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Runtime Energy Estimation and Route Optimization
for Autonomous Underwater Vehicles

Valerio De Carolis, Member, IEEE, Keith E. Brown, and David M. Lane, Member, IEEE

Abstract—This paper is focused on improving the self-awareness
of autonomous underwater vehicles (AUVs) operating in unknown
environments. A runtime estimation framework is introduced to
derive energy usage and navigation performance metrics in the
presence of external disturbances, such as slowly varying sea cur-
rents. These are calculated by a state-of-the-art nonlinear regres-
sion algorithm (LWPR) using measurements commonly available
on-board modern AUVs without relying on external sensors or a
priori knowledge about the environment. The proposed framework
is validated on two vehicles, an IVER3 AUV and a Nessie VII AUV,
in the context of real sea trials with no modification required for
the AUVs or their missions. Derived metrics are used to estimate
the feasibility of underwater missions employing the concept of
probability of mission completion (PoMC). If environmental ef-
fects modify the vehicle’s effectiveness, a mission plan update is
performed. This is based on an energy-aware route optimization al-
gorithm that is also introduced in the paper. This algorithm, known
as energy-aware orienteering problem (EA-OP), shows a practical
usage for the runtime metrics. It allows an AUV to optimize its
navigation and to maximize its mission’s outcome according to
measured performances. Simulation results are also presented for
inspection scenarios. These show average improvements of 5%–
20% for the mission’s outcome when using the proposed strategy
in the presence of environmental disturbances.

Index Terms—Autonomous underwater vehicles, energy aware-
ness, route optimization, unknown stochastic environments.

I. INTRODUCTION

AUTONOMOUS underwater vehicles (AUVs) have be-
come an important tool for a great range of underwater

activities, such as surveys, inspection tasks, and intervention
missions. This trend is leading to even longer and more com-
plex deployments [1] where the correct knowledge of different
operating environments, such as deep waters, coastal regions
or estuarine areas, plays an important role in optimizing the
effectiveness of platforms operating with high levels [2] of au-
tonomy. These vehicles are [3] designed with a limited energy
storage, shared by all their subsystems, that represents one of the
critical components limiting the platform’s effectiveness when
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away from human supervision. This aspect suggests how energy
management issues [4] are relevant to guarantee reliable oper-
ation during complex missions. Such characteristics put AUVs
on the same ground of other mobile systems, such as unmanned
ground vehicles (UGVs) and unmanned aerial vehicles (UAVs),
where relevant studies [5]–[9] have been extensively conducted.
In these domains, it is first required to perform the analysis of the
vehicle’s energy requirements when operating in real environ-
ments, by monitoring [5] and modeling [6] the different types of
electrical loads that characterize the energy consumption during
real missions. This has been achieved by introducing a statisti-
cal model to represent the vehicle’s behavior during a generic
mission. Other efforts have been focused on estimating the mis-
sion’s energy requirements [8] using real-time measurements
and a priori knowledge gathered from previous deployments.
Real operations are often affected by external disturbances and
temporal variability of the environment that break some of the
assumptions made during the initial planning phases. A further
extension of this study [9] introduces the use of energy esti-
mations in evaluating the feasibility of an autonomous mission.
This evaluation is done while a vehicle is operating in the field
by correlating the available energy resources with requirements
derived from its current mission plan. Experimental results on
UGVs validate the use of such framework. Altogether, the work
done on UGVs and UAVs suggests how the use of runtime
energy frameworks is beneficial to quantify the effects of the
external environment on the mission’s execution, both in term
of feasibility (e.g., the probability of completing successfully
the current plan) and the estimation of future resource usage.

Despite this, few efforts have been documented describing
how performance metrics can be calculated on vehicles op-
erating in the field and in estimating the effect of small-scale
environmental disturbances on underwater missions without the
support of a priori knowledge or external aiding sensors. This
paper aims at filling this gap by introducing a runtime frame-
work that estimates navigation performance and optimizes the
vehicle’s behavior in presence of unknown environments. This
is done by utilizing energy usage data [10] and measurements
(e.g., speed, heading, depth), which are commonly available
inside those platforms.

This paper focuses its analysis on AUVs conducting missions
in areas where sea currents can be assumed to be slowly varying
for relevant portions of their operating environment. This allows
the modeling of the sea current behavior as a stochastic process
where only limited variations in terms of speed and direction are
taken into account. Such operating scenarios are typical of small-
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size survey-class or intervention-class vehicles that are used in
coastal areas, inshore waters, or operating around human-made
structures. These low-cost vehicles are often rapidly deployed
and equipped with a small sensor package. These are usually
fitted with a Doppler velocity log (DVL) dedicated to navigation
purposes, but not with additional acoustical Doppler current pro-
filers that can provide sea current’s measurements. This paper
is structured as following. Section II introduces the formulation
of the runtime estimation and optimization problem. Section III
describes the methodology used in developing this paper. Sec-
tion IV presents the results of runtime estimation experiments
with real AUVs. Section V presents the results of route op-
timization experiments and, finally, Section VI discusses the
major findings.

II. PROBLEM FORMULATION

This paper assumes that an AUV is given the goal of inspect-
ing a constrained area where multiple inspection points (IPs)
are provided by end users. No a priori information is available
other than what has been recorded by the vehicle during previ-
ous operations. The state of the environment is also unknown,
but it is assumed slowly varying and is modeled as an stochas-
tic process. Small changes of direction Δψc ≤ 10◦ and speed
Δvc ≤ 0.1 m/s of the external sea current are considered. An
inspection mission is defined by a series of consecutive tasks (or
actions) that must be achieved without failures or exhaustion of
resources to reach a final goal

M = {A0 , A1 , . . . An} . (1)

Actions are of different kinds and are affected by uncer-
tainty of the environment. In this type of mission, these are
mainly navigation and inspection tasks. The first regulates tra-
jectory following, path generation, and general navigation be-
tween different IPs. The second, instead, allows the vehicle
to turn on its sensors while in proximity of an IP and to ac-
quire relevant data using the vehicle’s payload. In the case of
hover-capable AUVs, this navigation mode is used for this task,
holding the vehicle’s position while in proximity of an IP and, at
the same time, controlling its orientation. This is often needed
to steer and focus the available sensors (e.g., cameras, narrow
view imaging sonars, etc.) as required by the data acquisition
procedures.

