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Abstract— This paper presents a methodology for localizing
an autonomous tethered underwater robotic vehicle deployed
for aquaculture inspection operations. The developed method-
ology is based on an Asynchronous Unscented Kalman Filer
(UKF) to fuse information from onboard sensors along with
a’priori knowledge about the aquaculture’s geometry and
the underwater robot’s hydrodynamics. The performance of
the proposed methodology is assessed through accuracy and
consistency metrics generated from simulation benchmarks.

I. INTRODUCTION

Underwater robotics has experienced a dramatic growing
in the last years due to its potentials in different undersea ap-
plications including gathering data for oceanographic needs,
pipeline and harbor inspection, and monitoring aquacultures.
In the report of the European Commission [1], aquaculture
is called to be the fastest growing food producing sector
in the world. In addition, aquaculture facilities and tasks
required for their maintenance represent a great application
field for underwater robots to replace humans. In aquaculture
industry, the main problem is considered to be escapes of fish
from the fish net cages. According to the Norwegian report of
escape incidents [2], more than 60% of escapes are caused by
structural failures of fish farm equipment. The main reasons
for such faults are abrasion and tearing of mooring ropes,
anchor chains, or holes in the fish nets from fish biting. In
order to prevent such incidents, the regular inspection of all
subsystems and early detection of net holes and other types
of system faults are mandatory tasks in the fish producing
industry.

Currently, such operations are provided by human divers.
However, this task is associated with risks of human health
and lives. These risks have been increasing recently because
of the tendency to push fish cage systems to far-shore sites
with more severe waves and currents [3], [4]. In this case,
underwater unmanned vehicles appear to be a safe and
cost-efficient alternative to the human diving inspection by
avoiding the health and human life risks. The current work
presents portions of the systems utilized in the AQUABOT
project [5] an ongoing research project aimed to develop an
autonomous system for visual inspection of fish farm nets
and moorings by using a tethered underwater autonomous ve-
hicle (UAV). The GPS-denied undersea environments make
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the autonomous operation of underwater vehicles to be
one of the most challenging problem. The effective and
accurate localization and control is enabled by a fusion of
data from onboard sensors and a-priory knowledge about
dynamic behavior of the aquaculture. The ocean currents and
flows imply additional difficulties for a robot control system
making a robot to deviate away from its desired state or path.

This work is aimed at modeling a sensor suite of a ROV
for different aquaculture applications along with developing
algorithms for localization and state estimation of the vehicle
by fusing information from different sources. The sensor
suite includes an Inertial Measurement Unit (IMU), a novel
combined Laser Vision System (LVS), a pressure sensor for
measuring the depth of the vehicle, and a tilt-compensated
compass. Such a combination of the sensor can be used in lo-
calization and navigation tasks for monitoring and inspecting
aquaculture installations. The additional information sources
include an optical flow concept and a’priori information of
the robot’s hydrodynamics and the fish-net’s geometry.

Several research works have been conducted recently to
model a sensor suite of underwater vehicles and to localize
them in undersea GPS-denied environments. Lynen et al. [6]
presented measurement models of a camera-IMU system
consisting of an IMU and a spherical camera for using these
models in a fusion and state estimation process. Kottas and
Roumeliotis in [7] investigated the observability properties
of a navigation system based on camera and IMU sensors
and proposed an algorithm utilizing this analysis to improve
the Extended Kalman Filter (EKF) state estimator. Bloesh
et al [8] considered a measurement fusion problem from an
inertial sensor and a monocular camera in form of optical
flow by using an UKF to estimate a robot pose over time.
Karras et al [9] proposed an online asynchronous Modified
Dual UKF algorithm for state and parameter estimation of
an underwater vehicle that uses fused data from an IMU and
a combined camera-point lasers system.

