind the vehicle position. For holonomic vehicles (i.e. vehicles that can turn on the
spot such as ROVs and hovering AUVs), several orientations can be searched through a given
starting position using a fitness function to evaluate each solution for shortest travel time, vehicle
dynamics, safety, and efficiency. We have used a simple fitness function to determine the shortest

path:
1

Z=—+——r
(ty — 1o)
The highest scoring solution will have the shortest path. This ensures that the least energy con-

13)

suming path is taken given the assumption that the environment is ideal (i.e. no significant
changes in wind, wave, or current profiles) and that the vehicle can accurately follow the un-
derlying velocity profile. In practice the shortest path is typically the starting orientation ¢, =
atan2 (Y — Yo, Xsink — Xo), but if there are many obstacles along this path, other orientations may
yield shorter routes. The REMORA’s holonomic underwater vehicle model was tested in simula-

tion for following a path generated by integration of Eq. (12) and is presented in Section 2.8.

2.9. Proposal Generation

Our implementation of DStPSO (pictured in Fig. 4) follows the same principles of PSO but has
been adapted to work in the discrete domain, strengthened with a local search heuristic on the pi-

oneering particles, and a swarm decay heuristic to save on computational resources. As described
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in Section 2.3, the search space for the DStPSO algorithm is restricted to M. We define a particle
by its position R € M and velocity W. W is the set of points in P that are not in any element of

R:W=P\R

From Eq. (1), the position of a particle is subject to the energy constraints of the vehicles. By
obtaining F, the feasibility of a route can be determined by checking:
Dvise,eViieQ (14)
yi€F;
At its core, DStPSO updates its position by inserting random elements from W into elements of R

using various insertion method heuristics, constrained by the above energy relation.

A particle is initialised by setting each element of R to {1, N7}, corresponding to the special home
point tasks 77 and Ty,. The velocity is then W = P\ R = P\ {1, Ny}. Each element of R is
then sequentially modified by iteratively selecting a random element from W, inserting it using the
cheapest insertion heuristic [33], and keeping the solution if the updated F still meets the energy
constraint. W has the selected element removed and the process repeats until all elements of W

have been tried.

The swarm, Q is the set of N, initialised particles. Each particle in Q is evaluated for fitness by
finding the total collected reward for its current position:
D xivi€ Ry (15)
xS
The Ny long set of particle positions, pbest, is initialised by setting each element of pbest equal to
the position of the corresponding particle in Q. pbest keeps a running record of the highest scoring
position that each particle has visited. pbest; is only updated when Q; moves to a position with
a fitness higher than the corresponding score of pbest. Finally, the particle that has the highest
fitness out of pbest is assigned to gbest. gbest is only updated if the fittest particle in the updated

pbest is higher than the fitness of the current gbest.

When gbest is updated, a local search is triggered on gbest using a simplified version of Variable
Neighbourhood Search (VNS) [34] called Reduced VNS (RVNS) [14]. RVNS implements three
22
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435

heuristic search methods (or neighbourhoods) on gbest: 1. insert for increasing profit, 2. insert
for decreasing cost, and 3. path inversion (also known as 2-opt [35]). Each neighbourhood is
evaluated for feasibility and improvement, and if the new position meets both criteria then the
neighbourhood is set back to neighbourhood 1. If neighbourhood 3 fails to improve the solution
several consecutive times, RVNS returns the updated gbest and the particle that had pioneered

gbest is reinitialised to encourage exploration. For further details on RVNS, see [14].
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Figure 4: DStPSO procedure with swarm decay.
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After the gbest local search, or if no gbest update occurs, the velocity of the i-th particle in Q is

updated in a manner similar to the original PSO,
Wi =[we® W e l(c: ® (pbest; © R;)) & (c2 ® (gbest © Ry)], (16)

where w represents the typical inertia term used in PSO, and ¢, and ¢, are weighting terms that
balance exploration between the particle’s best experience and the swarm’s best experience. The

position and the velocity are subsequently updated by

Ri=Rio W, a7

Wi=POR,, (18)

where each of the special operators, ®, ®, ©, and o are defined as follows:

® Each element of the right hand side (RHS') of the operator is given a random number from 0
to 1. The left hand side (LHS)) is a scalar number between 0 and 1. The output is the subset

of the RHS that is less than the LHS .

@ Combines two velocity sets. If the LHS contains the pbest term and the RHS contains the
gbest term, then the output is the reordered set {RHS N LHS,RHS \ LHS,LHS \ RHS}.
Otherwise the output is the reordered set {RHS, LHS }.