The mission is also characterized by constraints that are given
as planning input or derived by platform specifications. These
are, for instance, restrictions on resource usage during naviga-
tion (e.g., maximum battery discharge rate, optimal speed, depth
of discharge, etc.) or the presence of a contingency energy re-
serve. Constraints are also introduced on the mission duration
and total energy usage, two quantities unknown before execu-
tion. These are affected by uncertainty of the environment and
by the nondeterministic development of tasks. For this reason,
these quantities are well represented by stochastic processes
associated with the overall mission’s uncertainty.

Given a generic mission, the probability of mission comple-
tion (PoMC) can be represented by writing the probability of
exceeding constraints on resource usage. This is given in integral

form by

P (tm > tT , em > eT ) =
∫ ∞

tT

∫ ∞

eT

fM (tm , em ) dtmdem (2)

where tm and em are the mission time and energy random
variables, tT and eT are mission constraints on duration and
energy usage, and fM (tm , em ) is the probability density func-
tion relating duration and energy usage of the mission process
M . This formulation introduces a simplification over the real
mission process, where other sources of uncertainty (marine
traffic, obstacles) and abrupt changes in the environment are
ignored. Nonetheless, it provides a quantitative representation
when dealing with stochastic environments.

III. METHODOLOGY

The random variables taken into account in this paper are
often objectives of interest in other works on mission planning,
where, for instance, great importance is given to the temporal
domain [11], the energy consumption [4], or the combination
of two [12] in the case of large-scale survey scenarios. In our
implementation, the concept of PoMC is used as a criteria for
evaluating the opportunity of interrupting or adapting the cur-
rent mission and to estimate the feasibility of possible alternative
plans. A detailed analysis of adaptive behaviors is outside of the
scope of this paper. Instead, an energy-constrained route opti-
mization problem is used to calculate alternative plans. This has
the goal of adapting the navigation route given the collected
environmental knowledge and it allows skipping less favorable
inspections if energy resources are scarce. The proposed route
optimization algorithm is derived from the orienteering prob-
lem (OP) [13], an optimization procedure that allows specific
constraints, budgets, and rewards to be considered in the set of
solutions. The OP can be seen as a combination of the traveling
salesman problem [14] and the knapsack problem. In this pa-
per, the original problem’s constraints are customized for AUV
scenarios, allowing vehicles to navigate along noncyclic paths
(tours). This approach is similar to the open vehicle routing
problem (OVRP) [15], where each vehicle is not required to
return to its starting point after visiting its targets. A detailed
description of the OP is found in [13]. A practical use of the
OP for other robotics applications is found in [16], applied to
aerial vehicles for monitoring tasks. This paper also assumes
the presence of a contingency plan (e.g., return to the recovery
point) usually defined by operators before deployment that is
activated in case of mission failure.

Two stochastic quantities are taken into account to assess the
feasibility of a mission: total mission time tm and total energy
usage em . These are written for a generic mission processM as

tm =
N∑
i=0

tAi
(3)

em =
N∑
i=0

eAi
(4)

whereN is the number of tasks, and tAi
and eAi

are the expected
duration and energy usage for the ith task.
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These quantities are unknown before completing a mission
and their values are estimated using the knowledge available at
runtime. Each task is modeled independently according to its
class or type. Interaction among tasks is not taken into account
and each of them is assumed independent. For a generic task,
with the exception of navigation, the expected duration and en-
ergy usage are assumed to follow a normal distribution. This is a
reasonable assumption for all repeatable tasks1 that are executed
during an inspection mission. Analytically, these quantities are
written as

tinsi ∼ N (μt i n s , σ
2
t i n s

) (5)

einsi ∼ N (μe i n s , σ
2
e i n s

) (6)

where μt i n s , μe i n s and σ2
t i n s
, σ2

e i n s
describe, respectively, the av-

erage values and the variances for the duration and the energy
usage of actions assigned to the class of repeatable tasks. Vari-
ances model the uncertainty associated with the actions’ exe-
cution and allow for a better characterization of the nonideal
behavior of actual tasks.

Locomotion tasks, on the other hand, are more sensitive to
environmental disturbances that affect both their energy con-
sumption and execution time during navigation. Such tasks are,
thus, better described by models that take into account the ef-
fective locomotion speed and navigation performance, estimated
at runtime using measurements collected on board, combined
with an additional term that represents higher order effects.
This approach allows the modeling of nonrepeatable behaviors
in the underlying control software that in presence of external
disturbances may result in less accurate trajectory following
procedures. Analytically, these tasks can be represented by an
approximated model written as

tlegi ∼ f(dnav, vcruise) + N (μT , σ2
T ) (7)

elegi ∼ f(εnav, vcruise) + N (μE , σ2
E ) (8)

where the travel time tlegi is derived from dnav , which repre-
sents the travel distance among IPs, and vcruise that estimates
the effective locomotion speed. The travel time is updated dur-
ing the mission’s execution if any corrective action (collision
avoidance, trajectory adjustments) is taken during navigation.
This is achieved by recalculating the dnav term and using the
last known estimation of the locomotion speed. In a similar way,
the energy usage elegi is derived taking into account the term
εnav , known as energy usage per unit distance [12], and the
locomotion speed vcruise when navigating in presence of dis-
turbances. The εnav term is measured in joule per meter and is
used in this formulation to represent the actual locomotion per-
formance. These additional quantities are only partially known
when starting a mission. For this reason, runtime estimates are
required during execution to better characterize the behavior of
these tasks when operating in stochastic environments.