II. SYSTEM MODELING

In this section, we present the modeling of an autonomous
underwater vehicle used in this work along with its sensor
suite and additional information sources. The vehicle is
modeled by a nonlinear 6DOF model while the hydrody-
namic and geometric parameters of the model were defined
by a dynamic parameter identification procedure and by
using a dedicated software as described in Subsection III-A.
The models of the robot’s sensors including accelerometers,
gyroscopes, a tilt-compensated compass, and a novel LVS
are described as well. The model of the LVS is based on
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a’priory known information about the aquaculture geometry
model that is modelled as a function of the oceans’ current
velocity at the aquaculture location.

A. Vehicle Model

In this work, we consider an underwater vehicle as a
6 DOF free body that can be described by the following
vectors: η1 = [x, y, z]

T is the position vector, η2 =
[ϕ, θ, ψ]

T is the orientation (Euler angle) vector (roll, pitch
and yaw angles), ν1 = [u, v, w]

T is the body linear velocities
(surge, sway and heave), ν2 = [p, q, r]

T is the body angular
velocities, a = [ax, ay, az]

T is the body accelerations. Two
coordination frame are used to define the vectors. The body
frame is fixed to the ROV with the origin OB located at
the center of gravity of the vehicle, the XB axis pointing
forward and lying in the symmetric plane of the vehicle, the
YB axis pointing to the right side of the vehicle, and the
ZB axis pointing downward. The inertial frame is fixed to
the aquaculture (fish net cage) that can be assumed in this
case since the top of the cage is static. The origin and axes
of this frame are defined as follows: the origin OI is fixed
to a middle top point of the cage, the XI points toward
the North, the YI axis points toward the East, and the ZI

axis points downward. The described frames and vectors
are shown on Fig. 1 along with the forces and moments
τ = [X,Y, Z,K,M,N ]

T acting on the vehicle.

Fig. 1. Inertial and body-fixed reference frames.

We assume a full 6DOF nonlinear dynamic model of the
ROV that is given by the following system of equations [10]:

Mν̇ +C (ν)ν +D (ν)ν + g (η) = τ ,

η̇ = J (η)ν,
(1)

where M is the inertia matrix, C is the coriolis and cen-
tripetal matrix, D is the drag matrix, g is the force vector,
τ is the trust vector of forces and moments, ν =

[
νT
1 ,ν

T
2

]T
is the body velocities vector, η =

[
ηT
1 ,η

T
2

]T is the position
and Euler angles vector, J is the transformation matrix from
the body-fixed frame {B} to the inertial frame {I}, where
all aforementioned matrices are according to [10].

The matrices M, C and D depend on the hydrodynamic
parameters of the vehicle that represent the derivatives of
the hydrodynamic forces and moments acting on the vehicle

with respect to the vehicle velocities and accelerations:

M ∼ ∂X

∂u̇
,
∂Y

∂v̇
, · · · , ∂N

∂ṙ
,

C ∼ ∂X

∂u̇
,
∂Y

∂v̇
, · · · , ∂N

∂ṙ
,

D ∼ ∂X

∂u
, · · · , ∂N

∂r
,
∂X

∂u |u|
, · · · , ∂N

∂r |r|
.

(2)

For using the dynamic model Eq. (1) in the fusion algo-
rithm, the model was discretized and augmented with the
linear accelerations in the body frame a. The acceleration
model was derived based on the approach proposed in [9].
The final discrete model of the vehicle can be written as:

νk+1 = νk +M−1 (τ k −C (νk)νk −D (νk)νk

−g (νk))∆t,

ηk+1 = ηk + J (νk)ηk∆t,

ak+1 = −ak + 2M−1 (τ k −C (νk)νk −D (νk)νk

−g (νk)) .

(3)

The vehicle process model we use in the localization
algorithm can be written as:

ẋ = f (x,u) +wUAV , (4)

where x =
[
νT
1 ,ν

T
2 ,η

T
1 ,η

T
2 ,a

T
]T is the state vector, u is

the control (thrust) vector, wUAV ∼ (0,RUAV ) is the white
noise with zero mean and the covariance matrix RUAV .

