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Abstract

In this paper, we develop a state estimation system for
an autonomous underwater vehicle called Kambara.
The purpose of the state estimation system is to use
sensor data to track the position, orientation, linear
velocity and angular velocity of Kambara. To
accomplish this task, an Extended Kalman Filter (EKF)
was implemented.  The sensors include a triaxial
accelerometer, rate gyroscope, depth sensor, and a
compass/inclinometer. Nonlinear equations for the
sensors (i.e. sensor-model) and the dynamics of the
vehicle (i.e. process model) are also derived.
Experimental results are included on the dynamic
testing of the sensor model.

1. Introduction

Over the last two years, the Robotic Systems
Laboratory (RSL) at the Australian National University

has been involved in the construction of an
autonomous underwater vehicle (AUV) named
“Kambara”. The vehicle is autonomous in the sense

that it does not require a human operator to control it.
Occasional supervisory commands such as ‘'hold
current position' and 'swim after target' may be
provided. Some of the applications envisaged for the
AUV are mapping out underwater regions, following
and observing marine life, and inspection and
maintenance of underwater structures.

The main aim of the Kambara project is to further
research particularly in the area of underwater vehicle
control and vision systems. This paper is concerned
with both the process and sensor models for state
estimation. Once these models have been tested and
tuned they can be implemented in the EKF.

The paper starts by describing the physical system and
the initial progress of the state estimation project. The
following sections show derivations for the process and
sensor models. The final section demonstrates the
results from experimental testing of the sensors.

2. Kambara

The Kambara comprises of five thrusters and two
cylindrical enclosures mounted on an open aluminium
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cylindrical frame. The five thrusters enable roll, pitch,
yaw, heave, and surge manoeuvres. It is therefore
underactuated and not able to perform direct sway
(lateral) motion. The frame is 1.2m long, 1.5m wide
and has a height of 0.9m. The assembled vehicle
displaces approximately 120 litres of water. The upper
enclosure houses a computer system, frame grabber,
analog-to-digital converters and communications
equipment. Also in the upper enclosure is a sensor
suite consisting of a triaxial accelerometer, compass,
biaxial inclinometer, rate-gyroscope and temperature
sensor. The lower enclosure contains lead-acid
batteries, power distribution and charging circuitry, a
depth sensor and a leak sensor. Mounted on the front
frame is a pair of stereo cameras.

2.1 The State Estimation System

Work on the inertial navigation system (INS) of the
Kambara was commenced by Beswick, 1998. The
purpose of the INS was to provide adequate sensor data
to estimate the current state of the AUV in real time.
The state of the vehicle describes an estimation of
position, attitude, linear velocity and angular velocity.
This state information is then utilised by the motion
control system to navigate the vehicle.

In order to achieve this, Beswick proposed the use of a
Kalman filter, incorporating a linear model of the AUV
and the sensors. This linear model however ignored
hydrodynamic added mass and gyroscopic acceleration
terms. Therefore, the linear Kalman filter was deemed
insufficient and to improve performance nonlinear
modeling was required. Betlehem ,1999 improved the
model to a more accurate nonlinear one and
incorporated it into an extended Kalman filter. [Welch
& Bishop, 1995]

Integral to the Kalman filter are both the process model
and the sensor model. To determine the performance
of our sensor model, we needed to simulate an
experiment where the sensors could be tested
dynamically for their sensitivities, offset biases and
drift rates. Once these parameters were determined, we
could then work on determining the added precision
introduced by the implementation of the Extended
Kalman Filter and an added process model.



3. Process Modeling

A process model is a set of equations describing the
current state of the AUV as a function of the state at a
previous time and the control inputs. In the case of
Kambara, the control inputs are the thruster forces and
torques.  Therefore, the ultimate aim of process
modelling is to estimate the next state x;.; of the AUV
by a stochastic difference equation in terms of the
current state vector Xy, control inputs #, and noise
process v, That is, the vector function

Xi+1 =j(xk, U, vk) (3.1)
is to be determined. The state vector x; is given by
=0 o', D" 32

where, relative to the centre of mass:

v = Velocity of the AUV;

@ = Angular velocity;
r = Position vector of centre of mass;
q = Attitude quaternion ;

T = Average temperature.