1These are, for instance, data acquisition and position adjustment tasks where
the vehicle needs to steer its sensors to observe a portion of environment for a
given amount of time. These are still affected by external disturbances but their
duration and/or energy usage is determined by other factors (time-outs, visual
acquisition, sensor constraints) rather than the environment.

Given these aspects, the original equations (3) and (4) can
thus be rewritten as

tm (t) = t(t)m +
L∑
i=0

tlegi +
K∑
i=0

tinsi (9)

em (t) = e(t)
m +

L∑
i=0

elegi +
K∑
i=0

einsi (10)

where t(t)m and e(t)
m are the measured mission duration and energy

usage at time t, L and K are the remaining navigation and
inspection tasks, tlegi and tinsi are the expected durations, and
elegi and einsi are the expected energy usages for the ith task.

Equations (9) and (10) describe the estimated duration and
estimated energy usage for a generic time t during execution.
These quantities are used to evaluate the mission feasibility (2)
with respect to the provided constraints. This is done multiple
times during a single mission, for instance, after completing
a pair of navigation and inspection tasks. Furthermore, using
the models (7) and (8), the cumulative navigation time and
cumulative energy usage for the mission process M can be
expressed as the summation of known terms as

tnav =
L∑
i=0

tlegi (11)

enav =
L∑
i=0

elegi . (12)

Using the above models, (9) and (10) can be expressed using
the mean μ = E[X] and variances σ2 = E[(X − E[X])2 ] cal-
culated for the duration and energy variables. Analytically, these
are written, respectively, for a given time t during the mission
process as

μ̂tm = E[tm ] = t(t)m + μ̂tn av +K · μ̂t i n s (13)

μ̂em = E[em ] = e(t)
m + μ̂en av +K · μ̂e i n s (14)

and

σ̂2
tm

= E[(tm −E[tm ])2 ] = σ̂2
tn av

+K2 · σ̂2
t i n s

(15)

σ̂2
em

= E[(em − E[em ])2 ] = σ̂2
en av

+K2 · σ̂2
e i n s

(16)

where (μ̂e i n s , σ̂
2
e i n s

) describe the inspection-class tasks and the
pairs (μ̂tn av , σ̂

2
tn av

), (μ̂en av , σ̂2
en av

) describe the navigation-class
task. The first two parameters are derived from the experience
of repeated tasks and usually known once the task has been
defined. The last four, instead, are estimated at runtime and
their formulation is derived in the following sections.

A. Runtime Estimates

This framework relies on two runtime estimations to improve
the assessment of a generic mission process. First is εnav(ψ),
which describes the energy cost per unit distance as a function
of absolute navigation heading. Second is vcruise(ψ), which rep-
resents the average cruise speed still as a function of absolute
heading. The vcruise(ψ) term is measured with the aid of a DVL
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sensor as speed over ground during navigation. These two func-
tions are constantly re-evaluated at runtime to incorporate small
changes of the external environment. The effect of disturbances,
such as sea currents, is to change the two functions proportion-
ally to their intensity and prevalent directions.

To compute εnav(ψ) and vcruise(ψ), features such as the av-
erage speed v̄, the absolute heading ψ̄ and the cumulative travel
distance Δd, and energy consumption Δe for the current trajec-
tory are collected at runtime over a time window of N samples.
Together with these, speed σ2

v and heading σ2
ψ variances are

also computed over the same time window. Features with simi-
lar properties are grouped together in sets of M elements. The
conditions (20)–(22) are used for the grouping procedure. Once
a group is collected, a single measure ψ̂ is derived for the nav-
igation heading. This is then used to identify the value of the
two functions given the group’s features. Analytically, this is
expressed as

ψ̂ =
1
M

M∑
i=0

ψ̄i (17)

εnav(ψ̂) =
1
M

M∑
i=0

wi
Δei
Δdi

(18)

vcruise(ψ̂) =
1
M

M∑
i=0

wivi (19)

where M is the number of elements in the current group, ψ̄i
are the recorded headings, wi are scaling weights, and Δei and
Δdi are the energy usage and the travel distance for the ith
sample that satisfies σv and σψ conditions for the current group
as follows:

σψ ≤ Δψ ≤ 10◦ (20)

σv ≤ Δv ≤ 0.1 m/s (21)

|v − vcruise | ≤ vthr ≤ 0.1. (22)

Condition (20) allows the proposed procedure to operate even
in the presence of curved trajectories. This happens without loss
of detail by splitting a large trajectory in multiple small seg-
ments. An example of this behavior is shown in Fig. 1 where
smaller segments are employed as soon as the vehicle adjust its
navigation heading. Such an approach allows the use of a finer
resolution while in presence of smooth maneuvres. The con-
ditions (21) and (22) ensure that samples are collected during
cruise navigation while filtering out any data related to acceler-
ation or deceleration phases.

The coefficients wi are chosen to weight the contribution of
consecutive samples and decay with an exponential forgetting
factor λ as

M∑
i=0

wi = 1 with wi =
e−λi

∑M
j e−λj

. (23)

The value M is bounded between Mlow and Mhigh limits.
Features are collected in a single group as long as conditions
(20)–(22) are met for all elements within the current group.

Fig. 1. Segmentation result for a partial smooth trajectory used for inspection.
Segments are isolated by limiting variations on their prevalent heading ψ and
speed v. These cover approximately the same distance if the navigation is
continuous and with small heading changes.

If a group exceeds Mhigh samples, a new group is created. If
less than Mlow samples are collected, the group is discarded.
Given these conditions, each group identifies a single trajectory
segment with homogeneous properties and the upper bound
Mhigh sets a limit for the length of segments to use in this
procedure.

B. Data Pruning

Samples collected with such a procedure are stored in a data
set that is used to calculate models of the functions εnav(ψ) and
vcruise(ψ). As more data are made available during a mission,
this data set is further expanded. However, to promptly capture
variations in the external environment and to exploit temporal
dependencies, older samples need to be filtered out. This is done
using a binning procedure. Samples are grouped together inNh

heading bins. For each bin, the latest Kh samples are kept. This
retains the latest available estimations, without discarding too
many samples for not so frequent directions, while combining
the existing knowledge with fresher observations.