© Is the set difference LHS \ RHS .

o Apply insert for increasing profit from RVNS neighbourhood 1 on the RHS velocity set to

the position set on the LHS .

The DStPSO terminates when no successor to the current gbest is found for a consecutive amount

of iterations. The proposed set of routes for each vehicle, R € Mc is set to gbest.

2.9.1. Improvement to DStPSO with Swarm Size Decay
As the swarm size increases, so too does the exploratory power of DStPSO and the computational
resources required for particle position updates. A balance between these two outcomes can be

exploited by starting out with a large Ny compared to what is used in practice (usually between 10
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to 40 particles for solving the TOP), and then reducing the size of Q on each iteration by keeping
the best performing particles until a minimum size is reached. With this modification, DStPSO
begins with a wide exploration of the solution space, providing a better chance of pioneering a
near optimal gbest early. Computational resources are then freed on each iteration as low-scoring
particles are selectively removed. The swarm size decay algorithm (Alg. 2) uses a decay factor

O<yx 1.

Algorithm 2: Swarm size decay algorithm

input : Ny, Q, pbest, y, minimum swarm size N,

output: Ny, Q

1if (y >0 & Ny > N,;,) then
2 Ng « round(1 —y X Np);
3 if Ny < N, then

4 Ng < Nuin;

5 S ppest < Titness(pbest);
6 [, ID] < sort (S ppest) s

7 fittest < ID(1 : Np);

8 Q « Q(fittest);

9 return Ny, Q

3. Results and Discussion

The objective of this section is to demonstrate that the mission planning framework effectively
plans multi-vehicle missions. We first evaluate the Feasibility Preprocessing Module and Se-
quencing and Allocation Module placeholders on several TOP test instance data sets for compu-
tation time and quality of the resulting outputs in Section 3.1. Then the case study ”Wind Turbine
Inspection Mission” data set is presented in (Section 3.2), which we then use to demonstrate the
complete mission planning procedure as well as evaluate the Path Planning Module (Section 3.2.2)

placeholder for performance and quality of the resulting outputs.
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3.1. TOP Test Set Evaluation

The TOP has seven test instance data sets designed by [2, 16] for the purposes of benchmarking
TOP solvers. Each test instance contains a mapping of the available tasks in the cost space (i.e.
the Euclidean distances between each task is the cost to transition between the tasks in either
direction) and a consistent reward score assigned to each task. Each data set contains variations
of the maximum allowable cost constraint and the number of team members allocated. The seven
data sets have been unpacked into 387 test problems, collected from [36]. A summary of the
data is provided in Section B.1. The Feasibility Preprocessing Module was tested on the test
instances, and has been summarised in Section B.2. The proposed placeholder using Alg. 1
computes feasible zones for the majority of the test instance variants in under 10 s for problem

sizes containing up to 102 tasks.

3.1.1. Swarm Size Decay Evaluation
The DStPSO solver was modified with Alg. 2 that prunes the swarm of the poorest performing
particles on each iteration. A performance comparison between the original DStPSO (y = 0) and

the decayed DStPSO (y > 0) was made using the TOP test instances.

The DStPSO algorithm was initialised with inertia weight w = 0.7, social bias weight ¢; = 0.5,
self bias weight ¢, = 0.5. Stopping criteria is achieved after 300 consecutive iterations of no
improvement (stall). RVNS was set to move from neighbourhood 2 to neighbourhood 3 after
10 consecutive iterations of no improvement, and stopping criteria was set to trigger after 20
consecutive iterations of no improvement from neighbourhood 3. Three solver configurations
(varying in y) were trialled over 10 repeats, measuring the computational time (CPU), the averaged
Relative Percentage Error (RPE) from the best found solution of a particular test instance, and the
averaged standard deviation of the RPE (o). The solver was implemented in MATLAB and tested
on an Intel i7-8665U 1.9 GHz CPU with 16 GB of memory. Fig. 5 presents the results averaged

over the entire test set.
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Figure 5: Performance comparison of modified DStPSO algorithm with varying y. CPU time, reward RPE, and reward

RPE o are averaged over all 387 test sets, repeated 10 times each.

Comparison of RPE and o across each y variant shows that larger swarm sizes converge towards
a common optimum (o decreases and RPE increases) with the exception of the largest swarm
size (100), whose o increases. This might be due to the larger swarm producing a wider range of
strong particle solutions, and the inertia/social bias/self bias weights need to be retuned to achieve
reduced 0. The major performance advantage is observed in CPU time difference. The original
DStPSO with a swarm size of 10 has a similar CPU time to the 2.5% DStPSO of swarm size 100,
but has a lower RPE and a higher 0. This means that, for the same computation time, DStPSO
with swarm decay will provide a better and more consistent solution than DStPSO without swarm

decay. The average solving time for the DStPSO algorithm with Alg. 2 ranges between 5.5 s for
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simple problems and 30 s for more complex problems, and is competitive with other metaheuristic

variants (see Section B.3).

