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Abstract
The main aim of this project was to develop an inertial navigation system (INS) for the
autonomous underwater vehicle, Kambara, at the Research School of Information Sciences
and Engineering, ANU. An INS outputs the vehicle’s current state using a combination of
sensors and prediction techniques. The project consisted of a selection of sensors to input
state data into the INS. A dynamic model of the Kambara system was derived and was used
in a Kalman filter that predicted the current state. Unfortunately, for a number of reasons,
testing of the INS was limited. However a simulation of the Kambara system was developed
and this was used to test the Kalman filter that gave good results. Limited testing was
performed on the sensors. Good results were obtained from the compass and inclinometer
that was tested using a manipulator arm. The use of the Kalman filter to filter out noise was
also shown in this test.

II

Table of Contents
1

INTRODUCTION ..........................................................................................1
1.1
1.2

2

GENERAL PROJECT OVERVIEW .................................................................................................................. 1
THESIS OVERVIEW ..................................................................................................................................... 3

BACKGROUND THEORY ...........................................................................4
2.1 DYNAMIC MODEL ...................................................................................................................................... 4
2.1.1
Introduction ..................................................................................................................................... 4
2.1.2
Buoyancy Force............................................................................................................................... 5
2.1.3
LaGrange’s Derivation.................................................................................................................... 7
2.1.4
Friction Forces................................................................................................................................ 9
2.2 KALMAN FILTER ...................................................................................................................................... 11
2.2.1
General Overview.......................................................................................................................... 11
2.2.2
Filter for Kambara ........................................................................................................................ 13
2.2.3
Reference Frames .......................................................................................................................... 15
2.2.4
Sensor Location ............................................................................................................................. 16
2.2.5
Summary........................................................................................................................................ 17

3

SENSOR SUITE ...........................................................................................18
3.1 SENSOR REQUIREMENTS .......................................................................................................................... 18
3.2 SENSOR SELECTION ................................................................................................................................. 19
3.3 SENSORS .................................................................................................................................................. 21
3.3.1
Depth Sensor ................................................................................................................................. 21
3.3.2
Accelerometer................................................................................................................................ 22
3.3.3
KVH DGS3 ..................................................................................................................................... 24
3.3.4
TCM2 Compass Module ................................................................................................................ 26
3.3.5
MotionPak .................................................................................................................................. 28
3.4

4

INTEGRATION WITH KALMAN FILTER ...................................................................................................... 28

TESTING ......................................................................................................29
4.1 STRATEGY ............................................................................................................................................... 29
4.2 FURTHER TESTING AND RESULTS ............................................................................................................ 31
4.2.1
TCM2 Angle Test ........................................................................................................................... 31
4.2.2
Kalman Filter Testing.................................................................................................................... 32
4.2.3
TCM2 WAM Arm test .................................................................................................................... 38
4.2.4
Depth Sensor Sensitivity Test......................................................................................................... 40

5

DISCUSSION ...............................................................................................41

6

CONCLUSION.............................................................................................43

7

REFERENCES..............................................................................................44

8

APPENDICES ................................................................................................ I
8.1
8.2

A: MOMENT OF INERTIA CALCULATION FOR KAMBARA............................................................................. I
B : AUTOCAD REPRESENTATIONS OF KAMBARA AND SENSORS ............................................................... V

III

8.3
8.4

C : MATLAB CODE FOR KALMAN FILTER............................................................................................... XI
D : PROJECT PLAN ................................................................................................................................XVIII

List of Tables
TABLE 1 : EOM DERIVATION ................................................................................................................................... 9
TABLE 2 : DEPTH SENSOR SPECIFICATIONS............................................................................................................ 21
TABLE 3 : ACCELEROMETER SPECIFICATION ......................................................................................................... 22
TABLE 4 : DGS3 SPECIFICATIONS .......................................................................................................................... 24
TABLE 5 : TCM2 COMPASS SPECIFICATIONS ......................................................................................................... 26
TABLE 6 : MOTIONPAK SPECIFICATIONS ................................................................................................................ 28

List of Figures
FIGURE 1 : BUOYANCY MOMENT DIAGRAM .............................................................................................................. 5
FIGURE 2 : EULER ANGLE ROTATIONS ...................................................................................................................... 6
FIGURE 3 : KAMBARA FREE BODY DIAGRAM ............................................................................................................ 7
FIGURE 4 : KALMAN FILTER ALGORITHM[12] ....................................................................................................... 11
FIGURE 5 : REFERENCE FRAMES ............................................................................................................................ 15
FIGURE 6 : REFERENCE FRAME MANIPULATION ..................................................................................................... 16
FIGURE 7 : COMPLETE FILTER PROCEDURE ............................................................................................................ 16
FIGURE 8: ACCELEROMETER AND TCM2 – PART OF CURRENT SENSOR SUITE ....................................................... 18
FIGURE 9 : DEPTH SENSOR ..................................................................................................................................... 21
FIGURE 10 : DEPTH SENSOR CALIBRATION TEST APPARATUS ................................................................................. 21
FIGURE 11 : DEPTH SENSOR CALIBRATION GRAPH ................................................................................................. 22
FIGURE 12 : ACCELEROMETER ............................................................................................................................... 22
FIGURE 13 : DGS3 DRIFT TEST .............................................................................................................................. 25
FIGURE 14 : TCM2 DRIFT TEST ............................................................................................................................. 27
FIGURE 15 : MOUNTED TCM2 ............................................................................................................................... 27
FIGURE 16 : MOTIONPAK ....................................................................................................................................... 28
FIGURE 17 : TCM2 ANGLE TEST SETUP .................................................................................................................. 31
FIGURE 18 : ANGLE TEST ....................................................................................................................................... 31
FIGURE 19 : SIMULATION OUTPUT(1) .................................................................................................................... 33
FIGURE 20 : SIMULATION OUTPUT(2) .................................................................................................................... 34
FIGURE 21 : SIMULATION AND KALMAN FILTER OUTPUT....................................................................................... 36
FIGURE 22 : STATE OUTPUTS FROM KALMAN FILTER ........................................................................................... 37
FIGURE 23 : FILTER OUTPUT (INCREASED Q) ......................................................................................................... 37
FIGURE 24 : TCM2/WAM EXPERIMENTAL SETUP ................................................................................................ 38
FIGURE 25 : GRAPH OF TCM2/WAM OUTPUT ...................................................................................................... 39
FIGURE 26 : FILTERED TCM2 OUTPUT .................................................................................................................. 40
FIGURE 27 : DEPTH SENSOR RESOLUTION GRAPH ................................................................................................. 40
FIGURE 28: INTEGRATION OF INS .......................................................................................................................... 41

IV

1 Introduction

1.1 General Project Overview
The Robotic Systems Laboratory (RSL) in the Research School of Information Sciences and
Engineering (RSISE) at the Australian National University is concerned with research into
robots working in the real world in real time. The main areas of research being conducted in
the RSL are cooperative robot systems, mobile robot navigation, active vision, robot learning
and human-robot/computer interaction. This has lead to the development of visually guided
land based autonomous vehicles. Recently, some research has been directed towards
Underwater Robotic Vehicles.
In today’s world, there are vast amounts of money being spent on space exploration, even
though there are very large areas of the Earth’s oceans that have not yet been explored.
Covering 70% of the Earth’s surface, the ocean is still a relatively underutilised resource. It
holds great food, energy and mineral resources and effects the weather patterns. There has
been relatively small amounts of money put into the exploration and protection of this
amazing resource.[4] Apart from physical resources there are also areas of the ocean that
should be protected for their natural beauty, such as the Great Barrier Reef, off of Australia’s
North-East coast. These coral reef’s are already feeling the impact of tourism and natural
enemies such as the Crown of Thorns Starfish. There is obviously a place for some form of
underwater vehicle which could help in the monitoring and recording of the degradation of
these reefs.
Underwater Robotic Vehicles (URVs) are already being used in applications such as ocean
mining, ocean surveying, maintenance and construction of underwater structures, water
pollution monitoring, fisheries and maintenance of nuclear plants.[4] However these uses are
still relatively limited, in part due to constant human supervision, and current research is
headed towards introducing autonomy to these vehicles, so that less human input is required
underwater, and the vehicles will be far more flexible in their applications.
There is still quite a bit of development needed in the field of Autonomous Underwater
Vehicles (AUV’s), but once developed, their capabilities and usefulness in an underwater
environment will be unquestionable. The RSISE at the ANU is undertaking a project
concerned with incorporating their latest technology into an AUV. The AUV has been named
“Kambara”, an Australian Aboriginal word for crocodile. Kambara is going to adapt current
research in visually guided land based autonomous vehicles to this underwater application,
with the use of stereo cameras and feature tracking techniques.[2]
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Kambara is almost structurally identical to Sydney University’s AUV “Oberon”. Apart from
the motors themselves, none of Oberon’s internal systems are going to be replicated in
Kambara. Totally new computing and power strategies have been developed, along with the
visual guidance system and inertial navigation system (INS) which together will be used as
the main controller inputs. Oberon contains a high resolution sonar as part of its sensor suite.
This is currently their main research focus and is being used for simultaneous mapping and
localisation research where external measurement of the environment is used to estimate the
robot’s state.[3] Kambara differs from Oberon in that it has power on-board in the form of six
specialised lead-acid batteries, whereas Oberon is powered by a 100V tether to the surface.
Kambara also uses an on board PowerPC computer, instead of the transputer network and, of
course a different sensor suite.
The inertial navigation system for Kambara is be the basis of my project. In a general sense,
an inertial navigation system uses a set of sensors (sensor suite) and some form of algorithm
to output a vehicle’s current state. For a vehicles current state to be completely known its
position and velocity, both linear and angular must be known. As Kambara is a body moving
in space it will have six degrees of freedom (DOF) and thus twelve state variables (for the
position and velocity of these DOF).
One way of measuring the Kambara’s state would be to obtain sensors that measured each one
of the state variables. This has not been possible due to space and cost requirements. This
has meant that only a subset of the state variables are being measured. Because of this a
method was needed to predict values for the unmeasured states. A dynamic model of
Kambara has been derived which, combined with a linear quadratic estimator in the form of a
Kalman filter, has been used to predict values of the unmeasured states and provide a
comprehensive state estimation.
The first part of this project involved the selection of sensors to make up the sensor suite. A
wide range of sensors were looked at and graded according to their size, weight and power
consumption, the main sensor restrictions. A simple dynamic model of Kambara has been
derived which neglects a large proportion of the hydrodynamic and other forces associated
with a body moving in a fluid. This has been used within a Kalman that has been tailored to
the Kambara system. The sensors, Kalman filter and associated hardware make up the inertial
navigation system for Kambara. This thesis documents the work that has been done on
Kambara’s inertial navigation system so far.
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1.2 Thesis Overview
This thesis documents the process by which the various sections which make up the inertial
navigation system for Kambara have been derived. A short description for each of the
chapters follows.
• Chapter 2 – Background Theory
This chapter gives or derives the background theory that has been required during the course
of the project. There were two main sections to the theory and they are summarised below.
À The steps taken to derive a dynamic model for the Kambara system are shown, along
with descriptions of the various anomalies in the system.
À A general overview of a discrete time Kalman filter is given, followed by the process
by which a Kambara-specific filter has been derived. Descriptions of other problems
encountered with the filter and their solutions are also given.
• Chapter 3 – Sensor Suite
This chapter documents the process by which the final set of sensors, which will make up part
of the inertial navigation system, was arrived at. The sections are described below.
À Sensor Requirements – As Kambara will have an on-board power supply and limited
space, the sensor requirements are very important. These requirements are described
in this section.
À Sensor Selection – After the requirements had been made, a range of sensors were
investigated, and their suitability for the Kambara system determined. This section
outlines the process by which the final sensors were chosen.
À Sensors – This section gives specifications for the various sensors. Some sensor
specific tests are also described.
À Integration with Kalman Filter – As the sensors only make up part of the INS, the
integration to the rest of the system is described.
• Chapter 4 – Testing
This chapter describes the various tests that have been performed on parts of the INS. At the
completion of this project the INS had not been fully integrated. This was partly due to
VxWorks drivers for Serial and A/D devices not being available. Simulations of Kambara
and its sensors were used to test the Kalman filter algorithm. The forward kinematics for a
WAM arm were derived, with the arm then being used to give accurate position and
orientation data to test the sensors against. Good results were obtained for the TCM2 in this
test, as well as showing the usefulness of the Kalman filter in reducing noise from the sensors.
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2 Background Theory
The main purpose of an inertial navigation system (INS) is to output the current state of a
body. In Kambara’s case this requires the INS to have knowledge of its state at all times.
That is, the orientation angles (roll, pitch, yaw) and velocities, and the linear displacements
and velocities need to be known. For the INS to have sensors that measure each and every
one of these state variables would require large amounts of space, power and not to mention
money. Due to Kambara’s limited size and the fact that its power is on-board in the form of a
battery bank, large numbers of sensors are not feasible. This problem has been overcome by
the use of a dynamic model of Kambara in conjunction with a Kalman filter. Basically the
Kalman filter predicts values for the unmeasured state variables using the dynamic model,
control inputs and knowledge of how the measured state variables are changing. The dynamic
model and Kalman filter are described in more detail in sections 2.1 and 2.2 respectively.