The parameters Nh and Kh control the complexity of the
data pruning procedure as well as the amount of data available
for further processing. The number of bins Nh is calculated
taking into account the precision of heading sensors. Good op-
erational values are found in the range from 30 to 90, resulting,
respectively, in heading bins with widths from 12◦ to 4◦. The
parameter Kh is chosen instead to guarantee a minimum num-
ber of samplesNt = Kh ·Nh ≥ 1000 as output for the pruning
procedure.

C. Locally Weighted Projection Regression

After obtaining a pruned data set, models for εnav(ψ) and
vcruise(ψ) are calculated using a regression analysis known as
locally weighted projection regression (LWPR) [17]. This is
a state-of-the-art nonlinear regression algorithm, which uses
multiple linear models to approximate locally high-dimensional
nonlinear functions. It has been successfully used in the un-
derwater domain [18] to improve classical motion models by
introducing a corrective term learnt during field operations.
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The LWPR algorithm applies a dimensionality reduction to
identify the most important components in the input vector
space. The domain in which each local model is activated is
known as the receptive field (RF) and is defined using a Gaus-
sian kernel. In each RF, the function is locally approximated
using a lower dimensional linear model as fitted with partial
least squares. LWPR produces the final result ŷ for the target
function as the weighted sum of all the predictions of local
models. The weights wk are taken from the kernel of each RF

ŷ =
∑K

k=1 wk ŷk∑K
k=1 wk

(24)

wk = exp
(
−1

2
(x − ck )T Dk (x − ck )

)
(25)

where ck represents the center of the kth RF, Dk is the inverse
covariance that specifies the width of the RF, K is the total
number of the fields, ŷk represents their local prediction, and x
is the input query point. The RFs are adjusted online as more
data are provided to the algorithm with no other intervention
required. An extensive description of the algorithm can be found
in [17].

The identification of the above parameters is an autonomous
procedure known as training. Few hyperparameters control this
behavior. These are tuned to the dynamics of the problem and
allowed ranges have been selected as a tradeoff between under-
and overfitting for the initial experimental data. Different mod-
els are, thus, allowed at this stage. These are evaluated using a
k-fold cross-validation technique. After training, their predic-
tions xpred are calculated and the mean squared error (MSE)
metric is computed using samples xval from the cross-validation
data sets. Analytically, this is expressed as

MSE =
1
Nt

√√√√ Nt∑
i=1

(
x

(i)
pred − x

(i)
val

)2
(26)

where Nt ∼ Kh ·Nh is the total number of samples used from
the training procedure. The model that minimizes the MSE met-
ric is then chosen as the output of the regression procedure.

An example model for εnav(ψ) is shown in Fig. 2 together
with its training samples. Confidence intervals are also shown.
These are calculated by the LWPR model and are used to char-
acterize the local uncertainty of εnav values. This is related to
measurement noise and to the interaction of external distur-
bances with the control subsystem of the autonomous platform.
Confidence intervals are used in the rest of this paper to de-
scribe the uncertainty for the estimated values of εnav(ψ) and
vcruise(ψ) models.

D. Navigation Model

Vehicle locomotion, together with previous estimations, is
also represented using a simplified model. This describes the
forward navigation using time-delayed third-order exponential
functions to approximate the trapezoidal velocity profile, typ-
ical of a point-to-point navigation. This model is often used
in trajectory generation problems [19] and guarantees that the
computed path has continuous derivatives up to the third order.

Fig. 2. Example of regression with simulator data. Disturbances and measure-
ment noise affects samples collected runtime. Nonetheless, the LWPR algorithm
extracts a smooth representation from noisy data. Dashed lines show the 95%
prediction intervals associated with the computed model.

Fig. 3. Velocity profile for the Nessie AUV. The exponential model (dashed
line, α = 0.15) is overlaid on navigation data (solid line) taken from an in-
spection mission conducted in real sea conditions. This represents the vehicle’s
behavior during a navigation task between two IPs while in presence of external
disturbances.

This approximates well the vehicle’s behavior when operating
in real environments, for instance, as shown in Fig. 3.

Assuming the mission requires to visit different waypoints,
the time needed for each individual trajectory leg can be written
as

tleg = tacc + tcruise + tdec (27)

where tcruise is cruising time, and tacc and tdec are, respectively,
the time needed to reach the cruise speed and to stop the vehicle
at the end of the trajectory leg. For reasonable sized legs, tacc and
tdec represent a small percentage of the cumulative navigation
time and can be assumed as constants for all legs. Given the
platform’s acceleration limits, the mission’s navigation speed
vcruise and the configuration of underlying motion controllers
tacc and tdec can be derived for a specific vehicle’s configuration.
A possible approach is measuring the time needed to increase
the AUV’s speed from 5% to 95% of the requested vcruise . In
the case of the experimental platform shown in Fig. 3, tacc and
tdec are both estimated as approximately 15 s.

Under these assumptions, only tcruise needs to be periodically
re-evaluated. Assuming uniform motion for the cruise phase,
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this can be written as

tcruise =
dleg − dacc − ddec

vcruise
(28)

where dleg is the total length of the trajectory leg and dacc
and ddec are the part of the leg covered during acceleration
and deceleration phases. These last values can be calculated
numerically by integrating the velocity profile for each respec-
tive phase. This allows the representation of the leg navigation
time tleg as a function of the navigation distance dleg and the
average cruise speed vcruise according to the estimations calcu-
lated at runtime

tleg =
dleg − dacc − ddec

vcruise(ψ)
+ tacc + tdec (29)

where ψ is the line-of-sight angle between two consecutive
waypoints that identify the given trajectory leg.