3.2. Case Study Application

An example of a structured environment (i.e. an environment where the terrain, static obstacles,
and environmental loading conditions are known or can be estimated with a high degree of con-
fidence) are offshore wind farms like the Anholt Wind Turbine Array (Fig. 6), which we use as a

case-study application.

Wind turbines require annual inspection of the submerged structure and power cables [37], which
is normally completed using ROVs or divers. The distributed inspection mission aims to allocate
visual inspection tasks to a fleet of REMORA Autonomous Underwater Vehicles (AUVs), mean-
ing we can use Asms. | and 2 for defining M. Though the visual inspection of wind turbine
substructure and cables is not as difficult a robotic control task as, for instance, underwater valve
manipulation on offshore pipelines, the example stands as a proof-of-concept, multi-robot, task

allocation and routing problem with variable sea conditions and known obstacles.
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Figure 6: False colour map of Anholt array using infrared satellite imagery from Sentinel-2A (March, 2018) refer-

enced to UTM zone 32N. Green dots indicate the captured centroid of each turbine.

Referring to the AMV mission planning definitions in Section 2.3, the inspection mission needs
to first be sub-divided into independent operating zones (defined by N instances of M) which
can then be formulated into the set of inspection tasks and special home point tasks, 7. The
inspection task 7 is a helical trajectory that the REMORA vehicle must follow to visually inspect
the outer surface of a wind turbine substructure from a point close to the waterline to the seabed.
All inspection tasks are given an equal reward s = 1, and g is set to be 6 m from the centroid of a
wind turbine (maintaining a 1 m distance from the exterior of the turbine substructure). There are

111 wind turbines, meaning that Ny > 113 depending on the feasible operating zone clustering.

One to ten REMORA vehicles will be used for the inspection mission (Ny = {1, 2, ...,9, 10}), for

the purpose of determining minimum fleet size for complete coverage (i.e. only one deployment
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per zone is necessary). Each REMORA vehicle can be configured with two 14.8V, 6.2Ah LiPo
batteries connected in parallel (12.4Ah total capacity). Each vehicle’s available energy capacity,
ep, 1s then calculated to be approximately 462 kJ from Eq. (6), with 30% of the tull capacity kept
as an emergency reserve. The parameters of the REMORA dynamic model from Eq. (21) have
been empirically determined through model tests by [13]. For the homogeneous fleet assumption

(Asm. 2), V has now been adequately defined.

3.2.1. Evaluation of Feasibility Preprocessing Module

Now that the wind turbine inspection mission is sufficiently defined in terms of task location and
vehicle constraint data, the first step of the mission planner procedure is to subdivide the mission
area (i.e. the area encapsulated by the location data in 77) into feasible operating zones for the
vehicles. With a constant forward velocity of U = 0.5 m/s, the calculated PSR for the REMORA

to obtain Fig. 7.
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Figure 7: The Anholt wind turbine array, clustered according to the mean PSR of the REMORA vehicle (4.66 km).
Each star is a home point and centre of the respective cluster. Overlaps between each zone’s PSR and another zone’s

target set presents the opportunity for inter-zone assistance.

The full My is then decomposed into N instances, where 7~ is distributed to each new M, accord-
ing to the clustering algorithm. The full inspection mission is then formulated into independent
Nc sub-missions M(Oi) |ie{l,...,Nc} c N. For each Mg), the special home point task locations,
g€ 7'((]i?NT), are set to the location of the i-th cluster centroid. Each Mg) can then be digested by
the mission planner search algorithm (DStPSO) into a corresponding Mg) for optimisation. But
first, S must be generated for each possible transition in each Mg), so that the corresponding E®

matrix can be obtained.
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3.2.2. Evaluation of Path Planner Module Placeholder

Hydrodynamic potential flow presents an effective solution to obtaining a path S that navigates
around obstacles at a constant forward velocity, but it has two vulnerabilities. Stagnation points
on the boundary of an obstacle that cause the vehicle to be trapped in a position of zero velocity,
and the generated path having a curvature that cannot be adequately followed due to the vehicle
manoeuvrability constraints. Fig. 8a shows an example of the stagnation point causing the vehicle
to get stuck in a local minima at the obstacle boundary. This scenario is only likely to happen
when there is only one obstacle and its centroid lies on the line between the source and the sink.
The influence from multiple obstacles (Fig. 8b), noise from the vehicle’s location estimate, and
the trajectory tracking error of the vehicle’s controller all contribute in reducing the likelihood of

the stagnation problem.
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Figure 8: Example flow field and vehicle path (streamlines) using hydrodynamic potential flow. The green trajectory
in 8a meets with a stagnation point on the surface of the obstacle located at (0,0). In practice this is unlikely to occur as
the starting location must lie on the line between source and sink. The influence from multiple obstacles also reduces

the likelihood of stagnation as in 8b.