2.1 Dynamic Model
2.1.1 Introduction
A dynamic model of a system incorporates all of the forces and moments acting in that
system, along with variables that describe the state of that system, into a set of equations
which describe how that system behaves. As its name suggests, it is only a model and thus
does not exactly replicate the performance of the real system. How accurate the model is
obviously depends on how accurately the forces and moments in the system are described. A
dynamic model was obtained for Kambara by LaGrange’s method which is described later in
Section 2.1.3. As Kambara is an underwater vehicle, there are a number of highly non-linear
and complex forces acting on it which are very difficult to model. The more significant of
these forces, come from hydrodynamic effects and include added mass, viscous drag,
buoyancy and fluid acceleration.
The added mass force arises from the fluid surrounding a body accelerating with it. This
results in a reaction force being applied to the body as a consequence of the change in
momentum of the fluid. The added mass is a function of the URVs geometry. Drag and lift
forces are applied to a body when it moves through a viscous fluid. Buoyancy results from
Archimedes' principle which states that when a body is immersed in a fluid, it experiences a
force equal to the weight of fluid displaced by that body. This force acts in a direction
opposite to gravity and at a point known as the center of buoyancy. A body also experiences
a force which results from the acceleration of the surrounding fluid. This force is known the
fluid acceleration force. Apart from the buoyancy force, these hydrodynamic forces have not
been included in the dynamic model. This is mainly due to their high level of complexity and
non-linear nature.[4]
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2.1.2 Buoyancy Force
Figure 1 below shows the free body diagram of a body which is immersed in a fluid and
experiencing gravitation and buoyant forces.
W

B

Where:
B = Center of Buoyancy
G = Center of Gravity
W = Weight of fluid
displaced
M = Mass of Body
l = distance between B & G

γ

l

G

Mg

Figure 1 : Buoyancy moment diagram

With the aid of extra weight or flotation, Kambara will be made neutrally buoyant. That will
mean that there will be no resultant force due to buoyancy (W = Mg). However if the center
of gravity, G, and the center of buoyancy, B, are not aligned vertically, there will be a
resultant torque applied to Kambara, which is calculated around the point G. Let us assume
that G and B are offset and an angle γ is shown in Figure 1 between the gravity vector and
segment BG. In Kambara’s case this angle γ will be some function of the roll and pitch
angles and W, B, G and Mg will all be in the same plane. The torque being applied to the
body is Wlsinγ. The potential energy of the body is found by calculating the work done to get
the body into that position. This is calculated below.
γ

W . D. = P. E. = ∫ τdθ = ∫ Wl sin(γ )dγ
0

γ

= − Wl cos(γ ) 0
= −Wl (cos(γ ) − 1)
= 1 − Wl cos(γ )

So the body will have a potential energy of 1 - Wlcosγ when in the position shown. The next
task is to determine the angle γ. Figure 2 shows how Kambara’s body fixed frame rotates
when it is rotated by the Euler angles ψ, θ, φ. The angle ψ represents the yaw angle (a
rotation about the z-axis), θ the pitch angle (a rotation about the y-axis) and φ the roll angle (a
rotation about the x-axis).
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Figure 2 : Euler angle rotations

There is still some debate as to what angles the sensors will actually measure. The main
question to be answered is which roll angle does the sensor measure: Is it the angle between
ys and its projection onto the x0-y0 plane or is it the angle between ys and the line of
intersection of the zs-ys plane and the x0-y0 plane? If it is the latter then it is measuring the
Euler angle φ. If it is the former then it can be calculated by the sine rule for a spherical
triangle as shown below.

sin(90o ) sin(90o − θ )
=
sin(φ )
sin(α1 )

φ
α1
90-θ

⇒ sin(α1 ) = cos(θ ) sin(φ )

⇒ α1 = sin −1 (cos(θ ) sin(φ ) )

It is envisaged that Kambara will generally be operated on a level plane, i.e. small pitch and
roll angles. So if the small angle approximation is taken for α1, it equals the Euler angle φ.
The rotation matrix from the ground frame to Kambara’s frame is given below.

o
s

cθcψ
R = Rz (ψ ) R y (θ ) Rx (φ ) = cθsψ
 − sθ

sθsφcψ − cφsψ
cφcψ + sθsφsψ
cθsφ

sφsψ + sθcφcψ   xˆ s .xˆ 0
sθcφsψ − sφcψ  =  xˆ s . yˆ 0
  xˆ s .zˆ0
cθcφ

yˆ s .xˆ 0
yˆ s . yˆ 0
yˆ s .zˆ0

zˆ s .xˆ0 
zˆ s . yˆ 0 
zˆ s .zˆ0 

γ, the angle needed to work out the potential energy due to buoyancy can be read from this
matrix as the angle between the vectors zs and z0. So cos(γ) = zs.z0 = cos(θ)cos(φ). So the
potential energy due to buoyancy is given by the following expression.
P.E. = 1 − Wl cos(θ ) cos(φ )
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As expected this is a function of the roll and pitch angles. A yaw rotation will move the
center of buoyancy off of the vertical gravity vector.

2.1.3 LaGrange’s Derivation
The equations of motion for Kambara were found using LaGrange’s method, described in this
section. A free body diagram of Kambara is shown below in Figure 3.
z

y

Figure 3 : Kambara free body diagram
•

The first step in LaGrange’s method is to determine a set of general coordinates, ξi which
completely describe the systems position. As Kambara has six degrees of freedom, six
general coordinates are needed. They are:
x = position of Center of Gravity of Kambara in the x-direction
y = position of Center of Gravity of Kambara in the y-direction
z = position of Center of Gravity of Kambara in the z-direction
φ = Kambara’s Roll angle (about the x-axis)
θ = Kambara’s Pitch angle (about the y-axis)
ψ = Kambara’s Yaw (Heading) angle (about the z-axis)

•

The next step is to come up with the virtual work terms. These terms account for all the
non-conservative forces in the system. A small increment in work done is equal to the
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non-conservative forces, ΞI, multiplied by a small increment in the general coordinate that
they affect, δξi.

δw = ∑ Ξ iδξ i
i

= (T1 + T2 )δx − (T3 + T4 + T5 )δz + (T3 − T4 )l1δφ + (T1 − T2 )l 2δψ + [(T3 + T4 )l3 − T5l 4 − (T1 + T2 )l5 ]δθ

Where Tn = Force applied by motors in Figure 3.
ln = Distance defined in Appendix A.

δn = Virtual displacement in the n direction.
As can be seen by the omission of the δy term, there is no work done in the y direction
because Kambara does not have any thrusters in that direction. So it only has five degrees of
freedom that can be used to control its position.
•

The next step in the method is to define the Lagrangian Equation. This is basically made
up of the potential energy subtracted from the kinetic energy.
L = T −V
1
1
1
1
1
1
Mx& 2 + My& 2 + Mz& 2 + I xxφ& 2 + I yyθ& 2 + I zzψ& 2
2
2
2
2
2
2
P. E. = V = ( Mg − Vρg ) z + 1 − Mgl6 zˆs . zˆo = 1 − Mgl6 cos(θ ) cos(φ )
K .E . = T =

⇒L=

1
1
1
1
M ( x& 2 + y& 2 + z& 2 ) + I xxφ& 2 + I yyθ& 2 + I zzψ& 2 − 1 + Mgl6 cos(θ ) cos(φ )
2
2
2
2

The Kinetic Energy (K.E.) term is made up of the sum of kinetic energies due to velocities in
each of Kambara’s degrees of freedom, of which there are six, three linear and three angular.
The Potential Energy (P.E.) term is made up of a gravitational potential term (Mgz), a buoyant
potential term (Vρgz) and the buoyancy moment potential energy discussed in Section 2.1.2.
As Kambara will be made neutrally buoyant (that is the gravitational force equals the buoyant
force), the (Mg-Vρg)z term cancels to zero in the potential energy term.
•

Now everything has been set up to use LaGrange’s formula to derive the equations of
motion for Kambara. LaGrange’s Equation is given below.

d  ∂L

dt  ∂ξ&i

 ∂L
 −
= Ξi
 ∂ξ i
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Table 1 below uses this equation to derive the equations of motion for Kambara.

ξ
x
y
z

φ
θ
ψ

∂L
∂ξ&
Mx&
My&
Mz&
I φ&

d  ∂L 
 
dt  ∂ξ& 
M&x&
M&y&

xx

M&z&
I φ&&

I yyθ&

I yyθ&&

I zzψ&

I zzψ&&

xx

d  ∂L  ∂L

−
= Ξi
dt  ∂ξ&i  ∂ξ i

∂L
∂ξ
0

M&x& = T1 + T2
M&y& = 0

0

− Mgl6 cos(φ ) sin(θ )

M&z& = −T3 − T4 − T5
I xxφ&& + Mgl6 cos(θ ) sin(φ ) = (T3 − T4 )l1
I yyθ&& + Mgl6 cos(φ ) sin(θ ) = (T3 + T4 )l3 − T5l4 − (T1 + T2 )l5

0

I zzψ&& = (T1 − T2 )l2

0
− Mgl6 cos(θ ) sin(φ )

M&x& = T1 + T2
M&y& = 0
M&z& = −T3 − T4 − T5
I xxφ&& + Mgl6φ = (T3 − T4 )l1
I yyθ&& + Mgl6θ = (T3 + T4 )l3 − T5l 4 − (T1 + T2 )l5
I zzψ&& = (T1 − T2 )l2
Table 1 : EOM derivation
Apart from the terms due to the potential buoyancy, this dynamic model is linear. As
previously stated, Kambara is going to be operated at small Roll and Pitch angles. So using
the small angle approximations of sin(θ) ≈ θ, and cos(θ) ≈ 1, the following set of linear
dynamic equations are obtained.
From this dynamic model a number of points can be made. Firstly, we see that there are no
forces acting in the y direction and thus the y acceleration is always zero. As previously
stated this is due to Kambara’s thrusters only providing motion in 5 degrees of freedom, with
no thrusters pointing in the y direction. We can also see that due to the proposed neutral
buoyancy of Kambara, the only potential energy terms are ones due to the righting moment,
produced by the misalignment of the center of mass and center of buoyancy in the vertical
axis (Mgl6φ and Mgl6θ). Referring to Figure 3 we can see that the thruster inputs given in the
equations will produce accelerations in the respective thruster directions.
9

2.1.4 Friction Forces
As hydrodynamic forces have been neglected from this model, it is essentially stating that
after any resultant thruster input, Kambara will continue to move indefinitely. This is
obviously not the case as there will be friction forces. To overcome this friction terms have
been added which are basically a coefficient of friction multiplied by the respective velocity
(linear or angular). The final dynamic equations are shown below.