A similar approach is followed to derive the required energy.
This is done under the assumption that navigation among way-
points is conducted in a point-to-point fashion, typical of an
inspection mission. In this case, the energy requirement eleg for
a single trajectory leg is given by

eleg = dleg · εnav(ψ) + ξ (30)

where εnav(ψ) represent the energy cost for unit distance while
navigating with heading ψ. The ξ term represents residual costs
not taken into account by this formulation, such as the initial
acceleration effort or other second-order effects.

Furthermore, under the assumption of Gaussian uncertainty,
(29) and (30) allow the expression in more detail of the variables
(7) and (8). Analytically, these are described using their expected
values as follows:

μ̂tn av =
L∑
i=0

μ̂t l e g i
+

L∑
i=0

μ̂T (31)

μ̂en av =
L∑
i=0

μ̂e l e g i
+

L∑
i=0

μ̂E (32)

and variances

σ̂2
tn av

=
L∑
i=0

σ̂2
t l e g i

+
L∑
i=0

σ̂2
T (33)

σ̂2
en av

=
L∑
i=0

d2
leg i · σ̂εn av (ψi)2 +

L∑
i=0

σ̂2
E (34)

where σ̂εn av (ψi)2 is calculated from the confidence interval of
the LWPR model for the data point ψi and σ̂2

t l e g i
is the nu-

merically estimated variance for the navigation time of the ith
trajectory leg. Moreover, the (μ̂T , σ̂2

T ), (μ̂E , σ̂2
E ) pairs are the

estimated values for the residual uncertainty term of the two
random variables (7) and (8).

E. Route Planning

To improve resource utilization, the proposed framework em-
ploys the above estimations with a route planning algorithm
called energy-aware orienteering problem (EA-OP). This has

the aim of maximizing the execution performance in presence
of stochastic environments. For an inspection mission, this al-
gorithm provides an optimal sequence of tasks that supports
visiting a maximum number of IPs while keeping the use of
resources within given constraints. The resulting plan character-
izes an instance of the mission processM . During the execution,
this initial plan is further updated using runtime measurements.

The proposed algorithm is a variant of the OP [13] with the
introduction of additional constraints. This variant uses an open
version for the routing problem that allows solutions to be non-
cyclical paths (or tours) where user-defined starting and ending
points are enforced. This characteristic is typical of inspection
missions at sea where starting and recovery areas are distinct and
delimited by operational constraints (e.g., presence of planned
marine traffic or the use of a moving support vessel). This non-
cyclical behavior is common of OVRP [15] formulations, where
valid solutions are optimal routes that explores the full mission
space. Later in this paper, the proposed OP-variant is compared
with an existing OVRP formulation, used in previous experi-
ments to plan field missions.

The EA-OP algorithm is described by a mixed-integer linear
programming (MILP) formulation, where the navigation cost
and time for exploring the mission space are derived, respec-
tively, from (30) and (29). The aim of this is to maximize the
objective function

max
∑
i∈V

∑
j∈V

Sixij (35)

s.t.
∑
i∈Vs

xis =
∑
i∈Vf

xfi = 0 (36)

∑
i∈Vs

xsi =
∑
i∈Vf

xif = 1 (37)

∑
i∈Vm

xik ≤ 1 ∀k ∈ Vm (38)

∑
i∈Vm

xki ≤ 1 ∀k ∈ Vm (39)

∑
i∈Vf

xik =
∑
i∈Vs

xki ∀k ∈ Vm (40)

∑
i∈V

∑
j∈V

cijxij ≤ εmax (41)

ui − uj + 1 ≤ (N − 1)(1 − xij) ∀i, j ∈ V (42)

0 ≤ ui ≤ N ∀i ∈ V (43)

where V is the set of IPs, with s being the starting point and f
being the ending point,Si is the profit of visiting the ith point and
xij is a binary variable denoting the existence of a path between
two IPs included in a proposed solution. Equation (35) repre-
sents the total number of IPs to be visited while maximizing the
vehicle’s profit along the proposed navigation path. Derivation
of navigable paths is outside of the scope of this paper and they
are assumed to be known using geographic information about
the mission area. The rest of the formulation is given by the
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additional constraints (36)–(43) where cij = dij · εnav(ψij) + ξ
denotes the energy cost for the trajectory leg going from i to j,
N is the total number of points, Vs is the set of IPs excluding
the starting s, Vf is the set of points excluding the ending f , and
Vm is the set of points excluding both s and f .

In this formulation, constraint (41) ensures that the avail-
able energy εmax is not exceeded. Constraint (36) ensures that
there is no entry path to the starting point s and no exit path
from the ending point f . This makes them, respectively, the first
and the last point of the navigation route. Constraint (37) en-
forces their presence in the solution. Constraints (38)–(40) allow
the omission of inspections points from the solution. Constraint
(42) is a subtour elimination term forcing all the points to be
visited by one path. Finally, constraint (43) bound the values
of problem variables. The choice of such constraints is driven
by the need of guaranteeing the existence of a known ending
point. This is usually chosen by end users, for instance, in an
area suitable for the recovery of the vehicle. Together with this,
a solution is accepted as valid only if enough energy is available
to complete inspections along the proposed route. If the full
exploration of the mission space is not possible, solutions with
fewer IPs are considered

εmax = εbat −
K∑
i=0

εinsi − εres . (44)

The maximum allowed energy is calculated (44) at runtime using
the residual energy εbat available in the vehicle together with
some contingency reserve εres and the worst case estimation
εinsi ≥ μ̂ins + 3 · σ̂ins for the remaining non-navigation tasks.
Furthermore, the total navigation time is calculated as

tnav =
n∑

i,j=1

tijxij (45)

tij =
dij − dacc − ddec

vcruise(ψij)
+ tacc + tdec . (46)

F. Mission Tracking

Once a sequence of tasks is provided, (9) and (10) can be
evaluated for the current mission. The expected tm and em are,
thus, recorded with estimations t̂Ai

and êAi
for all the remaining

actions. This evaluation of mission time and energy consump-
tion is repeated after each task is achieved. Upon completion
of the task An , the framework stores its measured duration tAn

and energy usage eAn
. The actual travel distance dlegn is also

recorded if the task is of navigation class. These values are
compared with estimations done at a previous stage. If signif-
icant variations from the former plan are detected, a mission
assessment process is started. In that case, (9) and (10) are eval-
uated taking into account the full mission process M including
the completed tasks where a complete knowledge about their
performance is now available.