B. Sensor Models

1) Accelerometer and Gyroscope Model: We assume that
the accelerometer outputs the linear accelerations a in the
body frame, while the gyroscope measures the angular ve-
locity ν2 in the body frame of the ROV. These two sensors
are modeled as follows:

zIMU = hIMU (x,wIMU ) , (5)

where wIMU ∼ N (0,RIMU ) is the white noise with zero
mean and covariance matrix RIMU .

In this equation, the vector zg consists of several measure-
ments as follows: zIMU =

[
zTg , z

T
a

]T , where the measure-
ments from the gyroscope are defined as:

zg = [p, q, r]
T
+wg, (6)

and the measurements from the accelerometer can be written
as:

za = a+ν2× (ν2 × r)+α×r+R−1
BI [0, 0, g]

T
+wa, (7)

where RBI is the rotation matrix from the body to inertial
frame, r is the position of the IMU relative to the body fixed
frame, α is the angular accelerations. In this expression, a
compensation procedure for the “lever arm effect” is used
since the accelerometer is not located at the center of mass
of the UAV.
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2) Tilt-Compensated Compass and Depth Pressure Sensor
Model: The tilt-compensated compass and the depth pressure
sensor used in this work provide measurements of the current
depth of the vehicle and the earth magnetic vector direction.

The depth pressure sensor is modeled based on the Pascal’s
Law for the hydrostatic pressure that is the force exerted on
an object due to the weight of water above it:

zPS = hPS (x,wPS) = ρgz + pa +wPS , (8)

where ρ is the water density (1000 kg/m3 for fresh water),
g is the gravitational constant, z is the depth below the
water surface, pa is the atmosperic pressure, and wPS ∼
N (0,RPS) is the white noise with zero mean and covariance
matrix RPS .

The tilt-compensated compass sensor provide the Euler
angles of the vehicle and is modeled with the following
equation:

zMS = Vm +wMS , (9)

where Vm = [ϕ, θ, cosψ, sinψ] is the Euler angles while
the yaw angle is represented by its trigonometric functions
to avoid the discontinuity at 0o. wMS is the white noise with
zero mean and covariance matrix RPS .

3) Laser Vision System Model: The LVS sensor [11]
consists of a CCD camera and a set of three lasers projecting
the lines in the form of a triangle on the target as shown
on Fig. 4. It provides the distance and orientation of a target
(or aquaculture) with respect to the vehicle. In the general
case, the aquaculture represents a flexible structure consisting
of several parts including an array of fish net cages, mooring
lines between cages and to the anchors, buoys, and weights,
as it is shown on Fig. 2. In this work, we considered a
fish net cage as a target for the LVS and constructed its
hydrodynamic model that allows to calculate the geometry
of the fish net for different environmental conditions, such
as different oceans’ current speeds, water density, etc. A
non-linear lumped-parameters method is utilzed to model
the fish net structure [12]. The net is divided into discrete
quadrilateral elements (meshes) with lumped masses at the
element nodes connected by massless springs. Each net
element represents a structure of four interconnected bars
that are subject to the external forces (hydrodynamic forces,
gravity, buoyancy, inertia) applied at the center of each
element. Internal (elastic) forces are incorporated into the
model to address the flexibility of the net structure.

Fig. 2. Aquaculture schematic diagram.

The resulting nonlinear system of dynamic equations is
solved for the 3-D coordinates of each fish net node. Note
that the fish-net dynamic equations depend on the velocity
of the oceans’ current. This information can be acquired
either by local measurements or by ocean forecasting and
observation systems. In this work, we used the Cyprus
Coastal Ocean Forecasting and Observing System (CYCO-
FOS) [13] for daily forecasting of the ocean current velocity
and direction at the domain of the aquaculture. Although
small modifications to the fish-net shape caused by small
changes to the current velocities can be calculated on-line
during the inspection task, this requires additional processing
resources to be allocated to this task. To reduce the on-line
computational load during sea trials an array of aquaculture
geometries for several current speeds in the neighborhood of
the forecasted velocities can be calculated a’priory.

