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1 Introduction

This project covered the initial design process for a new device for geotechnical testing.

Triaxial test rigs are a commonly used apparatus in commercial laboratories for soil
characterisation. A large amount of the data gathered from these tests is however not
representative of the soil mechanisms occurring inside the cell.

Shear bands form during triaxial tests because of instabilities in strain and are impos-
sible to prevent in even the cleanest of triaxial tests. Beyond the point of their formation,
the triaxial test loses its validity as an element test as strains begin to occur non-uniformly.

Triaxial tests provide only a limited view of the strains occurring within their cell as
they measure average axial and volumetric strain. Beyond the formation of shear bands,
this information has little relevance as the vast majority of strain is concentrated at the
shear bands. It is necessary therefore to identify the point at which these bands form as
data beyond this point should not be used for soil characterisation.

2 Design

The new device was designed to measure strains more accurately than previous at-
tempts which all relied on 2D data for measurements. The device incorporated cameras
surrounding the test cell to capture sample particle displacement over time. 3D particle
displacements could then be calculated from the multiple camera views and used to create
a 3D model of sample deformation. Strain values could then be calculated from the model.

The device was developed with the aim of being low cost and operable without special-
ist knowledge. Three elements of the device design were developed. The camera mount,
the control system and the calibration procedure.

The camera mount was designed to hold 36 Raspberry Pi V2 cameras against a triaxial
test cell wall. The mount design was in the form of CAD file which could be 3D printed
as required.



The control system allowed the calibration setup and testing procedure to be run
from one computer with a number of simple terminal commands. The system required
adequate synchronisation in camera operation to allow 3D reconstruction of the sample.
An LAN was used to connect to the Raspberry Pis and commands were broadcast to
the entire LAN network. The synchronisation was tested by pointing the cameras at a
common stopwatch and comparing the capture time.

A calibration procedure was required in order to minimise the distortion caused by
light refraction through the triaxial cell. This was necessary in order to provide accurate
3D reconstruction. The procedure made use of a 3D target. A Charuco and Circuco
calibration procedure were tested and refined for calibration accuracy.

3 Results

The synchronisation indicated an expected range in capture time of 0.768s. Calibra-
tion produced an optimum result of £0.852 RMS error. When projected to 3D, these
errors produced a minimum discernible particle displacement of between 0.029mm and
0.042mm depending on the strain rate of the triaxial test.

4 Conclusions

The limit on synchronisation was caused by interference within the 2.4GHz band. This
may have been improved using an LAN operating on the 5GHz band.

Calibration precision was limited by the focus of the Raspberry Pi cameras. This pre-
vented corners from being accurately identified by the computer vision algorithms when
using Charuco board calibration. This issue was not present with the Circuco boards
however they introduced their own inherent error due to circle projection. This error was
larger than that caused by in-accurate corner detection, therefore the Charuco boards
provided a more precise calibration overall.

Comparing with recent experiments measuring strain within shear bands, the preci-
sion of the device is expected to be more than capable of detecting shear band formation
in sands and just capable of detecting shear band formation in clays. The design of this
device is unlikely to produce sufficient precision measurements to measure small-strains
however due to LAN synchronisation and lack of perfect camera focus.

It was concluded that this device, using an LAN for control and an automatic 3D
calibration procedure, would be sufficient for detecting the formation of shear bands in
triaxial tests. As these methods are low cost and do not require expertise to set up or
run, this device would be suitable for adoption in geotechnical laboratories more widely.



A 21st Century Laboratory Testing Device for

Geotechnical Engineering

Suzie Neave

24th May 2020

Contents

1 Introduction

1.1 Background . . . .. ..
1.2 Literature review . . . . . . . . .. L
1.2.1 Traditional measurement techniques for local strain . . . . . . . ..
1.2.2  Detection of shear band formation. . . . . . .. .. ... ... ...
1.2.3 Computer vision methods . . . . . . ... .. .. ... ... ...
1.3 Overall design principles . . . . . . . .. .. Lo
1.3.1 Therig. . . . . . .
1.4 Control system . . . . . . ...
1.5 Imaging system . . . . . . . . ...

The camera rig set-up

2.1 Design process . . . . . ...
2.2 Finaldesign . . . . . . . ..
2.3 Discussion . . . ... e

Control and synchronisation

3.1 Design . . . .o
3.1.1 Design principles . . . . . . ... Lo
3.1.2  Imitial configuration . . . . . . . ... ..o
3.1.3  System operation . . . . . . .. ...
3.1.4 Synchronisation . . . . . . . .. .. ...

3.2 Results and discussion . . . . . ...

Calibration

4.1 Theory . . . . . .
4.1.1 Pinhole camera model . . . . . . .. ..o
4.1.2 Image distortion due to refraction . . . . . . . ... ... ... ..

4.1.3 Calibration procedure . . . . . . .. ... ... ...

11

13
13
13
13
14
15
16



4.1.4 Relative camera position calculations . . . . . .. .. ... ... .. 20

4.2 Design . . . ..o 21
4.2.1 3D calibration target . . . . . .. .. .. Lo oo 21

4.2.2 Charuco boards . . . . . . .. ... Lo 21

4.2.3 Circuco boards . . . . . . . ... 22

4.2.4 Intricacies of calibration . . . . . .. . ... ... ... ... ... 24

4.3 Results and discussion . . . . .. ... 25
4.3.1 Dataset . . . . . . . ... 25

4.3.2 Error measurements explained . . . . . .. ... .00 25

4.3.3 Calibration using image points from all collected images . . . . . . 25

4.3.4 Calibration using image points from a single image . . . . . . . .. 28

4.3.5 Calibration using image points from images of three separate angles 31

4.3.6 Calibration with separate x and y warping . . . . . . .. ... ... 33

5 3D reconstruction 37
5.1 Theory . . . . . . e 37
5.1.1 Synchromisation error . . . . . . .. ... 0L 38

5.1.2 Calibration error . . . . . . . . ... 40

5.1.3 2D point location error projected to3D . . . . . . ... 40

5.2 Discussion . . . . . . ... 41

6 Conclusion 43
7 Further work 44
References 45
Appendices 47

A Calculating real world coordinates from two sets of image coordinates 47

B Calculation of error caused by circle projection 49



1 Introduction

1.1 Background

Geotechnical engineering forms the foundation of all modern day construction projects.
Data from on-site and laboratory experiments provide an insight into the expected me-
chanical response of land to planned developments. One important measurement is how
soil deforms under stress. The triaxial test is the most frequently used method that at-
tempts to answer this question (Figure 1).
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Figure 1: Schematic of a triaxial test set-up [7]

The triaxial test rig can be used to apply compression or tension to a test sample in
an axisymmetric stress state. A soil sample is placed inside the triaxial apparatus. The
cell is sealed, flooded with water and pressurised. The air pressure provides a constant
equal force around the curved surface of the sample. It is then compressed or extended
axially. The water in the sample can be allowed to drain during the test (drained test) or
can be prevented from draining (undrained test). For this experiment, the cell pressure
is a fixed variable. During an experimental run, the axial pressure is controlled and the
axial shortening and water drainage volume are measured [11|. These measurements are
used to calculate the volumetric strain caused during testing. The results can then be
used to characterise the soil. They may be used to form the basis of expected settlement
calculations, for example.

The triaxial testing method presents a number of problems. The test relies on the
assumption that the specimen, whilst inside the cell, acts exactly as it would when sur-
rounded by a continuum of the same soil type, ie. the results produced assume the test is
an element test. At the beginning of test runs, this is a relatively accurate assumption.
The soil deforms uniformly and the boundaries at the cell wall and end plates do not
cause any unexpected effects during compression. As the test progresses however, these
assumptions often break down as soil samples bifurcate.



Figure 2: Soil sample showing bifurcation and shear band localisation in tension (left) and

compression (right) [9]

As samples deform, the soil particles align and form shear bands (Figure 2). A con-
tributing factor to the formation of these shear bands is the friction provided by the end
plates; boundaries which would not be present in the field [15]. There is a reduction
in friction between shear bands which allows large sections of samples to displace rela-
tive to one another at much lower stresses than would otherwise be required [22]|. The
stress-strain response measured is therefore highly dependant on the point at which these
bands forms. At this point the sample no longer accurately represents a soil element and
predicting in-situ soil behaviour from these results becomes difficult [§].

After shear band formation, soil no longer deforms isotropically, however due to the
design of the triaxial test, there is no way to separate the strain localisation at the shear
bands from the continuing strain within the homogeneous sections of the sample. Both the
axial shortening and escaped water volume only provide average measurements of strain.
In order to better understand this stage of the soil response, it is necessary to determine
a method to detect the point at which these shear bands localise and to provide a method
to continue to take local strain measurements beyond this point.