Beside incorporating the latest available runtime estimates,
this recursive procedure also allows to update the residual un-
certainty estimations. This is done by using the store knowledge

about recent completed tasks

μ̂T ≈ 1
N − L

N−L∑
i=0

t̂Ai
− tA plani

(47)

μ̂E ≈ 1
N − L

N−L∑
i=0

êAi
− eA plani

(48)

and

σ̂2
T ≈ 1

N − L

N−L∑
i=0

(ΔtAi
− μ̂T )2 (49)

σ̂2
E ≈ 1

N − L

N−L∑
i=0

(ΔeAi
− μ̂E )2 (50)

where ΔtAi
= t̂Ai

− tA plani
, ΔeAi

= êAi
− eA plani

, N is the to-
tal number of tasks, L is the tasks not yet achieved, and tA plani

,
eA plani

are the estimated performance metrics for the ith task.
This tracking procedure is used to combine the observed be-

havior (or execution experience) with the sequence of actions
calculated for a given mission plan. It provides an up-to-date
estimation of the total duration and energy usage while devel-
oping the mission without relying on outdated computations.
Moreover, the use of (47) and (48) allows the removal of any
systematic errors (e.g., offsets) from previous calculations. Af-
ter evaluating a new pair of tm and em values, the PoMC (2) is
updated. If a plan exceeds the required constraints or if (2) falls
below a given threshold, the current sequence of task is declared
infeasible and the optimization process is restarted to calculate
a better execution plan.

G. Sea Current Model

Together with these aspects, this paper employs a sea current
model [20] that is used for simulation purposes. The model is
described with a first-order Gauss–Markov process as follows:

v̇c(t) + μ0vc(t) = N (0, σ2
c ) with μ0 ≥ 0 (51)

where vc is the speed of the current, and μ0 and σ2
c are the pa-

rameters that adjust respectively the dependence from previous
state and the variance of a Gaussian sequence. This character-
izes the intensity of the simulated sea current. A similar model
is used for the direction ψc of the current. Together the random
variables vc(t) and ψc(t) describe the behavior of external dis-
turbances taken into account in this paper. The parameters μ0
and σ2

c are chosen following [20] (e.g., μ0 = 0.001, σc = 0.01)
to allow slow variations of speed and direction during each
simulated mission.

IV. EXPERIMENTAL VALIDATION

In this section, field experiments are presented. These show
the use of runtime estimation framework on two different AUVs
operating in real conditions. The first is an IVER3 AUV [21],
a commercial platform used for oceanographic surveys. This
vehicle took part in the experimental campaign for the EU FP7
ARROWS project [22]. Sea trials involved archaeological sites
in Trapani, Italy and Tallinn, Estonia. The second is Nessie VII
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AUV [23], a prototype vehicle used for inspection surveys in
shallow waters. This platform was involved in the field trials of
the EU FP7 PANDORA project [24] in Fort William, U.K.

IVER3 AUV is a lightweight torpedo-shaped autonomous
vehicle equipped with a sidescan sonar for sea bottom inspec-
tion. It has a single large tail thruster together with four control
surfaces to maintain its attitude during navigation. It has a 560-
Wh lithium-polymer (LiPo) battery pack for 8–14-h operations
while operating at 2.5-kn cruise speed. Nessie VII AUV is a
torpedo-shaped vehicle with hover capabilities. It has a 2.2 kWh
LiPo battery pack for 6–8-h operations at 2 kn. It has six brush-
less DC motors (Seabotix HPDC1502) each with a maximum
250-W power usage. These are aligned with the principal axes
of the vehicle, two on the vertical, two on the lateral, and two on
the longitudinal plane. When navigation occurs at fixed depth,
four thrusters mainly affect the power consumption, while the
remaining power use can be accounted for with a constant off-
set. This vehicle is optimized for low-speed operations, where
maneuvring and lateral motion capabilities are required to align
its sensors and acquire data in cluttered environments.

These vehicles have been chosen to evaluate the proposed
framework because they offer different capabilities in terms
of navigation and data acquisition. The Nessie AUV acquires
its measurements at a rate of 10 Hz and low resolution while
being fitted with a low-cost energy monitoring solution [10].
The IVER3, instead, samples data at a rate of 1 Hz and high
resolution while being equipped with a more accurate battery
management system, capable also of measuring the platform’s
energy consumption.

A. Field Missions

In this analysis, two example missions are considered. First, is
the use of IVER3 AUV for a survey task of an unexplored area.
Second, is the Nessie AUV, a long-term navigation experiment.
In the IVER3 case, an ARROWS’s project mission is consid-
ered. After sampling the environment and detecting underwater
objects, a different type of vehicle is dispatched toward possible
object locations.

The first mission is shown with more details in Fig. 4(a). In
this case, a lawn-mower pattern is employed to quickly survey
a portion of a large archaeological site. Fig. 4(b) shows the
computed values of the performance metric εnav(ψ) while the
vehicle navigates along its planned trajectory. The sequence of
peaks and troughs is given by the presence of an east-bound
sea current that affects the navigation. Upstream legs require
more effort to overcome environmental effects while down-
stream ones are more efficient. Fig. 4(c) shows the distribution
of εnav(ψ) values for downstream legs with a Gaussian fit over-
laid on raw samples. This highlights the effect of uncertainty
and residual noise on the calculated metric, spreading measure-
ments away from a mean value and following an approximate
Gaussian trend as introduced in the previous sections.