The model of the fish net geometry can be considered
as an additional information source and is used in the LVS
measurement model as follows. The vehicle navigates around
a fish cage inspecting and monitoring faults and failures of
the fish net. The camera of the robot is pointing towards
a target while the lasers create a triangle on the surface
of the target. Since such a triangle defines a plane on the
targets’s surface, a relative distance and a relative orientation
of the target with respect to the vehicle body frame can be
calculated. The fish net geometry F is represented as a quad
mesh with VF vertices and FF faces while the coordinates
of the vertices are known a’priory as shown on Fig. 3. In
order to compute the distance d from the vehicle position
ν1 = [x, y, z]

T to a mesh face, we first triangulate the mesh
faces by splitting each quad cell into two triangles. Then, we
draw a ray p from the origin of the body frame along the
XB-axis of the vehicle:

p = OB +∆p · ε, ε > 0, (10)

where OB is the origin of the body frame, ∆p is the X-
column of the rotational matrix J2. The intersection point P
of this ray with a mesh face containing vertices V0, V1 and
V2 can be found as:

P =
−n ·w
n ·∆p

, (11)

where n is the normal to the current face, w = OB −V0 is
the vector between the ray origin OB and the face vertex V0.
By testing whether the intersection point is located inside
the corresponding triangle face, the distance from the body
frame origin to that face can be found. We proceed with the
described procedure for all 2FF faces of the fish net and
take the smallest distance. The orientation of the face can be
calculated as a normal vector n to this face:

n =
e1 × e2
|e1 × e2|

, (12)

where e1 = V0 −V1, e2 = V0 −V2 are the edge vectors.
Thus, the measurement model of the LVS can be described

as follows:

[d,n]
T
= hLV S (x,F) +wLV S , (13)
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where wLV S ∼ N (0,RLV S) is the zero mean white noise
with covariance matrix RLV S .

Fig. 3. The measurement model of the combined Laser Vision System.

III. SYSTEM IDENTIFICATION AND SENSOR SUITE
ALGORITHMS

In this section, we briefly describe the procedure imple-
mented for identification of the vehicle parameters, partic-
ularly the hydrodynamic parameters and thrust coefficients.
The algorithms used for the sensor suite operation are briefly
described here as well.

A. Dynamic Parameter Identification

The vehicle used in this work is a VideoRay Pro IV
ROV [14] equipped with two horizontal thrusters for surge
and yaw motions and one vertical thruster for heave mo-
tion. The vehicle is under-actuated, meaning that it cannot
perform sway, roll and pitch motions. The basic sensor
system includes a front facing camera housed with an acrilic
dome, an IMU, magnetometer and depth sensors. In addition
to these sensors, the ROV was equipped with three line
lasers. The combined Laser Vision System (LVS) is shown
on Fig. 4. Such a set of sensors can be considered sufficient
for the underwater inspection task since the IMU can provide
measurements of the linear accelerations and angular rates
while the LVS can calculate the relative distance and veloc-
ities with respect to the aquaculture. By incorporating the
measurements from the tilt-compensated compass, the Euler
angles can be estimated as well.

Fig. 4. A Combined Laser Vision system setup.

The accelerometer and gyroscope measurements in this
work were provided by an InvenSense MPU-6050 sen-
sor [15]. We only utilize its three-axis accelerometer and

gyro providing measurements with frequency limited by a
dedicated RS-485 communication line to 50 Hz. The tilt-
compensated compass and the depth pressure sensor were
provided with the underwater vehicle and have a working
frequency of 17Hz.