1.2 Literature review

Scientists have been aware of the shortcomings of triaxial tests at least since the 1980s
[2] however that hasn’t stopped them being used. There have been plenty of attempts to
update the testing method to reflect these known errors however no method has yet been
widely adopted in the construction industry. This is often due to new methods being
incredibly complicated, requiring specialist skills to operate, being very temperamental
(hence risking the possibility of introducing human error) or requiring very expensive
equipment on top of the pre-existing triaxial rig.

The effects of shear-banding have been studied extensively over the past 40 years.
A wide range of theories have been produced in order to model soil behaviour post-
bifurcation. Their accuracy often relies on the assumption that bifurcation occurs at the
peak of the stress-strain curve however this has been shown to not always be the case [9].
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1.2.1 Traditional measurement techniques for local strain

The first attempt at introducing local strain measurements to triaxial tests was carried
out by Brown and Snaith in 1974 [4] by placing LVDTs (a linear displacement measuring
device using electric transformers) directly onto the soil samples. Despite providing a
high accuracy in strain measurement, their large size, high cost and temperamental na-
ture made them an impractical device for routine application.

An alternative method for measuring local strains was used by Hird and Young in 1989
[12] with proximity transducers. This relied on measuring the displacement of target rings
placed around the sample. Although also providing accurate measurements, this set-up
was expensive and often could not be fully submerged or withstand pressure changes,
making it almost impossible to implement routinely in standard triaxial tests.

The issue of sample disturbance was inherent to any method where measuring equip-
ment was applied directly to the sample (Figures 3 and 4).
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Figure 3: LVDT strain measurement sys- Figure 4: Proximity transducer strain mea-

tem [18] surement system [12]

LVDTs were also used in measuring radial strain however this area has been less well
explored and the same difficulties apply. There are inherent limits on the potential of this
type of solution, as only one direction of measurement (axial or radial) can be taken at
one time and only at discrete intervals. Despite this, these methods confirmed the need
for local strain measurements. In their 1984 paper, Jardine et al [13], concluded that,
"...conventional external measurements of displacement [in triaxial tests| contain errors
which are frequently so large that their use in the determination of soil stiffness at working
levels of stress is invalid."

1.2.2 Detection of shear band formation

Separately from local strain measurement testing, experiments have also been con-
ducted into shear band formation. Their existence has been recognised for some time
however detection of their point of formation during triaxial tests has not yet been stan-
dardised in equipment.

Most current methods used for shear band analysis use either X-rays Computed To-
mography (X-ray CT) and electron microscopy [5] [8] or rely on detection by the human
eye. The first two methods provide a 3D model of the internal structure of a test sample
which can be viewed in slices (Figure 5).
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Figure 5: Results from a triaxial test analysed using X-ray CT (2018) [§]

X-ray CT analysis provides a detailed and comprehensive model of the internal mecha-
nisms of the triaxial test. The scans however require a halt in the triaxial test as each one
takes approximately two hours to complete. The scans appear on the stress-strain curve
in Figure 5 as stress relaxations, each marked with a number. Therefore this method
cannot be applied directly onto a standard triaxial test procedure and is unsuitable for
detecting the exact moment of shear band formation. This method also relies on human
interpretation to identify shear bands, introducing subjectivity to the test.

1.2.3 Computer vision methods

To improve and combine the methods of triaxial test analysis mentioned previously,
a number of recent developments have focused on using computer vision techniques to
provide a more holistic data set for strain analysis. These methods have the advantage of
allowing measurements to be taken without any additional equipment coming into con-
tact with the sample. Additionally they allows data to be gathered for the entire sample
surface both axially and radially and do not require tests to be halted in order to take
measurements.

Digital imaging systems for triaxial tests were developed independently in 2007 [16]
and 2012 [3]. Both used high quality cameras placed outside the triaxial cell to capture
images of the sample surface (Figure 6). Whilst both systems proved capable of providing
high resolution data that agreed with previous results from LVDT methods, the cost of
the cameras and complexity of the set-up meant that the method has not been widely
adopted for application in routine triaxial tests.

This topic has been approached by both the University of Cambridge and the Uni-
versity of Western Australia with the most recent trial of a measurement scheme created
by Shapally in 2017 [19]. This method used Raspberry Pi (RPi) cameras positioned up
against the surface of the triaxial test cylinder (Figure 7).
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Figure 7: RPi camera set-up using zip ties Figure 8: Control system for RPi cameras

to mount cameras using one RP1i screen per camera

Using RPi cameras reduced the cost of the system significantly and the simple method
used for mounting the cameras led to an easy set-up process. Shapally’s paper provided
evidence that this method for gathering data from triaxial tests was possible, however
with an unwieldy control system (Figure 8) and no account made for image distortion,
there were a number of developments required before the device would be suitable for use.

A shortcoming of the computer vision systems developed so far has been the use of 2D
data for strain measurements. This approach assumes that the sample surface remains
completely flat and parallel to the camera during testing. In reality, samples barrel and
deform, resulting in inaccurate measurements. In order to properly account for sample
deformation, it is necessary to consider the 3D effects displayed by the sample.



1.3 Overall design principles

The aim for this project was to develop a device to gather as much information re-
garding strain as possible from a standard run of a triaxial test. This information can
then be used to evaluate local strains and to identify the onset shear band formation.
The method adopted stemmed from that used by Shapally in order to design a device
that could be adopted more widely due to moderate price and simple operation and set-up.

The device was developed with the intention of applying a more advanced analysis
of sample deformation and strain than previous methods. By measuring 3D particle dis-
placements and sample distortion, a complete view of the surface deformation could be
obtained during a test run.

The design of the device can be split into three sections; the rig, the control system
and the imaging system.

1.3.1 The rig

For the device rig, it was important that the design left little room for human error
during installation. It also had to be easy and inexpensive to manufacture.

One problem that exists with using external cameras is the refraction caused by the
cell walls and the water inside the cell. This issue was addressed by Bhandari et al. by
running a calibration procedure prior to soil testing, then using post-processing of the
images to eliminate distortion. Shapally’s solution did not take into account image dis-
tortion but instead minimised it by placing all cameras as close as possible to the cell
surface thus reducing the curvature of the cell surface within the field of view of the cam-
era. In order to provide the most accurate results possible, the new design incorporated
both methods.

It was also required that the entire surface was within the field of view of at least two
cameras to allow image processing to locate particles in 3D space.

1.4 Control system

To provide an easy method for running tests, it was desired to have a centralised con-
trol system such that experimental runs could be started, monitored and analysed from
one computer. This would allow laboratory tests to be conducted without requiring a
detailed understanding of how the system operates.

As previously mentioned, in order to locate particles in 3D space, it was necessary that
each point on the surface appeared in at least two images. Therefore another important
part of the control system was that it should operate all cameras simultaneously and
should be able to synchronise the data taken from the imaging system with the data
output from the standard triaxial test.



1.5 Imaging system

The imaging system constitutes the key part of the device. Strain measurements rely
on the 3D location and tracking of points on the sample surface. To locate points accu-
rately, it was necessary that any image warping caused by refraction was accounted for
and corrected.

To locate soil particles in 3D, it was also necessary to know the exact relative location
and rotation of all cameras used for the device.

As they would need to be run before a triaxial test run, the calibration and camera
location procedure needed to be quick, simple and require little to no understanding of
the principles behind it. The parts required needed to be either standardised or simple
to manufacture in a workshop.

The system eventually should be able to take local strain measurements from image
sets automatically, plotting these against the average stress-strain values taken by the
triaxial test.



2 The camera rig set-up

2.1 Design process

There were a number of constraints in place for the design of the camera rig:

1. It should position the cameras as close to the cell wall as possible to minimise image
distortion.

2. It should ensure that every point on the surface of the sample is within the field of
view of at least two cameras.

3. It should be simple to manufacture without requiring heavy machinery or expertise.
4. Tt should leave little room for human error when being set up.

5. It should be inexpensive.

The triaxial test rig chosen to act as the basis of this device had a 200mm diameter,
a completely clear cell and six vertical bars for connecting the base plate. The camera
placement was determined based off a soil sample size of 70mm diameter and 140mm
height.

Raspberry Pi V2 cameras were chosen for the device as they are small, inexpensive and
capable of taking high resolution images. Each camera was connected to an individual
Raspberry Pi Zero W for control purposes.

Camera Raspberry Pi V2

Resolution 3280 x 2464 pixels
Horizontal viewing angle 62.2 degrees
Vertical viewing angle 48.8 degrees

Table 1: Raspberry Pi V2 camera technical specifications

In order to ensure full surface coverage, a total of 36 RPi cameras were required; three
rings of twelve cameras. Mounting the cameras sideways allowed each ring of cameras to
provide double coverage of the circumference and ensured that the coverage of each ring
overlapped.

The design of the mount itself was completed in CAD and 3D printed. This method
allowed the mount to be reproduced easily by anyone with a 3D printer and access to the
CAD file. On this occasion, the mounts were printed using an Ultimaker 2 Extended 3D
printer using PLA filament. The design went through a number of iterations (Figure 9
and Figure 10) with improvements made in between.



