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Sammanfattning 
WesDyne TRC AB är ett helägt dotterbolag till det globala Westinghouse Electric 
Corporation. WesDyne är ett världsledande företag inom ickeförstörande 
provning i kärnkraftverk. En av de inspektionsplattformar som används för att 
söka efter fel i och kring svetsar i reaktortanken kallas T-skannern. Utrustningen 
arbetar under vatten i en radioaktiv miljö genom att stega sig fram på 
reaktortankväggen. Miljön är krävande och många traditionella positionerings-
sensorer är inte lämpliga att implementera.  Examensarbetet undersöker 
möjligheten att använda ett gyroskop och en trycksensor för att skapa ett nytt 
oberoende positioneringssystem. Tillsammans med det nuvarande 
positioneringssystemet kommer de nya sensorerna kombineras i ett Kalman 
filter. Kalman filtret tillsammans med det alternativa positioneringssystemet 
utvärderas med simulerade sensorer i Matlab. Examensarbetet visar att ett 
positioneringssystem med en trycksensor och ett gyroskop är lämpliga att 
implementera på T-skannern, men konstaterar även att ytterligare tester behövs 
för att utvärdera prestandan hos det alternativa positioneringssystemet under en 
säkerhetsinspektion.  
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Abstract 
 
WesDyne TRC AB is a fully owned subsidiary of the global Westinghouse 
Electric Corporation. WesDyne is a world leader in non-invasive methods for the 
inspection of nuclear power plants. One of the inspection platforms used to scan 
for defects in and around the welds in the reactor vessel is called the T-crawler. 
The T-crawler operates under water in a radioactive environment by stepping on 
the vessel (reactor tank) inner wall using suction cups. The environment is harsh 
and many traditional positioning sensors are not suitable for implementation. This 
thesis investigates the possibility to use a gyroscope and a pressure sensor to 
create an alternative and independent positioning system. Together with the 
current positioning sensors the new sensors will be fused in a Kalman filter. The 
Kalman filter together with the alternative positioning system will be evaluated 
using simulated sensors in Matlab. The thesis shows that a positioning system 
with a pressure sensor and a gyroscope is suitable for implementation on the T-
crawler, but the thesis also establishes that further testing is needed to fully 
evaluate the performance of the alternative positioning during a safety inspection. 
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1 Introduction 
This chapter provides the reader with the background to the thesis. Some alternative 
positioning solutions are evaluated shortly in section 1.2. The chosen solution is 
presented in section 1.3. The method chosen for this thesis is explained in 1.4. The 
notation used is available in 1.5 and the limitations in this thesis are specified in 1.6. 
Finally section 1.7 presents the outline of the thesis. 
 

1.1 Background 
WesDyne TRC AB is a fully owned subsidiary of the global Westinghouse Electric 
Corporation. WesDyne is one of the world leading companies involved in non invasive 
methods to inspect nuclear power plants.  
 
One of WesDyne’s platforms used in the reactor vessel (reactor tank) is called the T-
crawler. The T-crawler is a submersible, remotely operated vehicle (ROV) mainly used to 
scan for defects in and around welds in the reactor vessel wall using ultrasonic  
probes, but it can also be fitted with other kinds of tools or probe holders. It consists  
of four blocks connected with flexible shafts, see Figure 1. The T-crawler exists in a few  
 

 
Figure 1. Picture of the T-crawler. The orange circles are suction cups and the orange squares are 
ultrasonic probes.  The hollow parts contain rails that the T-crawler uses to move different blocks 

relative to each other enabling the T-crawler to step on the vessel wall. 

 
different models, but they all work in the same way and have the same components. The 
only difference between them is physical properties of the body. The buoyancy of the T-
crawler is close to neutral in water but if it is not attached to the wall it starts to slowly 
sink. To keep from sinking the T-crawler uses suction cups to stay on the vessel inner 
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wall. The suction cups are made from a material designed to keep suction under water 
and they use small jets in the middle which creates a vacuum that keeps the cups in place. 
The T-crawler moves with steps on the vessel wall. This is done by moving different 
blocks along rails positioned inside the T-crawler with servo motors in combination with 
the suction cups. The position of the T-crawler is determined with the help of a starting 
position, for example a weld in the vessel wall, collected from the vessel drawings and 
then resolvers, see section 2.2.5, are used to keep track of the T-crawler steps. The main 
advantage with the T-crawler is its ability to work in the narrow, curved spaces often 
found in the nuclear reactor, where few other robots can fit. This quality makes the size 
of components used in the T-crawler important.  
 
During maintenance the reactor has to be switched off and the vessel is opened in order to 
access the basin. The procedure includes moving the reactor lid, a semi sphere 2.5m in 
radius as well as removing parts of the reactor internals, of similar size, used in the 
nuclear process and normally submersed in the basin. A schematic picture of the reactor 
vessel can be seen in Figure 2. Although the nuclear process is switched off there is still 
radiation left in the vessel due to the presence of nuclear fuel particles (leaks) and neutron 
activation in the reactor wall material, amongst others. Even when some of the bigger 
parts are removed the vessel is teeming with pipes, inlets and outlets needed to keep the 
nuclear process under control. These are stationary and cannot be removed during 
maintenance. The environment requires mechanical probes and cannot be examined by 
humans because of the high radiation. The equipment used should be fast and accurate to 
meet the demands of the power plants since any time the reactor stands still costs the 
power plant money. Thus, it is important to minimize the time spent in the reactor during 
inspections. 

 
Figure 2.  Shows a schematic reactor vessel and a T-crawler for size comparison. The T-crawler operates 

in the narrow space just inside the striped vessel wall. [1f] 
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1.1.1 Positioning problem 
The advantage with the resolvers is that they are very accurate at measuring the steps but 
since the T-crawler operates under water some movements are undetectable by the 
resolvers. Such movements include slipping on the vessel wall and attaching or releasing 
of suction cups. Another problem is if the servo motors slip on the rails inside the T-
crawler. This will make the resolvers tell the system it has moved farther than it actually 
has. Most of the time during inspection the T-crawler is out of sight from the operator and 
thus the operator strictly has to rely on sensor information from the T-crawler. At present 
when the T-crawler finds a defect, the safety margin of the weld position is 25cm2. 
Having two independent positioning systems would increase the reliability of the sensor 
information and could, among other things, enable the operator to detect false  
sensor information and reduce the safety margin. 
 
To make sure every part of the vessel has been scanned some areas of the vessel are 
scanned twice as a safety margin. The size of that area depends on the T-crawlers 
positioning accuracy. An improvement in position accuracy would decrease the size of 
the safety margin areas and significantly reduce the overall time spent in the vessel 
 
Many traditional robotics positioning methods fall short in the reactor vessel environment 
due to different reasons, somewhat explored further in section 1.2. The purpose of this 
thesis is to investigate how the present positioning accuracy can be aided using an 
alternative positioning system combined with the current positioning sensors in a Kalman 
filter. During maintenance, when the vessel is open, it is shaped like a cylinder with a 
semi sphere at the bottom. Since the T-crawler steps on the vessel wall the positioning 
consists of determining the position on the surface of a cylinder.  
 

1.2 Alternative solutions 
The following section presents a very brief discussion on ways to measure position that 
were excluded from this thesis. 
 
There are many ways to position a vehicle. Diverse methods, ranging from satellite 
navigation to keep track of big movements down to picture identification for accurate 
pinpointing can be used as positioning aids. Choosing a vehicle positioning system, in 
general, basically comes down to what kind of environment the vehicle is operating in 
and what kind of movement it experiences. In this work, the environment is a nuclear 
reactor vessel and the movement is steps against the vessel inner wall. A common way to 
measure small distances like this, with high accuracy, is by using light. In order for a 
solution using light to position the T-crawler, different reference points could be used at 
the top of the vessel. The T-crawler would then measure the distance to these stationary 
references and, from that information, calculate where it is. However, a challenge facing 
such a solution is that the water in the vessel has different temperature layers that would 
cause the light beam to break, meaning that the accuracy would be lost due to a non-
precise knowledge of the light path. In addition, an even more compelling reason to 
exclude light as distance measurements to the top of the vessel is the limited visibility 
upwards, often blocked by objects mounted along the vessel inner wall. For the same 
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reasons sound waves will meet the same fate as light. How about the bottom of the 
vessel? Submarines and regular boats use sonar to measure distance to the bottom of the 
sea. Could this be a solution? Sadly, no, the sonar used by boats relies on the fact that the 
beams return to the sender. The vessel is shaped like a semi sphere at the bottom and the 
sonar waves would bounce in any which way but back to the sender and even if some 
beams got back there is no saying which way they got there. The sonar would also be 
affected by the temperature layers and the poor visibility. This environment calls for 
something unaffected by poor visibility, lack of stationary references and it also needs to 
be accurate. Those demands lead to inertial navigation sensors. 
 

1.3 Selected solution 
The sensors used in this thesis to estimate the T-crawler position is a pressure sensor for 
the depth of the T-crawler and a gyroscope to measure the horizontal position on the wall. 
The two sensors will create a positioning system that is independent of the existing 
positioning system.  The system will be viewed as accurate enough to serve as an 
alternative positioning system if the error after 10 steps is smaller than 10mm in each 
direction. The alternative positioning system will be combined with the existing 
positioning system in a Kalman filter due to its properties to combine different 
measurements [1]. The thesis will involve an evaluation of the new components and the 
Kalman filter, determination of the limiting properties and other considerations needed 
for implementation, but not provide the actual implementation.  
 

1.4 Method 
The method used was to first start with a literature study in inertial navigation systems 
and how to use the Kalman filter. During this study an external consultant evaluated 
which specific components are suitable for use in T-crawler without consideration to 
radiation. Based on this report the suggested components were evaluated and it was 
decided it would be interesting to test a cheaper gyroscope than suggested to see whether 
frequent bias updates are enough to keep the error within the desired margin. 
  
In the next step a Kalman filter was developed in order to extract as much information as 
possible from the new components together with knowledge of the current system. The 
alternative positioning system together with the Kalman filter is evaluated using 
simulated sensors and component data in Matlab.  
 
Experimental studies were performed by mounting a gyroscope to a rotation table. In 
order to read the gyroscope output it was connected to a data acquisition card and 
sampled using LabVIEW. The result was saved to file and further evaluated in Matlab. 
The results from the gyroscope tests were then used in the sensor simulation to 
investigate the performance of the full system and the Kalman filter with as relevant 
parameters as possible. 
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1.5 Notation 
The notation used in this thesis is presented in Table 1. 
 
Table 1. Notation used in the thesis 

Type Notation 
Matrix Bold and capital letter 
Vector Bold and lower case letter 
Vector or matrix transpose AT 

Matrix inverse A-1 

Expected value of x E[x] 
Normal probability distribution with expected 
value 0 and standard deviation σ N(0, σ2) 

Measurement ~ character 
Estimate ^ character 
Mean - character 
A posteriori estimate +

kx̂  
A priori estimate −

kx̂  
 

1.6 Limitations 
The components behavior when exposed to radiation will be excluded from this thesis. 
The dynamic properties of water, other than density, will not be taken into account. This 
is because the T-crawler moves along the vessel inner wall and thus out of open water. 
The T-crawlers movement will be considered stiff and the flexibility in the T-crawler 
shafts will not be included in this thesis. 
  

1.7 Outline of the report 
  
Chapter 2 provides the reader with the theory used in the thesis. It includes descriptions 
of different sensors, the process of dead reckoning and the Kalman filter. In chapter 3 the 
T-crawler is explained for the purpose of the thesis, its physical properties and how it is 
operated. The chapter also defines the coordinate systems used in the thesis. Chapter 4 
contains a description of the different methods and sensors involved in the extended 
positioning system this thesis will evaluate. In chapter 5 the different gyroscope tests are 
outlined and explained as well as the sensor simulation conducted to test the Kalman 
filter performance. Chapter 6 contains the results from the gyroscope tests and the sensor 
simulation. In chapter 7 these results are analyzed and the limits of the simulation are 
discussed briefly. The conclusions drawn in this thesis are presented in chapter 8. 
Discussion of the method used as well as the reliability in the results and tests are 
presented in chapter 9. Further work based on the results and limitations in this thesis  
are presented in chapter 10. 
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2  Theory 
The purpose of this chapter is to provide the reader with the theory necessary to 
understand the report. The chapter explains navigation in general, the sensors already 
used by the T-crawler, the new sensors, servo control and the Kalman filter. Some basic 
knowledge in probability theory is necessary to fully understand the thesis, this 
information will not be provided within the report. The interested reader is referred to 
[2] for further reading on probability.  
 

2.1 Dead reckoning 
Dead reckoning is a process to determine the current position based on a previous 
position. The process needs measurements of the change in position and heading together 
with a starting position. [3] Since the process relies on the accuracy of all previous 
measurements the errors are cumulative, i.e. the error grows with time. The number  
of measurements needed and complexity of the calculations increase the more freely the 
movement can be done. For example a train moving along a straight track needs only 
distance measurement relative to the track, but a pedestrian moving along a sidewalk 
need both heading and distance measurements relative to the sidewalk in order to get an 
accurate position. As the measurements increase so does the possibility for errors. To 
keep the errors at a minimum the dead reckoning process is ideally combined with 
position and heading updates, i.e. known positions or headings, to keep the errors as 
small as possible. This adjustment means that there is a shorter uncertain distance and 
there result is a more accurate final position. 
 