Integrating the CV field (Eq. (12)) from a starting point to a finishing point provides S based on
a mass-less particle drifting along a streamline within the potential field. This ignores the inertial,
hydrodynamic, and control components of the vehicle model (see Eq. (21)). The vehicle dynamics
may also cause a collision-free trajectory to be invalid because the vehicle is unable to follow the
path. This is due to the required turning rate, r, becoming too high for the vehicle’s forward veloc-

ity, causing an error offset that the vehicle’s controller cannot stabilise fast enough. This is likely
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to happen when the vehicle’s trajectory is heading towards the centroid of an obstacle, requiring
a large deflection around the obstacle by the integrated CV field. By artificially inflating the size
of the obstacles, the radius of curvature of the generated path becomes larger, hence decreasing
the magnitude of the required r. Fig. 9 shows a test trajectory generated for the REMORA vehicle
model that must navigate around a circular obstacle to reach the position (17,0.1). S contains
the attained x and y positions, commanded forward speed U, and commanded heading ¢ for the
integrated time series . Fig. 10 presents the commanded and achieved dynamics of the vehicle for
the test trajectory when in autopilot and dynamic positioning modes, showing that the controller
is able to adequately track the commands obtained from the integration of the CV field with the

inflated obstacle.
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Figure 9: Path navigated by the REMORA Simulink model. Model started at (0,0) with orientation O radians (parallel
to x axis) and was commanded to navigate to (17,0.1) using the CV flow equation. An obstacle, pictured at actual size,
located at (10,0) with radius 5.0 m was inflated by 1.5 m (three times the vehicle’s collision radius) for the CV field
equations. The resulting path produces a trajectory with curvature suitable for the vehicle to track, avoiding collision

with the actual obstacle.
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Figure 10: Top: Commanded and actual forward speed of the model during the transition. Middle: Commanded
and actual heading of the model during the transition. Bottom: The control method switches between Autopilot
(AP) and Dynamic Positioning (DP) mode when the vehicle gets within 0.2 m of the destination. DP enables high

manoeuvrability and control but consumes more energy than AP.

3.2.3. Sequencing and Allocation Module Placeholder

As determined in Section 3.2.1, there are four sub-missions that must be solved by the DStPSO
algorithm in order to provide a complete plan for the inspection mission of the Anholt array. As
shown in Fig. 2, the trajectory generator requires knowledge of the static obstacles’ positions and
radii (which are provided from the obstacle database as the tuple O = (X,, r,, I,)) and the start and

end points for the trajectory (g € 7; 3) for it to produce the requested trajectory S;;.
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For the inspection mission case study, each turbine substructure is a pile 5 m in radius, whose
cross-section can be represented on the East-North (X-Y) plane as circles of 5 m radius. O is
then the collection of 111 X, coordinates of each turbine location, and r, is the collection of
the corresponding 111 substructure radii, which are all set to 5 m. Given the starting (i-th) and
finishing (j-th) coordinates from the k-th sub-mission proposal, {g € 77, ,-,|Mg‘), 0"}, the trajectory

generator can produce S;; for each sub-mission.

Each S;; produced by the trajectory generator is mapped to the corresponding element E;; using
the method in Section 2.5. S;; provides the time interval over which E;; and E}, are obtained. E, ;
is obtained from the nested energy consumption prediction of the helical inspection task, which
will have a different H and # from the transition phase because special inspection equipment
(cameras, sonar, etc.) will be active at this point in the task, and the 3D trajectory taken by the
vehicle around the substructure is significantly different from the planar transition trajectory. For
the sake of brevity, we have assigned the expected task energy consumption E;; = 1kIVE, ; € E,

meaning that a constant is depleted from the vehicle’s battery for every task it completes.