Figure 9: Original mounts design Figure 10: Final mount design

All design iterations were modular; designed to hold two RPi cameras mounted be-
tween two of the vertical metal bars. The dimensions were based on the dimensions of
the RPi Zero and camera whilst inside the dedicated ‘Adafruit’ case. For the RPis them-
selves, this was purely to prevent damage. For the cameras, the arms of the ‘Adafruit’
RPi camera case extended from the main body which provided a convenient method for
mounting the cameras without obscuring their field of vision.

The final mount design attached to two of the vertical bars using clip-on attachments
(Figure 10). These were staggered such that if a ring of mounts were attached, the
connectors would stack and the ring would align. The left arm/connector was extended
upwards to increase stability and to act as a spacer between the rings of mounts. The
RPis were mounted flat behind their respective cameras. Power cables could then be
connect to each RPi without preventing the rings from stacking at the necessary spacing
(an issue encountered with previous design iterations). The RPis were oriented such that
the camera cables protruded from the back of the mount. This limited any excessive
bending of the camera cables which would have otherwise been required. Each camera
was held on its side by inserting one arm of the camera case into the designated slot.
These were positioned to ensure that the lens of the camera was positioned as close as
possible to the triaxial test cell wall.

2.2 Final design

In order to demonstrate and test the system, three copies of the mount design were
printed. A scaled down version of the final test rig was set up with six cameras spanning
one of the six segments of the triaxial rig. All components used are listed in Table 2.
The additional 3D printed spacers were used on the metal fixing pole between the long
arms of the mount to mimic the arm of the mounts used on the next segment. These
would not be required for the full set-up. Figure 11 and Figure 12 demonstrate how the
RPis and cameras were held in the mounts and how the mounts were connected to the
rig. Additional lighting was used to provide better contrast in the images. This was in
the form of a ring light placed on top of the triaxial cylinder.



in place

Figure 11: Two-camera mount with RPis and cameras

Figure 12: One of six segments set up with camera mounts
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Component Quantity
Raspberry Pi Zero W 6
16GB microSD cards

Raspberry Pi Module V2 Camera

Raspberry Pi Zero Camera Connector

Adafruit Raspberry Pi Camera Board Case

Adafruit Raspberry Pi Zero Case

Custom 3D printed mounts

Additional 3D printed spacers
Anker PowerLine 3ft Micro USB Cable
Anker 6-port USB Hub

SN W | O OO OO

—_

—_

Soft-focus ring light

Table 2: Table of components used for the scaled down rig set-up

2.3 Discussion

The advantages and disadvantages of this set-up became clear when it was put into
use for further development in the project.

The clip on attachments were effective in holding the cameras stationary when they
were not touched. The front of the camera cases pressing against the cell wall provided
additional stability. This meant that, although the RPi section of the mount had some
freedom of movement due to bending, the camera lenses remained fixed in position. All
measurements from this system relied on a high level of accuracy of relative camera po-
sition calculations. Because of this, alongside the fact that triaxial tests have a long
run-time, it may be desirable to improve the stability by lining the clip on attachments
with small segments of rubber.

The slot for the camera was effective in positioning the cameras correctly (against the
cell wall) and holding them in place. Although this improved stability, it caused some is-
sues with camera focus. The V2 camera has a fixed focus which can be adjusted manually
using a camera focusing ring. Doing so removes the glue that holds the focus in place.
After this, the focus becomes susceptible to inadvertent accidental adjustment. To bring
the RPi camera’s focus to the required range, the cameras had to be taken out of their
cases. However, when put back into their cases, the focus was accidentally adjusted due
to the lens pressing against the front of the camera case. This issue was mainly due to
ill-designed cameras cases. It was minimised (but not eliminated) by removing the tape
between the camera module and the PCB board, giving the camera lens more space.

11



In general the camera cases and cables chosen for this rig caused a number of prob-
lems. The cases were ill-designed and resulted in breakages of some of the more vulnerable
parts of the RPis (SD cards and the camera connection clip). As the purpose of the cases
was purely for protection in the first place, it was clear that the cases were causing more
damage than they were preventing. It would therefore be safer to mount the RPis without
their cases. This may require the size of the RPi slot to be reduced to hold the RPis more
firmly. The system would have also benefited from more flexible, longer power cables,
as the power cables used often pulled the RPis out of their mount if they were knocked,
causing further damage.

3D printing the mounts was successful. Each individual mount was printed in around 5
hours and cost only £2 in filament. A 3D printer with quality of the Ultimaker 2 Extended
or above (100 micron resolution) was required as printing the mount in a lower quality
printer (RS/IdeaWerk 3D printer) resulted in distortion and a poor fit of the components.

12



3 Control and synchronisation

3.1 Design

3.1.1 Design principles

The purpose of the control system was to connect the RPi hardware to the calibration
and test-run software. There were three main aims for the control system,;

1. To provide a system where minimal knowledge was required to set-up and operate
it.

2. To achieve an appropriate level of synchronisation in image capture.

3. To provide a method for allowing newly captured data to be compared to the equiv-
alent data collected from the standard triaxial test rig.

In order to fulfil the first criteria, the control system was developed using a local area
network (LAN) to communicate between the components. This was chosen over hard-
wiring the components together as this would require a certain level of expertise and
professional equipment to set up. It would also result in the final system (all 36 cameras)
being difficult to assemble and disassemble and soldering may have been required with
the RPis in place.

In order to provide centralised control for the system, a designated laptop was assigned
as the ‘control laptop’. During normal operation, all controls, data collection and data
analysis could be made from this laptop, preventing the need for connecting the RPis to
individual displays for any reason other than initial configuration.

3.1.2 Initial configuration

The control system developed requires a number of steps to be completed upon first
set-up of the test rig. This only needs to be done once, before the first test run. Any
subsequent uses of the device would not require these steps to be taken.

1. A copy of the correctly configured Raspbian operating system should be downloaded
onto the control laptop. Three python code files should also be downloaded onto
the control laptop; ‘configuration.py’, ‘test run.py’, and ‘query image time.py’.

2. A copy of the correctly configured Raspbian operating system should be installed on
each RPi’s SD card. This will include the standard operating system, a copy of the
code required to respond to requests from the control laptop and a pre-configured
setting to set this code to run from boot.

3. Each RPi should be numbered to allow images to be matched to the cameras they
were taken from.

4. MAC addresses provide a unique identification for each of the RPis via its network
chip. Each RPi should be started whilst connected to a display, keyboard and mouse.
The MAC Address of each RPi should be queried by running ifconfig -a link in
the terminal.

13
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b8:27:eb:60:38:71

IP Address:
???

Figure 13: Diagram of scaled-down network set-up

5. The MAC addresses should be entered next to their corresponding RPi number in
the ‘configuration.py’ and ‘test run.py’ code files on the control laptop.

6. As discussed further in Section 4, the cameras connected to each RPi should be
focused. To do this, the camera connection must first be activated within the
configurations menu. A continuous view of the camera output can be displayed by
running raspistill -t O in the terminal. The cameras should then be focused
using the standard focusing ring provided with the RPi cameras.

3.1.3 System operation

Once the initial configuration procedure has been completed, the set up is in a state
where it can be operated solely using the central laptop (Figure 13). The system can then
be used for calibration image capture or during a test run. The procedure runs as follows;

1. All RPis and cameras are mounted and connected to power. The router is connected
to power and the control laptop is connected to the router’s network.

2. ‘configuration.py’ is run from the terminal on the control laptop. This code:

(a) Creates a number of RPi objects containing information including their label
and MAC Address.
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(b) Checks for a file, ‘pi_data.txt’, of saved RPi IP addresses. If found, saves the
IP addresses to the respective RPi objects.

(c) Attempts to open a web socket connection with every possible IP address on
the LAN. If a connection is made at an IP address, this indicates that an RPi
within the system has adopted that IP. The MAC address at that IP is queried
and the IP is saved to the corresponding RPi object.

(d) Having scanned through all addresses, the ‘pidata.txt’ file is created /updated
with any newly identified or changed IP addresses.

All RPis run a listening code from boot. This allows the web socket connection to be
established when set up by the central laptop. Once the connection is established,
the RPi saves the IP address of the central laptop for further communications and
moves on to running a continuous listening code for use during a test run.

3. The ‘test _run.py’ code is run from the control laptop. Two versions of the ‘test run.py’
code were tested. Both involved the control laptop broadcasting commands on the
LAN which are picked up by the listening RPis. These broadcasts include instruc-
tions for the RPis to run a specific Python code stored in their own memory which
operates the camera and saves the images. The time each image is taken (according
to the clock on the RPi) is saved into the image metadata.

4. Once the test run is over, the images are collected from each RPi by the cen-

tral laptop. This can be done using the scp command run from the terminal;

scp pi@[ipaddress]:home/pi/images/* path/to/folder/on/central/laptop.

IP addresses for all the RPis in the system can be read out in order by running
cat pi_data.txt in the terminal.