2.2 Sensors 
This section presents the sensors involved in the thesis. 
 

2.2.1 Temperature sensor 
This type of sensor can be divided into two main categories; contact and non contact 
temperature sensors. The different names describe their properties quite well but they will 
be explained a little bit further. The contact sensor is the temperature sensor normally 
used in your own home. Both the traditional mercury thermometer and a modern oven 
thermometer are examples of contact temperature sensors. Contact temperature sensors 
assume, or know, that the sensor and its surrounding environment are in thermal 
equilibrium, i.e. there is no net heat flow between them. Contact temperature sensors 
work best in a static position since they need time to adjust to their surroundings. [4] 
 
Non contact sensors on the other hand most likely use optic properties to measure 
temperature. They are better at measuring surface temperature than the contact 
temperature sensors. [4] These sensors do not need to be in thermal equilibrium with the 
surrounding environment, as they measure the influx of thermal (black body) radiation 
from the object of interest. 
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Contact temperature sensors will be used exclusively in this thesis because the T-crawler 
will be immersed in water. 
 

2.2.2 Pressure sensor 
A pressure sensor measures the pressure it is exposed to. There are different types of 
pressure sensors depending on what you are interested in measuring. [5] In this case the 
pressure sensor will be used to measure water pressure. The pressure sensor measures the 
pressure given by: 
 

gdP ⋅⋅= ρ         (2.2.1) 
 
Where P is pressure, d is distance to surface (i.e. depth), ρ is the density of the water 
pillar above the pressure sensor and g is the gravitational constant. More information on 
density is presented in section 2.5 and an approximation of the gravity constant is 
available in section 2.6. The pressure measurement becomes a depth estimate by 
rewriting equation (2.2.1) 
 

g
Pd
⋅

=
ρ

        (2.2.2) 

 
The advantage with a pressure sensor is that the pressure acts all around and it is not 
affected by visibility or orientation. The position of the pressure sensor on the T-crawler 
will not matter since the pressure measurement can be related to any other part of the T-
crawler by using Archimedes principle [5]. 
 

 
(a) 

 
(b) 

Figure 3. Water pressure. (a) shows the water pressure acting on a single point. The water pressure will be 
the same all around the point. (b) shows the water pressure on a box. In this case the pressure will not be 
the same at the bottom of the box as at the top since the bottom is positioned deeper than the top. The 
difference between them can be calculated using Archimedes principle [5]. 
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Because the density of water changes with temperature, and thereby affecting the 
accuracy of the depth estimate, most pressure sensors are equipped with a temperature 
senor which normally measures the local temperature and can then be used as an estimate 
of the density. 
 

2.2.3 Tilt sensor 
The T-crawler measures the angle between the T-crawler’s body relative to earth’s 
gravity with a tilt sensor. Tilt sensors were traditionally made from mercury, but due to 
its toxicity it has to great extent been replaced with other technologies. An electrolytic  
tilt sensor is a modern, accurate, reliable, repeatable and cheap way of measuring tilt 
angle. [6] Instead of mercury an electrolytic fluidi is used. The sensor measures tilt by 
using the difference in conductivity between two electrodes immersed in the fluid. Since 
the conductivity is proportional to the length of the electrode immersed in the fluid, and 
the surface of the fluid stays level due to gravity, the difference between conductivity in 
the electrodes can be used to measure the tilt angle, see Figure 4. The tilt sensor has due 
to its composition a specific measurement range. Depending on the application in 
question different angles are of interest and measurement range can be as far apart  
as ±1o to ±80o. 
 

 
Figure 4. Schematic picture of an electrolytic tilt sensor [2f]. 

 
The accuracy of the measurement is affected by temperature, volume of the fluid, 
distance between electrodes, electrode height and tilt angle. On top of that sudden 
movements of the sensor, i.e. chocks, will probably need a little time to settle before the 
measurement is reliable again.  
 

                                                 
i An electrolytic fluid is defined as a fluid that contains ions and thereby conducts electricity. [7] 
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2.2.4 Gyroscope 
A gyroscope in the traditional sense is a mechanical construction with gimbals and a 
rotating disc positioned in the middle. To achieve the properties of a gyroscope the disc 
needs to rotate. The rotation will keep the gyroscope pointing in one direction because of 
the moment of inertia and a measurement of the angle change can then be done on the 
gimbals. [8] The term gyroscope has been borrowed by modern angular rate components 
because of the similarity in applications. The mechanical part of the gyroscope has been 
changed but the purpose of the component is still to measure angular change. The term 
gyroscope is therefore used to describe modern angular rate components and will also be 
used in this thesis. There are different types of gyroscopes with different properties 
depending on the technology being used. The property all gyroscopes share is that they 
have a sensitive axis and do not measure movement in any other direction than the 
sensitive axis is pointing. This means you can lift, tilt or move the gyroscope sideways 
without noticing it in your measurement. [8]  
 

 
Figure 5. Mechanical gyroscopes [3f] 

 
Figure 6. Ring laser gyroscope [4f] 

 
Simple modern gyroscopes use piezoelectric transducers to pick up the Coriolis force 
acting on the gyroscope when it rotates. [3] Other types of more accurate and reliable 
gyroscopes are ring laser gyroscopes (RLG) and fiber optic gyros (FOG) which both use 
the Sagnac effect to measure angular rate. The Sagnac effect is that light sent around a 
closed loop, in two different directions, will show a phase difference between the two 
beams when the loop is rotated [3]. The light is collected by an interferometer and the 
angular rate depends on the phase shift. The main difference between RLG:s and FOG:s 
is that FOG:s use fiber optics to guide the light and RLG:s use mirrors.  
 
The gyroscope signal is often noisy and suffers from some sources of errors. The errors 
that will be dealt with in this thesis are bias, scale factor, angle random walk (ARW) and 
bias stability. The gyroscope signal is also affected by temperature. 
 
The gyroscope measures angular rate, but in most applications the angle is the interesting 
information. In order to get the angle from the angular rate measurements the signal is 
integrated. This has the implication that the errors of the gyroscope will be integrated as 
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well and the error in angle will grow without bound if the errors are not taken into 
account. 
 
The bias is the offset between true zero and measured output zero.[8] The bias error has 
the unit o/s and it makes the angle error grow without bounds if it is not corrected. The 
bias will not be constant over time or temperature and the error induced by a changing 
bias is called the bias stability. 
 

 
Figure 7. Bias and scale factor error. Modified from [5f] 

 
The scale factor error is the difference in measured movement and actual movement. If 
the gyroscope is rotated precisely 90o but only measures 80o this is a scale factor error. 
[8]. 
 
The ARW error means the calculated angle will walk randomly because of integrated 
noise. The walk can be as big as the angle random walk error multiplied with the time but 
it will be a zero mean error. There are different units to express ARW and the difference 
is merely a conversion. The more common are o/√(h) and o/h/ √(Hz). 
 
FOG:s exposed to radiation will cause the glass tube fiber to become cloudy, restrict the 
light transfer and affect accuracy. 
 
There are a number of different technologies used to measure angular rate and the 
interested reader is referred to [3] or [8] for further reading. 
 

2.2.5 Resolvers 
Resolvers are rotary position sensors. More specific they are analogue rotary transformers 
that measures absolute rotation within a single revolution. They are used in harsh 
environments because of their resistance to humidity, heat, dust, oil and vibration and are 
a substitute to incremental encoders. [9]  
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2.3 Servo control 
Servo motors have the capacity to move a very precise distance. This is normally done 
using a trajectory planner. The trajectory planner is a set of equations used to calculate 
the position of the motor shaft as a function of time and they can be formed in a number 
of ways. To limit rough and jerky motions that put stress on joints and other parts of the 
mechanics the trajectory should be made smooth. [10]. The motion is considered smooth 
for a function that is continuous and has a continuous first derivative. The trajectory 
planner shown in Figure 8 will be used in this thesis. It is considered to be smooth for 
velocity and position [10]. 
 

 
Figure 8. Example of reference trajectories. 

 
The trajectory planner in Figure 8 uses the maximum velocity and maximum 
acceleration, specified by the motor, to calculate the position at each time instant, t. The 
motor is told to deliver maximum acceleration, referred to as amax, as long as it takes to 
reach the maximum velocity, referred to as vmax. Both amax and vmax can be calculated 
using the datasheet of the motor. The time when vmax is reached is called t1. The 
acceleration will be set to zero at this time and the motor will continue to run on vmax until 
the time, t2 when the motor needs to start decelerating in order to stop at the desired 
position, p. Since it took t1 seconds to increase velocity from zero to vmax it will take the 
same time to decrease the velocity from vmax to zero. The complete time, tc, it will take to 
reach the desired position is then calculated with 
 

 tc = t1 + t2        (2.3.1) 
  
The equations describing the system are  
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∫ ⋅=
t

dtav
0

        (2.3.3) 

∫ ⋅=
t

dtvp
0

        (2.3.4) 

 
This is a mathematical approach but in discrete time the very small sample time needed to 
deliver the mathematically correct value will be computationally heavy. Instead a set of 
simpler equations can be used. To calculate the times t1 and t2 the following equations are 
used 

max

max
11maxmax v

a
ttav =⇒⋅=       (2.3.5) 

max
22max v

pttvp =⇒⋅=       (2.3.6) 

 
The second equation is valid since the distance traveled between t = 0 to t1 is the same as 
the distance between t2 and tc. The following equations are used when t2 > t1.ii 
 
At time t1, the end of the acceleration stage, the position will be  
 

2

2
1max

1
ta

p
⋅

=         (2.3.7) 

 
and at time t2, the start of the deceleration stage, the position will be 
 

2
)(

2
1max

12max2
ta

ttvp
⋅

+−⋅=       (2.3.8) 

 
the final position can be written 
 

21 ppp +=         (2.3.9) 
 

                                                 
ii If t2 < t1 the system will not reach vmax and also eliminate the period with constant velocity, see Figure 8. 
Instead t2 will replace t1 in all equations replacing the theoretical vmax with amax·t2 and the final position 
becomes amax·t2

2. All equations will still be valid but when t1 is replaced with t2 equations (2.3.13)-(2.3.15) 
are eliminated. 
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Between time t = 0 and t1 the system can be described in discrete time as 
 

maxaak =         (2.3.10) 
tvvk ⋅= max         (2.3.11) 

2

2
max ta

pk
⋅

=         (2.3.12) 

 
where ak is the acceleration, vk is the velocity and pk is the position at time t = k. In 
discrete time k = T, 2·T, 3·T, ..., n·T where T is the sample time and n is a positive integer 
that satisfies n·T ≥ tc. 
 
Between t1 and t2 the system is described by: 
 

0=ka          (2.3.13) 

maxvvk =         (2.3.14) 
)( 11 ttvpp kk −⋅+=        (2.3.15) 

 

Between t2 and the final time tc the system is described by: 
 

maxaak −=         (2.3.16) 
)( 2maxmax ttavvk −⋅+=       (2.3.17) 

2
)()(

2
2max

22
ttattvpp kk

−⋅
+−⋅+=      (2.3.18) 

 
Finally when t is bigger than tc the system is described by: 
 

0=ka          (2.3.19) 
0=kv          (2.3.20) 

21 pppk +=         (2.3.21) 
 
 
These equations can be used with a sample time that is much bigger than if equations 
(2.3.2)-(2.3.4) are used and they deliver the same result. The step time and step length 
can be altered with some requirements. This thesis will use a fixed step time and step 
length but the procedure can be found in Appendix A. 
 

2.4 Kalman filter 
This section will describe the Kalman filter, its properties and implementation. In order to 
fully understand this chapter the reader is assumed to have some knowledge in 
probability theory and linear algebra which will not be provided in this thesis.  
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2.4.1 General description 
In its basic form the Kalman filter is a mathematical approach to linear filtering, but the 
filter can be altered in a number of ways and can even handle non linear systems. Rudolf 
E. Kalman published a paper in 1960 describing the filter that now bears his name [11] 
and since then the Kalman filter has grown in popularity. Several books have been 
published on the subject and Kalman filters are currently used in advanced technical 
applications such as space technology, airplanes, military applications and nuclear plants. 
[1] The filter is a set of equations that calculates the best estimate of a set of predefined 
states. In each iteration, only the newest measurement and the last estimate will be used 
in the calculations, so there is no need to store all the previous measurements and 
estimates. The filter uses state estimation and works by minimizing the square error of the 
estimates. This is done by using information about the system together with the 
measurements to create the full model. There are a few criteria in order to make the filter 
successful and they will be explained in section 2.4.2 and 2.4.3. A benefit with the 
Kalman filter is that even though it can be very demanding in processor power it can 
often be used in embedded applications. This is possible because the information that 
needs to be stored is small and if the system is small there are only a few equations that 
need to be calculated in each iteration [12].  
  
The Kalman filter is used in many applications that use a number of different sensors due 
to the filters capacity to combine different sets of measurements and get the best estimate 
based on a number of measurements. Airplanes and nuclear reactors are examples of such 
applications.  
 
The filter is only the optimal linear filter during specific circumstances and in practice 
engineers might not need the full capacity of the filter. If the filter is not the optimal 
linear filter it does not necessarily mean the filter is useless it simply means there is a 
filter that is mathematically better. [12] The quality to be easily embedded together with 
the development in components since the 1960’s has been the main reasons of its 
growing popularity. 
 