(k)
o~ as de-

Having obtained E € M(é), the DStPSO algorithm is used to evaluate an optimum M
scribed in Section 2.9. The final gbest corresponds to R € M(Ck)*. The route for the vehicle / € Q,
R, can then be used to access the set of trajectories {S;; | (i, /) € R, 1 <i < L;—1,2 < j< Ly
The DStPSO algorithm was then calibrated for a swarm size of 1000 and y = 1%, which gives the
solver the same expected computation time as a 60-70 particle DStPSO without decay (as inter-
polated from Fig. 5, given the computational cost presented in Section 3.2.4), but with more than
10x the initial search power. We present the set of trajectories proposed by M(Cz) in Fig. 11. The
full set of solved routes, spanning from a solo REMORA vehicle to a fleet of 10, for each zone are

available in Section C.
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Figure 11: Optimised route for cluster zone 2, with a fleet of seven REMORA vehicles. For visibility, obstacles are
not to scale and are larger than actual. Dotted lines represent the Euclidean path of the corresponding vehicle route.
As is the case with most of the transitions, the shortest path was a straight line path to the destination, with small

distortions in the path that flow around obstacles.

As presented by the planner, at least seven vehicles are required to complete the mission with a
single deployment/retrieval (i.e. the smallest number of vehicles required to visit all of the wind
turbines). However, it is of more interest to identify how the TOP solver behaves when the fleet
size is larger than the bare minimum requirement for complete coverage (i.e. when there is re-
dundancy). Fig. 12 shows that the vehicle within the fleet that is undertaking the largest energy
consuming route (i.e. the vehicle with the highest risk of stranding) does not significantly change

with increase in fleet size. What can be seen is that, despite the total utilisation of the fleet de-
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creasing with fleet sizes of 7, 8, 9 and 10, the total utilisation of the weakest link’ vehicle remains
largely unchanged at 99.8 % or above of the vehicle’s rationed energy capacity (70 % of the the-
oretical maximum). This is because the DStPSO’s node insertion and exchange operations are
conditionally implemented either to increase the total achieved reward (maximising tasks com-
pleted) or to decrease the total energy cost of a vehicle route so that more potential tasks can be

added in future operations.
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Figure 12: The highest energy consumption (weakest link) of any member of the fleet during the Anholt mission,
expressed as the percentage of total rationed energy capacity (i.e. 70% of the theoretical maximum of the battery),
versus the utilisation of the fleet, expressed as the percentage of expected energy consumption to the total rationed

energy capacity of the fleet.

While this is still a robust solution because the vehicle has a 30 % emergency reserve, it might
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be advantageous to introduce a penalty based on the standard deviation of the fleet energy cost.
In this way, solutions that have similar energy costings for each vehicle will be more likely to
be selected than solutions that have a subset of vehicles doing most of the work, minimising the
risk of stranding due to energy depletion across the entire fleet. However, this would come with
the cost of using more vehicles than absolutely necessary, which increases the complexity of the
mission and the risk of other mishaps associated with autonomous deployments (see [38] for real

world examples of such problems).

Based on the definition of optimality given in Section 2.2, all of the solved routes found by the

planner have the following characteristics, indicating strong solutions:

1. All vehicles have unique tasks (no task is visited more than once).
2. None of the individual vehicle paths cross over themselves.
3. The energy consumptions of the deployed vehicles are close to the specified capacity.

4. Each vehicle starts and finished at the designated zone home point.

3.2.4. Computational Cost Breakdown

As an alternative to determining the time complexity of the mission planner framework’s place-
holder modules, we instead present the computation time benchmark taken for the planner to
complete planning for the Anholt mission from start to finish, ranging in fleet size from 1 to 10

(Fig. 13).

The time cost is distributed between the four module placeholders. As can be seen, the feasibil-
ity prepocessing, and sequencing and allocation module placeholders are within practical online
limits, taking at most under a minute for the DStPSO algorithm to produce a near-optimum M..
The computational cost is dominated by the path planning and energy estimation modules, tak-
ing up to 27 minutes combined to process 1056 potential transitions for the largest zone (zone 2,
N = 33). The major contributor to this cost is that the step size used to evaluate the trajectory of
the REMORA was too small (set to 0.01 s). Over a 4.5 hour long mission, the number of points
used to represent the trajectory was perhaps needlessly large. Increasing the step size will signifi-
cantly reduce the amount of computation time, but at the cost of making the energy estimation less
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Figure 13: Computation time cost distribution for each module placeholder of the mission planner framework when

planning the Anholt wind turbine inspection mission.

es The energy estimation module placeholder compounds the cost by performing Monte Carlo of a
ess  vehicle model, meaning that the energy for one trajectory is simulated many times (in this case, 100
e7 times). In general, computation time can be reduced for both of these modules by the supporting
es computer code for parallelisation, either for multi-CPU or GPU acceleration. However, better
ee  performing algorithms than the ones proposed within the placeholders could be implemented as

eso modules to improve the time efficiency of the framework.
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4. Limitations and Future Work