It is desirable to create as accurate a model as possible.
This is because the effectiveness of the Kalman filter at
filtering measurement noise from sensor readings is
dependent on the accuracy of the model.

3.1 Model Derivation

As the process model basically describes the motion of
the AUV, it must include the dynamics of the system.
The system dynamics are obtained by application of
Newton’s second law. However, before this can be
applied, suitable reference frames and attitude
representations must be defined, and the significant
forces and moments identified. Since the model is
implemented in a digital system, it must be discretised.
The major steps involved in modelling the process are
summarised as follows: (1) define the reference frames
(2) define the attitude representations and apply
Newton’s law (3) identify the forces and moments and
(4) discretise the resulting equations by a backward
Euler approximation.

3.1.1 Defining Reference Frames

Two reference frames are used to describe the motion
of the AUV. These include an inertial reference frame
{I} to describe the position of the AUV in global
coordinates and a local or body-fixed frame {B} to be
attached to the centre of mass of the Kambara.

A graphical description of the frames is shown
in Figure 1. Note that Xp points towards the front of
the AUV, Zg points to the bottom of it, and ¥ points in
a direction appropriate for forming a right handed
coordinate system. The state vector component r = (x,
v, z)" then represents position vector of frame {B} in
frame {7}.
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Figure 1 Coordinate system for Kambara

3.1.2 ‘Attitude Representation : A Quaternion
Approach

There are different ways of representing the attitude (or
orientation) of the AUV. Two common forms are Z-Y-
X Euler angles and quaternions.

There are several disadvantages to Euler angle
representation.  The first is that all Euler angle

representations contain singularities.  The second.

problem in wusing FEuler angles for attitude
representation is in computation time. That is, the
calculation of six trigonometric functions are required
for every computation of the transformation matrices as
defined by Craig 1986 .

The use of quaternions avoids the above problems. It
uses a fourth parameter to eliminate the problem of
evaluating trigonometric functions and it also
eliminates the problem of singularities. Once the initial
quaternion is evaluated, the subsequent quaternions can
be updated recursively. This will involve a sequence
of multiplications and additions.

The transformation matrices R(g) and U(g) have full
rank and the kinematics equations [Fjellstad and
Fossen,94] contain no singularities or trigonometric
functions. ‘

3.1.3 Newton’s Law

Newton’s second law can now be applied to the AUV.
Summing moments about the centre of mass of the
AUV, the general expressions for Newton’s second law
for a body of constant mass m are [Craig, 1986]

ZFW%(’I{,)W’QX’VB =mtay)  (3:3)

S 4 akax s o) oty G

The notation is from Craig, 1986 where the
superscripted letter is the frame of reference for the
particular quantity. For example Iy is the AUV inertia
tensor about the origin of frame {B} with respect to
frame {I}. ’

The force and torque terms can be combined to a
generalised force vector that represents the net force
and moment acting on the AUV. It can be considered
as a ‘generalised force’, as it places both force and
moment in the same vector. The main terms
contributing to such a generalised net force come from
several sources: (1) the thrusters (2) hydrodynamic




added inertia (3) hydrodynamic drag and (4) gravity
and buoyancy.

Thrusters

Considerable effort has been made in recent years in
the development of thruster model [4]. The reason is
that thrusters are a dominant source of nonlinearity in
vehicle motion. Modeling of the thrusters for the
Kambara is given in [Silpa-Annan, 2000].

Hydrodynamic Added Inertia

This added inertia is a function of fluid density and the
body shape of the vehicle. The contribution to the net

force of this effect is — M AV—C A(V)V [Fossen,
1994].

acceleration term.

The term -C A(V)v is the gyroscopic

Hydrodynamic Drag

It is expected that the Kambara will move at speeds
that will create non-laminar flow about the AUV. The
drag force term can be approximated by —Diag|YiDv
where Diag converts a vector into a diagonal matrix
and D is a positive definite matrix of drag coefficients.
We assume that there will be no drag forces created in
orthogonal directions.