2.4.2 Kalman filter equations 
The derivation of the filter is left to the interested reader to look up in [2],[12] or [13]. 
There are a few concepts that need to be understood when using a Kalman filter. Let us 
start with a linear discrete-time system model 
 

111 −−− ++= kkkk wBuAxx       (2.4.1) 
 
where x is a vector containing the value of n states fully describing the system. Index k is 
a time index, k = 1, 2, ..., ∞. A is the system matrix linking the states at time k-1 to the 
states at time k. u is a vector of q input signals. B is a matrix linking the input signals to 
the states. w is process noise which is assumed to be white, uncorrelated and with zero 
mean. If A and B where to change over time they would have index k as well.  
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When measurements of the system states are received they can be used to get at better 
estimate of the state x. This is done with the measurement model 
 

zk = Hxk + vk         (2.4.2) 
 
Where zk is a vector containing m calculated signals related to the measurements, H is a 
matrix linking the states to the measurements and vk is measurement noise assumed to be 
white, uncorrelated and with zero mean.  
 
One of the important parts to understand with the Kalman filter is the terms a priori and a 
posteriori estimates. An estimate at time k is an educated guess of the system states at 
that time. An a priori and an a posteriori estimate are both estimates of the same state at 
time k, the difference between the two are the number of measurements available and 
processed, see Figure 9. If all the measurements up to and including time k are available 
an a posteriori estimate can be formed. If all the measurements before, but not including 
time k, are available an a priori estimate can be formed. When an a priori estimate is 
available together with measurements of the states at time k the a posteriori estimate can 
be calculated and provides a better estimate of the states at time k without any time 
passing! This is what the Kalman filter does. 
 

 
Figure 9. Difference between a priori and a posteriori estimates. [6f] 

 
The Kalman filter uses two sets of equations, time update equations and measurement 
update equations, together with a weighted combination of measurements and process 
model called the Kalman gain. 
 
The time update equations are 
 

1-k1   ˆ  ˆ BuxAx += +
−

−
kk        (2.4.3) 

QAAPP += +
−

− T
kk 1        (2.4.4) 

 
−
kx̂ is the a priori estimate of the state at time k. It means, the measurements up to, but not 

including time k, are used together with the old a posteriori estimate and the system 
model to estimate the states at the next time instant. −

kP  is the a priori covariance matrix 
and is an indication of how reliable the a priori estimate is. Q is the process noise 
covariance matrix, defined in equation (2.4.10), and if the noise is uncorrelated, white 
and with zero mean the Q matrix will be a diagonal matrix. 
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The Kalman gain is calculated as 
 

1)(  −−− += RHHPHPK T
k

T
kk       (2.4.5) 

 
where R is the measurement noise covariance matrix, defined in equation (2.4.11), and if 
the measurement errors are assumed to be uncorrelated and with zero mean the R matrix 
will be a diagonal matrix The Kalman gain, K, is used to weight the process model 
against the measurements which provides the most likely estimate. 
 
The measurement update equations are 
 

)ˆ-(  ˆ  ˆ kkk
−−+ += xHzKxx k       (2.4.6) 

KHPPP −−+ −= kkk          (2.4.7) 
 
where +

kx̂  is the a posteriori estimate and thus the best estimate available at time k. 
  
The noise processes, wk and vk, are assumed white, zero mean, uncorrelated and have 
known covariance matrixes Qk and Rk respectively 
 

) , (0 N   kQw ≈k        (2.4.8) 
) , (0 N   kRv ≈k        (2.4.9) 

 
The noise covariance matrixes are defined as 
 

E [wkwj
T] = Qk j-kδ   (dirac delta function)    (2.4.10) 

E [vkvj
T]  = Rk j-kδ        (2.4.11) 

E [vkwj
T] = 0        (2.4.12) 

 
where j-kδ  is a dirac delta function which is zero for j ≠ k and one for j = k making both 
Q and R diagonal matrixes. The above equations are one way of several mathematically 
equal formulations for the Kalman filter [12]. The filter can be modified in a number of 
ways but the above equations express the Kalman filter used in this thesis. 
 
The sizes of the vectors and matrixes used in the filter depend on the number of states, 
measurements and input signals. They are summarized in Table 2 where n is the number 
of states, q is the number of input signals and m is the number of measurements. 
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Table 2. Summary of the different matrixes and vectors used by the Kalman filter where n is the number of 
states, q is the number of inputs and m is the number of measurements. 

Variable Description Size 
x System states n x 1 
A System matrix n x n 
u Input vector q x 1 
B Input matrix n x q 
w Process noise n x 1 
z Measurement vector m x 1 
H Measurement matrix n x m 
v Measurement noise m x 1 
P State estimate error covariance matrix n x n 
Q Process noise covariance matrix n x n 
R Measurement noise covariance matrix m x m 

 

2.4.3 Initializing the Kalman filter 
In order for the Kalman filter to be effective it needs to be initialized. The filter 
calculations, equations (2.4.3) – (2.4.7), will be performed in the same order as they have 
been presented and in order to calculate the time update equations the values for +

0x̂  and 
+
0P  need to be initialized. The initialization is done as 

 
+
0x̂  = E [ 0x ]        (2.4.13) 
+
0P  = E [( 0x - +

0x̂ )( 0x - +
0x̂ )T]      (2.4.14) 

 
After the initialization all equations are valid. The initialized +

0x̂  is the best guess 
available of the states in the model at the start. The +

0P  matrix is the covariance of the 
initial estimate and can be calculated using different methods but it can also bee seen as 
how much the initial estimate is trusted and given a value by the engineer. It represents 
the uncertainty in the initial state estimate. If the initial state is known exactly +

0P  will be 
zero and if the initial state is completely unknown +

0P  will be I·∞ where I is the identity 
matrix of size n·n. [12] If +

0P  is big the Kalman filter will rely more on the measurements 
than if +

0P  is small. On the other hand it is no use to set +
0P  too small. Then the filter 

would rely too much on the process model.  
 

2.5 Water 
Motion under water will have different dynamic properties than motion in air simply 
because air and water are different media. Because water has a higher density than air a 
move in water will be subject to a bigger resistance than if the move was conducted in 
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air. The specific properties of water other than its density will however not be included in 
this thesis since the movement done by the T-crawler is along the wall and thus out of 
open water. By constantly having at least two suction cups attached to the wall the 
influence of water is assumed to be small. Any movement will be treated as if it happened 
in air.  

2.5.1 Density of water 
One of the key features of water is that the density is at its highest at approximately 4o 
centigrade. The density of water is affected by temperature and salinity and follows a 
nonlinear curve. Values for the density of pure water were gathered from  
 
 Table 3 [14] and interpolated using spline interpolationiii to be able to access values 
between the tabulated values. The density of water versus temperature is shown in Figure 
10. 
 

 Table 3, Pure water temperature and density 

Pure water 
temperature, t

 (oC) 

Density, ρ 
 

(kg/m3) 
0 999.9 
5 1000 
10 999.7 
20 998.2 
30 995.7 
40 992.2 
50 988.1 
60 983.2 
70 977.8 
80 971.8 
90 965.3 
100 958.4 

 

                                                 
iii Spline interpolation is a form of interpolation where the interpolant is a special type of piecewise polynomial called 
a spline. Piecewise polynomials of third order are referred to as cubic splines and are used in this thesis. The method is 
used to adjust a curve to given data points and has, unlike some other interpolation methods, continuous first and 
second derivative in the transitions, which creates a smooth curve. [15] 
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Figure 10. Result from spline interpolating the  

 

 Table 3 values. Red x marks a table value. 

 

2.6 Earths gravity constant 
The gravity on earth varies with the distance to the equator. This is because the earth is 
not a perfect sphere, instead it is closer to an ellipsoid. Earths gravity constant can be 
calculated with good accuracy for any given location by using 

 

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

−

+
=

λ

λ
2

2

0
sin90130066943799.01

sin86390019318513.017803267714.9g   (2.6.1) 

 
where λ is geographic latitude. [16] This is the formula used in World Geodetic System 
1984 (WGS84) which is the reference system used by NAVSTAR Global Positioning 
System (GPS) to relate positions to the surface of the earth. [8] 
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3 T-Crawler 
The T-crawler is the submersible ROV platform this thesis focuses on. The main task of 
the T-crawler is to scan for defects in the reactor vessel inner wall using ultrasonic 
probes but it can also be fitted with other types of tools or probe holders. In this chapter 
the T-crawler properties are explained together with some definitions used in the thesis. 
 

3.1 Physical properties 
The T-crawler is for the purpose of the thesis divided into four blocks, A, B, C and D. A 
definition of the blocks as well as a definition of T-origin is found in Figure 11. Blocks A 
and D are the only ones that can move independent of the others, but they can still only 
move along the rails of the T-crawler. The T-crawler has four suction cups and their 
locations are visible in Figure 11. 
 

 
Figure 11. Picture of the back of the T-crawler, i.e. the T-crawler is viewed from the vessel inner wall. The 

red x defines T-origin. A, B, C and D are definitions of the different blocks in the T-crawler. The orange 
squares in the D-block are the ultrasonic probes and the orange circles in the A- and D-blocks are the 

suction cups. 

 
T-crawler is either a T-right or a T-left. Left or right is simply a description of the 
location of the probes, see Figure 12. The T-crawler is curved to fit the shape of the 
vessel inner wall and thus has different curvature depending on which reactor vessel it is 
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intended for. Small differences in the curvature can however be accommodated by an 
adjustment that moves the suction cups closer or farther away from the T-crawler and 
thus create the needed clearance. The curvature is related to the positioning accuracy 
since any difference in curvature between the vessel wall and the T-crawler will create a 
gap between the wall and the T-crawler, creating more wiggle room when attaching 
suction cups and reducing positioning accuracy. The T-crawler is thus approved for use 
in each specific vessel with requirements on the curvature, among other things.  
 

 
Figure 12. Schematic picture of T-right and T-left viewed from the center of the vessel, circles mark the 

position of the suction cups. 

 
The connections between the T-crawler blocks are not stiff. The joints are a bit flexible to 
enable the T-crawler to pass differences in the vessel inner wall. For example small 
bumps can occur in the vessel inner wall due to imperfections in the vessel welds or the 
vessel has not a constant radius. If the joints were stiff the T-crawler could get stuck on 
these imperfections. There is also some flexibility in the suction cups which enables the 
T-crawler to move with a small tilt relative to the vessel inner wall. 
 
The T-crawler can be fitted with different types of tools or probe holders. One example is 
a long probe holder attached to the bottom of the T-crawler making it more than 2m 
longer. Extra equipment like this might alter the properties of the T-crawlers movement. 
The positioning system in this thesis is developed for the T-crawler in its basic 
configuration and does not take added equipment into consideration. 
 
An example of measurements of the T-crawler is height 1441mm, width 1010mm and 
thickness 50mm.  
 

3.2 Operating the T-crawler 
The T-crawler has an operating range of 1-30m in the reactor vessel and is controlled 
with specific software called T-control. The minimum of 1m is because the position of 
the T-crawler is the position of T-origin and the T-crawler needs to be fully submersed. 
The T-crawler is controlled by an operator positioned beside the reactor vessel in a 
control room and the operator chooses in which direction to move, how fast and how far. 
To control the T-crawler the operator uses a personal computer (PC) and the T-control 
software. The movement itself is conducted with servo motors using servo control which 
is described in section 2.3. The servo motors move the T-crawler blocks along rails 
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positioned in the A- and C-block. To make the T-crawler move two of the suction cups 
are attached to the wall and two are loose. The section with the loose suction cups is the 
section that moves. This means that the T-crawler can move either left-right or up-down 
depending on which pair of suction cups are attached, see Figure 13 and Figure 14. The 
movements left-right and up-down are combined as the operator deems appropriate in 
order to get to the desired destination. Each individual suction cup can also be 
manipulated by the operator. This is an important feature if the T-crawler starts to tilt. If a 
tilt occurs it can be corrected by a combination of block-movements and suction cup 
actions and not by using the standard left-right or up-down move.  
 

 
Figure 13.  Schematic picture of T-crawler, model T-right, moving to the right viewed from the center of 
the vessel. Filled circle means suction cup attached to the wall. A move to the left is simply the right 
movement backwards. 

 
 

 
Figure 14. Schematic picture of T-crawler, model T-right, moving down viewed from the center of the 
vessel. Filled circle means suction cup attached to the wall. A move up is simply the down movement 
backwards. 

 

3.3 Coordinate systems 
Positions always need to be related to something. It is useless to talk about velocities and 
accelerations without a reference coordinate system. [17] 
 
The reference coordinate system in this thesis will be called v-frame and describes the 
reactor vessel. V-frame is static relative to the earth. The measurements will take place in 
another coordinate system called the b-frame, b for body, and this is the coordinate 
system used by the T-crawler to describe its movement. Since the T-crawler operates on 
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the vessel wall, the only variables are horizontal and vertical position on the wall. The 
movement can be seen as two-dimensional on the surface of a cylinder. The radius of the 
vessel can change but it is assumed to be known at all times. Both v-frame and b-frame 
are therefore defined as two-dimensional in this thesis. The movement on the vessel 
surface is defined for the purpose of the thesis as x-axis for horizontal direction, positive 
to the right, and y-axis for vertical direction, positive upwards, see Figure 15. 