The proposed module placeholders are basic implementations designed to demonstrate the feasi-
bility of the framework design as well as to provide a benchmark for module design and improve-
ment. The top candidate for improvement is the hydrodynamic potential implementation of the
path planning module because of its limitations in the planning domain (only in two dimensional
space), modelling all obstacles as circles, assuming that all obstacles are static, the presence of
stagnation points, and the long time taken to solve Eq. (12). Future path planning modules should
implement existing algorithms (such as are considered in [39]) that can overcome these limitations,

which will improve the capabilities of the mission planning framework.

The second place candidate for improvement is the energy estimation module placeholder. Firstly,
the dynamic model can be developed further to include environmental parameters such as wind
speed and direction, wave spectra, and water current and direction. The resulting energy cost
matrix will be more asymmetrical, and result in more interesting route solutions produced by the
sequencing and allocation module in order to reduce energy consumption. Secondly, the under-
lying Monte Carlo simulation assumes Gaussian distributions for the vehicle model but this may
not be the case in reality. More appropriate vehicle model distributions may be obtained through

machine learning on the mission history of real vehicles.

Finally, the sequencing and allocation module can also be improved in several key ways. The
DStPSO solver is currently configured to accept deterministic costs from the energy estimation
module. Currently, an upper confidence value (i.e. a value larger than or equal to the mean) of the
estimated distribution for each transition is inputted to the DStPSO solver. However, the energy
estimation module outputs a Gaussian distribution parameterised by estimated mean and standard
deviation for each transition. A stochastic solver could take advantage of the full distribution to

provide more reliable solutions.

The search space of the DStPSO solver has only been configured for assumptions of a homoge-
neous fleet and non-hierarchical mission. The solver can be extended to include heterogeneous

fleets of vehicles in three ways:
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1. Defining E as the matrix R¥"™NrNv allows for different vehicle dynamic models to be used
according to I, € V.

2. Extending P as a Ny long set of control vectors that reference {Tp, € 7 | 1 <i < Ny,i € N},
essentially defining the set of tasks in M, that each vehicle is capable of doing according to
I,eV.

3. Modifying s € S by a scalar utility variable found in 7, € V allows for vehicles more
effective at completing certain task types than others to evaluate as a higher scoring solution

than alternative solutions.

Additionally, the planner can be extended to include hierarchical tasks (i.e. tasks that depend on
the completion of other tasks) by specifying a prerequisite variable in I, € T. This allows for a
logical hierarchy, but then must be further extended using temporal logic in order to obtain an

energy efficient hierarchical proposal.

Finally, the planner’s scope has currently been configured for pre-planning operation (i.e. gen-
erating an initial plan for the vehicles). However, it is compelling to obtain online planning for
the vehicles as they progress through the mission after deployment, and experience energy con-
sumptions that are almost certainly different from what was estimated in the initial plan. Detecting
significant deviation from the expected energy consumption is the primary challenge to be over-
come to effectively implement an online replanning system. The computational cost of the path
planning and energy planning placeholders also make it impractical to perform a complete replan
of the all possible transitions following identification of a replan. Our future objectives are to de-
velop an online replanning component to the mission planner framework which can identify when
a replanning situation is necessary, and also to reduce the replanning space to a size that would be

practical to implement onboard a vehicle in situ.

Conclusions

A new mission planner framework for AMVs was proposed, formulated as the TOP from oper-
ational research. The mission domain was first defined in its open form, containing information

about the tasks, vehicles, and obstacles as specified by the AMV operator, the knowledge based
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reasoning step discussed in section 1. The mission planner searches through the open mission My
for an optimum proposal, called the closed mission Mc. The closed mission is an initial plan that
contains task allocation and sequencing information for the AMV fleet to execute. Here it can be

seen that the fask allocation step of mission planning has been completed.

The planner differs from temporal planners and task hierarchy planners because it uses energy has
the base finite resource. Considering energy means considering the loading of a particular vehi-
cle over the extent of its mission. It requires a trajectory generator to produce viable paths that
can be assessed for energy consumption using the dynamic model of the vehicle under consider-
ation. Treating energy consumption as the expected variable of a stochastic process means that
uncertainty has been considered by the planner. This is the foundation of the third step in mission
planning, risk projection. In future development of the mission planner, the level of allowable

uncertainty in the mission plan can be specified by the operator as a constraint.