Gravity and Buoyancy

Gravity and buoyancy both apply forces to the AUV.
The gravitational force will act in the positive Z-axis in
the inertial frame. To calculate the force acting on the
AUV in the body-fixed frame, we will apply the linear
transformation matrix R(g) to the Z unit vector of
frame {I}. The gravitational force is therefore given by

0

f, @=meR” (@) 0.
1

3.5)

By Archimedes principle we also have a force acting at
the centre of buoyancy (or centroid) of the AUV equal

to f (q)= —-ngBZI. Where V is the volume of

fluid displaced, p is the density of the fluid and g is the
acceleration due to gravity.
For Kambara, however, the centre of buoyancy and the
centre of mass are offset by about 100mm. The
buoyancy force will therefore generate a righting
moment ryXfp(q) about the centre of mass where r; is
the position of the centre of buoyancy in frame {B}.
The net contribution from gravity and
buoyancy is summarised in the generalised force term

g(q) where

f, +f
_|Ttig |
g(q){'beb}

gm-pn’z,

B (3.6)
- @I/S(rb) Z T
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4. The Sensor Model

Kambara is equipped with a sensor suite that includes:

§ a SensorTechnics depth  sensor model
PTE2005G1A;

§ a Systron Donner MotionPak model MP-
GDDDQBBB-100;
§ and a Precision Navigation TCM2 model TCM2-

50.

The Systron Donner MotionPak is an integrated sensor
package. It contains an on-board triaxial
accelerometer, triaxial rate gyroscope, and a
temperature sensor. These are all to be used in the
state estimation system.

4.1 Triaxial Accelerometer

A triaxial accelerometer measures acceleration in three
mutually perpendicular directions. On Kambara, the
three axes are approximately aligned with the body-
fixed frame {B}.

The MotionPak accelerometer superimposes
gravity on the sensor output. As the gravity term must
be subtracted from the accelerometer output so that a
true indication of acceleration can be given, the
accelerometer readings can hence be no more accurate
than the attitude estimates coming out of the Kalman
filter. This is because the attitude needs to be
accurately known for subtracting gravity completely.
The attitude estimate in turn will depend on the rate-
gyroscope, compass and inclinometer sensor readings.

It is a point of interest therefore to
experimentally determine through dynamic tests the
level of degradation in the acceleration measure from
the true value due to errors in attitude estimates. The
equation relating the accelerometer readings a are

a=8,|v—S)o+S (@, +gB21]+kaT+ba “.1)

where r, is the offset vector, S() is the skew-symmetric
operator and S, is the sensitivity matrix.

4.2 Triaxial Rate Gyroscope

The triaxial rate gyroscope on the MotionPak measures
angular velocity in three mutually perpendicular
directions. A straightforward model for rate gyroscope
readings {2 can be proposed:
Q=8 0+k,T+b,

where kg, is the temperature sensitivity.

@.2)

4.3 Compass / Biaxial Inclinometer

The TCM2 compass module possesses a biaxial
inclinometer and a triaxial magnetometer. The purpose
of this module is to measure attitude. The derived
equations provide a basic model that is most accurate
when the TCM2 undergoes little or no acceleration.
These equations are not presented here for lack of
space. Problems with attitude measurements for high
accelerations can be avoided by compensating the
inclinometer equations and filtering the triaxial
magnetometer readings directly [Smith et al. 1999].



5. Dynamic Testing of Sensors

In order to evaluate the sensor characteristics under
investigation, an experiment was conducted that
enabled the investigation of the dynamic behaviour of
the sensors.

The aim of the dynamic experiments was to determine
sensor parameters that will be later used in the Kalman
filter algorithm. Certain sensor behaviour such as drift
and bias properties will also prove important in
understanding the limitations of the sensor information.
The particular parameters under investigation included
the zero offset bias and the sensitivity of the triaxial
accelerometer and rate gyroscope. Another point of
interest was to investigate drift characteristics of the
sensors after the signal has been integrated. If the
values taken from direct integration from the sensors
are to be deemed accurate enough, then less emphasis
will need to be put on refining the process model
parameters of Kambara.