Similar results are obtained with the Nessie VII AUV both in
presence of regular and complex trajectories. A detailed example
is shown in Fig. 5(a). The vehicle executes a two leg navigation
in coastal waters while in presence of strong tidal currents. This

Fig. 4. IVER3 AUV performance analysis in presence of an east-bound sea
current. (a) Path followed by the vehicle. (b) Raw value for the instantaneous
εnav (ψ) performance metric during navigation. The sequence of peaks and
throats is given by change of heading after each leg. (c) Samples distribution
for upstream legs.

Fig. 5. Nessie AUV performance analysis in presence of tidal currents.
(a) Vehicle’s forward speed along a two leg navigation pattern. (b) Instanta-
neous εnav (ψ) value during navigation and highlights the difference between
legs. (c) Distribution of samples for the upstream leg.
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Fig. 6. (a) and (b) Example of inspection missions for the IVER3 vehicle and the Nessie AUV operating in real environments. In both, the forecasted sea current
is shown by an arrow. (c) and (d) Estimated energy cost for unit distance εnav (ψ) (in joule per meter) for each vehicle. Dashed lines represents the initial belief at
planning stage while solid lines show the estimated cost using runtime measurements during navigation.

task is part of a PANDORA’s project field mission that employs
this AUV for inspection of human-made structures. In this case,
two different navigation costs are detected as shown in Fig. 5(b).
Navigating downstream requires a εnav of about 220 J/m, while
the upstream counterpart about 325 J/m. Fig. 5(c) shows the
distribution of εnav(ψ) values for an upstream leg. The over-
laid fitting line shows a partial Gaussian trend. This nonex-
act trend is explained by the presence of higher uncertainty
(i.e., higher noise and lower resolution) in the measurements
collected on board of Nessie VII AUV. Despite this behav-
ior, the proposed framework provides a satisfactory capability
for characterizing the external environment when used in both
vehicles.

B. Navigation Patterns

Early experimental results suggest that navigation patterns
including few principal directions (less than eight) are not well
suited for obtaining a complete estimation of the quantities that
depends on the vehicle’s heading. For this reason, a few other
sampling strategies have been tested in the field to quickly obtain

performance estimates. Two examples are shown in Fig. 6 along
with their effects on regression’s results.

The first is a radial pattern executed by the IVER3 vehicle.
This trajectory is commonly used with this type of platform
when performing a detailed (on the spot) sonar acquisition or
for on-board sensors calibration. Fig. 6(a) and (c) shows the
resulting energy cost for unit distance estimation for a 10 legs
radial pattern. The polar chart shows how the initial belief (i.e., a
uniform navigation cost) is modified by the effect of external dis-
turbances. In this specific case, an increase of 20% in the energy
usage is detected when navigating against the prevalent sea cur-
rent. Downstream legs require about 80 J/m, while upstream
ones about 100 J/m during their execution. The second is a
smooth pattern conducted with the Nessie VII AUV. Fig. 6(b)
shows a more complex trajectory followed during an inspection
around human-made structures. The environment is character-
ized by the presence of moderate tidal currents. The resulting
estimation is shown in Fig. 6(d). This vehicle navigates at lower
speed and operates several maneuvres while in hovering mode.
During this experiment, energy measurements are heavily fil-
tered by conditions (20)–(22) resulting in a longer sampling time
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Fig. 7. Comparison of route planning algorithms for an inspection mission with limited energy resources. (a) Route calculated with the standard OVRP
formulation. (b) Proposed energy-aware algorithm in presence of the same simulated environment.

(needed to collect enough samples) to build a detailed estimation
of the environment.

C. Vehicles Comparison

Analyzing the above results, a relevant aspect is the smooth-
ness of the estimated function εnav(ψ). In the IVER3 case, a
fluctuating trend of the εnav(ψ) is explained with the collec-
tion of measurements only along few principal directions. This
behavior is not present in the Nessie AUV case because more
direction have been sampled resulting, thus, in a smoother esti-
mation.

Another relevant aspect is the presence of noise in the run-
time measurements. This is better shown in the Nessie AUV case
where the reduced sensor accuracy affects slightly the identifi-
cation of the principal direction for the external disturbance.
More generally, when taking into account the presence of noise,
an increased sampling time is needed to provide a complete
estimation of the external environment.

On the other hand, quantitative differences in the εnav(ψ)
function among vehicles are explained by taking into account
their specific designs. The Nessie AUV features multiple ac-
tuators allocated for forward and lateral navigation, that, to-
gether with the use of hover capabilities, is responsible for an
increased energy consumption when executing comparable in-
spection tasks to the single thruster IVER3 platform.

Despite these aspects, the proposed framework produces sat-
isfactory results both with a commercial vehicle, sampling data
at lower rates (≈1 Hz), and with a more complex prototype,
sampling at faster rates (≈10 Hz), without introducing any sig-
nificant change in their existing software architectures. This
aspect suggests how the use of runtime energy measurements
is applicable to a broad range of underwater vehicles while
obtaining an accuracy proportional to the quality of on-board
sensors.

V. SIMULATION EXPERIMENTS

In this section, simulation experiments are presented. These
analyze the performance of the energy-aware route planning al-
gorithm in the presence of unknown disturbances. Together a

comparison is shown with the use of a standard OVRP formu-
lation that does not incorporate any energy metric. The MILP
solver used for solving routing problems is Gurobi [25], a fast
solver with parallel and presolving capabilities. All computa-
tions are performed on a computer with Intel Celeron J1900
CPU and 8 GB of RAM. This configuration is similar to the
payload computers integrated in IVER3 AUV and Nessie AUV.
In the following experiments, a simulated torpedo-shaped un-
derwater vehicle is taken into account.

A. Simulated Inspections

An underwater vehicle is given a set of randomized IPs to be
visited in an optimal way with specific energy and time con-
straints. These are chosen to analyze the proposed framework in
the presence of resource scarcity, for instance, allocating less en-
ergy resources than the amount needed to cover all the IPs. The
environment is characterized by the presence of an unknown
varying current with a given upper bound vcm a x . Each inspec-
tion is repeated twice, first using a standard OVRP approach and
second using the EA-OP formulation introduced in the previous
sections.