The mission planner is modular in nature because the definition of the open mission requires
several separate databases to be processed into the open mission formulation. This means that the
components specified in section 2 are interchangeable with different or more advanced methods,

depending on the complexity of the mission.

The integration of the components into the mission planner framework also produced ’spillover
effects’ as minor improvements to the literature concerning some of the components. Most notable
is the improvement of the DStPSO algorithm with the swarm decay modification. It is shown in
section 3.1.1 that the modification allows for a wider initial exploration of the search space with

more particles whilst saving computational resources in the later stages of the search.

Finally, we tested the mission planner framework on simulated operator input data from the case-
study inspection mission of the Anholt wind turbine array. Following the homogeneous fleet
and non-hierarchical task assumptions stated in section 2.3, we formulate the test data into four
separate open missions using the feasible operating zone component. DStPSO was then shown to

successfully obtain the closed mission proposal for each instance.

The proposed AMV mission planner stands as the preliminary framework for development towards
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robust automated planning for more generalised AMV missions. We hope to promote development
and comparison of new framework modules through our results benchmark and our identification

of the limitations in our implementation.
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A. Detailed Energy Calculations

A.l1. Traverse Energy Cost Calculation
The energy required to compensate drag, centripetal and buoyancy forces/moments while travers-
ing the path S;; is

E,ij= fs 7(s) ds, 19

ij

where 7 € R® is the generalised vector of control forces and moments acting on the vehicle and
s € R® is the path variable. For a vehicle outfitted with N, thrusters the generalised vector T is
provided as the linear combination of the thrust command vector f € RV through the thruster
configuration matrix T, € R x RV

T=T.f. (20)

Letn = [N, E, D, ¢,0,y]" € R® be the generalised pose vector of the vehicle in the inertial North-
East-Down (NED) frame and v = [u,v,w, p,q,r]" € R® be the generalised linear and angular
velocity vector in a body-fixed frame. For a vehicle manoeuvring at constant speed (v = ¥) the
generalised control forces and moments balance the hydrostatic and hydrodynamic contributions,
ie.

T =D+ C@)V + g@@) (21
where D(v) € R® x R® is the linear plus quadratic drag; C(v) € R® x R® accounts for Coriolis
and centripetal forces and moments; g(57) € R® is the vector of restoring moments and forces. T
represents an underestimate of the total generalised force spent to traverse the path since it does

not account for acceleration and deceleration phases.

The electrical power spent by each thruster to deliver the thrust f; is generally approximated with

a quadratic function of the commanded thrust f; [40], i.e.

He = nelfil fio  k=1,..., Ny, (22)

where 7, is a thrust efliciency coefficient. Therefore the energy required to traverse the path S;;

E,; = f #(s)ds = f T.8(s) ds = f Py, 23)
S, Sij 1
52

can be computed as
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where P = }, Il is the total electric power consumed to traverse the path S;;, ; is the time instant

the vehicle leaves g € Tp, and ¢, is the time instant the vehicle arrives to g € Tp,.

A.2. Task Energy Cost Discussion

In addition to expending energy while transitioning between task locations, the vehicle also ex-
pends energy undertaking a particular task at location g € 7p,. Tasks vary in energy intensity.
For example, a vehicle tasked with cleaning substructure from bio-fouling will experience higher
loads than a vehicle tasked with visual inspection of the same substructure, meaning a higher en-
ergy consumption for the former scenario. Therefore an estimate of the task energy E;; can be
computed after the specific definition of the tuple /; € 7p,. For example an inspection task as a
seabed survey or a scrutiny of a monopile will be defined as a trajectory and a sequence of actions
to be performed while passing at given way points. The energy cost associated with the trajectory
tracking will then be estimated by means of equation 5; while the energy spent in carrying out the
sequence of actions will be evaluated based on the sensors and actuators to be used and the usage

duration.

A.3. Hotel Load Energy Cost Calculation

The energy depleted by the hotel load H is usually accounted for by considering the nominal
power consumption of the guidance, navigation, control, communication, environmental sensing
and acting systems that are switched on during the mission. An energy baseline for the hotel load
can be estimated by considering those systems that must always be available, i.e. the guidance,
navigation and control computer with associated sensors and the communication system. Instead
of looking into component data sheets for the nominal power consumption declared by the man-
ufacturers, the hotel load H can be modelled as a random variable by looking into logged data
while the vehicle is idle. For the considered REMORA vehicle study case, recorded data of power
consumption shows that the baseline hotel load can be modelled as a normally distributed random
variable, i.e. H ~ N(ug, G'?H). Hence the energy cost of the hotel load is given by

E, = E[E,] = E[ f “a dt] = f " B dr (24)

s.k s,k

53



924

925

926

927

928

929

930

932

933

934

935

936

937

where #;; and t7, are the start time of the transition g € 7p, — g € 7p; and the finish time of the

task 7p;, respectively.