In order to identify the parameters of the underwater
vehicle (e.g. entries of the matrices M, C, D and the vector g
in the vehicle model Eq. (1)), several procedures were carried
out. First, the mass and the main geometric parameters were
measured while the inertia matrix of the robot about its
three principal axes was calculated by using SolidWorks R⃝

software. Then, a dynamic identification procedure [16] was
applied to find the hydrodynamic derivatives of the vehicles
matrices Eq. (2). This procedure assumes that the vehicle
model can be rewritten in a form:

Yπ = τ , (14)

where Y is the matrix of the vehicle states including veloc-
ities, accelerations, and Euler angles, π is the vector of un-
known robot parameters including hydrodynamic derivatives
and thruster coefficients, τ is the vector of control inputs.
By defining the control inputs and running experiments in a
real environment, the vehicle state can be measured for each
control input at each time instance.

We performed a series of experiments by exciting isolated
vehicle DOFs in various frequencies. First, we forced the
vehicle in the surge and yaw directions while controlling for
constant depth. The second experiment was done along the
surge direction while controlling for constant yaw and depth.
Then, while controlling for constant yaw angle, the vehicle
was exhited in the heave direction. In the next experiment
the yaw direction was excited while controlling for constant
depth of the robot. Finally, we performed experiments with
simulatneously exciting all actuated DOFs of the vehicle
(yaw, surge and heave). For each case we performed several
tests by changing the amplitude and frequency of the excita-
tion while the state of the vehicle was partially measured by
its sensor suite. Measurements were then offline processed
to synchronize the measurements and the control inputs
and to generate the missing states (linear velocities, angular
accelerations).

The described experiments were carried out in a dedicated
water tank of the RCDS Lab, CUT, for about 1min for
each test. As a result, the measured states formed the matrix
Ȳ ∈ R6N×37 where N is the number of samples, the control
inputs defined the vector τ̄ ∈ R6N×1, while the vector
of unknown parameter to be identified was of dimension
π ∈ R37×1 for our case. The parameter vector can then be
obtained as π = Ȳ†τ̄ , where Ȳ† is the left pseudoinverse
matrix of Ȳ. A more detailed description of the parameter
identification procedure and results are presented in [17].

B. Laser Vision System

The CCD camera is enclosed by a hemispherical dome.
Since the acrylic dome and an underwater environment
affect the vision system of the ROV, a special camera
calibration process was used and appropriate optic models

 
 
978-0-933957-43-5 ©2015 MTS 

This is a DRAFT. As such it may not be cited in other works. 
The citable Proceedings of the Conference will be published in 

IEEE Xplore shortly after the conclusion of the conference.



were developed [18]. The camera has 150◦ field of view
before the calibration and a resolution of 720 by 576 pixels
and provides an image with the frequency of 25Hz. Three
532 nm lasers, each project a line within an 90◦ cone. Using
the hemispherical optics model [18] and by knowing the
laser planes, the 3D position of the laser projections are
estimated [11].

IV. ASYNCHRONOUS UNSCENTED KALMAN FILTER
ALGORITHM

In this work, we applied an UKF scheme to estimate
the states of the vehicle. Since the measurements from the
IMU, pressure and LVS sensors could arrive with different
frequencies and asynchronously, the UKF algorithm was
modified to incorporate this feature using the approach sim-
ilar to [9], [19]. In the general case, the robot’s sensor suite
provides measurements with constant and high frequency,
while the frequency of the LVS and optical flow is much
lower and can vary depending on computational loads and
scene complexity. A schematic diagram of this process and
corresponding fusion time steps are shown on Fig. 5.

Fig. 5. Schematic diagram of the asynchronous sensor fusion approach.