 

 
(a) 

 
(b) 

Figure 15. Definitions of the two coordinate systems used in the thesis. (a) shows a schematic picture of 
the vessel and the T-crawler from above. Note that both frame’s x-axis is curved and that b-frame is 
defined on the vessel wall.  (b) shows a schematic view from the center of the vessel. 

 
Both coordinate systems are defined this way. In the ideal case there is no difference 
between b-frame and v-frame since a position change in b-frame will be the same change 
in v-frame when the T-crawler is level, i.e. if the movement is strictly horizontal or 
strictly vertical. The only difference between them is when the T-crawler is tilted relative 
to the vessel wall. For example, this can happen if one of the suction cups slips on the 
vessel wall. This is a mathematical simplification but it is possible since the T-crawler is 
of a fixed curvature with some flexibility in the shafts and in the suction cups, see chapter 
3 for more on the T-crawler. If there is a tilt, a move in b-frame will not be the same 
move v-frame, this is illustrated in Figure 16. 
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(a) 

 
 (b) 

Figure 16. (a) shows a vector, v, in b-frame, (b) shows the same vector, v, now expressed in v-frame and 
denoted v’ when b-frame is rotated relative to v-frame. Note that v’ still points strictly in the x-direction in 
b-frame, but when looking at the vector in v-frame it is not pointing strictly in the x-direction, it is rotated. 

 
To transform coordinates from b-frame to v-frame a rotation matrix is used. The rotation 
matrix is defined as 
 

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ −
=

)cos()sin(
)sin()cos(

ϕϕ
ϕϕ

RM       (3.3.1) 

 
where φ is the angle between the coordinate systems. This rotation matrix will rotate the 
coordinates counter clockwise (CCW) for positive φ and clockwise (CW) for negative φ 
for any given vector relative to fixed axes [18]. With the notation from Figure 16, to 
express the transformation, the equation is. 
 

v’ = RM*v         (3.3.2) 
 
where v’ is the vector expressed in v-frame and v is the same vector expressed in b-
frame. 
 
A tilt between b-frame and v-frame might cause the T-crawler to get stuck on the vessel 
wall. This is because a tilted cross section of a cylinder is an ellipse [19].  
 

 
Figure 17.  Shows a greatly exaggerated picture of the vessel wall viewed from above in b-frame during a 

tilt between b-frame and v-frame. 
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A tilt will make the T-crawler experience the vessel wall as an ellipse. Figure 17 shows a 
greatly exaggerated picture of the process, but the theory is the same for small tilt angles. 
When the ellipse gets too narrow the T-crawler gets stuck. The T-crawler is considered to 
be able to move for tilt angles smaller than 5o. If the tilt is more than that the T-crawler 
risks getting stuck.  
 

3.4 Positioning the T-crawler 
The T-crawler relies on the drawings of the reactor vessel to get a starting position and 
any position updates will also come from these drawings. After the initialization the 
current positioning system use resolvers attached to the motors to calculate the distance 
traveled from the starting point. The position of the T-crawler refers to the position of T-
origin. T-origin is defined as a point in the middle of the probes, see Figure 11. Since  
T-origin is attached to block D the position will only be updated when this block has 
moved. The position of the other blocks can be related to T-origin by calculating the 
physical relationships between the blocks. 
 
If the T-crawler finds a defect, the position of that defect has at present a safety margin of 
25cm2 on the surface of the vessel wall. The center of the safety margin area is the 
position given by the T-crawler.  
 

3.5 Sensors 
The T-crawler is fitted with several sensors. The most important sensors are the 
ultrasonic probes used to scan for defects but they are not involved in the positioning, 
other than the definition of T-origin and as reference relative welds in the vessel inner 
wall. The probes and all other sensors not involved in the positioning are not addressed 
further in this thesis. This section presents the sensors used for positioning the T-crawler. 
 

3.5.1 Tilt sensor 
The T-crawler is equipped with an electrolytic tilt sensor called SH55058-A-003 by 
Spectron which measures the tilt angle with a precision of 0.1o and has a measurement 
range of ±10o [20].  
 

3.5.2 Resolvers 
The resolvers used in the T-crawler measure the distance traveled on the rails inside the 
T-crawler and for that movement they have an error for each step of less than 10µm. 
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4 The extended positioning system 
In this chapter the chosen positioning system is described in detail. The new components 
are a suggestion made by Linus Aldebjer, a hired consultant from SAAB Underwater 
Systems. The specified components come from the consultant, everything else in this 
chapter is developed within the thesis.  
 

4.1 Creating the positioning system 
Since one of the key features of the T-crawler is its narrow shape no additional part is 
allowed to exceed 50mm in thickness including any protective equipment used to keep 
water or radiation at bay. The relationship between component size and accuracy is 
generally; a smaller component means decreased accuracy. The relationship between 
accuracy and cost is; the better the accuracy the greater cost. [21]. For this application a 
component that is cheap, small and accurate is needed. This is, naturally, hard to find and 
therefore compromises has to be made. Size is the limiting factor in this application and 
that means accuracy has to suffer to keep the size down. Due to the radiation in the vessel 
the components most likely need to be exchanged regularly and thus the prize of the 
components is also an issue, but not as big as the size requirement.  
 
Taking advantage of the fact that the T-crawler stays on the vessel inner wall the only 
two variables are height, i.e. depth, and arc on the vessel inner wall. By using the distance 
from the origin of the vessel to T-origin as a start value, together with dead reckoning, the 
position can be estimated using measurements that can be related back to the vessel 
origin. This system uses the same principle as using a compass. With a starting position 
combined with heading and distance traveled a position relative the earth can be 
established. The process is the same but the reference coordinate system and the 
“compass” used to keep track of orientation will be different. Three things are needed to 
make the positioning system work: 
 

1. Orientation, which is how b-frame is rotated relative to v-frame. 
2. Horizontal position, which is x-axis in b-frame and v-frame respectively 
3. Vertical position, which is y-axis in b-frame and v-frame respectively 

 
The alternative positioning system is not developed to replace the current positioning 
system. It should primarily be used as assistance to the resolvers during normal steps but 
will be the only sensors that can detect movements off the vessel wall. 

4.1.1 Accuracy definition 
The alternative positioning system needs to be accurate to be of any use to the current 
positioning system. The alternative positioning system will be viewed as accurate with an 
error after 10 steps (in any direction) smaller than 10mm in each direction in v-frame. 
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4.2 Orientation 
Since the T-crawler uses the same coordinates as the vessel the only thing needed for the 
orientation is how the T-crawler is tilted relative to the vessel. This tilt will be measured 
by the existing electrolytic tilt sensor, described in section 3.5.1. With no tilt v-frame and 
b-frame will be the same. 
 

4.3 Horizontal position 
Assuming the radius of the vessel is known, and that the vessel is perfectly circular, the 
horizontal position will be somewhere along a circle. The horizontal positions origin is 
defined somewhere on this circle. Relating the current position on the circle can then be 
done by using an angle between the origin and the current position. This angle can be 
estimated by integrating the output of a gyroscope. The gyroscope measures angular 
velocity and it needs a starting angle which will be collected from the vessel drawings. 
 

 
Figure 18.  Shows the angle created by a T-crawler step viewed from above. The angle, ω, can be 

calculated by integrating the gyroscope signal. In this figure the starting angle is 0o. 

 
The gyroscope recommended by the consultant is a FOG from KVH industries, called 
DSP-1500, due to its size and performance. This gyroscope is connected to a circuit 
board including a processor and can deliver digital output. The price of DSP-1500 is 
relatively expensive compared to its expected life span and it will have to improve the 
system dramatically in order to be economically interesting to use it in a real world 
application. Since the T-crawler often stands still on the vessel inner wall, enabling 
frequent bias updates, the decision was made to purchase a simpler and cheaper 
gyroscope to test its performance and see if frequent bias updates are enough to keep the 
error within the accuracy definition in section 4.1.1. 
  
A gyroscope from Silicon Sensing Systems model CRS03-02S was purchased to test the 
selective integration and to see if a relatively cheap gyroscope could be an alternative to 
the more expensive gyroscope suggested by the consultant. The CRS03-02S gyroscope 
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uses an oscillating silicon ring to pick up the Coriolis force acting on the gyroscope when 
it rotates. As can be seen in Table 4 the difference in errors between the gyroscopes is 
quite large. 
 
Table 4. Comparison between the two gyroscopes 

Gyroscope DSP-1500* [22] CRS03-02S [23] 
Bias (offset) ± 1/60 o/s ± 5 o/s 
Bias (over temperature) ≤ 3/2 o/s ± 10 o/s 
Bias (constant temperature) ≤ 5 o/h ± 0.55 o/s/30s 
ARW ≤ 8 o/h/ √(Hz) - 
Noise - 1 mV (rms) 
Scale factor (nominal) 1.0 ± 0.2% 20mV/o/s 
Scale factor (over temperature) ≤ 0.2% ± 3% 
Size 38x20 (mm)**  29x29x18.5 (mm) 
* The values are with the digital output 
** The DSP-measurements are in diameter and height. The DSP-1500 comes with a circuit board with size 58x10 (mm) 
 
The maximum angular velocity for a T-crawler step with horizontal velocity 100mm/s on 
the vessel wall will be  
 

=⋅=⋅=
ππ

ω 180
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& 2.29o/s    (4.3.1) 

 
where v is the horizontal velocity, r is the vessel radius and the angular velocity is 
converted from [rad/s] to [o/s].  
 
The gyroscope has to be mounted with its sensitive axis parallel to b-frame’s y-axis in 
order to measure accurately. Otherwise the sensitive axis of the gyroscope will not 
experience the same rotation as the T-crawler and some accuracy is lost. A mounting 
error in one direction of θo will create an error, εm, during movement with actual rotation 
angle, ω, of 
 

εm = ω - ω·cos(θ)       (4.3.2) 
 
which is 0.0381o, or 1.7mm on the vessel wall, for a rotation angle, ω, of 10o, a mounting 
error θ of 5o and a vessel radius of 2.5m. A mounting error in two directions of θo and ψo 
in each direction will create an error during a movement with actual rotation angle, ω, of 
 

εm = ω - ω·cos(θ) ·cos(ψ)      (4.3.3) 
 
which is 0.076o, or 3.3mm on the vessel wall, for a rotation angle of 10o, a mounting error 
of 5o for each direction and a vessel radius of 2.5m. It may not seem much but bear in 
mind that the error accumulates and grows with each step taken by the T-crawler and 
there are other error sources in the gyroscope signal. For the purpose of the thesis the 
gyroscope mounting is viewed as perfect, i.e. parallel to T-crawlers y-axis. 
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4.4 Vertical position 
Looking at the vertical position it is one axial. It can be seen as a long line and the 
position is somewhere along this line. The sensor suggested to measure this position is a 
pressure sensor that can be used to determine the depth of the T-crawler. Accelerometers 
are ruled out due to the quickly growing error, even with frequent bias updatesiv. 
 
The value from the pressure sensor will be a direct estimation of the current depth of the 
T-crawler. The pressure sensor suggested by the consultant is a Keller 33 which has an 
error proportional to the full scale (FS) measurement range of 0.01% [24] 
 
The accuracy of the depth estimate calculated from the pressure sensor measurement 
depends on the water density which in turn depends on the temperature. 
 
In order to get an estimate of the density, a temperature sensor needs to be mounted 
together with the pressure sensor. The downside is that it can only measure the local 
temperature and the remainder of the water column has to be estimated. 
 

4.5 Kalman filter implementation 
The Kalman filter can be implemented on the PC used by the operator during safety 
inspection and thus the Kalman filter will have all the computer power it requires. Recall 
from section 2.4 that the Kalman filter uses a state space model. The states that will be 
used in the Kalman filter are position expressed as arc and height in b-frame. These are 
propagated in discrete form as follows. 
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where x and y are horizontal and vertical position respectively, w is the process noise 
used to form Q, Δx is the change in horizontal position from time k-1 to time k and Δy is 
the change in vertical position from time k-1 to time k. Form vectors 
 

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
=

k

k
k y

x
x , ⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
Δ
Δ

=
y
x

u
        

 

 
where xk contains the states at time k and u contains values from the trajectory planner 
from time k-1 to time k. The system is written  
 

11 −− ++= kkk wBuAxx       (4.5.2) 
 
This is the system model that fully describes the system states at any given time. 
                                                 
iv As an illustration of accelerometer measurement the Crossbow CXL TG-series is used. It has a bias 
stability of approximately 0.01m/s2.[25] The bias error induced by a step time of 6s will be  
0.01m/s2 · (6s)2 / 2 = 0.18m for each step, which is higher than the accuracy required. 
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4.5.1 Measurement update equations 
The resolvers measure the arc and height in b-frame directly making 
 

 
rerek xx ε+= ~~         (4.5.3) 

rerek yy ε+= ~~         (4.5.4) 
 
where reε  is the resolver error, rex~ and rey~  denotes the resolver measurements which are 
a direct estimates of the states. Define the resolver process noise as 
 

rerev ε=         (4.5.5) 
 
equation (4.5.5) will be used to form R. Form the measurements 
 

rere vxz += ~
1         (4.5.6) 

rere vyz += ~
2         (4.5.7) 

 
where z1 and z2 are elements in the measurement vector z and rev  is the resolver error 
standard deviation. 
 