Remark. As the vehicle executes the mission, different sensors and actuators are powered up in
order to fulfil the assigned tasks. This will generate power loads that may change the statistical
description of the hotel load towards non-symmetric distributions with heavy tails (e.g. Rayleigh

distribution).

B. TOP Test Instance Evaluation

B.1. Data Set Description

The complexity of each data set is represented by two parameters, ~"Feasibiliy Ratio” and “’Feasible
Permutations”. Feasibility Ratio is calculated by: the number of transitions whose cost is less
than or equal to the total cost constraint, divided by the total number of transitions (N> — N).
The complexity of each test set is represented as the number of Feasible Permutations (i.e. the
Feasibility Ratio multiplied by N> — N). The distributions of these complexity parameters are

shown in Fig. 14.
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Figure 14: Distributions summarising the complexity of each test instance data set. 14a summarises the harshness
of the cost constraint for the instance. Values closer to 1 correspond to instance variants that have more feasible
transitions than ones with values closer to 0. 14b summarises the search space complexity by the number of feasible
transitions that can be searched through for each instance. Problems with larger numbers of permutations will take

longer to find optimal solutions within.

B.2. Clustering Evaluation

We evaluated the feasible operating zone clustering algorithm (Alg. 1) for performance (in terms
of computation time) and quality (in terms of standard deviation of the number of feasible clusters
generated). The algorithm was tested on each instance variant 10 times. Fig. 15 presents the
average computation time and standard deviation of the number of feasible clusters identified by
the algorithm for unique PSR values specified by each instance variant. In general, larger PSR
values represent a more relaxed constraint than smaller PSR values, which translates to higher
computational times for smaller PSR values as more cluster zones are required to cover all of the
targets. However, for some problems such as N = 64 and N = 66), certain PS R values result in a
larger number of required clusters to adequately cover all tasks, resulting in oscillating spikes of

cluster number standard deviation and CPU time.
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B.3. DStPSO Performance Summary on TOP Test Instance Data

As summarised by [20], DStPSO has not made any improvements on the best known solutions
since its introduction in 2010. However, the new swarm size decay modification introduces per-
formance increases in computation time which are summarised in Table 1. Several metaheuristic
algorithms tested by [41], these are: Generalised Tabu search with a Penalty heuristic (GTP),
Generalised Tabu search with a feasible solution heuristic (GTF), Fast Variable neighbourhood
search with Feasible solution heuristic (FVF) and Slow Variable neighbourhood search with Fea-
sible solution heuristic (SVF). Additionally, [41] included results from the algorithm proposed by
[2] (CGW) and [42] (TMH), which we have also included for convenience. As can be seen, the
DStPSO reaches solutions faster on more complex problems (problem sets 4-7) when compared

to the other algorithms.
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Table 1: Average CPU time comparison between DStPSO with decay rates 0.0 to 7.5 %, and average CPU time results reported by [41] for various
metaheuristic algorithms designed to solve the TOP problem instances. DStPSO is less affected by problem complexity compared to others, but takes longer

to solve simpler problems

Average CPU (s)

y=00 y=25 y=50 y=75 GIP GIF FVF SVF TMH CGW

Set1 3945 6.99 5.94 548 4.67 1.63 0.13  7.78 N/A 15.41
Set2 3732 653 5.54 5.14 0.00 0.00 0.00 0.03 N/A 0.85
Set3 52.00 9.06 7.69 7.09 6.03 1.59 0.15 10.19 N/A 15.37
Set4 161.57 27.63  23.63  21.57 10529 282.92 2252 457.89 797.70 934.80
Set5 14299 2436  20.60 18.87 6945 2655 34.17 15893 7130 193.70
Set6 143.70 23.86  20.19 18.39  66.29 20.19 874 147.88 45.70 150.10
Set7 173.01 29.57 2482 2247 158.97 256.76 10.34 309.87 432.60 841.40
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Figure 16: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 1 member. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 17: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 2 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 18: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 3 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 19: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 4 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 20: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 5 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 21: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 6 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 22: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 7 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 23: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 8 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 24: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 9 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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Figure 25: Solved sequences for the Wind Turbine Inspection Mission with a fleet containing 10 members. Feasible

zones arranged as follows, Top Left: Zone 1, Top Right: Zone 2, Bottom Left: Zone 3, Bottom Right: Zone 4.
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