5. The saved image time data can be queried by running ‘query image time.py’. The
time between image captures can be determined by finding the mean of the time
difference between subsequent images. Note that this is set initially within the
‘test run.py’ code however is not always accurate. This is explained further within
Section 3.2.

3.1.4 Synchronisation

To calculate 3D coordinates of surface points accurately, synchronisation between the
RPi cameras was important. Initially the ‘test run.py’ script was configured to send one
broadcast to all listening RPis. On receiving this signal, each RPi would run an internally
saved script, capturing one image every x seconds y number of times. For calibration and
synchronisation testing, x was set to 3 seconds and y to 10. During triaxial testing, the
chosen x and y will depend on the test being run. x could vary at least from 1 second [19]
up to 4 minutes [3] depending on whether it is being used for an drained /undrainded and
consolidated /unconsolidated test. y will depend on the length of the test but will also be
limited by available memory of the RPi SD cards. With approximately 13GB of space
left on each 16GB SD card after installing the operating system and code files [10], there
should be enough space for approximately 2600 images per camera. This corresponds to
a run time of around 45 minutes to 10 hours without intermittent image recovery and
deletion procedures.
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Figure 14: Variation of capture time between cameras using single broadcast method

To measure the synchronisation between cameras, all cameras were pointed at a stop-
clock. The ‘test run.py’ script was run and the time visible on the stop-clock was com-
pared between cameras. 10 images sets were captured; one image every three seconds.

3.2 Results and discussion

Figure 14 shows how the capture time varied between the cameras. For each test run,
the standard deviation of the capture times increased over time.

Using the single broadcast method meant that, beyond the first image, the time be-
tween image captures was measured independently by each RPi’s internal clock. No
further communications were made beyond the initial broadcast. This resulted in syn-
chronisation deteriorating with time as the RPis internal clocks were not synchronised.
Full runs with a triaxial test would last far longer than the test run therefore this method
would not be suitable to limit the variation between capture times.

Another effect observed was that, despite the time between captures being set to three
seconds on all RPis, all RPis lagged behind this significantly, accumulating up to 4s of
lag over a 27s run. Although there was no need for the time between image sets to be
set exactly, it was important to be able to measure it in retrospect in order to fit the new
data to the data measured by the standard triaxial test rig. This was achieved by writing
the image capture time into the metadata of the images. The relative capture times could
then be used by the central laptop to provide an indication of the mean image capture
time.
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Figure 15: Variation in capture time between cameras using multiple broadcast method

In response to the lack of clock synchronisation, ‘test run.py’ and the camera code
were adapted. The second configuration measured the time between image captures on
the central laptop, sending out broadcasts at each interval. The RPis responded to each
broadcast by capturing one image. This eliminated the problem caused by the difference
in clock speed between RPis. The synchronisation therefore purely depended on the send-
and-receive time of broadcasts over the network.

Figure 15 shows a histogram of the capture time variation around the mean in re-
sponse to individual broadcasts. Typically most cameras were activated within 0.05s of
the mean however outliers push the standard deviation of the distribution considerably
higher. These outliers occurred at random points during a test run, usually with all but
one camera maintaining relatively good synchronisation. This suggested that the strength
of individual RPis connection to the LAN varied over time. As all RPis were close to the
wireless router and not moved during the experiment, it was possible that the random
variations in capture time were caused by other loads in the 2.4GHz frequency space [1].
In order to combat this, a router running on the 5GHz band could be used. This could
supply higher speeds of connection whilst minimising disturbances as the band is usually
less cluttered. The short range that comes with routers operating at this band would not
pose issues as the router remains close to the device throughout test runs.

With six cameras using a router operating at 2.4GHz, the standard deviation of the
distribution was 0.128s. As the lag between command and capture time on each camera
is independent, it can be assumed that this would extend to all 36 cameras. Using three
times the standard deviation as the expected limits, this experiment suggests an expected
range of approximately 0.768s between the first and last image capture for one image set!.
This was higher than anticipated, mostly due to the outlying data points. As previously
stated, these could likely be minimised by switching to the 5GHz frequency space in order
to avoid interference in the network.

! An image set describes the set of 36 images, one from each camera, used to create a 3D model of the

sample surface at a single time step.

17



4 Calibration

The calibration of the Raspberry Pi cameras was necessary to ensure accurate 3D
modelling of the sample surface. A number of methods of calibration were analysed,
tested and compared.

4.1 Theory

4.1.1 Pinhole camera model

principa[ point

R

LY Camera

coordinate
S)’Steﬂl

Figure 16: Pinhole Camera Model [20]

The camera calibration theory used was based on the pinhole camera model. The
concept behind the model is that all light rays from the ‘real world’ are focused to a point
in the camera, referred to as the camera centre or optical centre. The image captured by
the camera is a projection of these rays onto the ‘image plane’. Figure 16 shows the world
point P=(X,Y,Z) projected to a point x=(x,y) in the image plane. The point p=(u,v) in-
dicates the location of the point x measured in pixels from the top left corner of the image?.

The projection theory provides equations that relate point P to point p. It is useful
to note that projection theory often uses homogeneous coordinates which allow points at
infinity to be represented with a defined ratio between x and y coordinates (Equations 1
and 2).

x=(v,y) = (2,9, 7) (1)
x/ y/
T = v Yy = " (2)

2This is the coordinate system used by most image-editing software packages
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The equation mapping world points to pixel coordinates is show in Equation 3. Note
that this equation assumes no non-linear distortion.

rin riz riz ti| | X

Su ko, 0 wuo| [f O O O o re pe 4 v
p=|lsv| =0 k, w| |0 f 00 7?1 7?2 7?3 t2 7| =PPPP  (3)
s 0 0 1[0 0 1 of 3 '3 "8 %

0 0 0 1 1
Three projection effects are accounted for in the standard full-camera model equation:

1. A rotation and translation between the world coordinates used to measure the object
points in and the set aligned with the camera. Accounted for in P, which can be
separated into a rotation matrix (encapsulating r parameters) and a translation
matrix (encapsulating t parameters).

2. The projection effect that determines the intersection between a ray and the image
plane. This acknowledges the dependency of the image points on the distance of a
world point from the optical axis and the focal length of the camera. Accounted for
in Pp.

3. A scale and shift which maps coordinates in the image plane to pixel coordinates.
Accounted for in P..

4.1.2 Image distortion due to refraction

Viewing the test sample through a the cell wall and a column of water introduces
non-linear distortion. This is due to light refraction caused by the differing refractive
indices of air, water and the cell wall. The amount of refraction depends on the angle of
incidence. Assuming the pinhole camera model, this will vary from the top to the bottom
and from the left to the right of the image due to the angle of the rays. The curvature
of the cylinder will also affect the angle of incidence. The larger the curvature present
within the field of view of the camera, the greater the distortion (Figure 17).

The camera calibration module used for this project was the OpenCV Python mod-
ule. In addition to the standard pinhole projection parameters, the OpenCV calibration
algorithms include parameters for radial and tangential distortion due to lens warping.
This distortion is modelled by a warp applied about the centre (principle point) of the
image plane prior to the conversion to pixel coordinates.

o' = x(1 4 kyr? + kor* + ksr®) + 2p1ay 4 po(r? + 222) (4)
Y = y(1+ kyr? + kor? + ksr®) + pi(r® + 29°) + 2pozy (5)
r? = g? 4o

In this case, refraction acts similarly to lens warping. The one-directional curvature of
the cylinder however will cause additional distortion in the x direction over the y direction;
something not allowed for in the OpenCV equations (Equations 4 and 5). In order to
minimise the directionality of the distortion, the cameras were placed as close as possible
to the triaxial cell walls, minimising the curvature within the field of view of the cameras.
It was necessary to test whether this alone would be effective or if additional parameters
would be needed in the distortion equations to separately correct the x and y distortion.
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Figure 17: Light refraction due to curved cell surface

4.1.3 Calibration procedure

Calibration targets are used to help determine the parameters of the distortion equa-
tions. Once the parameters have been determined, the distortion equations (Equations 4
and 5) can be applied in reverse to images taken by that camera to remove the effects of
radial and tangential warping.

To determine the distortion parameters, a number of known object points (real world
3D coordinates) and their corresponding image points (pixel location of the object point
as it appears in the image) are required. The traditional calibration procedure uses im-
ages of 2D chessboard patterns to provide these calibration points. The corners of the
chessboard squares act as the object/image points. Images of this board are taken at
multiple angles to gather a set of non-coplanar points to use for calibration?.

The object point’s coordinates are known simply by measuring the chessboard and
can be measured relative to any axis as chosen by the user. The relative image points are
then found by searching for large 2D changes in intensity within cropped sections of an
image [14]|. Relating the object and image point coordinates in a set of images provides
a system of simultaneous equations which can be solved for the distortion parameters of
that camera.