The discrete model of the vehicle (1) is used as a system
process model in which ∆t is the time interval between
the previous and the current time instance. The system
process model is predicted forward in time and the mean
and covariance of the state vector are updated only when
a new measurement from either of the sensors is available.
In the case, when only the IMU/Pressure sensor/LVS mea-
surements/etc were received, the measurement model for the
UKF algorithm is formulated in the form of the correspond-
ing sensor model (for example, the IMU model (5), pressure
sensor model (8), or the LVS model (13)). However, when
the measurements from two or more sensors are available,
the combination of the sensors models is used. For example,
for the combination of the IMU + Pressure sensor + LVS,
the threefold measurement model can be written as:

x =

 hIMU (x) +wIMU

hPS (x) +wPS

hLV S (x) +wLV S

 (15)

Note that the sensor noise covariance matrix used in the
UKF update step should be rewritten as well in accordance
to the applied sensor model, for example, for the threefold

combined sensor model as follows:

R =

 RIMU 0IMU×PS 0IMU×LV S

0PS×IMU RPS 0PS×LV S

0LV S×IMU 0LV S×PS RLV S

 . (16)

V. SIMULATION RESULTS

The developed localization algorithm was validated
through various simulations under realistic levels of noises
and disturbances.

The simulation scenario was to navigate the vehicle down-
wards along the aquaculture height with the constant vertical
velocity w = 0.1m/s. Simple controllers were applied in
order to keep the vehicle along the predefined trajectory and
the aquaculture in the field of view of the ROV. The STD of
the gyro measurements was assumed as 0.05 rad/s, the STD
of the accelerometers was 0.03m/s, the STD of the pressure
sensor was 0.1m, the STD of the LVS was 0.1m. The results
of one simulation run for 50 s are shown on Fig. 6, where the
trace of the covariance matrix is demonstrated as a measure
of convergence of the filter.

Fig. 6. Simulation results for one run: the trace of the state estimation
covariance matrix.

A series of Monte-Carlo runs were conducted in order
to evaluate the performance of the proposed sensor fusion
algorithm for the position estimation only. Since we know
a “true” state of the vehicle at each time instance, two
metrics were used to examine the filter, namely, the root
mean squared error (RMSE), to estimate the accuracy of the
filter, and the normalized estimation error squared (NEES),
to provide a measure of the filter consistency [20].

For each Monte-Carlo run j, j = 1, . . . , Nruns and each
time step i, i = 1, . . . , Nsteps we computed the NEES as:

NEESj
i =

(
xj
i − x̃j

i

)T (
Pij

x

)−1
(
xj
i − x̃j

i

)
. (17)

The average NEES (ANEES) over 10 Monte-Carlo runs
and for each time step i is shown on Fig. 7(a) for 100 s
simulation run and was computed as:

ANEESi =
1

Nruns

Nruns∑
j=1

NEESj
i . (18)

The average of the NEES over all Monte-Carlo runs and all
times steps was 11.16. For a consistent filter, the ANEES
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tends towards the dimension of the state vector as the
number of Monte-Carlo runs approaches infinity [20]. The
comprehensive study of the filter performance in terms
of ANEES and RMSE for different types of filters was
conducted in [21]. According to this study, the performance
of the asynchronous UKF applied in this work is close to
the performance of the standard UKF.

The RMSE shown on Fig. 7(b) was computed for each
time as well according to:

RMSEi =

√√√√ 1

Nruns

Nruns∑
j=1

(
xj
i − x̃j

i

)T (
xj
i − x̃j

i

)
, (19)

while the average RMSE over all steps for this case was
0.65m.

(a) The position ANEES averaged per time step

(b) The position RMSE averaged per time step.

Fig. 7. Simulation results for 10 Monte-Carlo runs.

VI. CONCLUSION AND FUTURE WORK

This paper presented a state estimation algorithm for
an autonomous underwater vehicle for aquaculture inspec-
tion. The algorithm can fuse the information from several
sensors providing measurements with different and various
frequencies. The performance of the algorithm was validated
through simulations under real-world conditions and noises.
As future work, we consider to conduct experiments and field
tests to verify the proposed models and algorithms. Using
other available sensors and information (for example, optical
flow) in the state estimator along with applying observability
constraints analysis to the filter is considered to be a part of
future work as well.
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