M&x& = T1 + T2 − µ x x&
M&y& = − µ y y&
M&z& = −T3 − T4 − T5 − µ z z&
I xxφ&& + Mgl6φ = (T3 − T4 )l1 − µφ φ&
I yyθ&& + Mgl6θ = (T3 + T4 )l3 − T5l 4 − (T1 + T2 )l5 − µθ θ&
I zzψ&& = (T1 − T2 )l 2 − µψψ&
This is the most complex set of dynamic equations that have been derived for Kambara so far.
The next level of sophistication will involve the inclusion of hydrodynamic terms, which will
make the model highly non-linear.
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2.2 Kalman Filter
The Kambara INS has a sensor suite that contains a number of sensors that measure a few of
the state variables. It also contains a dynamic model of the Kambara system and thus, given
the values for the thruster inputs, the resulting system reaction can be calculated. All of this
information, i.e. the sensor readings, thruster inputs and dynamic model calculations need to
be collated to give an output of Kambara’s state. The problem of more state variables than
sensors to measure them also has to be addressed.
The use of a Kalman filter overcomes all of these problems. As is described in more detail in
the following sections, the Kalman filter uses knowledge of the current values of some of the
state variables (obtained from sensor readings) and the dynamic model of the system to give
an estimate of all of the state variables.

2.2.1 General Overview
A Kalman filter is an optimal recursive data processing algorithm that incorporates all
information that can be provided to it. It processes all available measurements, regardless of
their accuracy, to estimate the current values of the state variables. It does this by using
information about the system (dynamic model), and descriptions of the measurement and
process noises, to firstly update the state estimation using measurements and then projecting
the state ahead using the dynamic model.[5][9] This process is repeated over and over. A
general picture of the discrete time Kalman Filter is shown in Figure 4 below.

Initial estimates for x$ k− and Pk− .

Measurement Update
•

Time Update
•

K k = Pk− H kT ( H k Pk− H kT + Rk )−1

Project the state ahead

x$k−+1 = Ak x$ k + Buk
•

•

Update estimate with measurement zk

x$ k = x$ k− + K ( z k − H k x$ k− )

Project error covariance ahead

Pk−+1 = Ak Pk AkT + Qk

Compute Kalman gain matrix

•

Update the error covariance

Pk = ( I − K k H k ) Pk−

Figure 4 : Kalman Filter Algorithm[12]
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An overview of the various terms in the Kalman Filter:
(Note: Matrix(Rows,Columns). n = number of states. m = number of measured states)
•

x(n×1) is the state vector and contains values of the current states.

•

z(m×1) contains measured readings of states from sensors.

•

U(l×1) contains the control input values.

•

H (m×n) is the measurement matrix which relates the measurement vector z (m×1) to the
state vector x (n×1).
Ak (n×n) is known as the transition matrix and allows the calculation of the state vector xk+1

•

from xk through knowledge of the dynamic model.
•

B (n×l) relates the control input vector u (l×1) to the state vector x.

•

R(m×m) is the measurement noise variance.

•

Q (n×n) is the process noise variance.

•

P(n×n) is the error covariance, and is basically a reflection of the difference between Q

•

and R.
K (n×n) is the Kalman gain.
x$ k

is the current estimate of the state vector containing the state variables. As is shown in
Figure 4, it is updated by the sum of its projected state (using dynamic model) and a
difference between measured values of some state variables (zk) and the projected values of
these variables. As there are generally fewer measured states than actual states this difference
has to be multiplied by a Kalman gain matrix K. K is determined by a function of the error
covariance Pk, the measurement matrix Hk and the measurement covariance Rk. Once the state
estimate has been updated by the measurement, the error covariance Pk is updated using the
Kalman gain and measurement matrix. So the Kalman gain basically has the effect of
assigning values to add on to projected values of unmeasured states, from knowledge of the
difference between projected measured states, and their measurement.
Then the state vector estimate and error covariance matrix are updated each time increment
using the dynamic model information. From here the whole cycle starts again. The
measurement and process noises still have to be worked out. The Kalman gain is closely
linked with the error covariance P, and in turn, both of these are dependant on the process and
measurement noises Q and R. This is where the tuning of the filter comes in. If the
covariance of the measurement noise R is small compared to the process noise Q, then this
implies that the dynamic model is not as accurate, or has more error associated with it than the
sensors measuring states. This affects P and in turn affects the Kalman gain so that more
weighting is put on the measurement update than on the time update which uses the dynamic
model.
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2.2.2 Filter for Kambara
For the Kambara system, the state vector, x, will consist of the linear displacements and
velocities, and angular displacements and velocities of Kambara (n = 12). At this stage the
sensor suite is capable of measuring linear accelerations, vertical displacement and angular
displacements. So the measurement vector, z, will contain the output form these sensors and
thus m = 7. The control input vector, u, will consist of the 5 thruster values (l = 5).
As we already have a dynamic model of the Kambara system, it is a fairly simple process to
derive the matrices A and B. They are made up of the state space representation of the
dynamic model. The state variables and corresponding dynamic model derived in Section 2.1
are shown below.
1
[T1 + T 2 − µ x x& ]
M
&y& = − µ y y&

&x& =

x2 = x&
x4 = y&

x1 = x
x3 = y

−1
[T 3 + T 4 + T 5 + µ z z& ]
M
1
(T 3 − T 4 ) l1 − Mgl 6 φ − µ φ φ&
φ&& =
I xx
&z& =

x6 = z&
x = φ&

x5 = z
x7 = φ

[

8

x10 = θ&
x12 = ψ&

x9 = θ
x11 = ψ
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]
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Then representing in state space form:
x& = Ax+ Bu
0 1
 − µx
 x&1  0
M
 x&  
 2  0 0
 x&3  0 0
  
 x&4  0 0
 x&5  
  0 0
 x&6  0 0
 x&  = 
 7  0 0
 x&8  
 x&  0 0
 9 
x&10 0 0
  
x&11 0 0
x&12 
0 0


0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0 1 0
0 − µy 0

0
0

0
0

0
0

0
0

0
0

0
0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

1
− µz
0
M
0 0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0
1
− Mgl6 − µφ
I xx
I xx
0
0

0
1 0
− Mgl6 − µθ
0
I yy
I yy
0
0 0
0

0

0

0 
0
0
0
0 
 0
 x
1
1


0  1 
0
0
0 

M
M
 
0  x2   0
0
0
0
0 



0  x3   0
0
0
0
0 



0  x4   0
0
0
0
0 T 

 
1
1
1 1
0  x5   0
−
− T 
0 −
 x
M
M
M  2 


6
0 
0
0
0
0 T3 
+ 0
 x7  
l1
l1
 
−
0
0 T4 
0    0
x
I xx
I xx
 8  
T 
0
0
0
0  5 
0  x9   0
 
l
l
l3
l3
l
− 4
0 x10 − 5 − 5
 I
I yy I yy I yy
I yy 
x11  yy
0
0
0
0 
1    0


l
− µψ x12  l2
− 2
0
0
0 

I zz
 I zz

I zz 

13

And the measurement equation:
z = Hx + Du
 x1 
x 
 2
− µx
 x 
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M M
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The complexity with which the matrices Q and R are set up can vary substantially. At the
very basic level they are identity matrices multiplied by an overall variance for the process
and measurements. However, once more is known about the characteristics of the sensor
outputs, individual variances for the respective sensors can be put in on the diagonal.


0 
0  T1 
1  
−  T2 
M  T 
0  3 
T
0  4 
 T 
0  5 
0 

The Kalman filter that was described in Section 2.2.1 is a discrete time filter. The dynamic
model that was derived for Kambara was in continuous time along with its state space
representation. So to use the discrete time Kalman filter the continuous time state space
representation (matrices A, B, C, D) must be converted to discrete time. This is done using
the MATLAB® command ‘c2dm’. That is ‘c2dm’ converts the continuous-time state-space
system matrices (A,B,C,D) to the discrete time system (Ad,Bd,Cd,Dd) using the zero-order
hold method.
The remaining matrices needed for the Kalman filter algorithm are the error covariance P and
Kalman gain K. The MATLAB® command ‘dlqe’ calculates these matrices given the
matrices A, G, H, Q, and R. The matrix G has not yet been defined. It basically tells the filter
which elements contain process noise. In our case the acceleration terms are the ones used in
the dynamic model, so G would be written as shown below. We can see that G basically
indicates which terms are calculated in the dynamic model and thus should have some process
noise, w, associated with it. For example the first ‘one’ to appear in G is in the second row
and second column, relating to (d/dt)x2 or acceleration in the x-direction which is calculated
by the first equation in the dynamic model. Notice that the ‘ones’ are along the diagonal,
indicating that there is no cross-correlation between the terms in the dynamic model.

14

x& = Ax + Bu + Gw
0
0

0

0
0

0
x& = Ax + Bu + 
0

0
0

0
0

0

0
1
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
1
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
1
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
1
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
1
0
0

0
0
0
0
0
0
0
0
0
0
0
0

0
0

0

0
0

0
w
0

0
0

0
0

1

Given the discrete time system
x[n+1] = Ax[n] + Bu[n] + Gw[n] {State equation}
y[n] = Hx[n] + Du[n] + v[n] {Measurements}
with unbiased process noise w[n] and measurement noise v[n] with covariances
E{ww’} = Q, E{vv’} = R, E{wv’} = 0 ,
[K,P,Z,E] = DLQE(A,G,H,Q,R) returns the gain matrix K and error covariance P such that
the Kalman filter will produce an optimal estimate.

2.2.3 Reference Frames
There is a question to be asked regarding what reference frame the state variables are being
output from the Kalman filter in. Assume {X0, Y0, Z0} is the inertial reference frame,
{XK, YK, ZK} be the reference frame fixed to Kambara and {XF, YF, ZF} be an inertial
reference frame that is coincident with {K} at this instant. These frames are shown a bit more
clearly in Figure 5.

Kambara

{K},{F}
{0}
Figure 5 : Reference Frames
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The acceleration of Kambara, {K}, with respect to {F}, in {F} is equal to a function of the
thruster values, or the output from the accelerometer. To obtain the acceleration of {K} in
{0}, we have to multiply the acceleration in {F} by the rotation matrix R = Rz(ψ)Ry(θ)Rx(φ)
described in the previous chapter (Note: the roll, pitch, and yaw angles measured by the
sensors attached to {K} are the Euler angles which form the rotation matrix.) . Now
Kambara’s velocity and displacement in {0} are simply obtained by integration. For the next
iteration of this procedure {F} must be made coincident to {K}. This is shown in Figure 6
below.

F
Step 1: V&K / F = f (T1 K T5 )
Step 2: 0 &
VK / 0 = F0R F V&K / F
0 &
Step 3: 0VK / 0 = 0VKOld
/ 0 + V K / 0 ∆t
0

X K / 0 = 0X KOld/ 0 + 0X& K / 0 ∆t

Step 4: {F} = {K}
Figure 6 : Reference frame manipulation

This is easy to implement. At each iteration of the filter, the roll, pitch, and yaw angles are
obtained from the output of the Kalman filter, and used as Euler angles to derive the rotation
matrix. This rotation matrix is then used to transform the acceleration or velocity being
output from the filter in {F} to {0}. Then Kambara’s position can be derived from integration
of the acceleration and velocity. A block diagram of this procedure is shown in Figure 7.