The gyroscope measures angular rate and needs to be converted to arc. The equations are 
 

gyrokk εωω += &&~        (4.5.8) 
Tgyrokkk ⋅++= − )(1 εωωω &       (4.5.9) 

 
where ~ denotes the measurement, gyroε  the gyro error and T the sample time. Form the 
measurement 
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The last term is a conversion from degrees to radians and r is the vessel radius. Together 
with the definition 
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equation (4.5.10) becomes 
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The gyroscope will measure rotation in b-frame. 
 
The final measurement is of the depth sensor and it measures the depth in v-frame. The 
measurement has to be converted into b-frame before it is processed by the Kalman filter 
and then the position estimate will be converted back to v-frame. This procedure might 
seem redundant because we are interested in the position in v-frame, but since all other 
measurements are in b-frame it makes more sense to convert the depth measurement back 
to b-frame instead of converting the entire filter to v-frame. The depth in b-frame at time 
k, denoted dk, is then described by: 
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where P~  is a pressure sensor measurement, pressε  is the combined error in depth caused 
by the parameters in equation (4.5.13), ρ̂  is the estimated density, ϕ~  is the measured tilt 
angle and g is the gravitational constant. Define: 
 

presspressv ε=         (4.5.14) 
 

The definition makes the measurement 
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Equations (4.5.5), (4.5.11) and (4.5.14) are used to form the R-matrix, equation (4.5.5) is 
used twice, one time for each resolver. Equations (4.5.6), (4.5.7), (4.5.12) and (4.5.15) 
form the measurement vector z.  
 

4.6 Transformation of coordinate systems 
The position of interest is the position in v-frame. To relate b-frame to v-frame a 
transformation is needed. All measurements are made in, or converted into, b-frame and 
do not need to be converted to v-frame immediately. The Kalman filter will calculate all 
equations and deliver the a posteriori estimate in b-frame. This will be the best estimate 
in b-frame. The tilt angle affects b-frame’s rotation relative to v-frame and without 
consideration to this an error will occur. To relate b-frame estimates to v-frame the a 
posteriori b-frame estimate is propagated in discrete time from b-frame to  
v-frame as 
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RM is the rotation matrix defined by equation (3.3.1) and the other variables are 
positions, in v-frame and b-frame respectively, at different time instants. The rotation 
matrix will use the tilt sensor measurement as input. The move in b-frame between time 
k-1 and k creates a vector that is rotated to v-frame and added to the previous estimate of 
the position in v-frame.  
 

4.7 Selective integration 
In theory the angular velocity is zero if the gyroscope is at rest and if the gyroscope 
experiences some rotation the absolute value of the output will be greater than zero. The 
gyroscope output will, however, not be zero angular velocity when it is at rest, instead the 
output will be noisy and the noise will cause the calculated angle to walk randomly. For 
the CRS03-02S the output is an analogue voltage between 0 and 5V. The theoretical 
output will then be 2.5V when the gyroscope is at rest. This zero angular velocity voltage 
will be called Uz. The difference between the actual voltage when the gyroscope is at rest, 
Ua, and the theoretical Uz = 2.5V is the bias (measured in V).  
 

Ua = Uz + Ub        (4.7.1) 
 
Ua is the actual output, Uz is the theoretical zero angular velocity voltage and Ub is the 
bias in V. Since the ARW is a zero mean error, a mean of the output voltage when the 
gyroscope is at rest is an estimate of Ua and will be considered a bias update. By using 
the difference between an initial estimate of Ua and a mean of the most recent samples 
available the bias can be updated. This way the process forms an adaptive floating mean 
that follows the change in bias. The mean, m , is created in discrete time as 
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ω&~  is the gyroscope output, n is the number of samples used to create the mean and t is 
the current time. The mean will be formed using a fixed update period. Different 
sampling times and update periods can be used but in this thesis the sample time will be 
1ms and a mean will be created once a second, i.e. 1000 samples will be used to form the 
mean.  
 
A threshold value of the difference between two following means will determine whether 
to update the bias, i.e. update Ua, or to integrate the gyroscope output signal. A value 
above the threshold will indicate rotation and no bias update can be made. A value below 
the threshold will indicate that the gyroscope is not rotating and the bias will be updated. 
This method will create a time delay of 1s, but it will enable bias updates and limits the 
integration of the noisy gyroscope output. Note that the process enables bias updates it is 
not an obligation. The method will work in the same way without replacing Ua but with 
reduced performance since the bias estimate will depend on gyroscope output further 
back in time. Figure 19 shows a flowchart of the process with bias updates.  
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Figure 19. Shows a flow chart of the bias update process. The mean is created with the n most recent 

samples. 

 
Example: 
The initial Ua = 2.488V, the last second 1000 samples of the gyroscope output voltage 
were saved and they created a mean m = 2.489V and the threshold value is set to 0.03V. 
This would indicate the bias has changed with m -Ua = 0.001V during the last second. It 
is not considered to be due to rotation since it is smaller than the threshold value and Ua 
is replaced with m , i.e. for the next comparison Ua = 2.489V. 
 
The adaptive mean will keep track of the past n samples and it will be a time delay before 
the method recognizes that the rotation has begun. This means the integration of the 
gyroscope output will start with the value obtained at t = t-n and it will stop when the 
value of the mean is low enough to be considered a bias update.  
 

4.8 Error updates 
This section will explain how the errors can be limited with the use of updates. 
 

4.8.1 Density and water level update 
To get an update of the density a reference pressure sensor can be used. It should be at a 
fixed depth at the bottom of the vessel and be equipped with a temperature sensor. When 
the depth and pressure are known the density of the water pillar above can be calculated 
with equation (2.2.1) to create a density update.  
 

4.8.2 Position update 
A position update can be used for example if two welds in the vessel wall intersect. The 
update is collected from the plant drawings and will limit the error of all sensors. All the 
sensors have errors that propagate with each step and a position update will be the same 
as starting at a new position with zero error. The position update is not only a depth 
update, it can also be used as a water density update. When the T-crawler gets a new 
reference position the depth given by the position update combined with the pressure 
reading will provide a water density update. 
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4.8.3 Gyroscope bias update 
The gyroscope bias can be updated when the T-crawler stands still. If the entire T-crawler 
stands still the bias can be updated and it can also be updated during a vertical move, if 
the block containing the gyroscope stands still. Under the pretence that the vibrations 
caused by the movement of the other blocks are small. If the vibrations are big enough 
during vertical movement the mean of the gyroscope output might be too big to be 
considered a bias update. To avoid any falsely indicated movement the signals from the 
gyroscope during vertical movement can be ignored if the system keeps track of which 
suction cups are active. The bias still cannot be updated but the error will at least not 
increase due to integration of noise. If the threshold value isn’t triggered during vertical 
movement the bias can be updated as if the entire T-crawler was standing still. 
 
The bias updates will only need one second and because of this the bias will always be 
estimated just before the step starts. 
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5 Gyroscope tests and sensor modeling  
This chapter describes the gyroscope tests and the sensor modeling conducted within the 
thesis. 
 

5.1 General description of the sensor simulation  
A simulation of the T-crawlers movement in combination with the Kalman filter was 
made in Matlab. Matlab is a product from The MathWorks, Inc. used for data 
manipulation. The purpose of the simulation is to investigate the properties of the Kalman 
filter and evaluate the alternative positioning system. The simulation is done is discrete 
time and will be further explained in this section. Two different scenarios are simulated, 
best case and worst case, details separating them are presented in section 5.3. The 
movement will be created in b-frame under the assumption that during movement in 
horizontal direction, the vertical position is unchanged and vice versa. The resolvers will 
mainly be used as a reference to the alternative positioning system and will not be 
evaluated in the same way as the alternative positioning system since the resolvers 
already are implemented and there is no intention of replacing them. 
  
The water in the vessel will have different temperature layers. The shifting temperature 
will affect the sensors performance but the simulation does not take this influence into 
account but it will simulate the temperature’s effect on the density of water. 
 

5.2 Simulating T-crawler movement 
The simulation is done with a fixed step length of 500mm, the step is visible in Figure 20, 
and a fixed step time of 6s. These parameters can be changed but they were chosen as a 
default setting for the steps taken by the T-crawler. The step is calculated with a 
trajectory planner, described in section 2.3, with amax = 100mm/s2 and vmax = 100mm/s. 
The trajectory is calculated with a sample time of 1000Hz to create a reasonably smooth 
curve without too much computer power. The trajectory is calculated before the 
simulation starts. The result from the trajectory calculations are vectors containing 
information about acceleration, velocity, position and time for the step from 0-6s. Values 
from the trajectory planner will be referred to as the true values and are used to create 
measurements and as input signal in the u-vector of the Kalman filter. 
 
The step in vertical direction will be straight but the horizontal step will follow the T-
crawlers curvature and thus be curved when the system is viewed from outside the vessel. 
In other words, the horizontal velocity created in the trajectory is the velocity along the 
rails of the T-crawler and the step is assumed to be of the same curvature as the vessel 
wall, see Figure 20.  
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Figure 20. Shows the simulated steps. (a) shows the vertical step in b-frame. (b) shows the horizontal 
step as it is experienced viewed from above outside the vessel.  (c) shows the horizontal step as it is 
experienced in b-frame. 

 
Figure 20 illustrates that the horizontal step actually is curved but will be experienced as 
straight in b-frame. A horizontal velocity will be a curved velocity on the vessel wall.  
Dividing this velocity with the radius of the vessel will create an angular velocity (in 
[rad/s]). 
 

5.3 Simulating sensor output 
Based on the step size and step time, simulated sensor output is created. The output is 
sampled with a frequency of 10Hz. This frequency can be altered but was chosen to make 
the noise more influential and it also makes the simulation run faster compared to a 
higher sample frequency. The sensor output consists of the calculated position at a certain 
time, using the trajectory planner values, combined with simulated errors. The added 
error is proportional to what is assumed to be the error in a real world scenario. The 
simulated sensors are initialized with the same value as the actual movement which is the 
equivalent of the sensors starting with zero error. After the initialization the simulated 
sensors are calculated separately to create a drift in the output, as can be seen in  
Figure 21. Also visible in Figure 21 is that the simulated sensors follow the true position 
well during the first step. It simply looks better than it is because the plot is drawn like a 
map. The initial movement is in the y-direction and it is therefore assumed that there will 
be no movement in the x-direction and in the beginning there is no accumulated error. At 
the –500 mark the accumulated y-position error during the first y-movement is visible. 
The y-position error is then kept constant during the upcoming x-movement and the x-
error accumulates instead. The same process repeats for each step.  
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Figure 21. Simulated sensor drift 

 

5.3.1 Simulated resolver 
The resolvers are not likely to indicate movement in the wrong direction and they are 
subsequently modeled with an absolute value of the standard deviation. They are said to 
have better than 10µm/step accuracy [23]. To make the resolver drift at least a little bit, 
compared to the trajectory planner values, they are modeled as having 1mm/step standard 
deviation. It makes the error in the resolvers 
 

( )2,0 rere N σε =        (5.3.1) 
 
where reσ  = 1mm/step 
 
The simulated resolver measurement in the Kalman filter becomes 
 

rekrekre Tvzz ε+⋅+= −1,,       (5.3.2) 
 
where v is the true velocity and T is the sample time. 
 
The resolvers are modeled in the same way for both x- and y-direction but the two 
directions are calculated separately which makes them independent of each other. 
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5.3.2 Simulated gyroscope 
The gyroscope bias is assumed to be estimated before the step starts as discussed in 
section 4.8.3. With the bias estimated the error will consist of noise and bias stability 
during the step. The gyroscope worst case noise error will be created by sampling the 
CRS03-02S gyroscope and comparing it with a simulated signal to create the 
measurement error. Figure 22 shows simulated gyroscope output compared to the output 
of the real gyroscope. The best case scenario will use noise value from the gyroscope 
datasheet to create the noise error. 
 

 
Figure 22. Simulated gyroscope output compared to the real gyroscope output when the gyroscope is at 

rest. 

 
Figure 22 shows a simulated gyroscope output (green in the figure) with N (0, 2

gyroσ )  
where  
 

gyroσ  = 0.015 V        (5.3.3) 
 
Converting from raw output to angular velocity 
 

s
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V o
gyro /75.0015.0

==σ       (5.3.4) 

 
the nominal scale factor from Table 4 was used for equation (5.3.4). This is the value in 
the worst case simulation, in the best case the gyroscope will be simulated with the noise 
from the gyroscope datasheet which is 1mV, collected from Table 4. Converting the 
voltage value to angular velocity is done in the same way as equation (5.3.4) 
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V o
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The bias stability will be simulated with  
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),0( 2
bdbd N σε =        (5.3.6) 

 
where bdσ was estimated by sampling bias updates from the gyroscope for one hour and a 
half and comparing the sampled bias change with a simulated bias change. Figure 23 
show a comparison between the real gyroscope’s change in bias over time and simulated 
bias change. It can be seen in Figure 23 that the simulated bias change will often be 
worse than the real signal but this is without temperature drift and other error sources that 
could occur in an implementation.  
 

 
Figure 23. Simulated bias change compared to the change in zero voltage reference. 