4.1.4 Relative camera position calculations

Just as important to the imaging system was the calculation of the relative location
of cameras. This allows 3D reconstruction of the triaxial test surface. For this to be
possible, multiple individual world points need to be matched between images from the
multiple cameras. Rotation and translation matrices for each camera can then be calcu-

3If points collected for calibration are coplanar, the simultaneous equations generated to determine

the parameter values would not be independent.
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lated relative to the same set of world coordinates. This cannot be done using a simple
calibration board as each world point needs to be distinguishable and its position relative
to other world points known.

4.2 Design

4.2.1 3D calibration target

To calibrate the cameras for the distortion caused by the triaxial cell, the calibration
procedure needed to take place with the cameras in position and the test cell filled with
water. This requirement made it almost impossible to use a 2D calibration board with-
out having to empty and refill the triaxial cell multiple times in order to capture object
points in different planes. To overcome this, a 3D calibration target was created using an
aluminium cylinder with a screw fixing holding it where the test sample would usually
sit. Calibration patterns were then printed onto sticky-back vinyl and attached to the
target. Using a 3D target allows non-coplanar points to be detected from a single image.
The calibration process can then be run by placing the calibration target into the cell and
capturing images with the target in one position.

To be suitable for calibration, any calibration board must have points that are easily
identifiable using computer vision techniques. For this test, two different categories of
calibration board were created.

4.2.2 Charuco boards

OpenCV Charuco module combines 3D reconstruction with camera calibration. It
produces camera calibration chessboards (Figure 18) with ID markers (Aruco markers)
inside the white squares. Each ID marker uniquely identifies the corners surrounding it.
Image point detection works the same way as the simple chess-board calibration algorithm.
Corners are extracted from the image and used as image/object points for calibration.
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Figure 18: OpenCV Charuco board pattern

21



As the Charuco algorithms were designed to be used with flat calibration boards, for
the calibration of this device, the Aruco marker and Chessboard calibration methods were
combined. The 3D Charuco calibration procedure therefore was designed to use the Aruco
module for corner extraction and identification, and the chessboard calibration module to
calculate the distortion parameters.

4.2.3 Circuco boards

Another feature easily identifiable by computer vision techniques is blobs or circles.
There are multiple methods available for detecting these features. The first is a blob
detector. Blobs are defined as ‘an area of uniform intensity in an image’ [6]. They are
detected by convolving images with a 2D laplacian of a guassian at varying scales and
detecting peaks in the output (Figure 19).

Figure 19: Blob detection

The second method is the Hough circle transform (Figure 20). The algorithm first
applies an edge detector which identifies edges in an image. It then builds a list of all
the possible circle diameters and radii that would have each of those edge points on their
perimeter [17]. Circles are identified when a large number of the edge points identify the
same circle equation.

(@, b 4 (a b,
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Figure 20: Hough circle transform example
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The Circuco pattern was created as a second calibration board option. This incor-
porated the Aruco markers from the Charuco board and circle features for use as ob-
ject/image points. The Circuco calibration algorithm was designed to operate similarly
to the Charcuco algorithm. To provide unique identification, each circle was given an
identification number related to its relative position between Aruco markers (Figure 21).
In calibration, the Aruco markers are detected and their corner locations are used to crop
the image to show specific individual circles. The coordinates of the circle centres are
then refined using either the Hough transform or the blob detector.
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Figure 21: Circuco board pattern showing the ID referencing system. The ID of one Charuco

marker is used to label the circles to the right, bottom-right and bottom of the marker.

Both the Hough transform and blob detector often identified more than one relevant
feature in the cropped image provided (Figure 22 and 23). The Hough transform relied
on a number of parameter inputs including ‘minDist’. The ‘minDist’ parameter set the
minimum distance allowed between detected circles. In order to narrow down the ‘correct’
circle, the Hough transform was set to run a number of times for one cropped image,
increasing ‘minDist’ if too many circles are detected and lowering ‘minDist’ if none are.
This process loops up to twenty times at which point, either a single circle is detected
and recorded as an image point or the point is discarded. The blob detector initially also
identified a number of the bubbles on the surface of the triaxial cell as blobs. This was
managed by activating the ‘filterByArea’ tag in the blob detector paramaters and setting
the minimum area to 10,000 and the maximum area to 100,000.

Using circles for calibration is not as simple as standard calibration as it inherently
introduces some error into the procedure. Projecting a circle from an oblique plane onto
the image plane causes distortion of its shape. Due to the convergence of parallel lines,
this causes the projection of the centre and the centre of the projected ellipse to diverge
(Figure 24). It was therefore important that this effect was taken into account when
evaluating the final precision of calibration techniques .
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Figure 22: Hough circle transform with pa- Figure 23: Blob detector without filtering

rameters incorrectly set by area
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Figure 24: Divergence of the centre of a projected circle and the centre of the resulting ellipse

4.2.4 Intricacies of calibration

In order to use a 3D board for calibration, the OpenCV chessboard calibration function
requires an initial guess of the camera matrix (the product of P, and P}, in Equation 3).
This encapsulates the internal camera calibration parameters.

Two of the parameters, uy and vy can be estimated relatively accurately. They rep-
resent the pixel coordinates of the principle points; the projection of the focal point onto
the image plane. This can be taken as the centre of the image and therefore ug and vq
were initialised as half the width and height of the input image respectively. The values
of fk, and fk, are less simple to estimate and although they are used as only an initial
estimate, their value affects the outcome of the calibration algorithm massively. Not only
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No. different
No. images cap-
angles captured
Board Type No. Cameras | tured by each
in the image set

camera
from one camera

Charuco 1 10 3

Circuco 6 10 1

Table 3: Data set of images acquired for calibration testing

this but the input values producing the best results vary between calibrations. To ensure
that the calibration achieved the optimum results based on the calibration points it was
presented with, the algorithm was designed to iterate over a set of initial k values (where
k equals fk, and fk,) to find the most effective initial matrix guess (defined as the matrix
resulting in the lowest corresponding RET value).

4.3 Results and discussion

4.3.1 Data set

Table 3 above summarises the data set that was collected and available for full analysis.

4.3.2 Error measurements explained

A number of error measures were used to evaluate the calibration algorithms. Dur-
ing calibration, rotation vectors, translation vectors as well as the camera matrix and
distortion parameters were calculated. The object point coordinates of every calibration
point could then be projected onto the image plane using Equation 3 and the distortion
equations. If the parameters were calibrated perfectly, each object point would project
to the exact location of its corresponding image point. These projections were known
as re-projected object points. All error measurements were calculated using the distance
between image points and re-projected object points.

The OpenCV calibration algorithms have an inbuilt error measure labelled ‘RET value’
which measures the RMS error between image points and re-projected object points. A
number of additional error measures were used for further analysis including the standard
deviation of the error in the x and y direction. A large difference in the standard devia-
tion in each direction would indicate that the distortion is direction-dependant and that
calibration could be improved by including directionally-biased warping.

4.3.3 Calibration using image points from all collected images

Figures 25, 26 and 27 show the results of initial calibration testing before and af-
ter outlier removal using all three methods. Outliers were identified as calibration points
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Figure 25: Average calibration results using Charuco calibration and ten images for calibration
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Figure 26: Average calibration results using Circuco Hough Tranform calibration and ten images

for calibration

with a RET value over three times the standard deviation of the error for that calibration.
Outlier removal involved the removal of these points from the list of identified calibration
points and recalculating the calibration parameters and corresponding error without these
points. A result of this analysis was that, although outlier removal apparently improved
the calibration for both the methods using the Circuco board (Figures 26 and 27), it
caused the Charuco calibration method to produce much worse results (Figure 25).
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Figure 27: Average calibration results using Circuco blob detector calibration and ten images for

calibration

This was likely a problem of over fitting. The algorithms using the Circuco board were
calibrated using ten images of the same view of the calibration board. In contrast, the
image set for the Charcuco board included six images at one orientation, one image at
a second orientation and three at a third orientation. Using the exact same orientation
resulted in some image points being detected incorrectly consistently through a number
of images. Figure 28 shows an example of this occurring in the Charuco detection algo-
rithm. These three images were taken from the same camera with the same orientation
of the Charuco board. Each time the image point was detected marginally to the right of
where it actually appears in the image (indicated by the red dot). With multiple images
of this orientation used for calibration, this point was weighted by the number of images
that agreed with the poorly detected position. The calibration algorithm was therefore
more likely to ensure the parameters fit that point (evidence of this is visible in Figure 28
as the re-projected point in green also appears to the right of the actual image point).
This would have caused a much worse fit for correctly detected points in other images
after calibration. This issue was amplified by the outlier removal, as the parameters were
already fit to incorrect points. The incorrect points in this image were therefore not
removed as they fit the calibration algorithms. With other points removed, most likely
in the images of a different orientation, these incorrect points gained an even stronger
weighting, resulting in a worse overall calibration.