In order to perform the above tasks, we needed
“ground truth” data, i.e. data that is taken to accurately
represent the real behaviour of the system. By
attaching the sensors to a 7 DOF manipulator arm
called the Whole Arm Manipulator (WAM) at the RSL,
accurate measurements of the Cartesian position (with
a resolution of 0.5mm per encoder tick) and attitude of
the sensor plate (Euler angles) were obtained. This
was made possible by having an accurate model of the
WAM arm and hence -calculating the forward
kinematics of the system at every time step. From
these values we were then able to calculate
accelerations and angular rates for comparison with the
sensor output.

The MotionPak sensor was sampled at 100Hz , the
compass at a maximum of 10Hz, while the WAM
provided readings at 1.1kHz.

Figure 2 The sensor suite and WAM configuration

Using the WAM data as the experimental “ground
truth”, we were able to determine sensor model
parameters such as the offset bias, and sensitivities of
the sensors.

5.1 Experiments

Each experiment was run for a period of 60 — 300
seconds. The WAM arm was manually moved within
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a 2m’ workspace. A sensor-sampling program was
used to log the readings from each sensor and the
values from WAM arm.  The readings were
synchronized offline according to the timestamp
associated with each sample.

5.2 Differentiation of WAM data

To obtain values for acceleration and angular velocity
from Cartesian positions and Euler angles, a 4™ order
Butterworth differentiator filter was implemented. The
first step was to transform the Euler angles to
quaternions. Equations 3.1 and 3.2 were applied to
obtain the acceleration and angular velocity about the
body-fixed frame. Figure 3 shows the acceleration as
calculated from the WAM in the body-fixed frame
superimposed on the MotionPak acceleration (sensor
output) for the same axis. The graph demonstrates the
compatibility of the data. Of particular concemn is the
noise due to the differentiator. This will eventually be
filtered out off-line by an acausal filter in subsequent
experiments.  For improved performance of the
differentiator, a linear-phase filter is also to be
investigated.

Acceleration ‘in Z—axis from Differentiator (WAM data)

L]

Sensed Accelerations (MotionPak)

Acoeleralion(m/s’)

-1
o 5 1Q
Time (seconds)

Figure 3 acceleration of WAM and MotionPak

5.3 Determining bias and
accelerometer and rate-gyro

sensitivity  of

In general, the sensitivity S, (in equation 4.2) is a
matrix’ and the offset biases, bg and kg, are vectors.
This matrix-vector representation proves useful for
sensors that output vector quantities (such as
acceleration). For example, any difference in the
alignment of the accelerometer axes from frame {B}
can be accounted for in the § matrix.

Static experiments have shown that both MotionPak
sensors (i.e. accelerometer and rate-gyroscope) are
fairly insensitive to temperature variation. Therefore,
the relationship between the sensor readings to the
“true” measurements can be given by

! The sensitivity matrix S is not to be confused with the
skew symmetric operator S(-)



b
[a]=]1 M{s] (5.3)
where
A is an Nx1 vector where N is the number of samples
of WAM derived data;

M is a Nx2 vector where the second column contains
the sensor output measurements corresponding to those
in vector A;

b is the offset bias for the measurement;

S is the sensitivity (or scaling factor) for the sensor.

To calculate the sensor offset biases and sensitivities,
we conducted dynamic experiments that provided a
large range of data (over 2 minutes). The mean-
squares method described in the equation (above) was
demonstrated to achieve better results than the simpler
yet more error prone static tests. It was found that the
results were sensitive to the level of noise in both the
sensors and the WAM data. The results derived by
equation 5.3 were approximately the same as the
manufacturer’s data on sensitivities, however the biases
did vary considerably.

5.4 Examining drift in Velocity and Position

The output from the accelerometer was integrated to
provide velocity and position. This was then compared
to the velocity and position measurements from the
WAM. The results showed that the velocity drift rate
was found to be significantly smaller as in Figure 4,
when the bias calculated through experimental methods
described above was added to the accelerometer
output.