 
The bias stability will be simulated with the same value that has been used for the green 
signal in Figure 23 
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The bias stability value is calculated every second in the simulation and can be compared 
to the bias stability value over time from Table 4 of 0.55o/30s = 0.018o/s. The full 
gyroscope error is modeled as 
 

),( 2
gyrobdgyro N σεε =         (5.3.8) 

 
The simulated gyroscope output gyroΩ&~  is created by 
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v is the true horizontal velocity on the vessel wall from the trajectory planner, r is the 
vessel radius. The angular velocity, created by dividing v and r, is converted from [rad/s] 
to [o/s]. The result is integrated to an angle 
 

Tgyrokk ⋅Ω+= −
&~~

1ωω        (5.3.10) 
 
and finally converted to arc 
 

rz kgyro ⋅⋅=
180

~ πω        (5.3.11) 

 

5.3.3 Simulated pressure sensor 
The pressure sensor error is said to be 0.01% of the measurement range, which is 5mm 
for the Keller 33 sensor. In the worst case scenario the density will be the most uncertain 
parameter and it is modeled as follows: 
 
If the temperature sensor on the T-crawler measures the local temperature 30oC but in 
fact the mean temperature is 40o it will induce an error in density from 995.7kg/m3 to 
992.2kg/m3. This is an error of 0.35% in density or 35mm in position at 10m depth. For 
the purpose of the simulation assume the mean temperature of all the water in the vessel 
is 35oC with a density difference of 0.35%. This creates a temperature range from 23.2 – 
44.3oC. Assuming the temperature sensor measures perfectly there will be no error added 
due to the temperature sensor. To simulate different temperature layers the layers are 
assumed to be at least 10cm thick and independent of each other. It is the equivalent of a 
temperature measurement occurring once a second during vertical steps with vertical 
velocity 100mm/s, which is vmax used in the simulation. The temperature is then related to 
the density and in the simulation it means the density is updated once a second. To 
eliminate temperature readings outside the temperature range of 23.2 – 44.3oC the density 
error will limited to ±0.35% in the simulation. In addition to the density error the pressure 
sensor also creates an error depthε = 5mm at each depth. The simulated pressure sensor 

measurement, P~ , is then created from 
 

pdens gdP εερ +⋅+⋅⋅= )1(~
1       (5.3.12) 

 
Where the depth, d1, is the theoretical y-value, ρ  is the actual density, densε  is the density 
error and Pε  is the pressure sensor error. The relationship between depthε  and Pε is 
 

gmmgdepthP ⋅⋅±=⋅⋅= ρρεε 5      (5.3.13) 
 

The estimated depth, d̂ , depends on the pressure measurement and is calculated as 
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Since the simulation is conducted in b-frame the simulated depth estimate will not need 
to be transformed into b-frame, making the depth measurement  
 

dzP
ˆ=         (5.3.15) 

 
depthε  is simulated as 

 
),0( 2

depthdepth N σε =        (5.3.16) 
 

with mmdepth 5=σ  
 
and the error in density is simulated as 
 

),0( 2
densdens N σε =        (5.3.17) 

 
with densσ  = 0.35% in the worst case scenario. The pressure sensor in the best case 
scenario is modeled with the density known within 1‰ and the pressure sensor error is 
unchanged. The best case simulation uses the same equations as the worst case except 

densσ  = 1‰. 
  

5.3.4 Simulated tilt sensor 
The tilt sensor measures tilt angle directly and has an error of 0.1o but it will be modeled 
with standard deviation 0.1o. The tilt sensor is simulated to measure once every second 
and the measurement is assumed to have an error with altering direction and is modeled 
as 
 

ϕεϕϕ +=~         (5.3.18) 
 
where φ is the actual tilt angle and  
 

),0( 2
ϕϕ σε N=         (5.3.19) 

 
with ϕσ  = 0.1o 

 



 42

5.3.5 Summary of measurement error 
The added error is summarized in Table 5 
 

Table 5. Summary of simulated measurement standard deviation 

 Worst case Best case 
Gyroscope noise 0.75o/s 0.05o/s 
Gyroscope bias 0.040o/s 0.040o/s 
Resolver 1mm 1mm 
Water density 0.35% 0.1% 
Pressure sensor 5mm 5mm 
Tilt sensor 0.1o 0.1o 

 

5.4 Calculations 
An angle in the real world will be simulated as an angle in the software as well. It is 
merely a conversion and because Matlab uses 16 significant digits in the calculations 
there should be no real difference in the values but it simplifies evaluation of the 
simulated sensors since they will have the correct units.  
 

5.5 The Kalman filter 
The simulation uses the Kalman filter to estimate the position combining the simulated 
measurements and the system model. First the A-, B-, Q-, H- and R-matrixes are defined. 
The filter is then initialized, as described in section 2.4.3, with the simulated starting 
position as +

0x̂  and +
0P set to 25mm which is the equivalent of assuming that the starting 

position is a maximum of 5mm off target, one could argue that +
0P should be initialized to 

zero, but for the purpose of the simulation 25mm is used. The inputs to the filter are the 
input signal and the simulated measurements. The input signal u is the true position 
created in the trajectory planner, see section 5.2. The measurements used in the filter are 
described in section 5.3. After the initialization the filter calculates the estimates, Kalman 
gain and error covariance matrixes every simulated second using equations (2.4.3)-(2.4.7) 
in numerical order.  
 

5.5.1 Kalman filter steady state 
The steady state is the equivalent of feeding the same measurements to the Kalman filter 
an infinite number of times. The simulation has an absence of time delay between 
movements and this means the estimates are given less time to reach the steady state 
value. One of the assumptions in the simulation is that during a y-move the x-position 
stands still. It means that by looking at the change in x-position during a normal y-
movement an indication of the change in Kalman estimate can be seen. By increasing the 
step time and doing the above procedure an even better indication is achieved.  
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5.6 Alternative Kalman filters 
Three different Kalman filter formulations have been tested to analyze the effect of the 
added pressure sensor and gyroscope. The first form is called Kalman 1 and it is the 
system described in section 4.5.  Another form, called Kalman 2, uses the simulated 
resolver signal as input vector, u, instead of the trajectory planner values. The simulated 
gyroscope and the simulated pressure sensor are the only measurements in this form of 
the filter. The final version, called Kalman 3, uses the trajectory values as input and only 
the resolvers as measurements. R and H will change size when the filter receives fewer 
simulated sensor signals but the measurement noise, vk, will follow the simulated sensor, 
i.e. both R and H will change size but not content. In Kalman 1 and Kalman 3 the process 
noise has been given a value. In the Kalman 2 version Q will be modeled with the 
measurement noise for the resolvers. The values used in R and Q are presented in Table 
6. The pressure sensor measurement noise value was created for the depth estimate by 
combining the density error at 10m depth and the error caused by the pressure sensor. 
The gyroscope measurement noise was created with equation (4.5.11). 
 
Table 6. The different process and measurement noise values used to create Q and R. 

Matrix 
element 

Kalman 1, 
best case 

Kalman 1, 
worst case 

Kalman 2, 
best case 

Kalman 2, 
worst case 

Kalman 3, 
both cases 

Q11 0.01 0.01 1 1 0.01 
Q22 0.01 0.01 1 1 0.01 
R11 1 1 2.1817 32.7249 1 
R22 1 1 6 40 1 
R33 2.1817 32.7249 - - - 
R44 6 40 - - - 
 

5.7 Gyroscope tests 
In order to estimate the errors of the CRS03-02S gyroscope it was mounted to a rotation 
table and rotated at different angles to see how well the gyroscope behaved. The output 
signal was connected to a data acquisition card called NI 6030E and sampled using 
LabVIEW. LabVIEW is a product from National Instruments used for signal processing. 
The data gathered in LabVIEW was written to a text file and evaluated in Matlab. 
 
The rotation table has degree indicators and it is easy to rotate to those indicators. 
However, the rotation table is manually operated and the number of degrees intended is 
not exactly the number of degrees turned. The error it causes will be called the human 
error. The human error is defined as 
 

εh = ±0.1o         (5.7.1) 
 
If the result of the rotation is within this margin the gyroscope errors are considered 
smaller than 0.1o which is the equivalent of 4.3mm on the vessel wall with vessel radius 
2.5m and thus within the accuracy definition. 
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5.7.1 Developed LabVIEW software 
Software was developed in LabVIEW to be able to collect and evaluate the gyroscope 
output signal. The software was used to implement and test the selective integration 
method in a controlled continuous environment. It starts by letting the data acquisition 
read a preset number of samples. The sampling frequency used was 1000Hz and 1000 
samples were collected, stored in a vector and then iterated through the software each 
loop. Directly after the samples have been collected the mean of the samples was 
calculated. If the mean exceeded a preset threshold value in accordance with the 
discussion in section 4.7 it was assumed the gyroscope had been rotated, otherwise it was 
assumed the gyroscope was at rest and the bias was updated by replacing the mean of the 
recent samples with the old zero angular velocity voltage, Ua. The threshold value used 
was 0.03V throughout the tests except for the bias stability estimation. 
 
Values from each loop in the software as well as the raw output from the gyroscope are 
written to file by user request. The values are marked with a time stamp when they are 
saved and the files are then exported to Matlab for further evaluation. 

5.7.2 Bias estimation 
Due to differences in the manufacturing process different gyroscopes are assumed to have 
different average biases, but since the bias changes over time and temperature, an initial 
bias estimate will soon be unreliable. To avoid triggering the threshold and thereby 
integrating the gyroscope signal when the gyroscope is at rest the bias updates need a 
starting value close to the actual bias. In order to get a reasonable starting value the bias 
of this particular CRS03-02S was estimated by sampling the gyroscope output for 20 
seconds while the gyroscope was at rest. Then a mean was calculated from these samples 
in Matlab and used as a starting point for the bias updates. 
 

5.7.3 Scale factor estimation 
The scale factor can be calibrated by moving the gyroscope a specific number of degrees 
on the rotation table and then calculate the difference between the expected value and the 
actual value. During the test the gyroscope was turned 10o on the rotation table. 
 
The gyroscope in this application needs to be reliable for at least a couple of hours. The 
gyroscope output is affected by temperature and it was assumed that the gyroscope would 
heat itself up just by being connected to a power source and the temperature inside the 
gyroscope will be difficult to measure. Instead the effect of this inner heating was 
estimated by leaving the gyroscope connected to a power source for 3 hours and then 
rotated 90o and noting the difference in output compared to a test when the gyroscope just 
had been started. 
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5.7.4 Bias stability estimation 
To get an idea of how often the bias should be updated samples from the LabVIEW 
software was collected during one and a half hour with an updated bias value every 
second when the gyroscope was at rest. The threshold value was increased to 1V for this 
test to make sure every bias change was accounted for. Had the threshold been kept at 
0.03V, used in the other tests, this value would also be the limit of the bias updates. The 
values where written to file and exported to Matlab. This result was also used to create 
the bias stability in the sensor simulation. 
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6 Results 
This chapter presents the results from the sensor simulation and the gyroscope 
measurements. All figures from the sensor simulation are viewed in b-frame and v-frame 
respectively, i.e. the x-axis will be straight in the figures but in reality it is curved. 

6.1 Simulation, worst case 
 

Figure 24. Worst case scenario. It can be seen that 
the resolvers and the Kalman estimate follow the true 
position quite well, but the alternative positioning 
system performs badly. 

 
Figure 25. Zoomed picture from the simulation in 
Figure 24.  The alternative positioning system is off 
with almost 30mm in depth and just over 10mm in 
horizontal position for this step. 

 
Figure 24 shows the entire simulation. It can be seen that the alternative positioning 
system performs badly in the worst case scenario. The depth measurement seems close to 
the true position but this is an illusion caused by the difference in scale between the x-
axis and the y-axis. A better view of the actual performance is visible in Figure 25. As 
interpreted from the assumptions used in the worst case scenario, the density uncertainty 
is too big to keep within the accuracy required and needs to be estimated much better. 
The gyroscope suffers from too much noise in this simulation. In a real world scenario 
the effect of noise can be reduced, and might even cancel itself out completely, with a 
high frequency sample rate, but in the simulation the sample frequency of 10Hz is too 
low for this to happen. The sensors need to have smaller errors in order to function as an 
independent positioning system. In spite of this low performance by the sensors, the 
Kalman filter is quite close to the true position. This is because the filter relies mostly on 
the process model and the alternative positioning sensors have high measurement noise, 
making the resolver measurements the most trusted. 
  
Looking at Figure 25 the green curve seems to skip in x-position in the right of the figure. 
This is because the gyroscope has experienced an overshoot. The x-position has, during 
the simulation, been bigger than its final value for that step. The same thing happens for 
the y-position and it is due to the same reason. 
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Figure 26. A section of the horizontal movement versus time. The figure shows an overshoot that creates 

the skip in Figure 25. 

 
Figure 26 shows the same step as Figure 25 but in the time domain instead of a map. The 
overshoot is caused by the simulated noise in the gyroscope signal which has bigger 
effect when the angular velocity is low, as can be seen in Figure 26. 
 

6.2 Simulation, best case 
 

Figure 27. Best case scenario. The alternative 
positioning system performs a lot better in this 
simulation. The green curve covers the other curves 
almost completely. 

Figure 28. Zoomed picture of the left side from 
Figure 27 

 
As can be seen in Figure 27 and Figure 28 the height measurements are much better than 
the worst case scenario and so are the gyroscope measurements. As seen in Figure 28 the 
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largest error of the gyroscope measurement is about 5mm in this simulation. The pressure 
sensor error is 1‰ of the depth combined with ±5mm caused by the uncertainty in the 
pressure sensor which is a combined error within ±9mm at 4m depth and is within the 
accuracy required for now but might be off when the simulation runs deeper. For every 
meter the potential error grows with 1mm which means the density has to be better 
estimated when the T-crawler is deeper. 
 