KALMAN
FILTER

Derive
Rotation
Matrix

 x& 
 y&  =
 
 z&  0

 x& 
O
 &
K R  y
 z&  F

[ ]

 x& 
 x  x
 y  =  y  + ∆t  y& 
 
   
 z&  0
 z  0  z  0
Old

Figure 7 : Complete filter procedure

2.2.4 Sensor Location
The dynamic model is calculated about the center of mass of Kambara. However, it is
obviously not going to be possible to place the sensors at the center of mass. So the readings
of the sensors have to be transformed to a value which would occur at the center of mass.
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The orientation angles and rates of Kambara are going to be the same no matter where the
sensors are set, as long as they are fixed at the same angle with reference to Kambara.
The accelerations, however, will be affected. To obtain the value for the acceleration at the
center of mass, ag, the acceleration at the sensor location, as, the angular acceleration, α, the
angular velocity, ω, and the vector from the sensor location to the center of mass, rg/s, are
needed. The equation for ag is given below.[10]

a g = a s + α × rg / s + ω × (ω × rg / s )

2.2.5 Summary
The tailored Kalman filter for Kambara has inputs of thruster values and sensor readings of
the linear accelerations and orientation angles. With the aid of a dynamic model of the
system, it uses these inputs to predict the state of Kambara and outputs the twelve state
variables. As the dynamic model omits a lot of the hydrodynamic forces associated with
bodies moving in a fluid, it is not all that accurate. Hopefully this inaccuracy will not be too
large, as Kambara’s velocity and acceleration will be relatively small, reducing the effects of
these hydrodynamic forces. This inaccuracy means that more weighting will be placed on the
sensor readings through the use of the error covariance matrix P.
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3 Sensor Suite
The sensor suite is the part of the inertial navigation system that contains various sensors that
measure some variable associated with Kambara’s dynamics. As has been outlined in
previous chapters, these measurements are used in the INS Kalman filter for the measurement
update process whereby the change in measured state variables is used to predict how the
unmeasured state variables will change. Thus the sensor suite has the important role of
correcting the predicted state from the dynamic model, which, obviously can not predict state
variables as well as the sensors can measure them. The following sections of this chapter
detail the requirements, selection and specifications of sensors for the sensor suite.

Figure 8: Accelerometer and TCM2 – Part of current sensor suite

3.1 Sensor Requirements
The Inertial Navigation system is basically required to output Kambara’s current state, that is,
its current position and orientation and its current velocity (linear and angular). So the sensor
suite should measure sufficient state parameters such that the remaining parameters can be
calculated or predicted. Ideally sensors to measure all of the states would be used and a very
accurate prediction of Kambara’s state would be achieved. However there are obviously cost,
space and technical considerations which make this ideal situation unfeasible.
Important sensor considerations and requirements:
•

Size and weight should be kept to a minimum.
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•

Supply voltage of less than 24 Volts.

•

Low power requirements.

•

Digital output ideal but not necessary as Analog to Digital converters available.

•

Sampling rate greater than 20Hz ideal.

•

Output voltage swing should be sufficient over possible range of readings.

3.2 Sensor Selection
Initially, to gain an idea of which sensors are currently being used for this application, the
sensor suite being used on Oberon at the University of Sydney was investigated. Oberon uses
a reduced set of inertial sensors consisting of a triaxial closed-loop pendulous accelerometer,
an interferometric yaw orientated rate gyroscope and a depth sensor.[6]
The Crossbow accelerometer is rated at ±4g with a scale factor of approximately 500mV/g.
As the Oberon team found out, this was not any use in measuring the small accelerations
which the vehicle could achieve (estimated at less than 1g). As there is only a reduced set of
inertial sensors there is no way of transforming the accelerations of Oberon’s reference frame
to a global one as there is no knowledge of its orientation angles. The accelerometer is
employed as a tilt sensor that measures the pitch and roll angles of Oberon by measuring the
component of the global gravity vector that is being applied to the horizontal axis. The
Andrews AUTOGYRO fibre-optic yaw axis rate gyroscope’s output is first filtered and then
integrated to obtain the yaw angle. The pressure sensor is rated at 0-15psi. This roughly
equates to 0-10 metres depth in water and produces a 0-50mV analogue differential signal
over this range. This is not really suitable for testing where testing tanks usually have a depth
of no more than 3m, which would only produce an output of 15mV over the 3m.[6] In order
for the inertial navigation system to have enough sensor input to calculate the state, sensors to
measure the accelerations in all three axis, and the orientation angles and/or rates would be
needed.
A number of accelerometers were investigated for use in the sensor suite. They were the
TECHKOR Instrumentation 9000M, Entran EGA & EGAX Miniature Accelerometers,
Crossbow CXL04M3 ±4G Triaxial Accelerometer and the Summit Instruments ±1.5g Triaxial
Accelerometer.
The TECHKOR Instrumentation 9000M is built for harsh environments and uses and has
ranges of measurement from ±2g up to ±500g. It has good frequency response up to 2400Hz
and is available in a triaxial version with dimensions of a cubic inch. The Entran
accelerometers have ranges of measurement from ±10g to ±1000g and have very good
overrange protection. The Crossbow accelerometer has a range of ±4g and has been
discussed in Oberon’s sensor suite. The Summit Instruments Accelerometer has ranges of
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measurement from ±1g to ±7.5g and is described fully later in this chapter. The main criteria
used when selecting the accelerometer was whether or not it would be sensitive enough to
measure Kambara’s accelerations which were predicted to be always less than 1g. There
needs to be sufficient output voltage swing for relatively small accelerations so that when
noise and A/D conversion is taken into account, a reading is still obtainable. The only
accelerometer which met this criteria was the Summit Instruments product which had
measurement ranges of ±1g to ±7.5g in 0.5g increments. The accelerometers rated at 2g
would simply not give sufficient output voltage swing for the small accelerations being dealt
with. After consultation with Summit Instruments it was agreed that the ±1.5g rated
accelerometer should be used as the vertical axis of a ±1g accelerometer would be pinned at
full scale voltage due to the earth’s gravity.
While researching these sensors, two sensor packages which measure angular rates and linear
accelerations in three axis were found. They were the Crossbow DMU Six Axis Dynamic
Measurement Unit and the Systron Donner MotionPak Series. The Crossbow DMU has
options of 2g to 50g on the accelerometer and 50 to 200°/sec on the rate gyros. The Systron
Donner MotionPak has 1 to 10g and 50 to 500°/sec options. The MotionPak would be
the obvious choice due to its more sensitive accelerometer range. However at this stage of
Kambara’s design it was thought that purchasing separate sensor components would be
preferred until knowledge of the ideal sensor suite is gained through testing.
An Entran EPX Miniature Threaded Pressure Sensor and a Sensor Technics precision
stainless steel pressure transmitter were considered for use in the sensor suite. As the testing
tank has a depth of approximately 1.6m, a fairly sensitive pressure sensor is needed to obtain
a reasonable output voltage swing when testing. The smallest range for an Entran Sensor was
0 to 10psi whereas the Sensor Technics product could be obtained for a range of 0 to 5psi
which corresponds to a maximum depth of approximately 3.4m. So the Sensor Technics
precision stainless steel pressure transmitter was chosen on account of obtaining a greater
output voltage swing in the testing environment.
Investigations into sensors that would give information about Kambara’s orientation resulted
in rate and absolute value sensors being considered. The Systron Donner Gyro Chip II Quartz
rate sensor, KVH DGS3, Gyration Directional GyroEngine, KVH Autogyro, Precision
Navigation TCM2 Compass Module, Crossbow DMU and the Systron Donner MotionPak
were all considered. Tests on the KVH DGS3 outlined later in this chapter show that it would
be ideal for this application but for its size. The Systron Donner MotionPak contains a
triaxial servo accelerometer and a triaxial miniature vibrating quartz gyro angular rate sensor,
packaged in a compact casing. One of these will be obtained in the near future. The TCM2 is
a low power electronic compass that outputs compass heading, pitch and roll readings. A
TCM2 has been purchased and tested.
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3.3 Sensors
3.3.1 Depth Sensor
The depth sensor that has been selected is a SENSORTECHNICS precision stainless steel
pressure transmitter. It will output the global z-coordinate of the AUV to the Kalman Filter as
described in Section 2.2.2. It has the following specifications:
Part No.
Supply Voltage
Supply current
Power Consumption
Zero Pressure offset
Full scale span (0-5psi)
Output Type
Frequency Response
Size (not including cable
and connector)

PTE2005G1A
12 - 30 V
20 mA
100 mW
1.03 V
5V
Analog
1 ms
Diameter: 32.5mm
Length : 42.3mm

Figure 9 : Depth Sensor

Table 2 : Depth Sensor Specifications
As the sensor itself is only splash proof, it had to be enclosed in a waterproof box for the
purposes of testing. Once the box had been waterproofed, it was placed on a large metal rod
with ruler attached for calibration testing, as shown in the Figure 10 below.
Input: 12V
Output: 1-6V

Figure 10 : Depth sensor calibration test apparatus

The sensor was hooked up to a DC power supply and its output voltage measured using a
digital multimeter. The sensor was then placed in the water and output readings taken for
every 5cm increment in depth. The results of this test are shown in the graph in Figure 11.
Readings were taken for increasing and decreasing values of depth to check for hysteresis
effects.
From the Graph in Figure 11, we can conclude that the sensor achieves a linear output of
approximately 14mV/cm. Another test, detailed in Section 4.2.4 showed that the sensor was
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sensitive to changes of 0.5cm in depth. The graph shows readings taken for increasing depth
and increasing depth, thus showing that there are no (sizeable) hysteresis effects.

Pressure sensor Calibration
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Figure 11 : Depth sensor calibration Graph

3.3.2 Accelerometer
A SUMMIT INSTRUMENTS precision aligned ±1.5g tri-axial accelerometer was selected
for use in Kambara. The output of the accelerometer will be input to the Kalman filter as the
linear acceleration of Kambara’s reference frame. Kambara’s velocity and position are to be
calculated by integration of the accelerometer output. The accelerometer’s specifications are
shown in Table 3 below.

Part No.
Supply Voltage
Supply Current
Power Consumption
Zero G Bias Level
Output Voltage Swing (-1.5
… 1.5g)
Output Type
Frequency Response
Size (not including Cable
connector)

34103A
+5V ±5%
25 mA
125 mW
2.5 V
0.25V … Vs-0.25V
Analog
1 ms
24mm×24mm×24mm

Figure 12 : Accelerometer

Table 3 : Accelerometer Specification
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So far there have been no quantitative tests performed on the accelerometer. The
accelerometer has however, been hooked up to a DC power supply and CRO and some
qualitative tests have been performed. It is still unknown whether Kambara is going to
achieve accelerations which are big enough to obtain a detectable voltage offset from the
accelerometer output. The ±1.5g rating for the accelerometer was chosen due to the vertical
axis being pinned at 1g due to gravity. However it is thought that the output could be filtered
if necessary to improve the SNR, and then amplified to achieve sufficient voltage swing. The
offset in the accelerometer can be removed after the output is amplified and digitised.
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3.3.3 KVH DGS3
One of the candidates for the sensing of roll, pitch and yaw angles and rates was the KVH
Digital Gyro Stabilised Sensor System (DGS3). This system combines highly accurate digital
compass and inclinometer sensors with digital rate gyros to output accurate, drift free angles
and rates. Momentary acceleration errors common of earth referenced sensors are correctable
with instantaneous dynamic information from the rate gyros. A DGS3 was loaned from
Wollongong University for testing purposes. Table 4 below gives the DGS3 specifications.
The DGS3 was attached to a tripod stand to allow rotation in pitch, roll and yaw. The DGS3
was connected to a 12 V supply and its output converted to RS232 format and input into a PC
serial port. This was viewed under Windows NT via a Null modem cable. Qualitative tests
were performed – purely to see if the compass was working or not.
Part No.