Velocity in X axis

o4 l — - Sensor Derived Velocity
—— WAM velocity (reference)
“{: Nenvin, N~ R [I\';;W&‘.’
| \i v
04 2 4 3 8 1 iz 14 16
time (seconds)
Velocity in Y—axis
04
o.2f J'\ Mo A . i 4
A O LY T A AU A
o [N W AV e MM
WO WY S W \f\ [
—o.z2} \f \} ’ ""J W\ y J
04 2 4 6 E) 10 12 14 16
e (sacande)
) Velocity in Z—axis
N\ /\ \
B °8f AT AT A [‘\ A
[ [ H \
| RN B W S U U A U RN A
2 NN // VARV / R
£ _osl '\\,/ - 4 g N v
o 2 4 12 14 16

6 8
time (seconds)

Figure 4 MotionPak Velocity and WAM velocity

Figure 5 below shows the position estimate when
integrated down from acceleration of the MotionPak
compared to that of the ground-truth WAM data in the
inertial frame {I}. The dashed line is also added to
show the drift rate of position when sensed
accelerations are not compensated by the correct offset
bias values. This highlights the importance in
determining the correct sensor parameters in an INS.
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Position in X axis
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Figure 5 MotionPak derived Position (dotted) and WAM
Cartesian position (black)

5.5 Examining drift in Attitude estimation

The Attitude of the AUV is one of the parameters that
is to be provided by the SES for Kambara. As it
stands, the sensor model uses rate-gyro sensor
information to calculate and update the attitude
quaternion for the vehicle. As it is intuitively difficult
to compare quaternions, Figure 6 below demonstrates
the difference between the derived Euler angles and the
ground truth angles obtained from the WAM. The plot
shows a maximum drift rate of 1 degree during the 15
second interval (or 4 degrees/minute).

Plot of euler angles from WAM (blue) vs Euler Angles derived from Rate Gyro — X rotation angic
—-165

=170

degrees

—175}

-180
o s 10 15
T
Y rotation Angle
° P I WAM euler output
[ i % - derived sensor angles
24
2
g
2l
o
o s

0 second

time second

Figure 6 Euler angle drift

5.6 Examining compass output

The TCM2 module contains an inclinometer and a
compass that can also be used to determine the attitude
of the vehicle. In order to observe the performance of
the sensor output, that is the roll, pitch and compass
heading values, we need to have values of the same
parameters that represent the real behaviour of the
sensor. This can be achieved by mapping the Euler
angle values from the WAM to the three parameters,
Roll Pitch and compass heading, given by the TCM2.



Predicted Roll (green) vs Inclinometer Rall (blue)

~~- Compass Output
o) i values

Degrees

20 40 80 80 100 120 140 160

Pradicted Pitch (green) vs Inclinometer Pltch (blue)

A

o 20 40 120 1a0 160

60 a0 100
Time (seconds/10)

Figure 7 Predicted inclinometer values against actual values
from TCM2

From Figure 7 it can be seen that the actual sensed tilt
values for R and P follow the calculated true values
from the WAM. It was reasoned that due to the nature
of the inclinometer (based on a carpenter’s level — i.e.
liquid and a bubble) it was expected that accelerations
other than that of gravity would introduce errors in the
output. This phenomenon is demonstrated in fig. 7 by
the noise associated with the inclinometer readings,
and more importantly in rapid changes in direction,
referred to as sloshing. :

The attractive quality about an inclinometer and

_compass configuration is the fact that attitude can be
measured with the same accuracy consistently in a non
-accelerated state. This means that the inclinometer
does not drift with time when there are zero
accelerations. This is favourable as in the case where
attitude estimates are required ovér longer periods of
time, the inclinometer can be used to “reset” the
attitude drift that is calculated from the rate gyro during
times when the vehicle is at rest.

Conclusion

This paper demonstrated a derivation method for a
process and sensor model of an AUV. An
Experimental method was also proposed to
demonstrate the dynamic modelling of the sensors.

The results from the experiments have shown
that the method of obtaining the bias and sensitivity of
the sensors was successful in that it scaled the sensor
readings to correspond to the corresponding ground-
truth data. It was also discovered that the drift rates in
lower order variables such as position and velocity
from accelerations are highly sensitive to the bias
parameter.
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