6.3 Simulation, the Kalman filter 

6.3.1 Worst case 
Figure 29 shows the different Kalman filter formulations effect on the estimate. The 
worst performance is by Kalman 2, the filter which uses the resolvers as input and the 
alternative positioning system as the only measurements.   

 
Figure 30 show a zoomed picture from Figure 29 and it can be seen that the estimates are 
almost the same for Kalman 1 and Kalman 3. This means that the impact of the 
alternative positioning sensors is very low on the Kalman estimate. 
 

Figure 29. The difference between the Kalman 
filter formulations in the worst case simulation. 

 

Figure 30. Zoomed picture of Figure 29. It can be 
seen that there is almost no difference between 
Kalman 1 and Kalman 3. 
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Figure 31.  Shows the non-zero elements of the 
Kalman gain matrix in Kalman 1 for the worst case 
scenario. The green and blue curves correspond to 
the resolvers and are almost identical. The red and 
cyan curves are viewed better in Figure 32. The 
legend explains the element position in the gain 
matrix. 

Figure 32. Shows a zoomed picture from Figure 31. 
The red curve corresponds to the gyroscope 
measurement and the cyan corresponds to the 
pressure sensor. Note the different scale on the y-
axis. 

 
Figure 31 and Figure 32 show how the Kalman gain changes over time. From Figure 31 
and Figure 32 it can be seen that the resolvers are the most trusted measurements because 
they have a higher gain value than the gyroscope and the  pressure sensor, but because of 
their low value it is concluded that none of the measurements are trusted very much, 
instead the process model is trusted. 
 

 
Figure 33. Shows the non-zero elements of the 
Kalman gain matrix in Kalman 2 for the worst case 
scenario. The blue curve corresponds to the 
gyroscope and the green curve corresponds to the 
pressure sensor. The slopes of the curves are 
different in this form of the filter since the process 
noise has changed. 

 
Figure 34. Shows the non-zero elements of the 
Kalman gain matrix in Kalman 3 for the worst case 
scenario. In this form the resolvers are the only 
measurements and they are identical. 

 

 
The gain elements in Figure 33 still decrease with time, but the slope of the curve is not 
as steep compared to the other filter formulations. This is because the process noise has 
increased, making the filter rely on the measurements for a longer time period. 
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Comparing Figure 34 to Figure 31 the behavior of the gain corresponding to the resolvers 
is virtually unchanged. It means that the effect of the alternative positioning system on 
the Kalman estimate is low. 
 

6.3.2 Best case 

Figure 35. Different input vectors effect on the 
Kalman estimate in the best case simulation. 

Figure 36. Zoomed picture of Figure 35. It can be 
seen that Kalman 2 performs a lot better and that 
there is a bigger difference between Kalman 1 and 
Kalman 3 compared to the worst case simulation. 

 
Comparing the best case and worst case simulations the main difference is in the behavior 
of Kalman 2. The Kalman 2 performance is improved simply because the alternative 
positioning system performs better. The Kalman 1 and Kalman 3 formulations differ only 
slightly between best case and worst case, but it is noticeable that the alternative 
positioning system has a bigger impact on the Kalman estimate in the best case scenario 
even though the impact is small. In both simulations the Kalman 1 and 3 estimates stays 
within 5mm of the true position. 
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Figure 37. Shows the non-zero elements of the 
Kalman gain matrix in Kalman 1 for the best case 
scenario. The green and blue curves correspond to 
the resolvers and they differ more in the best case 
compared to the worst case. This is because the 
gyroscope and pressure sensor measurements are 
more reliable. The legend explains the element 
position in the gain matrix. 

Figure 38. Shows a zoomed picture from Figure 37. 
The red curve corresponds to the gyroscope 
measurement and the cyan corresponds to the 
pressure sensor. Note the different scale on the y-
axis. 

 
 

 
The gyroscope and pressure sensor have higher corresponding gain values and are viewed 
as more accurate in the best case scenario. The resolvers still have the highest 
corresponding gain and the performance of the resolvers is unchanged between the best 
and worst case scenarios. However, because the gyroscope is viewed as more accurate in 
the best case scenario the horizontal resolver gets a lower gain value. The pressure sensor 
does not have the same significant effect on the vertical resolver but it is still viewed as 
more accurate compared to the worst case scenario. 
 

Figure 39. Shows the non-zero elements of the 
Kalman gain matrix in Kalman 2 for the best case 
scenario. The blue curve corresponds to the 
gyroscope and the green curve corresponds to the 
pressure sensor. The slopes of these curves 
resemble the gain curves corresponding to the 
resolver measurements in the other filter forms. 

Figure 40. Shows the non-zero elements of the 
Kalman gain matrix in Kalman 3 for the best case 
scenario. In this form the resolvers are the only 
measurements and they are identical. 
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Comparing the Kalman 2 form in both simulations the gyroscope and pressure sensor 
have almost adopted the gain curve of the resolvers in the best case simulation, compared 
to the less steep curve in the worst case scenario. The gain value has increased 
significantly between worst and best case and this means the gyroscope and pressure 
sensor measurements have a bigger impact on the Kalman estimate. 
 
Comparing the Kalman 3 form in both simulations the Kalman estimate is almost 
unchanged because this form of the filter is not affected by the changes made between 
best case and worst case since it only depends on the resolver measurement. The 
estimates in Kalman 3 will however differ slightly between best and worst case because 
of the normal distributions used in the simulation.  
 

6.4 Simulation, tilt sensor  
 

Figure 41. Conversion to v-frame with the 
measurements from the tilt sensor. 

Figure 42. Influence of the tilt sensor. 

 
Figure 41 shows the result in v-frame from adding the tilt sensor measurement and 
simulating a tilt at 3 different times. As soon as there is a tilt it affects the position in v-
frame fast but the error of the tilt sensor is so small it has little effect on the position in  
v-frame. In Figure 42 the influence of the tilt sensor error can be seen.  
 

6.5 Simulation, Kalman Steady state 
Figure 43 shows one step with step time 30 s. and Figure 44 zooms in on time 60-90 s 
from Figure 43 where the x-position stands still. The Kalman filter changes the estimate 
less than 1 mm. during that time. Figure 43 also shows the gyroscope measurement with a 
step time of 30s. It can be seen that the signal is noisy. This is because the angular 
velocity is very low, about 0.38o/s, and it makes the output of the gyroscope 
proportionally noisier compared to a 6s step with angular velocity 2.29o/s.  
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Figure 43. Step with step time 30s. 

 
Figure 45 shows a zoomed picture of a 2 minute step without x-movement and the 
Kalman estimate again changes less than 1mm. It can be concluded that standing still for 
longer than two minutes to change the grip of the suction cups will not affect the Kalman 
filter more than 1mm unless there are new measurements from the alternative positioning 
system. The Kalman filter seems to reach its steady state in about 40s. The steady state 
behaves the same way for the y-estimate since it relies just as much on the trajectory and 
resolver values as the x-estimate. 
 

 

6.5 Bias estimation 
The ideal value when the gyroscope is fed with 5V direct current (DC) when the 
gyroscope is at rest is 2.5V and the difference between the ideal value and the measured 

Figure 44. Zoomed picture of a step where there is no 
x-movement for 30s. The gyroscope position is too far 

off to be visible. 

 
Figure 45. Zoomed picture of a step where there is no 
x-movement for 120s. The gyroscope position is too 

far off to be visible. 
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value is the bias error. The bias is estimated to be in the order of -0.013V for a 20s 
period, which means the initial Ua = 2.487V, but since the bias changes over time this 
value will only be used as a start value. The bias will then be updated using the method 
described in section 4.8.3. 
 

6.6 Selective integration 
The gyroscope was rotated 10o back and forth with a few seconds stand still to show the 
influence of bias and the effect of selective integration.  
 

 
Figure 46. Timing of selective integration start and stop. 

 
Figure 46 shows the time instants when the threshold value is triggered and the selective 
integration starts and stops with bias updates every second. The start time instant in 
Figure 46 is the first of the n samples that triggered the threshold and the stop time is the 
first of the samples that formed a mean below the threshold. 
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Figure 47. Effect of selective integration compared to continuous integrals with and without bias updates. 

Note the time delay in the selective integral curves. 

 
It can be seen in Figure 47 that the selective integration improved the signal when there is 
no bias updates by limiting the growing error when the gyroscope is at rest, but with a 
time delay. The red and cyan curves in Figure 47 use the bias estimation from section 6.5 
and had no additional bias updates.  
 

Figure 48. Selective integration on the same set of 
samples as Figure 47 but with one bias update in the 
beginning for the cyan and red curves. The magenta 
and blue curves are the same as in Figure 47. 

Figure 49. Zoomed section from Figure 48. In the 
bottom of the figure it can be seen that the cyan curve 
has been triggered to start integrating because of the 
lack of bias updates. 

 
In Figure 48 and Figure 49 one bias update was performed in the beginning of the 
sequence and that bias value was then used by the red and cyan curves for the remainder 
of the measurement period. The blue and purple curves still use continuous bias updates. 
It can be seen that only one bias update reduces the error significantly, but at a closer 
inspection in Figure 49 the continuous bias update curves are still better. The benefit of 
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the selective integration is also visible in Figure 49, that it locks the signal once the 
rotation has stopped and stays at a fixed value when the gyroscope is at rest. 
 

6.7 Scale factor 
The scale factor performance directly after the gyroscope was connected to a power 
source can be seen in Figure 48 and was well within the human error and it was decided 
that no scale factor correction from the nominal value in Table 4 was needed. The test 
was conducted in room temperature shortly after the gyroscope had been started. Under 
such circumstances the nominal scale factor should be very accurate.  
 

 
Figure 50. Scale factor test after the gyroscope has been connected to a power source for 3 hours. 

 
In Figure 50 the result from rotating the gyroscope 90o in positive direction and back 
again can be seen. The test was conducted after leaving the gyroscope connected to a 
power source for 3 hours. The nominal scale factor was used during the test and if the 
other errors are disregarded the scale factor should be corrected with 3‰ for the positive 
rotation but already for the negative rotation the scale factor will be off with the new 
setting. It was decided that the nominal scale factor can be used in room temperature even 
if the gyroscope has been connected to a power source for some time since this small 
correction hardly will be noticeable for smaller movements due to the other error sources. 
It seems the gyroscope does not heat itself up enough to need consideration, however 
when the surrounding temperature changes the scale factor will be affected. From Table 4 
the scale factor is affected by the temperature with ±3% over the temperature rangev. 
Assuming the relationship is linear over the temperature range this will mean the scale 
factor is 20mV ±0.6mV changing with 0.01mV/oC. To keep track if the scale factor needs 
to be updated a temperature sensor can be used close to the gyroscope. This is not further 
evaluated in the thesis. 
 

                                                 
v The temperature range of the CRS03-02S is -25 to +85oC [23] 
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6.8 Bias stability 
 

 
Figure 51. Zero reference voltage change over one and a half hour. 

 
Figure 51 shows the result from sampling the zero output voltage updates for one and a 
half hour. The zero reference voltage change stays within ±2mV most of the time and  the 
largest jump is in the beginning at the very left of Figure 51. 
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7 Analysis 
This chapter analyzes the results presented in chapter 6. 
 

7.1 Gyroscope 
Since the gyroscope will be able to perform bias updates just before a horizontal move 
the only errors the gyroscope is affected by are the bias stability and the noise. The noise 
will be a zero mean error and the bias stability error is small for the CRS03-02S but can 
be even smaller with a different gyroscope. 
 
The bias drift due to temperature will probably be corrected by the bias updates, 
assuming the temperature in the gyroscope changes slowly enough, but the scale factor 
also changes over temperature for the CRS03-02S and this is not corrected by the bias 
updates alone. 
 
The gyroscope will decrease in accuracy during slow angular velocities because the 
information is proportionally more noise and the bias will drift over time. 
 
The gyroscope measurement will depend on the movement conducted by the T-crawler. 
For example it can cause a problem if the T-crawler moves slightly off the wall. If that 
happens it will create a rotation that is bigger than the actual angle change on the vessel 
inner wall, and the gyroscope will be unreliable, see Figure 52. This error will hopefully 
correct itself when the T-crawler gets a grip on the wall again but even so the step will 
seem strange because of an overshoot in horizontal position. The gyroscope will also 
deliver false angle estimates if the curvature of the T-crawler doesn’t match the vessel 
inner wall. The curvature of the rails in block A will determine how well the gyroscope 
measurement matches the movement on the vessel wall and, to limit the error it can 
induce, the gyroscope should be positioned in the middle of block A where the T-crawler 
is (almost) perpendicular to the wall. However, the T-crawler is twice as wide compared 
to the movement conducted (1010mm compared to 500mm) and the error due to different 
curvature is assumed to be smaller than the other gyroscope errors. 
 

 
Figure 52.  Shows a problem that can occur with the use of a gyroscope if the T-crawler looses the grip on 

the wall. The figure is exaggerated but illustrates the concept. 
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7.1.1 Bias updates and selective integration 
The bias updates are responsible for the biggest improvement. The selective integration 
“locks” the angle value as soon as the movement is finished and keeps the angle at a fixed 
value until the next move and thus minimizing the effect of noise when there is no 
movement.  
 