DGS3

Supply Voltage
Supply Current
Power Consumption
Output Type
Resolution

12V
300 mA
3.6 W
Digital (RS422)
±0.1° (gyro ±0.01°)

Zero Point Stability

±0.8°

Frequency Response
Weight

20 Hz
1.74 kg

Table 4 : DGS3 Specifications
It was not possible to obtain any rate information out of the compass. This was because the
gyros (contained in the rear box of the DGS3 ) sent the rate information to the compass box,
where it is used to compensate the angle information, but it is not output from there. To get
the rate data we would have to cut the cord connecting the two boxes and extract it from there,
after developing our own signal conditioning and analog to digital conversion. This is
obviously not an option as it is on loan from Wollongong University.
The gyroscopes used in the DGS3 are interferometric fibre-optic gyros. These devices use the
Sagnag Fringe Effect to determine rotational rate. The main principle used is that the speed of
light in any particular medium is constant. A source of light is split and made to travel around
a fibre-optic coil in different directions. If the coil is rotated in the counter-clockwise
direction, then the light travelling in the counter-clockwise direction will have to travel a
longer path than under stationary conditions. Similarly the clockwise-travelling light will
have to travel a shorter path. This change in path length is directly proportional to the rotation
rate of the coil, and can be calculated by the change in phase of the two light beams.[6][7]
24

A quantitative test was performed to test for long term drift of the device. The device was set
at some orientation and then left to sit for over 4 hours. The data was collected via a Null
modem, converted into a useable MATLAB format by a short C program, and then plotted
out. The resulting plots are shown below in Figure 13.
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Figure 13 : DGS3 Drift Test

As can be seen the pitch and roll readings do not drift by more than 1° over the 4 hours which
backs up the Zero Point Stability specification of ±0.8°. However the yaw angle which is
primarily the reading from the digital compass drifted within a 2° range. The roll angle looks
to be fairly stable, however the pitch angle looks as though there may be some sort of pattern
emerging as shown by the yellow line. The covariances for the angle data was calculated as
follows : Roll = 0.023, Pitch = 0.027, Yaw = 0.071. As Kambara will only be operating for 23 hours at a time, these drift errors would be quite acceptable.
It was decided that the DGS3 was not going to be used, mainly because of its large size, lack
of rate output and power consumption.
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3.3.4 TCM2 Compass Module
The Precision Navigation TCM2 Electronic Compass Sensor Module is a low power
electronic compass sensor that outputs compass heading (yaw), pitch and roll readings, which
will be output to the Kalman filter as described in Section 2.2.2. It uses a triaxial
magnetometer system and a biaxial electrolytic inclinometer.
Part No.
Supply Voltage

TCM2
6 - 25Vunregulated or 5V
regulated (±5%)

Supply Current
Power Consumption
Output Type
Frequency Response
Size

20 mA
0.5 W
Digital (RS232) or Analog
20 Hz (range available)
63.5mm×51mm×21mm

Table 5 : TCM2 Compass Specifications

The TCM2 comes with a software interface package which can be used to change compass
settings such as baud rate and data output configuration. The TCM2 has been connected to
the COM port of a PC and an unregulated power supply of 9V for initial testing. The
TCM2.exe file that came with the package provides an easy user interface, showing all of the
output data and current compass settings. The output can be configured in any way the user
desires (including sample rate).
The TCM2 can be calibrated for large static magnetic fields. However, care must be taken
when choosing where to position it within Kambara, as if the local field (due to chassis,
electric motors etc) when added to the earth’s field exceeds ±80µT, the TCM2 will report a
magnetometer out of range error condition.
A drift test was performed on the TCM2, the result of which is shown in Figure 14. The test
was performed by simply leaving the TCM2 in the same position for approximately 2 hours
while collecting the output data. Looking at the outputs there is no real drift to speak of. The
values obtained for the pitch and roll angles from the electrolytic inclinometer remained
constant excepting a few instances where the output value changed by 0.2 degrees. I cannot
explain this but it is in no way going to affect the overall performance of the device. The yaw
angle remained fairly constant apart from a little movement at the beginning which could
have been due to the apparatus moving. The yaw angle readings have a variance of 0.0202.
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Angle drift Rate
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Figure 14 : TCM2 Drift Test
As yet we do not have any sensors to measure the angle rates. It is hoped that a Systron
Donner MotionPak will be obtained for this purpose. A brief overview of this device
follows.

Figure 15 : Mounted TCM2
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3.3.5 MotionPak
The Systron-Donner MotionPak is an “inertial sensor cluster” which uses three gyros and
accelerometers to measure linear accelerations and angular rates. The angular rates are sensed
using miniature vibrating quartz gyros and the accelerations using servo accelerometers. This
device will output the angular rates to the Kalman filter which at this stage does not have any
of that information.
Part Name

MotionPak
±15VDC

Supply Voltage
Output Type
Frequency Response
Full Scale Outputs

Analog
Rate : >60Hz
Acceleration : 0 to >100 Hz
Rate : ±2.5VDC
Acceleration : ±7.5VDC

Size

3.05”×3.05”×3.6”
Figure 16 : MotionPak

Table 6 : MotionPak specifications

3.4 Integration with Kalman Filter
Apart from the KVH DGS3 all of the sensors described in Section 3.3 will be used to input
current values of the state variables in the Kalman filter. Some of the sensors do not measure
the state variables exactly and will have to be modified as outlined in Sections 2.2.3 and 2.2.4.
Devices such as the accelerometer and MotionPak will have their outputs pass through an
analog to digital converter before being entered into the Kalman Filter.
Two IndustryPack modular Input/Output devices have been obtained to read data from the
sensors and input the readings into the Kalman filter. They are SBS GreenSpring Modular
I/O IP-Serial and IP-ADIO (Analog to Digital Input Output) packs. The INS will use the IPSerial to read values coming from the TCM2 in RS-232 format. The IP-ADIO will be used to
take readings from the accelerometer and depth sensor (both analog devices) and to apply
gains and offsets before outputting them in digital format.
From the IP-Packs the sensor readings will be input into the Kalman filter where they will be
used to predict Kambara’s current state. The Kalman filter will be implemented in software
on Kambara’s on board computer, and will output to Kambara’s controller.
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4 Testing
4.1 Strategy
This project has covered a number of different areas ranging from sensor hardware to coding
the software for the Kalman filter. In order to ensure that the whole system works in the end a
number of preliminary tests must be performed on the various parts of the system. The tests
which need to be carried out are outlined in the sections below.
•

Depth sensor
À The results of the calibration test for the depth sensor have already been shown in
Section 3.3.1.
À The sensitivity of the depth sensor has to be tested so that the resolution of the output
will be known.
À The effect of fluid temperature on the output has to be tested. Due to the lack of A/D
converters to read the pressure sensor output, this test has not yet been completed, but
should be when the A/D converters are ready to use.

•

Accelerometer

À Connection to and output from A/D converter must be tested.
À As the accelerations produced by Kambara are relatively small, we need to get an idea
of the magnitude of accelerations that the accelerometer can measure.
À The resolution of the accelerometer readings has to be tested.
À Test the effectiveness of integrating the acceleration readings through software to
obtain velocity and displacement.
Note: No real testing has been performed on the accelerometer due to a lack of VxWorks
device drivers for the A/D converters needed to read the analogue output accurately.
•

TCM2
À Results of drift test shown in Section 3.3.4.
À Test to determine exactly which angles the compass and inclinometers are measuring.
That is are they the Euler angles used to derive the rotation matrix? This test is
described in Section 4.2.1.
À Testing of the TCM2 against some known orientation. This was carried out using a
WAM arm as described in Section 4.2.3.
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•

Kalman Filter Algorithm
À To check if the Kalman filter is working, without having to use sensor readings, input
data (thrusters) and sensor readings are made up with the use of a simulation of
Kambara. This data is fed through the filter and the output can then be compared to
the output of the simulation. This test is described later in this chapter in Section
4.2.2.
À Run sensor readings through Kalman filter and analyse the output, while observing the
effects of changing the process and measurement covariances.
À Move sensors on a path which returns to the initial position and check if the state
variables do the same. Again look at the effect of changing the process and
measurement covariances. This was not able to be achieved due to the lack of any
accelerometer readings. However TCM2 output was fed through the filter and this
was found to work. This test is described in Section 4.2.3.
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4.2 Further Testing and Results
4.2.1 TCM2 Angle Test
As outlined in Section 2.1.2, there is some debate as to exactly what angles the TCM2 is
measuring. It is thought that the TCM2 measures the roll angle φ which is the Euler angle
used to derive the rotation matrix.
The TCM2 was mounted in a test box, to which an aluminium attachment bracket was
attached. This was the fixed to a tripod which had an attachment mechanism that could move
in three degrees of freedom (Roll, Pitch and Yaw). The output of the TCM2 was read by its
own software via a PC serial port. A picture of the experiment setup is shown below in
Figure 17.

Figure 17 : TCM2 angle test setup
Figure 18 : Angle test
Initially the sensor was given a roll angle of 25.8° (call this angle γ). Assuming that the
TCM2 measures the Euler angle φ, it was predicted that if the sensor was then given pitch
angle of 30°, then the resulting roll angle φ that would be output by the TCM2 would be as
calculated by the equation below.
sin γ
sin φ =
cosθ
 sin(25.8) 
 ≈ 30.15°
⇒ φ = sin −1 
 cos(30) 
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So the sensor was given a pitch angle θ of 30°, and the roll angle was observed to change
from 25.8° to 29.8°.This is evidence enough to suggest that the TCM2 does measure the Euler
angle φ for Roll. The final angle obtained was not the value which was calculated but this can
be attributed to the 0.2° resolution of the TCM2 and the difficulty of aligning exactly the axis
of the TCM2 and the tripod.

4.2.2 Kalman Filter Testing
The Kalman filter that has been derived specifically for the Kambara system is detailed in
Sections 2.2.2 and 2.2.3. For a variety of reasons, but mainly because of the lack of device
drivers to run the Serial and A/D IP-Packs, it has not been possible to integrate the full inertial
navigation system. So this has meant that the various components have to be tested
separately. In order to test the Kalman filter, data has to be made up that gives the control
inputs to the system (thruster inputs) and the corresponding measurement data that the
Kambara sensors would have recorded for such inputs. To achieve this, a simulation of
Kambara has been performed on MATLAB that has enabled the collection of data that can
be used to test the Kalman filter. The following two sections outline the process by which
this simulation was achieved and testing performed.

4.2.2.1 Kambara Simulation
The simulation of Kambara was not too difficult as a continuous time dynamic model of the
system has already been derived in Section 2.1. The state space representation of this model
has also been derived in Section 2.2.2. The remaining steps needed to complete the
simulation are given below.
•

The continuous time state space model matrices A, B, C, D need to be discretized to give
the discrete time model matrices Ad, Bd, Cd, Dd. This is done using the MATLAB

command ‘c2dm’ as shown below:
[Ad,Bd,Cd,Dd] = c2dm(A,B,C,D,Ts,’zoh’)
where Ts is the sampling period and ‘zoh’ is the method of discretization.
•

Now that the discrete time model is defined in state space form, it is a fairly simple task to
calculate the state vector x, given an input vector u (thruster inputs). The state vector and
measurement vector z are calculated by the equations below:
x(n+1) = Adx(n) + Bdu(n)
z(n) = Cdx(n) + Ddu(n)
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•

As the dynamic model was derived in Kambara’s local reference frame {K}, the state
vector has to be calculated in the ground reference frame {0}. The orientation angles and
velocities remain the same in both reference frames. The linear velocities in {0} are
calculated by transforming the linear velocities in {K} by the rotation matrix that uses the
current orientation angles. This process is described in more detail in Section 2.2.3.