This finding suggested that over-fitting was also occurring in the Circuco calibrations
as every image (for each camera) was taken with the target at the same orientation. The
over-fitting was not evident from the error measures alone however as the calibration
algorithm was not tested against any other orientation. It was clear that the two data
sets could not be compared directly. Ideally, another data set would have been collected,
rotating the target between each image capture to provide a range of view angles for

27



Image Points and Projected Image Points for Image 5, camera 1
1700

Image Points and Projected Image Points for Image 0, camera 1 Image Points and Projected Image Points for Image 1, camera 1

1700

1750
1750

1800 1800

1850 1850

1900
1900

1950

1950
2000

o 050

2000 2750 2800 2850 2900 2950 3000 3050 2820 2840 2860 2880 2900 2920 2940 2960 000 2850 2900 290 3000

Figure 28: Misidentified point in multiple image from one camera

each camera. Due to access restrictions however, no more data could be gathered. It
was therefore decided to continue testing using just one image per camera for calibration
comparison.

4.3.4 Calibration using image points from a single image

Figure 29 demonstrates that the Charuco board and blob detector method both con-
siderably outperformed the Hough transform. This was potentially due to the difficulty
in ensuring the correct circle was identified out of the initial suggestions given, therefore
more image points were identified off centre. The Hough transform was subsequently
discarded as a method of calibration as the blob detector provided better results using
the same calibration target and images.

Another key result from the calibration tests was whether errors were significantly
differently distributed in the x and y direction. The Charuco data provided three angle
views of the board.

Figure 30 indicates that there was a slight tendency for a higher error in the y direction
resulting from Charuco calibration. This suggests that the distortion parameters calcu-
lated during calibration were fit more accurately to the radial distortion in the x direction,
and that the distortion in both directions could not necessarily be modelled by the same
parameters. More data would be needed to make a more definitive conclusion however
these results indicated that there would be a potential gain in calibration accuracy by
correcting the x and y distortion separately.
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Figure 32: Plot of the standard deviation of error and the number of calibration points used

Figure 31 demonstrates a slight tendency for a higher error in the x direction for
Circuco calibration. With Circuco calibration however, the error introduced by circle
projection results in an added directional effect beyond refraction. This is due to the
variation in the angle between the target surface and the image plane. Although this
makes it difficult to determine whether refractive effects were non-negligible, the common
differences in the distribution of x and y error once again indicated the potential benefit
of correcting x and y distortion separately.

An additional result to come from this data was an correlation between the number
of image points detected and the standard deviation of the error. Figure 32 compares
the number of calibration points detected and used for calibration in each image with
the standard deviation in the magnitude of the calibration error. If the calibration pa-
rameters generated were accurate, the standard deviation of error would be expected to
decrease with each additional point detected. On the contrary, the standard deviation
appeared to increase with the number of points detected for the same camera. Similar re-
sult were seen when comparing the RMS error with the number of calibration points. Not
only did this suggest that the calibration parameters were not accurate, it indicated that
the error measures alone were ineffective at indicating the accuracy of the calibration.
This theory is supported by Figures 33 and 34 as the image which provides the worse
calibration according to the data clearly produces a more sensible calibration according
to the eye. If the calibration had been successful, the vertical lines would appear straight?.

4They may also appear parallel but only if the image plane of the camera was exactly parallel with
the vertical axis of the cylindrical target. This was not strictly necessary for calibration or operation of

this device.
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Raw image

Corrected image, camera 1, Image 9

Figure 33: Charuco calibration with 26 Figure 34: Charuco calibration with 52
points detected. RMS error = 0.372 pixels points detected. RMS error = 0.827 pixels

It was clear from this analysis that calibration using one image was likely to pro-
duce a poor calibration and the associated error would be underestimated. This analysis
also suggested that the ‘RET value’ produced by the OpenCV algorithm is a misleading
measure of the accuracy of calibration algorithms when considered alone.

4.3.5 Calibration using image points from images of three separate angles

For a more accurate calculation of the error, the Charuco data was used for further
development as this was the data set with multiple views available for the same camera.
The Circuco data, although providing reasonable results at first glance, presented multi-
ple issues in calibration that would have likely extended into further calibration testing.
With significantly fewer calibration points present in each image, it was possible that
the success of the Circuco calibration was merely a result of the effects demonstrated in
Figure 32. In addition, all errors measured so far had yet to take into account the error
introduced by circle projection. Appendix B includes calculations of the expected addi-
tional error. Although the error caused could be reduced considerably by using smaller
circles on the calibration board, the size used for this Circuco board (radius of 2.5mm) re-
sulted in an additional re-projection error of at least two pixels which could not be refined
easily during image processing. With the accuracy already achieved using the Charuco
boards, this was too large for the scales being considered. No further optimisation was
carried out with the calibration using the Circuco board.

Continuing with the Charuco board, to obtain the best calibration with a more accu-
rate measurement of the error, all image/object points from three images of three sepa-
rate angles were used for calibration. The error was calculated against all of these points.
Three angles of the Charuco board were available for the first camera. A number of data
sets were created, using a random selection of the available images at those orientations.

31



0.8

0.7

0.6

0.5

0.3

Standard Deviation of Error Magnitude in Pixels
o

0.2

0.1 /

Figure 35: Plot of the standard deviation of error against number of calibration points

1.2

0.8

Pixels
(=]
BN

)
Set1

20

Set 2

40 60 80 100
Callibration Points Used

® Calibration After Outlier Removal One-Image Calibration After Outlier Removal

Set3 Set 4 Set 5 Set 6 Set 7
Data Set

MRet Value m Standard Deviationin X Error ™ Standard Deviation in Y Error

Figure 36: Error from three-angle calibration

32

Set 8

120

Set9

0.4
0.2

Set 10

140



Figure 35 demonstrates that, by using three separate angles for calibration, the effect
of the number of identified calibration points on the error standard deviation has been
limited. The measure of error calculated for these calibrations therefore provides a better
indication of the accuracy of the calibration parameters. Due to the shape of the data, it
suggested it would be reasonable to take the RMS error (the RET value) as the ‘correct’
error measure for the calibration algorithm.

Figure 36 shows the error ascociated with the accumulated data sets. All error mea-
sures were taken after outlier removal. The important result to note is the difference
between the standard deviation in the x direction and the y direction, with the x direc-
tion consistently having a higher standard deviation than the y direction. This could be
a result of similar data being used for calibration or it could have been due to additional
warping in the x direction due to cell curvature.

4.3.6 Calibration with separate x and y warping

The OpenCV algorithms use a limited number of distortion parameters. More param-
eters would require more detected calibration points in order to calibrate. In this instance,
all calibration images detected significantly more than six points; the required minimum
number of calibration points. Therefore, for this calibration system, it was possible to
introduce an additional set of parameters which correct the x and y distortion separately.

To calibrate the parameters, the re-projected object points and image points were
compared. A perfect calibration algorithm would be able to project object points to the
exact position of the image points that they correspond to. Discrepancies would indicate
a process of image distortion that cannot be accurately modelled by OpenCV’s calibra-
tion procedure. If an additional set of parameters could be determined to map these
re-projected points to the detected image points, separately for x and y, a better descrip-
tion of the full projection process could be made. These equations could subsequently
be used in reverse to calibrate the images. For calibration, the inverse of the equations
mapping re-projected points to image points would be applied to the raw image, followed
by the standard OpenCV calibration procedure using the distortion parameters and cam-
era matrix calculated for the newly warped image. The error could then be calculated as
the distance between image points detected in the pre-warped image and the re-projected
object points. This was the method adopted to further enhance the calibration procedure.

To produce the initial warp equations, the position of each image point was described
in terms of the position of its corresponding re-projection (Equations 6 and 7). The
number of parameters was set to a limit of five in each direction as each image had
detected calibration points at least five well-separated y values. Adding more parameters
would have introduced the possibility that a warp equation could be found, matching the
image points and re-projected object points but causing incorrect warping between the
points.

— 2 3 4
Uimagepoint = Tul + Tu2Ure—projection + TU3ure—projectian + TU4ure—projection + TU5ure—projection (6)

_ 2 3 4
Vimagepoint — Tvl + Tv2Ure—projection + Tv3Vre—projection + Tv4Ure—projection + Tv5Vre—projection (7)
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Figure 37: RMS errors from multiple calibration procedures using the Charuco Calibration board

The warp coefficients were determined by substituting in the calibration point pairs,
forming a set of simultaneous equations and solving using a least squares approach. Im-
plementing this directional warping resulted in a reduction of the RMS error for most
data sets (Figure 37)°.

Once parameters had been calculated, to calibrate subsequent images, the directional
warp would be applied to each image followed by the standard OpenCV calibration pro-
cedure. To apply the warp to the initial image, a new image was created of the same size.
The value of each pixel was determined by calculating the corresponding coordinate in
the raw image using Equations 6 and 7, then interpolating between neighbouring pixels
to find the pixel value.

As the calibration procedure was designed to be automatic, each camera could be cal-
ibrated using whichever of the methods presented in Figure 37 produced to lowest RMS
error. The limits of the final, refined method of calibration are presented in Table 4.