The bias update method with the selective integration is not the only way to determine if 
the T-crawler stands still. The resolvers or the suction cups can also be used. The benefit 
with the selective integration is that it will not update the bias if the gyroscope is subject 
to vibrations. The downside is that if the threshold is triggered the output signal will be 
integrated and keep the bias fairly accurate but the angle might be off instead. The benefit 
with the other methods is if the vibrations trigger the threshold in the selective 
integration, but stays close to zero mean, then the bias can be updated with the knowledge 
that no rotation has been made, for example during a vertical move. The information 
from the suction cups or resolvers can also be used to ignore the gyroscope output 
completely during some operations if the gyroscope signal is considered to be unreliable. 
 

7.1.2 Threshold setting 
The threshold indicates the biggest value considered to be a change in bias and 
consideration to the choice of threshold setting needs to be taken. The threshold setting 
used in the thesis might not work on the actual T-crawler since the gyroscope signal 
might be affected by movement on other blocks for example, triggering the threshold, 
integrating noise and causing an error. On the other hand the threshold should not be too 
big since it is an indication of the smallest detectable movement. A higher threshold 
means the movement has to be bigger in order to be picked up. The threshold needs to be 
calibrated with the actual movement of the T-crawler. 
 

7.1.3 Difference between DSP-1500 and CSR03-02S 
The errors of DSP-1500 are significantly lower than the CRS03-02S and should also 
perform better. However, a benefit with CRS03-02S is that it doesn’t require a circuit 
board like the DSP-1500. The circuit board will cause a problem since electronic circuits 
and semiconductors are sensitive to radiation. [26] Another benefit is that the CRS03-02S 
is cheaper and much easier and faster to get hold of. 
 

7.2 Pressure sensor 
It doesn’t matter how good the pressure sensor is unless there is a good estimation of the 
density. The pressure alone is not enough to get a good estimate of the depth. The reason 
is that the pressure sensor measures how much mass is acting on it. Together with the 
density the depth can be established. Any uncertainty in the density will affect the depth 
estimate directly. With an error of 5mm on the pressure sensor it allows for the density 
error to be 5mm as well, to stay within the desired error margin. It means the density 
needs to have an error smaller than 0.5‰ at 10m depth including any uncertainty in the 
temperature reading and even better the deeper the T-crawler is. Without good density 
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estimation the pressure sensor won’t be reliable enough to serve as a positioning sensor.  
For the purpose of nuclear applications this could be solved by using temperature sensors 
on the cables attached to the T-crawler ranging from the top of the vessel to the current T-
crawler position or by using stationary temperature sensors positioned at select locations 
in the vessel.  
 

7.3 Smallest detectable movement  
The threshold value of the selective integration will determine the smallest detectable 
movement on the gyroscope. With a threshold value of 0.03V the mean of the angular 
velocity needs to exceed 1.5o/s on average during the measurement period. In order to 
detect a movement of 1mm on the vessel inner wall it needs to happen in 15.3ms to 
trigger the threshold assuming the rest of the period is zero mean. The movement also 
needs to happen around the sensitive axis of the gyroscope. The noise in the signal will 
however cause movements of this size to be highly uncertain. 
 
The pressure sensor can measure movements as small as its resolution which is 
0,002%FS for the Keller 33 sensor [24], or 1mm for a 50m measurement range. There 
should be no time limit to detect this movement since the pressure sensor measures the 
mass acting on it. 
 

7.4 Kalman filter 
During inspection the T-crawler is operated by a regular PC and this is where the Kalman 
filter would be implemented. The PC will be sufficiently fast to perform the equations 
and no consideration to processor power should be needed to implement the Kalman 
filter. 
 
The Kalman filter seems to perform pretty consistent regardless of the alternative 
positioning system performance. This is most likely due to the filter relying first and 
foremost on the process model. The Kalman filter over all delivers the best estimate, but 
not during every single move. The filter performance can be altered with the process 
noise setting because the weighting of the measurements are created by the process noise 
and the measurement noise. 
 
The Kalman filter estimate is accurate even in the worst case scenario. This is because the 
filter trusts the accurate input vector u which consists of the trajectory values. In reality 
the resolvers are accurate enough to serve as the input to the system but then the Kalman 
estimate is highly dependent on the alternative positioning accuracy. 
 
The filter will pretty much act as damage control and limits the errors by the alternative 
positioning system. In order to benefit from the Kalman filter the measurements should 
be good at different things, in this case the alternative positioning system is outperformed 
by the resolvers during normal movements. To make the Kalman filter more independent 
from the trajectory and resolver values the Q- and R-matrices can be given new values 
when there is no trajectory input, i.e. when suction cups are attaching and releasing. This 
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would make the Kalman filter “listen” to the alternative positioning sensors more during 
this process. The pressure sensor can detect movements of 1mm in height and the 
smallest movement measured by the gyroscope depends on how fast the move happens, 
whereas the resolvers are not able to detect movements of this kind at all. 
 

7.5 Limits in the simulation  
The movement is conducted without any time delay meaning that zero time has passed 
when shifting between moving directions and this is not possible in a real world 
environment. During the time between movements it is assumed that one of two things 
will occur. The first alternative is that the T-crawler stands still with no suction cup 
movement. In this case the trajectory planner, the resolvers and the gyroscope will ideally 
be at a fixed value. This will make the Kalman filter estimate approach a steady state 
value. The pressure sensor will ideally be fixed as well but unlike the other sensors there 
is nothing prohibiting the pressure sensor from changing value when the T-crawler stands 
still. The second alternative is that the suction cups are releasing and/or attaching. This 
might jolt the body of the T-crawler enough to trigger the threshold value of the 
gyroscope and indicate movement. The jolt might also create a tilt. Such added 
measurements will affect the Kalman filter estimate to a various degree depending on the 
ratio between process noise and measurement noise.  
 
In the trajectory planner the acceleration is set to act at t = 0 which won’t happen in the 
real world. Hopefully the distance and time will be correct and the effect of this small. 
The simulation also only offers one trajectory formulation. Another trajectory planner 
will create a different movement but the values will be used by the Kalman filter in the 
same way. The movement will not be the same but the measurement accuracy will 
probably not be affected by different trajectory planners. 
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8 Conclusions 
 

 The alternative positioning system is viewed as accurate in the best case scenario 
but not in the worst case scenario. The density uncertainty is the crucial parameter 
for the pressure sensor and the bias updates are crucial for the gyroscope 
accuracy. However, the alternative positioning system needs to be further tested 
and especially with the actual T-crawler under water. 

  
 To measure the depth position, a pressure sensor needs a way to estimate the 

density of water within 0.5‰ at 10m depth, and even better if the T-crawler is 
deeper, to be reliable.  

 
 A cheaper gyroscope can replace the more expensive gyroscope due to the 

frequent bias updates. The bias stability and ARW are the important gyroscope 
errors. 

 
 The Kalman filter relies a lot on the process model and is only slightly different 

between the best and the worst case scenarios. The impact of the alternative 
positioning system is low on the Kalman estimate due to the difference in 
measurement noise and process noise. 
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9 Discussion 

9.1 Simulation 
Since the simulation uses normal distributions it will deliver a different output every time 
the simulation runs. This makes it more difficult to evaluate the concept but it also offers 
a more life-like scenario. Attempts have been made to keep both the best case and worst 
case scenarios as realistic as possible, but there are many possible scenarios that still 
needs testing.  
 
Since every parameter in the simulation can be changed, the Kalman filter, as well as all 
the sensors, can be made to follow the true position exactly. Also the simulation is used 
to test movements when the suction cups are attached and says nothing about the 
movement when between steps. 
 

9.2 Timing 
The Kalman filter uses the trajectory position values as input to the system. This is easily 
implemented in the simulation but in a real time system it will be necessary to keep track 
of the time the step starts. The start of the step can be identified by using a “start move” 
button. A push on this button would indicate the start of the move and then the system 
would be assumed to follow the trajectory. This function is not available in the present T-
control software, but should be easily implemented. 
 

9.3 Kalman filter 
This thesis evaluated the influence of the Kalman filter by comparing different forms. 
The method is considered to be good enough for the purpose of the thesis, but for a more 
thorough evaluation and validation of the Kalman filter the interested reader is referred to 
[12]. 
 
The assumption that the noise process of the gyroscope is white is not entirely valid but 
as long as the Kalman filter provides a reasonable estimate it is considered to be valid. 
Should the assumption influence the filter too much it can be corrected with a different 
Kalman filter formulation [12] or the filter can be replaced with an extended version of  
the Kalman filter called EKF. 
  
If the timing issue with the trajectory values proves too great in a real time application the 
system model can be rewritten in the Kalman 2 version. Then the input and 
measurements will be in sync since they react to the actual movement and the real 
resolvers should be accurate enough to serve as input. 
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10 Future work 
This thesis presented a sensor simulation that shows the suggested pressure sensor and 
gyroscope are suitable to implement on the T-crawler with some requirements on critical 
parameters. The method simulates T-crawler steps as well as the gyroscope and pressure 
sensor performance during these steps. The working environment of the T-crawler 
consists of several areas that need to be evaluated before a new positioning system can be 
implemented and this thesis is the first step of the process. This chapter provides the 
recommended future work to further evaluate the alternative positioning system based on 
the results in the thesis. 
 

10.1 T-crawler tests 
In order to fully evaluate the performance of the sensors they need to be tested with the 
actual movement of the T-crawler under water with different water temperatures. This is 
to determine the sensor’s accuracy during steps, but more specifically during other 
movements done by the T-crawler such as attaching and releasing suction cups, and 
thereby further evaluate the possibility to implement the pressure sensor and gyroscope 
system. 
  

10.2 Radiation tests 
Since the sensors will be exposed to radiation during inspection, the sensors need to be 
tested in a radioactive environment to see if the performance still is reliable and for how 
long the sensors are expected to survive in that environment. 
 

10.3 Density estimation 
A good density estimation method needs to be developed in order for the pressure sensor 
to be useful. Examples of methods are reference pressure sensors and/or reference 
temperature sensors positioned somewhere in the vessel. 
 

10.4 Kalman filter 
The Kalman filter performance in this thesis was based on the sensors expected behavior 
when the T-crawler moves. In order to fully evaluate the Kalman filter it needs to be 
tested in real time together with all sensors and especially tested for movements not 
performed by the servo motors. Examples of such movements are attaching and releasing 
suction cups and if the T-crawler slips on the vessel wall. 
 
The Kalman filter can also be altered by adding the errors processes as states or be 
rewritten as an EKF to create a better filter. The Kalman filter can also be moved from b-
frame to v-frame. 
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10.5 Expanding the simulation 
The simulation in this thesis focuses on b-frame. For further development the model 
could be adapted to v-frame. 
 

10.5 Other solutions 
A way to measure the distance traveled on the T-crawler rails is to use an ultrasonic 
sensor to measure the distance from the T-crawler wall to the motor on the rail. This 
method will measure the same movement as the resolvers and will thus not sense 
movement in water but the ultrasonic sensor will not be affected by slipping on the rails. 
The method will, however, need special consideration on the curved rail, if it is possible 
to use at all on the curved rail. 
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Appendix A 
 
Changing parameters in the trajectory planner 
 
“In order to make the description of manipulator motion easy for a human user of a 
robot system, the user should not be required to write down complicated functions of 
space and time to specify the task. Rather, we must allow the capability of specifying 
trajectories with simple descriptions of the desired motion, and let the system figure out 
the details.“ [12] 
 
In this trajectory the step time and step length can be altered by the user. When these 
parameters change a new trajectory needs to be calculated. This is done in the following 
way: 
 
It is not possible to get a step time shorter than tc because it is achieved with the motor 
working at full capacity for that specific distance. An increased step time will thus 
generate a slower movement than the original setting. The acceleration parameter will be 
unchanged but the maximum velocity parameter of the trajectory planner changes. Note 
that it is the maximum velocity in the calculated trajectory that is different, denoted vnew 
and not the maximum velocity the motor can produce, vmax, that change. The equation to 
calculate the new maximum velocity is collected from (2.3.5) and (2.3.6) in (2.3.1) 
 

maxmax

max

v
p

a
v

tc +=        (2.3.22) 

 
Equation (2.3.22) describes the total time needed for one specific final position. The 
variables tc and vmax are replaced with the new desired step time, tnew, and the velocity 
needed to get that step time, vnew. The equation is rewritten as 
 

0maxmax
2 =⋅+⋅⋅− patvav newnewnew      (2.3.23) 

 
The acceleration, amax, and final position, p, are unchanged at this stage. The equation is 
of second order and it can be solved with 
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This equation will deliver the velocity needed to get the new step time. The positive root 
of the second term is discarded because the result will be bigger than the maximum 
velocity possible since tnew > tc.  
 
Equation (2.3.22) can also be used if there is a new step length, denoted newp . The criteria 
to determine if the move is possible is equation (2.3.22) rewritten as 
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t
new

new
new ≤−        (2.3.25) 

 
When vnew ≤ vmax, tnew ≥ tc and equation (2.3.25) is valid, all positive values of tnew, pnew 
and vnew will generate a valid trajectory, otherwise the motor will not be able to generate 
the desired final position in the desired time due to physical limitations. Note that tc is the 
minimum amount of time it takes to reach the desired final position. It means there will 
be a different tc for each desired final position, but the criteria to determine if the move is 
possible remains the same. 
 