That is the whole simulation process. The MATLAB simulation script is shown in
Appendix C. To test the simulation the input vector u (thruster values) was defined over a
complete time interval. This was then entered into the simulation and an output of Kambara’s
state was obtained over that interval. The output was analysed to see if it corresponded to the
given input values.
The input vector was set such that T2 was greater than T1 for the first part of the time interval
and then visa versa for the next section. T3, T4, T5 were set to the same value for a short
period of the time interval. The simulations output is shown below in Figure 19.
Kambaras Position vs time
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Figure 19 : Simulation Output(1)

The resulting simulation output does obviously correspond to the given input vector. We can
see the effect of the initial T3-5 input with Kambara travelling quite quickly in the z direction
at first but then levelling out when the thrusters were turned off. We can see that in the x-y
plane Kambara first travels clockwise in response toT2 being greater that T1, and then
anticlockwise when T1 is greater than T2.

33

Displacement

Velocity

T1 & T2
4

0.5

100

x 2

0

0

0
4

-0.5
0

50

100

y 2

50

100

50

100

0

50

100

50

100

0

50

100

0.2

0

2

0

-2

0

50
time

100

-0.2

100

0

50

100

0

50
time

100

0

50
time

100

-2
0

4

0

50

-1

-0.01
0

0

-400
0

-0.005

0

0
-200

-0.4
0

z 2

yaw

-100
0

-0.2

0
4

0

0

50
time

100

-4

Figure 20 : Simulation Output(2)

The output of the simulation is analysed more closely in Figure 20. It gives the values for the
velocities and displacements of the linear x, y, z states and angular yaw state. The green lines
represent values in the {K} reference frame and the red in the {0} frame. It can be seen that
the simulation is working properly by the fact that the green lines show no velocity or
displacement in the {K} frame, as there shouldn’t be. There is however a change in the y
position and velocity in the {0} frame which is the correct output when one of the forward
thrusters is working harder than the other.
The simulation does not work properly under certain thruster situations. This situation arises
when Kambara is given an initial acceleration and then the thrusters are turned off and
Kambara decelerates due to friction forces. If, while it is decelerating, T1 and T2 are given
short equal and opposite bursts such that there is no resultant thrust, only a moment, the
simulation should output that Kambara is still travelling in a straight line, only it’s orientation
has changed. The simulation outputs that the direction does change. The effect of the
moment changes Kambara’s orientation but not velocity direction. Because its orientation has
changed, then the velocities in {K} should also change, but they don’t in the simulation as
changes in acceleration are calculated in the current reference frame. The velocities in {K}
need to be updated by multiplying by a rotation matrix made up of the change in orientation
angles.
A simulation of Kambara was performed using a model calculated in the ground frame. This
model worked correctly under all thruster conditions. It could not be used further in the
testing of the Kalman filter as it would need to be linearised to be converted to discrete time,
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which would introduce too many errors. The model of Kambara relative to the ground
reference frame is shown below.
1
[(T1 + T2 ) c θ c ψ − (T3 + T 4 + T5 )(s φ s ψ + s θ c φ c ψ )− µ x x& ]
M
1
&y& =
(T1 + T 2 ) c θ s ψ − (T3 + T 4 + T5 )(s θ c φ s ψ − s φ c ψ ) − µ y y&
M
1
&z& =
[− (T1 + T2 )s θ − (T3 + T4 + T5 )c θ c φ − µ z z& ]
M
1
(T3 − T 4 ) l1 − Mgl 6φ − µ φ φ&
φ&& =
I xx
&x& =

[

[

[

]

]

1
(T3 + T 4 ) l 3 − T5 l 4 − (T1 + T 2 ) l 5 − Mgl 6θ − µ θ θ&
θ&& =
I yy

ψ&& =

]

1
[( T1 − T 2 ) l 2 − µ ψ ψ& ]
I zz

The MATLAB code used to implement this simulation is shown in Appendix C.
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4.2.2.2 Testing of Kalman Filter
Now that a simulation of Kambara has been completed we have all the information needed to
test the Kalman filter. The thruster inputs and measurement vector from the simulation are
used as the control inputs and the sensor inputs into the filter. The output from the Kalman
filter can then be compared to the output of the simulation. The steps taken to implement and
test the Kalman filter are shown below and the MATLAB script shown in Appendix C.
•

Firstly the data needed to test the filter has to be obtained from the simulation. The filter
control input vector u is made equal to the simulation thruster input vector T. The
measurement vector z from the simulation correlates directly to the filter sensor input
vector z.

•

Next, all of the Kalman filter parameters have to be set up. The discretized state space
representation of the model has already been derived in the simulation and can be put
directly into the filter. The error and noise matrices are set up as described in Section
2.2.2. As in the simulation a sampling rate of 20Hz is used in the filter and the error
matrices Q (process) and R (measurement) are initially set to the identity matrix
multiplied by some constant.

•

Once everything has been set up, it is a simple process of iterating the Kalman filter
procedure as shown in Figure 4. Again the filter will output the state relative to
Kambara’s reference frame {K}, and thus the velocities need to be transformed to the
ground reference frame {0}. The output is then compared to that of the simulation. The
MATLAB code used to implement and test the Kalman filter is shown in Appendix C.

A simulation was run to gather data to be used to test the filter. The simulation data and the
output of the Kalman filter are shown in Figure 21 below.
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Figure 21 : Simulation and Kalman Filter output
It can be seen in Figure 21 that the filter does output Kambara’s state with quite a small error.
To analyse the output a little more each of the states are shown separately in Figure 22.
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Figure 22 : State Outputs from Kalman Filter

We can see from Figure 22 that there is a significant error in the z displacement. Another test
was performed on the Kalman filter, with the process noise given a greater covariance. This
has the effect of basically telling the filter to treat the sensor readings (measurement input)
more seriously than the values obtained by the model. The result of this test is shown in
Figure 23. The error in the z displacement has been reduced. The x and y displacements have
remained unchanged as, although x and y accelerations are being input as measurements, they
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Figure 23 : Filter Output (increased Q)
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are not state variables and thus have to use the dynamic model to be converted into state
variables. As none of the x or y state variables are being measured directly into the filter, it
does not matter what the process covariance is, the x and y output will remain the same as the
filter has no other choice but to use those accelerations. Other tests of the filter also found
that reducing the sampling period improves the performance.

4.2.3 TCM2 WAM Arm test
It is very hard to test a sensor that has readings in three degrees of orientation. The use of a
Whole-Arm Manipulator (WAM arm) proved very useful for this task. A WAM arm is made
up of a 4 degree-of-freedom (DOF) arm, a three DOF wrist and a hand to give and overall
seven DOF device.[13] Most of the gearing normally found in the arms and wrists of robots
have been placed by cabling and brushless DC motors. These cables act like tendons in the
human leg and drastically reduce backlash error.
In order to use the WAM arm to test the TCM2 the forward kinematics of the arm had to be
derived from the given Denavit-Hartenberg parameters. Once the transformation matrix had
been programmed into the WAM supporting software and tested, the position and orientation
of the end of the wrist could be calculated by motor encoders in the arm.
The TCM2 was mounted in its testing box and a connector was constructed to connect the box
to the end of the WAM wrist. Once this was done the TCM2 was powered up and its output
sent to a PC serial port where it was read by its supporting software and logged into a file.
The calculated orientation of the end of the WAM arm was also logged into a file. A picture
of the experimental setup is shown below in Figure 24.

38

Figure 24 : TCM2/WAM Experimental Setup

The sensor box (attached to the end of the wrist) was put through a range of motions
beginning with a yaw movement, then a pitch movement and then a roll movement. The
output orientation readings of both the TCM2 and the WAM arm are shown in Figure 25. As
can be seen, apart from a little noise, the TCM2 does output fairly accurate readings in all
three orientation angles.
TCM2 angle data vs WAM arm data
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Figure 25 : Graph of TCM2/WAM Output

It is hard to calculate exactly what error there is in the TCM2 output as there are too many
other uncontrollable factors. Firstly as no permanent modifications could be made to the
wrist, it was difficult to firmly attach the sensor box. Secondly it was not possible to know at
exactly what rate the WAM arm was outputting the orientation angles and thus one set of data
had to be scaled in the time domain to produce Figure 25. During the test the movement of
the WAM arm resulted in the turning of the DC motors and also movement of large metal
objects in the vicinity which may have affected the TCM2 magnetometer reading slightly. All
of these factors could have contributed to some error in the TCM2 output.
The noise in the TCM2 output will be reduced once the data has passed through the Kalman
filter. To demonstrate this fact, a Kalman filter was made that had state variables made up of
the six angular displacements and velocities. No control inputs were used and the
measurement inputs consisted of the TCM2 output. It can be seen in Figure 26 that the result
of the filtering has drastically reduced the noise in the TCM2 output. It is not possible to
calculate exactly how much the error has been reduced by as the data was not collected at the
same rate and the data points can not be subtracted directly from each other
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Filtered TCM2 angle data vs WAM arm data
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Figure 26 : Filtered TCM2 Output
4.2.4 Depth Sensor Sensitivity Test
This test was performed to get an idea of the resolution of the output of the depth sensor. The
sensor and its casing were placed in a bucket of water. Readings of the output were then
taken using a multimeter with the depth changing by one centimeter at a time. The results are
shown in Figure 27 below.
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Figure 27 : Depth Sensor Resolution Graph
As can be seen in Figure 27, a change in depth of one centimeter produces a fairly consistent
change in the output voltage. Thus it would be safe to assume that the device is capable of a
resolution of at least 1cm. The conditions in which Kambara is to be used also have to be
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considered. In most situations, the surface waves are going to have an amplitude of 1cm or
more. Thus this resolution is more than adequate.
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5 Discussion
The previous three chapters have described in detail the various components or sections that
make up Kambara’s current Inertial Navigation System. This system also has to be integrated
into the rest of Kambara. The INS will not reside in one space on board Kambara. The
sensors will be located at various points around Kambara, with the A/D and Serial I/O Packs
will be attached to a carrier board near the CPU. The Kalman filter and dynamic model will
be implemented as software residing in Kambara’s PowerPC.