5x-y warping resulted in any points discarded during outlier removal to be re-added to the calibration

algorithm.
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Data Set

Minimum achieved

RMS error (pixels)

Corresponding
largest error

magnitude (pixels)

Calibration

procedure

1 0.77556 2.31153 Outlier removal, x-y
warp, outlier removal
2 0.91835 3.16989 Outlier removal, x-y
warp, outlier removal
3 0.85979 3.36529 Outlier removal, x-y
warp, outlier removal
4 1.05006 2.99194 Outlier removal
5 0.847810853 2.69601 Outlier removal, x-y
warp, outlier removal
6 0.70762 2.42564 Outlier removal, x-y
warp, outlier removal
7 0.70530 2.14195 Outlier removal, x-y
warp, outlier removal
8 0.85979 3.36529 Outlier removal, x-y
warp, outlier removal
9 0.93890 4.12329 Outlier removal, x-y
warp, outlier removal
10 0.85310 2.70094 Outlier removal, x-y
warp, outlier removal
Average 0.85205 2.95509

Table 4: Minimum achievable RMS error for each of the Charuco data sets
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Figure 38: Magnified image of corners visible in Charuco board image

Calibration using the Charuco method was ultimately limited by the quality of the
photos taken using the system. Imperfect focus caused discrepancy in the exact location
of the chessboard corners (Figure 38). This was down to the focus of the camera. Better
focusing of the camera would likely have resulted in a better calibration however, with
RPi cameras needing to be focused by hand having been taken out of their mounts, it
would be difficult to achieve/ensure a better focus than that achieved here.

This issue was somewhat anticipated and was the reason behind the creation of the
Circuco board as blob detection does not require good focus for accuracy. The issues
caused by centre projection introduced more error than the lack of focus however. This
error could potentially be accounted for with computation however this is not a simple
problem due to the non-flat surface of the target and the refraction index dependencies.
For this reason, the results achieved using the refined Charuco method were deemed the
best achievable calibration results using the 3D target method.
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5 3D reconstruction

5.1 Theory

There are a number of steps to be completed in order to finish the build of the testing
device. These will include linking the image capture and calibration software to 3D recon-
struction and data analysis software. 3D reconstruction requires both feature matching
and epipolar geometry in order to locate image points in 3D space. Whilst these are still
to be completed, it was nevertheless possible to make an estimation of the precision that
the device could achieve and determine whether this was appropriate for strain analysis
and shear band identification.

Strain measurements require tracking the movement of a number of points on a test
sample over time. To provide reference points for computer vision algorithms, seeded or
spray-painted samples will be used. Feature points would be set initially by defining a 3D
grid covering the sample surface (Figure 39). This grid would identify a number of points
that can be tracked during testing. Their location in the images of neighbouring cameras
(post calibration) would be identified using the full camera model equation (Equation 3).

Figure 39: Grid of points on sample surface (red) before refinement assuming the sample is
perfectly cylindrical. Point locations can then be refined by feature matching and subsequently

tracked through time.

The initial grid would be generated assuming that the sample is perfectly cylindrical.
This assumption may be not correct and it may be that the grid point locations identified
in two neighbouring cameras may not identify the same surface point (Figure 40).
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Figure 40: Red grid point projected to the image plane of two neighbouring cameras. As the
sample is not perfectly cylindrical, the pixel coordinates calculated for each camera do not

reference the same surface point.

With one camera in a pair labelled as the master camera and the other as the slave,
the coordinates in the slave camera would then be updated to correctly match the point
identified by the master camera. The location could be refined by creating a descriptor
for the feature location in one image (SIFT or similar) and searching a small area in the
second image for the best matching patch (Figure 41). The exact 3D location of the
identified point would then be updated (see Appendix A) and a 3D software model of the
test sample surface would be built.

Similar to previous versions of digital image-based strain measurement systems, PIV
software would then be used to track the location of these points in each 2D image
between time steps. The 3D location of each point would be updated and a new 3D
model built for each time step. Strains and their distribution could then be determined
from the displacement of the surface points. Using this theory it is possible to estimate
the precision of the device due to its design so far.

5.1.1 Synchronisation error

Synchronisation error introduces the possibility that a point may have moved between
being captured by one camera and being captured by its neighbour. From synchronisa-
tion testing of the device using a 2.4GHz wireless connection, the expected range in image
capture was 0.768s. The extent of the movement over this time will depend on the strain
rate chosen for the triaxial test.
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Figure 41: Point identified in master camera (left) matched to corresponding point in slave

camera (right) using the OpenCV orb ‘detect AndCompute’ feature matching function

The error introduced was computed for three strain rates (all used for testing similar
imaging systems [3][19]). The strain rate and capture time range were then used to calcu-
late the maximum displacement of a point between capture time and mean capture time
(Table 5).

Strain rate Initial compression Maximum point
(%/min) rate (mm/min) displacement from

mean capture time

(£mm)

0.712 1 0.0064
0.0357 0.05 0.00032
0.00357 0.005 0.000032

Table 5: Maximum distance a feature point may be from its position at the mean image

capture time

39



5.1.2 Calibration error

Geometric analysis will be conducted on calibrated versions of all the images taken by
each camera. Using Charuco boards and independent x-y correction, the remaining error
caused by image distortion is expected to be 0.852 pixels. With approximately a 65mm
gap between the camera and sample surface and taking into account the refraction caused
by the cell water, this corresponds to +0.0144mm between detected and actual location
of a point on the sample surface. The uncertainty caused by imperfect synchronisation
will add an additional error in 2D point location. Synchronisation error manifests as a
difference in the ’correct’ particle position in the image view of one camera (position at
mean capture time) and detected particle position (position at actual capture time). This
error can therefore be accounted for by summing with the calibration error. Considering
both causes for error, an image of the surface will locate a particle in 2D with an error
margin as shown in Table 6 dependant on the strain-rate of the test.

5.1.3 2D point location error projected to 3D

z
World Coordinates
Y
X
Rays between which
interest point is located Interest Point
o
Image of Projection of band
interest point in which interest
with error point will appear
band for correctly
calibrated image
Focal Point .
Camera 1 Triaxial Test Sample Focal Point

v Camera 2

Figure 42: Point identified in master camera (left) matched to corresponding point in slave

camera (right)

Locating a point in the master camera image defines a ray along which the point must
lie in 3D space. This line can be projected onto the image plane of the slave camera to
narrow down the point’s possible location. With potential error present in this ray, the
ray becomes a band with width (at the point it meets the surface of the sample) of two
times the 2D error (Figure 42). Creating this band of possible locations demonstrates
how accumulative errors can be avoided; a point appearing outside this band effectively
indicates the additional calibration error, allowing it to be corrected for (Figure 43).
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Figure 43: Point identified in master camera (left) matched to corresponding point in slave

camera (right)

The minimum values of local strain detectable depend on the size of region over which
they are measured (Table 7). The precision of the local strain that the device will be able
to measure will therefore depend on the strain-rate and size of the defined local area.

5.2 Discussion

The aim of this project was to create a device that could measure local strains in order
to detect the onset of shear-banding in triaxial tests. If possible, use of the device may
have been extended to measure local small-strains.

Strain rate Error in identified 3D Minimum distance between
(% /min) location (+mm) distinguishable positions
(£mm)
0.712 0.0208 0.0416
0.0357 0.0147 0.0294
0.00357 0.0144 0.0289

Table 6: Minimum accurately distinguishable surface point displacement
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] =40mm | 1 = 20mm | | = 10mm
r = 0.712(%/min) 0.104% 0.208% 0.416%
r = 0.0357(%/min) 0.074% 0.147% 0.294%

r = 0.00357(%/min) | 0.072% 0.144% 0.289%

Table 7: Minimum local strain measurable at strain rates (r) and section lengths (1)

According to S. Yimsiri’s 2002 paper [22], "for accurate measurement of stress-strain
behaviour of soils, instrumentation capable of measuring strains to an accuracy of 103%
is required." Table 7 shows the minimum measurable local strain values when taken over
a range of section lengths and strain rates. Even using a section length of 40mm (just
under a quarter of the total sample length), the device is not capable of measuring strains
at this order of magnitude.

Lower strain rates could be used in order to further minimise the impact of synchro-
nisation error. This would not be ideal as the device would still be unreliable for higher
strain-rate testing. The connections could instead be hardwired and the control system
adapted to reduce synchronisation error, however this would result in an increasingly
complicated device and a very difficult assembly process. Despite this, the limiting fac-
tor is the error due to calibration. Even if the synchronisation error could be reduced
to approximately zero, the calibration procedure would have to provide calibration with
maximum error of approximately £0.002 pixels. Improved camera focus would be neces-
sary although at this point, any imperfections in the surface of the cell would potentially
cause problems. In summary, this design of device is not suitable for measuring small
strains.