An example result is shown in Fig. 7, in which a 5 × 10 in-
spection grid is surveyed in the presence of a moderate current
with an upper bound of 0.60 m/s. In this experiment, the OVRP
inspection depletes the allocated energy resources before reach-
ing the designated ending point. This results in the activation of
a contingency plan while still inside the mission area. On the
other hand, the EA-OP inspection completes in the expected re-
covery zone, discarding intermediate inspections and selecting
more favorable navigation legs while exploring its mission area.
A comparative outcome is shown in Fig. 8, where the simulated
energy usage is reported for the two strategies. In the EA-OP
case, a better use of the constrained resource allows the vehi-
cle to inspects more points, 36 instead of 26, than the OVRP
strategy while using the same amount of initial allocated energy.

To avoid biased results of a specific configuration, multi-
ple simulations are conducted with varying parameters such
as the sea current direction ψc , the upper bound of the simu-
lated current vcm a x , and the position of IPs. For the ψc term, 20
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Fig. 8. Energy usage comparison of two inspection missions. Squares repre-
sent the progression of the OVRP algorithm, while circles represent the energy-
aware orienteering problem (EA-OP). The dashed line represent the energy
threshold εm ax calculated for the simulated mission scenario.

TABLE I
AVERAGED RESULTS FOR THE SIMULATION EXPERIMENTS

vcm a x (m/s) n̄ovrp n̄ eaop gain (%)

0.00 31.57 33.28 5.14
0.20 30.19 32.23 6.32
0.40 29.57 32.33 8.48
0.60 27.04 32.00 15.61
0.80 24.76 32.28 23.35
1.00 24.32 32.19 24.49

TABLE II
AVERAGED SOLUTION TIME FOR DIFFERENT GRID SIZES

Grid Size tovrp (s) teaop (s)

3 × 4 0.095 0.416
4 × 8 1.253 4.037
5 × 10 14.349 21.620
6 × 12 44.695 67.881

different directions are considered, segmenting the direction
domain [−π, π] in steps of 18◦ each. For the vcm a x , instead, 5
configurations are taken into account, varying the maximum al-
lowed current speed from 0.00 to 0.80 m/s, simulating thus each
iteration a stronger external disturbance. Finally, 10 variations
of the IPs positions are taken into account. In total, 1000 experi-
ments are conducted using the combination of these parameters.
These all generate the randomized 5 × 10 inspection grid, such
as the one shown in the example above.

Averaged results are presented in Table I, where, for each sea
current configuration vcm a x , the inspection improvement is re-
ported along with the average number of inspected points n̄ovrp

and n̄eaop, respectively, for the OVRP and EA-OP strategies.
These results are averaged on theψc and IP locations parameters
and show how the EA-OP formulation allows for a better exe-
cution than what is achievable with a standard OVRP approach.
This behavior highlights how the use of an energy-aware ap-
proach can improve the mission efficiency while operating in
presence of unknown disturbances and constrained resources.

Furthermore, the analysis of the computation time for the
proposed formulations is presented in Table II. Here, differ-
ent grid sizes are taken into account, using the same problem
setting for the analyzed inspection experiments. Results show
how the EA-OP approach requires more time than the standard

OVRP to achieve an optimal solution. This behavior is explained
by the presence of more constraints in the MILP formulation
for the energy-aware approach. On the other hand, despite being
in presence of NP-hard problems, the availability of powerful
hardware in modern AUVs makes it suitable to handle moderate-
sized optimization tasks directly when operating in the field
without relying on external interactions or offline calculations.

VI. CONCLUSION

This paper introduces a runtime energy estimation framework
that allows AUVs to derive their navigation performances in
presence of external disturbances, such as sea currents. This is
done using measurements available on board and without the
use of auxiliary sensors for measuring the water environment.
Furthermore, derived metrics are used in an energy-aware route
optimization procedure that allows the vehicle to improve the
use of on-board resources. Experimental results validate the
use of energy metrics while in presence of real sea conditions
and on different types of platforms, such as survey-class and
inspection-class AUVs. These show improvements of 5% to
20% on the mission’s outcome when employing the introduced
methodology in presence of resource scarcity.

The proposed framework has been integrated in two real un-
derwater vehicles, one commercial and one a research prototype,
without requiring a modification to their original designs. Such
features makes it applicable to a broad range of existing plat-
forms with low effort. Energy metrics are derived at runtime
using a state-of-the-art nonlinear regression algorithm, known
as LWPR, without modifying the tasks assigned to vehicles
during their sea operations. The choice of LWPR allows us
to capture the nonlinear behavior of the external disturbances
without requiring a complex or computational heavy model of
the environment even when in the presence of residual noise or
outliers in collected samples.

Computed metrics are successfully used to evaluate the fea-
sibility of underwater missions at runtime. These have been
modeled as a sequence of tasks, each with planned resource
usage and execution uncertainty, and in case of deviations from
initial assumptions, an update of the current mission plan is in-
troduced. This procedure makes use of the energy-aware route
optimization problem (EA-OP) also introduced in this paper.
The EA-OP is derived from an orienteering problem and com-
bines the runtime estimations with additional operational con-
straints to select an optimal sequence of tasks that maximize
the mission’s outcome. As a result, this also improves vehicle’s
navigation as more energy-efficient routes are preferred soon
after sampling data from the environment. In case of resource
scarcity, less favorable (and not achievable) intermediate goals
are also discarded avoiding resource exhaustion while in the
field. Detailed simulations, conducted for inspection missions
in small areas and littoral environments, show improvements in
terms of mission’s performance proportional to the intensity of
external disturbances.

Overall, given the results shown in this paper, we believe that
the combined use of runtime energy estimations and energy-
aware route optimizations improve the effectiveness of AUVs
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operating in unknown environments with external disturbances.
Such a combination increases the vehicle’s self-awareness level
and its capability of persistent working without human supervi-
sion in the presence of operational uncertainty.
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