Power Supply

SENSORS

A/D,
Serial
IO

Kalman Filter

Kambara
Controller

Dynamic
Model

Figure 28: Integration of INS

It is envisaged that the accelerometer and TCM2 will be placed in the rear of the top half of
the upper enclosure of Kambara. If a MotionPak is obtained it will also be placed in this
position. Apart from the fact that the batteries take up most of the room in the lower
enclosure, it is thought that this position for the sensors in the upper enclosure will be good as
it is close to the DC-DC amplifiers (where the sensors will obtain power) and the IP-Packs (to
which the sensors will output). The TCM2 should also be placed in a region which has the
least magnetic distortion produced by ferrous metals and electrical currents. The TCM2’s
proposed position is as far away from the motors as possible. A calibration system that
continuously and automatically corrects for hard iron distortion will also reduce the effects of
any unpreventable disturbances. The depth sensor requires a hole to the surrounding water
and thus will be screwed into a machined hole on the front face plate of the lower enclosure.
The primary source of power for the sensors will be the batteries in the lower enclosure. DCDC converters will be used to convert this power to the correct voltage and current
requirements for the respective sensors. It is planned to have these converters in the upper
enclosure, below the sensors.
The sensor readings will be output to either the Serial IO or the ADIO IndustryPack, and
thus, apart from the depth sensor which is situated in the lower enclosure, the close proximity
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of the sensors will make wiring and connections simple. The IP-Packs will be placed on a
carrier board connected to the Kambara’s PowerPC. The Kalman filter will be implemented
as software in the PowerPC, so the transfer of sensor data from the IP-Packs will be a simple
process once device drivers are acquired.
At what rate the Kalman filter will run and state estimation be updated has not yet been
finalised. The TCM2 can be programmed to obtain readings of the orientation angles at
frequencies of 1 to 30Hz. Both the depth sensor and accelerometer have frequency responses
of 1ms and thus could possibly be sampled by the IP-ADIO at a frequency of up to 1000Hz.
The IP-ADIO has a maximum of 50kHz throughput so there is certainly no rate limitations
there. So the main limitation will be from the TCM2 sample rate and thus it is expected that
the Kalman filter will be running at approximately 20Hz. If this is not sufficient the Kalman
filter is capable of receiving measurement data at different rates. So for example the filter
will be running and a few of the sensors sampled at a faster rate than the TCM2 is sampled.
At this stage the Kalman filter, which includes the dynamic model, has been coded in
MATLAB script. The testing of the filter has involved collection of data which has then been
run through the filter. The Kalman filter will eventually be coded in C++ and will be run on
the PowerPC interacting with Kambara’s controller.
There is still a lot of scope for improvements in the INS. As has been previously stated the
derived dynamic model does not accurately model many of the hydrodynamic forces which
Kambara will experience. The model is further impeded by the fact that the Kalman filter
only uses a linearised version of it. An extended Kalman filter could be used where a nonlinear process can be estimated. It does this by linearising about the current mean and
covariance.[11]
The full workings of the Kalman filter have not been tested as it has not been possible to
obtain any controller (thruster) inputs to test and measure the inputs. This has been due to
Kambara taking a little longer than expected to be operational. However the testing of the
filter with the Kambara simulation did give good results and showed that the filter is working.
The WAM arm test showed that the TCM2 is capable of giving good orientation data. The
use of the Kalman filter for noise reduction was also shown here. It is unfortunate that device
drivers for the serial and A/D IP-Packs could not be obtained, as it would have been a good
final test for this project to have outputs from both the TCM2 and the accelerometer running
through the Kalman filter, and being compared with the WAM arm information.
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6 Conclusion
The initial aim of this project, to develop and implement an Inertial Navigation System for
Kambara, has not been fully accomplished. This is not surprising as the scope and complexity
of the Kambara system was not fully recognised from the beginning. However, large steps
have been taken towards this goal and important groundwork has been laid. A dynamic
model and Kalman filter for Kambara have been developed. Sensors to integrate with the
Kalman filter in the INS have been chosen and the majority have been purchased. Testing of
these sensors has been limited for a number of reasons, but a platform for future testing has
been constructed.
Although this project itself has not achieved what it set out to, it has still formed a solid
platform to be built on, considering the difficulty of the task was not initially recognised. An
unexpected outcome of the project is that invaluable experience has been gained in working in
a team in a professional environment.
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8 Appendices
8.1 A: Moment of Inertia Calculation for Kambara
•

Moments of Inertia of some common shapes:
À Hemisphere : Mass m, Radius R.
y

I xx = I yy = I zz =

x

2
mR 2
5

z

À Cylinder : Mass m, Radius R, Length L
y
Ix =

x

1
mR
2

Iy = Iz =

2

1
m (3 R 2 + L2 )
12

z

•

Parallel Axis Theorem

The moment of inertia of a body of mass m, with respect to an axis x, is equal to the moment
of inertia of the body about an axis x’ which is parallel to x and passes through the centroid of
the body, plus the mass of the body multiplied by the square of the perpendicular length
between the two axis. The formula is given below.[11]

I

x

= I x ’ + mD

2

To calculate the moments of inertia of Kambara, the motors were modelled as cylinders and
the outer frame was ignored. The equations for the moments of inertia about the three
principle axis are shown below.

i

(

)

(

)

(

)

1

1
 1
I xx = mt  Rt2 + l72  + mb  Rb2 + l82  + mm 3Rm2 + L2m + mm 3l92 + 2l12 + mm Rm2 + 2l62 + 2l22
2

2
 4
1
1
5
I yy = mt 3Rt2 + L2t + mt l102 + l72 + mb 3Rb2 + L2b + mb l112 + l82 + mm 3Rm2 + lm2 + mm 2l62 + 2l122 + 3l92 + l42 + 2l32
12
12
12
1
1
3
1  1

I zz = mt 3Rt2 + L2t + l102 + mb 3Rb2 + L2b + 2l112 + mm Rm2 + 2mm l32 + l12 + l42  + mm 3Rm2 + L2m + 2mm l122 + l22
2
2
2
2  6

M = mb + mt + 5mm

(

(

) (
)

)

(

(

)

(

)

)

(

)

(

(

)

(

)

Where :
M = Total mass
mb= Mass of bottom chamber
mt= Mass of top chamber
R = Radius of chamber/motor
L = Length of chamber/motor
The various lengths l1 through l12 are defined in the following figures. The drawings are a
graphical representation of Kambara produced on AutoCAD.

Isometric view.
ii

)

Top view

Front view
iii

Side view

Until all of the components have been installed in Kambara, , the centers of mass and
buoyancy cannot be found accurately. So at this stage, estimates of their positions were made
and the following values for the various lengths were obtained.
l1 = 280mm
l2 = 520mm
l3 = 220mm
l4 = 540mm
l5 = 100mm
l6 = 150mm
l7 = 380mm
l8 = 50mm
l9 = 10mm
l10 = -10mm
l11 = 40mm
l12 = -100mm

iv

8.3 C : MATLAB Code for Kalman Filter
•

Code for Kambara Simulation

%Matlab Program to Simulate the Kambara System
clear all;
%Define Kambara Constants
l1 = 0.28;
l2 = 0.52;
l3 = 0.22;
l4 = 0.54;
l5 = 0.1;
l6 = 0.15;
l7 = 0.38;
l8 = 0.05;
l9 = 0.01;
l10 = -0.01;
l11 = 0.04;
l12 = -0.1;
mb = 50; Rb =0.135; Lb = 0.7;
mt = 25; Rt = 0.135; Lt = 0.55;
mm = 7; Rm = 0.05; Lm =0.4;
M = mb + mt + 5*mm;
ux = 10; uy = 10; uz = 10; ur = 10; up = 10; uyaw = 10;
Ixx = mt*(0.5*Rt^2+l7^2) + mb*(0.5*Rb^2+l8^2) + 0.25*mm*(3*Rm^2+Lm^2) + mm*(3*l9^2+2*l1^2) +
mm*(Rm^2+2*l6^2+2*l2^2);
Iyy = (1/12)*mt*(3*Rt^2+Lt^2) + mt*(l10^2+l7^2) + (1/12)*mb*(3*Rb^2+Lb^2) + mb*(l11^2+l8^2) +
(5/12)*mm*(3*Rm^2+Lm^2) + mm*(2*l6^2+2*l12^2+3*l9^2+l4^2+2*l3^2);
Izz = 0.5*mt*(3*Rt^2+Lt^2+l10^2) + 0.5*mb*(3*Rb^2+Lb^2+2*l11^2) + 1.5*mm*Rm^2
+2*mm*(l3^2+l1^2+0.5*l4^2) + (1/6)*mm*(3*Rm^2+Lm^2) + 2*mm*(l12^2+l2^2);
g = 9.81;

%Set up discrete time model.
%Dynamic Model Matrices A&B
A = [0 1 zeros(1,10)
0 -ux/M zeros(1,10)
0 0 0 1 zeros(1,8)
0 0 0 -uy zeros(1,8)
zeros(1,5) 1 zeros(1,6)
0 0 0 0 0 -uz/M zeros(1,6)
zeros(1,7) 1 zeros(1,4)
zeros(1,6) -M*g*l6/Ixx -ur/Ixx zeros(1,4)
zeros(1,9) 1 0 0
zeros(1,8) -M*g*l6/Iyy -up/Iyy 0 0
zeros(1,11) 1
zeros(1,11) -uyaw/Izz];
B = [zeros(1,5)
1/M 1/M 0 0 0
zeros(1,5)
zeros(1,5)
zeros(1,5)
0 0 -1/M -1/M -1/M
zeros(1,5)
0 0 l1/Ixx -l1/Ixx 0

xi

zeros(1,5)
zeros(1,5);%-l5/Iyy -l5/Iyy l3/Iyy l3/Iyy -l4/Iyy
zeros(1,5)
l2/Izz -l2/Izz 0 0 0];
%Measurement Update matrices C,D
C = [0 -ux/M zeros(1,10)
0 0 0 -uy zeros(1,8)
0 0 0 0 0 -uz/M zeros(1,6)
zeros(1,6) 1 zeros(1,5)
zeros(1,8) 1 0 0 0
zeros(1,10) 1 0
zeros(1,4) 1 zeros(1,7)];
D = [1/M 1/M 0 0 0
zeros(1,5)
0 0 -1/M -1/M -1/M
zeros(1,5)
zeros(1,5)
zeros(1,5)
zeros(1,5)];
t=[0:0.05:65];
%Set Sampling Period
Ts = 0.05;
%Discretise the model
[Ad,Bd,Cd,Dd]=c2dm(A,B,C,D,Ts,’zoh’);
x = zeros(12,length(t)); %State vector in Kambara Reference frame
X = zeros(12,length(t)); %State vector in Ground reference frame
z = zeros(7,length(t)); %Measurement Vector
%Set Thruster inputs
T = zeros(5,length(t));
T(1,1:600)=[1*ones(1,600)]; T(2,1:600)=[3*ones(1,600)]; 1,5)];
T(1,601:800)=[4*ones(1,200)]; T(2,601:800)=[1*ones(1,200)];
T(3:5,1:5)=[ones(3,5)];
Vel = zeros(3,1);
for n = 1:length(t)-1
%Calculate state and measurement vectors
x(:,n+1) = Ad*x(:,n) + Bd*T(:,n);
z(:,n) = Cd*x(:,n) + Dd*T(:,n);
%Calculate state in Ground reference Frame
eta = x(11,n+1); theta = x(9,n+1); phi = x(7,n+1);
Rot = [cos(theta)*cos(eta), -cos(phi)*sin(eta)+sin(theta)*sin(phi)*cos(eta),
sin(phi)*sin(eta)+sin(theta)*cos(phi)*cos(eta);
cos(theta)*sin(eta), cos(phi)*cos(eta)+sin(theta)*sin(phi)*sin(eta), sin(phi)*cos(eta)+sin(theta)*cos(phi)*sin(eta);
-sin(theta), cos(theta)*sin(phi), cos(theta)*cos(phi)];
Vel = Rot*[x(2,n+1); x(4,n+1); x(6,n+1)];
X(2,n+1) = Vel(1);
X(4,n+1) = Vel(2);

xii

X(6,n+1) = Vel(3);
X(1,n+1) = X(1,n) + Ts*X(2,n+1);
X(3,n+1) = X(3,n) + Ts*X(4,n+1);
X(5,n+1) = X(5,n) + Ts*X(6,n+1);
X(7:12,n+1) = x(7:12,n+1);
end;
figure(3);
subplot(4,3,1);
plot(t,T(1,:),’g’,t,T(2,:),’r’);ylabel(’x’); title(’T1 & T2’);
subplot(4,3,2);
plot(t,x(2,:),’g’,t,X(2,:),’r’); title(’Velocity’);
subplot(4,3,3);
plot(t,x(1,:),’g’,t,X(1,:),’r’);title(’Displacement’);
subplot(4,3,4);
plot(t,T(1,:),’g’,t,T(2,:),’r’);ylabel(’y’);
subplot(4,3,5);
plot(t,x(4,:),’g’,t,X(4,:),’r’);
subplot(4,3,6);
plot(t,x(3,:),’g’,t,X(3,:),’r’);
subplot(4,3,7);
plot(t,T(1,:),’g’,t,T(2,:),’r’);ylabel(’z’);
subplot(4,3,8);
plot(t,x(6,:),’g’,t,X(6,:),’r’);
subplot(4,3,9);
plot(t,x(5,:),’g’,t,X(5,:),’r’);xlabel(’time’);
subplot(4,3,10);
plot(t,T(1,:),’g’,t,T(2,:),’r’);ylabel(’yaw’);xlabel(’time’);
subplot(4,3,11);
plot(t,x(12,:));xlabel(’time’);
subplot(4,3,12);
plot(t,rem(x(11,:),pi));xlabel(’time’);
%Plot 3D view
figure(4);
plot3(X(1,:),X(3,:),X(5,:));xlabel(’X’); ylabel(’Y’); zlabel(’Z’); title(’Kambaras Position vs
time’);