In terms of shear band identification, the requirement of the device is to recognise
differences in local strain across the sample surface between time steps. Triaxial test runs
on Hostun HN31 sand (composed of angular quartz) suggest that, at formation, defor-
mation within shear bands can account for up to 20% of a total axial strain of 1% |[8].
This corresponds to a local axial shortening of 0.28mm in a 140mm length sample; easily
detectable by the device at all analysed strain rates (Table 6). Under plane strain tests,
soft clays have shown to have approximately 3-5% of 1% axial strain occurring within
shear bands [21]|. This corresponds to local axial shortening of 0.042mm - 0.070mm; just
within sensitivity of the device at all strain-rates.

The device as currently configured is predicted to be appropriate for detecting the
onset of shear band formation in triaxial tests °.

Sbased on the sample test rig configuration using a 140mm by 70mm sample and a 200mm diameter

cell
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6 Conclusion

This project began the design and development of a commercially viable device for
providing a holistic view of surface strains in triaxial testing. The purpose of the device
was to identify the onset of shear bands during testing. At this point, soil samples be-
gin to deform non-uniformly and strain values measured by the standard test no longer
accurately represent the mechanisms within the test sample. It was also desired to test
whether the same device would be suitable for small-strain analysis. The device in its
final form should be easy to set up and operate such that the test can be run and results
collected without specialist geotechnical knowledge. It should also be low cost.

The complete device design requires 36 Raspberry Pi Zero W cameras and V2 cam-
eras, Raspberry Pi Zero camera cables, ‘Adafruit’ camera cases for each camera, power
cables and USB hubs, 18 3D prints of a camera mount, a calibration target, a calibration
board pattern and a wireless router. All are standard components apart from the camera
mounts, the calibration target and the calibration board patterns. Camera mounts can
be created by downloading the CAD pattern and 3D-printing the design. The required
calibration target is a metal cylinder matching the shape of the intended test sample with
a screw attachment suited to the triaxial apparatus. This is a simple component that
can be milled in any workshop with milling equipment. Workshops do exist where this
work can be outsourced. The calibration board is a Charuco board pattern printed onto
sticky-back vinyl. The pattern can be downloaded and sent to a commercial printing
company for printing. This design has no high cost components. The only specialised
knowledge /equipment required would be for the calibration target.

The mount is a modular design in the form of a CAD file that can be 3D printed.
Printing at 100 micron resolution using PLA filament results in a sufficient quality prod-
uct. The camera mount is designed to hold the arm of an ‘Adafruit Raspberry Pi case’. To
minimise the slip in the camera focus, the tape between the PCB and the camera module
should be removed. The mounts provide sufficient stability to prevent slipping when not
touched. The design ensured the minimum distance between the camera lens’ and the
triaxial cell wall, minimising image distortion. Due to the design, achieving perfect focus
of the cameras was difficult and this limited the precision of the calibration process. Soft
power cables should be used and it is recommended not to use cases for the Raspberry Pi
boards themselves (specifically the ‘Adafruit’ design) to minimise potential damage.

Control of the device is managed through a control laptop using a 2.4GHz LAN. Be-
yond the initial set-up of the device, this is the only control mechanism required. The
control system enables connection to all set-up Raspberry Pis, sends instructions for
images to be captured (both for calibration and during testing) and collects data. Syn-
chronisation testing of the device suggested a range of approximately 0.768s in capture
time for one set of images. This was largely due to a small number of outlying points
caused by overcrowding on the network and could potentially be avoided by operating the
wireless router on the 5GHz frequency band.

The precision of calibration with Charuco boards was limited by the physical difficulty

in focusing the cameras. Although calibration with Circuco boards may have minimised
the lack of precision in point detection that this caused, the error introduced by project-
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ing circle centres onto oblique planes was larger than the improvements they might have
made. Calibration using one angle view was determined to be an inappropriate method
as occasional misidentification of image points may lead to poor calibration. This effect
could also pass undetected due to the method used by OpenCV to measure calibration
error. Instead, multiple images of different views of the Charuco board should be used to
calibrate one camera. After removing outlying image points, a small but consistent differ-
ence was present in the distribution of remaining error in the x direction and y direction.
This was potentially a result of the cell surface curvature. By applying an independent
warp in x and y based off one run of the calibration algorithm, this effect could be min-
imised.

The optimal calibration method for this device is a Charuco calibration procedure with
optional independent x-y warping and outlier removal. The calibration method proposed
would consist of a run of ten images taken by all cameras whilst mounted. The calibration
target would be mounted and the cell filled with water. The calibration target can then
be twisted between image sets by the arm protruding from the top of the triaxial cell.
This process is automatic and does not require specialist knowledge to run.

In order to measure small-strains, both calibration and synchronisation would need to
be significantly improved. The calibration error would need to be reduced by at least two
orders of magnitude. Even then, using a wireless connection, it is highly unlikely that the
synchronisation could be improved by the necessary amount to refine strain calculations.
Wired connections would be required, making the device much less viable for wide-scale
use. The design of this device is therefore unlikely to be appropriate for small-strain
analysis.

Using the methods of control and calibration recommended, this device is expected to
be sufficient to identify variations in strain on a triaxial sample surface and subsequently
detect the formation of shear bands. The device is low cost and requires minimal specialist
knowledge or skill to set up and run. This would allow geotechnical laboratories to
integrate this device into standard triaxial tests.

7 Further work

A number of steps are required in order to bring the device to full functionality:

e Code for 3D reconstruction based off calibrated images is required in order to map
out a 3D set of points defining the sample surface.

e PIV software should be applied to calibrated images, tracking the displacement
trajectories of the surface points over time.

e Code should be written to map the measured 2D trajectories to 3D in order to
complete a 3D plot of the sample surface distortion over time.

e The 3D model can subsequently be used to derive axial and radial strains over the
surface of the sample. Ultimately, the strain variation map will identify the point
at which shear bands form as strains become non-uniform.
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Appendices

A Calculating real world coordinates from two sets of

image coordinates
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Camera matrices and rotation translation matrices are known for both cameras as a
bi-product of the Charuco calibration method. Image point locations (u,v) and (u’,v’) are

known.
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0= X(pn — paru) + Y (p1a — psau) + Z(p13 — pssu) + (p1a — p34u)
0= X(p21 — pa1v) + Y (p22 — p32v) + Z(p23 — p33v) + (pas — p34v)
0= X(phy — Poyu') + Y (Pl — pau’) + Z(phz — Phgu’) + (py — p34'u’)

0= X(p/m - pélv/) + Y(p'22 - péﬂ/) + Z(p/23 - pgg,v') + (p'24 - p34’v')

P11 — P31U  Pi2 — P32t P13 — P33t pra — p3du X

P21 — P31V Paz — P32V Paz — P33V Pag — p34v Y| 0
P — D’ Py — Pt phy — phgu’ phy —p34| | Z|
Phy — PV Phy — DoV’ Phy — Dlsgv’ phy — p34'V 1

These equations can be solved for X, Y and Z using a least squares approach.
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B Calculation of error caused by circle projection
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= 877630

r =25mm | r = 1lmm | r = 0.5mm
p= 0.78426 0.14789 0.03882
p=10.8 1.01216 0.18390 0.04778
p=12.6 1.25503 0.22214 0.05729
p=14.4 1.51888 0.26352 0.06756
p=16.2 1.81398 0.30955 0.07896
p =18 2.16197 0.36345 0.09228

Table 8: Pixel difference between centre of ellipse in image and centre of projected circle

20



Appendix C: Covid-19 disruption

Due to Covid 19 I was not able to increase the size of my image set for calibration.
Ideally this would have taken place over the Easter holidays, potentially between the 18
March — 1st April. This could not be done due to access restrictions and having returned
home.

The images I had taken were initially collected solely for creating and improving the
calibration algorithm rather than for testing its performance. Therefore, the realisation during
analysis that one-image calibration would not be suitable could not be addressed. This was
especially true of the data collected and used for the Circuco boards as only one view-angle
was available for each camera. If it had been possible, ten images from each camera would
have been taken of the calibration target, all at different angles.

It would also have been ideal to have acquired an updated Circuco board with smaller circles
and test the calibration results. It was discovered during early analysis this would have
reduced the inherent circle-projection error to the point that it would have been comparable to
Charuco calibration. An expected result from this may have been that the errors introduced

to Charuco calibration by lack of camera focus were not present in Circuco calibration. With
small circles, the expected minimum achievable error may have been smaller than that
achieved with the Charuco method.

This realisation occurred early April and a board could have been ordered any time from then
onward. The work involved in this would be minimal however required access to the NCEB
and labs which was impossible at the time. Due to the delay in delivery times of the previous
board prints however, it is not possible to say whether this would have been achievable in the
time or not.

The focus of the calibration section therefore moved more towards analysing the best
measure of calibration error rather than minimising the error. The project also extended and
covered the potential performance of the device given how it was performing at the point of
leaving Cambridge.

I also only have access to my logbook for Michaelmas term. The papers I used for Lent term
are still in Cambridge and I do not have access to them.