Note: Other plotting code has been omitted.
•

Code to set up data from simulation to test the Kalman Filter

%Code used to swap thruster and displacement data from simulator to Filter
u = zeros(5,length(t));
u = T;
z = z;% + 0.1*rand(7,length(t));

xiii

•

Code to set up Kalman Filter Variables and Matrices

%Matlab code to Calculate Kalman filter parameters
q = 1;
r = 1;
Q = q*eye(12);
%R = r*eye(7);

%Process noise
%Measurement noise

R = [1.5 0 zeros(1,5)
0 1.5 zeros(1,5)
0 0 1.5 0 0 0 0
0 0 0 1 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 0.1];
G = [zeros(1,12) %
0 1 zeros(1,10)
zeros(1,12)
0 0 0 1 zeros(1,8)
zeros(1,12)
0 0 0 0 0 1 zeros(1,6)
zeros(1,12)
zeros(1,7) 1 0 0 0 0
zeros(1,12)
zeros(1,9) 1 0 0
zeros(1,12)
zeros(1,11) 1];
%Convert initial values for the Kalman gain and error covariance
[K,P,Z,E] = dlqe(Ad,G,Cd,Q,R);

•

Kalman Filter Implementation code

% Program for implementation of Kalman filter with arbitrary data
x = 0.5*zeros(12,length(t)); %initialise the State vector
Xk = 0.5*zeros(12,length(t));%initialise the ground state vector
Vel = [zeros(3,1)];
for n = 2:length(t)-1
K = P*Cd’*inv(Cd*P*Cd’+R); % Compute Kalman Gain dlqe(A,G,C,Q,R)
x(:,n) = x(:,n) + K*(z(:,n)-Cd*x(:,n)-Dd*u(:,n));% Update Estimate with measurement z
P = (eye(12)-K*Cd)*P; %Update error covariance

x(:,n+1) = Ad*x(:,n) + Bd*u(:,n);%Project state ahead
P = Ad*P*Ad’ + Q; %Project the error covariance ahead
%Calculate state in Grounnd Reference Frame
eta = x(11,n); theta = x(9,n); phi = x(7,n);
Rot = [cos(theta)*cos(eta), -cos(phi)*sin(eta)+sin(theta)*sin(phi)*cos(eta),
sin(phi)*sin(eta)+sin(theta)*cos(phi)*cos(eta);
cos(theta)*sin(eta), cos(phi)*cos(eta)+sin(theta)*sin(phi)*sin(eta), sin(phi)*cos(eta)+sin(theta)*cos(phi)*sin(eta);
-sin(theta), cos(theta)*sin(phi), cos(theta)*cos(phi)];

xiv

Vel = Rot*[x(2,n+1); x(4,n+1); x(6,n+1)];
Xk(2,n+1) = Vel(1);
Xk(4,n+1) = Vel(2);
Xk(6,n+1) = Vel(3);
Xk(1,n+1) = Xk(1,n) + Ts*Xk(2,n);
Xk(3,n+1) = Xk(3,n) + Ts*Xk(4,n);
Xk(5,n+1) = Xk(5,n) + Ts*Xk(6,n);
Xk(7:12,n+1) = x(7:12,n+1);

end;

•

Code to output the results of simulation and Testing

%Plotting results of Kalman Filter
figure(6);
subplot(3,2,1);
plot(t,X(1,:),’g’,t,Xk(1,:),’r’); ylabel(’X’); title(’K.F.Output-xyz’);
subplot(3,2,3);
plot(t,X(3,:),’g’,t,Xk(3,:),’r’); ylabel(’Y’);
subplot(3,2,5);
plot(t,X(5,:),’g’,t,Xk(5,:),’r’); ylabel(’Z’);xlabel(’time’);
subplot(3,2,2);
plot(t,X(7,:),’g’,t,Xk(7,:),’r’); title(’K.F.Output-rpy’);ylabel(’Roll’);
subplot(3,2,4);
plot(t,X(9,:),’g’,t,Xk(9,:),’r’); ylabel(’Pitch’);
subplot(3,2,6);
plot(t,rem(X(11,:),pi),’g’,t,rem(Xk(11,:),pi),’r’);xlabel(’time’);ylabel(’Yaw’);
figure(7);
plot3(X(1,:),X(3,:),X(5,:),’b’,Xk(1,:),Xk(3,:),Xk(5,:),’r’);xlabel(’X’); ylabel(’Y’);
zlabel(’Z’); title(’Filter Output’);
legend(’Simulation’,’Kalman Filter Output’,0);
figure(8);
plot(X(1,:),X(3,:),’g’,Xk(1,:),Xk(3,:),’r’);

•

Code for a Kalman filter to sample the TCM2 data

% Dynamic Model Matrices A, B
A = [0 1 zeros(1,4)
-M*g*l6/Ixx -ur/Ixx zeros(1,4)
zeros(1,3) 1 0 0
0 0 -M*g*l6/Iyy -up/Iyy 0 0
zeros(1,5) 1
zeros(1,5) -uyaw/Izz];
B = [zeros(1,5)
0 0 l1/Ixx -l1/Ixx 0
zeros(1,5)
-l5/Iyy -l5/Iyy l3/Iyy l3/Iyy -l4/Iyy
zeros(1,5)
l2/Izz -l2/Izz 0 0 0];
%Measurement Update matrices C,D
C = [1 0 0 0 0 0
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0 0 1 0 0 0
0 0 0 0 1 0];
D = zeros(3,5);
q = 1;
r = 20;
Q = q*eye(6);
R = r*eye(3);

%Process noise
%Measurement noise

G = [zeros(1,6)
0 1 0 0 0 0
zeros(1,6)
zeros(1,3) 1 0 0
zeros(1,6)
zeros(1,5) 1];
%Convert the real time state space representation to discrete time
Ts = 0.05; %Sampling frequency of 20Hz
[Ad,Bd,Cd,Dd] = c2dm(A,B,C,D,Ts,’zoh’);
[K,P,Z,E] = dlqe(Ad,G,Cd,Q,R);
x = zeros(6,length(tcm));
z = tcm’;
for n = 2:length(tcm)-1
K = P*Cd’*inv(Cd*P*Cd’+R); % Compute Kalman Gain dlqe(A,G,C,Q,R)
x(:,n) = x(:,n) + K*(z(:,n)-Cd*x(:,n));% Update Estimate with measurement z
P = (eye(6)-K*Cd)*P; %Update error covariance

x(:,n+1) = Ad*x(:,n);%Project state ahead
P = Ad*P*Ad’ + Q; %Project the error covariance ahead

end;
x = x’;
ttcm = [1:length(tcm)];
twam = linspace(1,max(ttcm),length(wam));

figure(3);
subplot(3,1,1);
plot(ttcm/20,x(:,1),’m’,twam/20,wam(:,1),’-’);ylabel(’Roll’);title(’Filtered TCM2 angle data
vs WAM arm data’);
axis tight;
subplot(3,1,2);
plot(ttcm/20,x(:,3),’m’,twam/20,wam(:,2),’-’);ylabel(’Pitch’);
axis tight;
subplot(3,1,3);
plot(ttcm/20,x(:,5),’m’,twam/20,rem(wam(:,3),360),’-’);ylabel(’Yaw’);legend(’TCM2 Filtered’,’WAM ARM’,0);xlabel(’time (sec)’);
axis tight;
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•

Code for Simulation of Kambara in Ground reference frame.

clear all;
t = (1:300);
%Set thruster inputs
T = zeros(5,length(t));
T(1,1:200)=[1*ones(1,200)]; T(2,1:200)=[2*ones(1,200)];
T(3:5,1:5)=[0.5*ones(3,5)];
%Define Kambara Constants
%(Same as in previous programs)
%State vector
xd = zeros(12,length(t));
%Acceleration vector
acc = zeros(6,length(t));
accs = zeros(3,length(t));
vels = zeros(3,length(t));
%Loop to calculate Kambara’s accelerations, velocities and displcements, given thruster
inputs.
for n = 2:length(t)
%Calculate accelerations using dynamic model and thruster inputs (in local reference frame.
xdd = (1/M)*((T(1,n)+T(2,n))*cos(xd(9,n-1))*cos(xd(11,n-1))(T(3,n)+T(4,n)+T(5,n))*(sin(xd(7,n-1))*sin(xd(11,n-1))+sin(xd(9,n-1))*cos(xd(7,n1))*cos(xd(11,n-1)))-ux*xd(2,n-1));
ydd = (1/M)*((T(1,n)+T(2,n))*cos(xd(9,n-1))*sin(xd(11,n-1))(T(3,n)+T(4,n)+T(5,n))*(sin(xd(9,n-1))*cos(xd(7,n-1))*sin(xd(11,n-1))-sin(xd(7,n1))*cos(xd(11,n-1)))-uy*xd(4,n-1));
zdd = (1/M)*(-(T(1,n)+T(2,n))*sin(xd(9,n-1))-(T(3,n)+T(4,n)+T(5,n))*cos(xd(9,n1))*cos(xd(7,n-1))-uz*xd(6,n-1));
rdd = (1/Ixx)*((T(3,n)-T(4,n))*l1 - M*g*l6*sin(xd(7,n-1))*cos(xd(9,n-1))-ur*xd(8,n-1));
pdd = (1/Iyy)*((T(3,n)+T(4,n))*l3-T(5,n)*l4-(T(1,n)+T(2,n))*l5-M*g*l6*cos(xd(7,n1))*sin(xd(9,n-1))-up*xd(10,n-1));
yawdd = (1/Izz)*((T(1,n)-T(2,n))*l2-uyaw*xd(12,n-1));
acc(:,n)=[xdd,ydd,zdd,rdd,pdd,yawdd]’;
%Calculate velocities
xd(2,n) = xd(2,n-1) +
xd(4,n) = xd(4,n-1) +
xd(6,n) = xd(6,n-1) +
xd(8,n) = xd(8,n-1) +
xd(10,n) = xd(10,n-1)
xd(12,n) = xd(12,n-1)

xdd;
ydd;
zdd;
rdd;
+ pdd;
+ yawdd;

%Calulate displacements
xd(1,n) = xd(1,n-1) + xd(2,n);
xd(3,n) = xd(3,n-1) + xd(4,n);
xd(5,n) = xd(5,n-1) + xd(6,n);
xd(7,n) = xd(7,n-1) + xd(8,n);
xd(9,n) = xd(9,n-1) + xd(10,n);
xd(11,n) = xd(11,n-1) + xd(12,n);
xdds = (1/M)*(T(1,n)+T(2,n)-ux*xd(2,n-1));
ydds = -uy*xd(4,n-1);
zdds = (-1/M)*(T(3,n)+T(4,n)+T(5,n)+uz*xd(6,n-1));
accs(:,n) = [xdds, ydds, zdds]’;
vels(:,n) = vels(:,n-1)+ accs(:,n);
end;
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