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SUMMARY

Several video applications rely on camera calibration, a key enabler towards the mea-
surement of metric parameters from images. For instance, monitoring environmental changes
through remote cameras, such as glacier size changes, or measuring vehicle speed from se-
curity cameras, require cameras to be calibrated. Calibrating a camera is necessary to im-
plement accurate computer vision techniques for the automated analysis of video footage.
This automated analysis enables the ability to save cost and time in a variety of fields,
such as manufacturing, civil engineering, architecture and safety. The large number of
cameras installed and operated continues to increase. A vast portion of these cameras are
“hard-to-reach” cameras. “Hard-to-reach” cameras refer to installed cameras that can not
be removed from their location without impacting the camera parameters or the camera’s
operational use. This includes remote sensing cameras or security cameras. Many of these
cameras are not calibrated, and successfully being able to calibrate them is a key need
as applications continue growing for the use of automated measurements using the video
provided by the cameras.

Existing calibration methods can be divided into two groups: object-based calibration,
which relies on the use of a calibration target of known dimensions, and self-calibration,
which relies on the camera motion or scene geometry constraints. However, these methods
have not been adapted for use with remote cameras that are hard-to-reach and have large
field-of-views. Indeed, the object-based calibration method requires a tedious and manual
process that is not adapted to a large field of view. Furthermore, the self-calibration requires
restricted conditions to work correctly and is thus not scalable to a large type of hard-to-
reach cameras, with many different parameters, and various viewing scenes. Based on this
need, the research objective of this thesis is to develop a camera calibration method for
hard-to-reach cameras. The method must satisfy a series of requirements caused by the

remote status of the cameras being calibrated:

XX



* Be adapted to large fields-of-view since these cameras cannot be accessed easily

(which prevents the use of object-based calibration techniques)

* Be scalable to various environments (which is not feasible using self-calibration tech-

niques that require strict assumptions about the scene)

* Be automated to enable the calibration of the large number of already installed cam-

€ras

* Be able to correct for the large non-linear distortion that is frequently present with

these cameras

In response to the calibration need, this thesis proposes a solution that relies on the use
of a drone or a robot as a moving target to collect the 3D and 2D matching points required
for the calibration.

The target localization in the 3D space and on the image is subject to errors, and the
approach must be tested to evaluate its ability to calibrate cameras despite measurement un-
certainties. This work demonstrates the success of the calibration approach using realistic
simulations and real-world testing. The approach is robust against localization uncertain-
ties. It is also environment independent, and highly automated, on the contrary to existing
calibration techniques.

First, this work defines a drone trajectory that covers the entire field of view and enables
a robust correspondence between 3D and 2D key points. The corresponding experiment
evaluates the calibration quality while the 2D localization is subject to uncertainties. It
demonstrates using simulations for several cameras that the use of the moving target fol-
lowing this trajectory enables the collection of a complete training set, and results in an
accurate calibration with an RMS reprojection error of 3.2 pixels on average. This error is
smaller than 3.6 pixels which is a threshold derived in this thesis, and which corresponds

to an accurate calibration.
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Then, the drone design is modified to add a marker to improve the target detection accu-
racy. Experiment 2 demonstrates the robustness of this solution in challenging conditions,
such as in complex environments for the target detection. The modified drone design leads
to improvement in calibration accuracy with an RMS reprojection error of 2.4 pixels on av-
erage, and is adapted for detection despite backgrounds or flight conditions that introduce
complication in the target detection.

This research also develops a strategy to evaluate the impact of camera parameters,
drone path parameters, and 3D and 2D localization uncertainties on the calibration accu-
racy. Applying this strategy to 5000 simulated camera models leads to recommendations
for path parameters for the drone-based calibration approach and highlights the impact
of camera parameters on the calibration accuracy. It demonstrates that specific sampling
step lengths lead to a better calibration, and demonstrates the relationship between the
drone-camera distance and the accuracy. This experiment results in recommendations for
the drone path. It also evaluated the RMS reprojection error for the 5000 cameras. The
average of this error is equal to 4 pixels. Linking this result to the speed measurement
application, 4 pixels error corresponds to a speed measurement error smaller than 0.5km/h
when measuring the speed of a vehicle 15 meters away using a pinhole camera of focal
length 900 pixels.

The knowledge gained from these experiments is applied in a real-world test, which
completes the demonstration of the drone-based camera calibration approach. The real test
is made using a commercial drone and GPS, in an urban environment and in a challenging
background. This hardware experiment shows the steps to follow to reproduce the drone-
based remote camera calibration technique. The calibration error equals 7.7 pixels, and can
be reduced if a RTK GPS is used as 3D localization sensor.

Finally, this work demonstrates using an optimization process for several simulated
cameras that the sampling size can be reduced by more than half for a faster calibration

while maintaining a good calibration accuracy.
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CHAPTER 1
MOTIVATION

There is an increase in the number of video cameras used for environmental and wildlife
monitoring purposes, manufacturing, architecture, engineering, or safety. This provides
many opportunities for the automated analysis of video feeds, which, in turn, allows for the
automated detection of objects or the measurement of attributes of interest. This eventually
contributes to improvements in engineering methods, industry efficiency, safety, or geo-
mapping, to name a few.

Obtaining accurate and reliable information from video feeds in an automated fashion
requires that cameras be properly calibrated [1].

This chapter first presents photogrammetry, and computer vision, as fields that enable
the measurement of metrics of interest from images. Then, it introduces camera calibration,
as a first step toward accurate computer vision applications and image-based measurements.
Finally, this chapter discusses the benefits of camera calibration across various applications

of camera-based measurements.

1.1 Camera-based measurements

Cameras are commonly used for the modeling and measurement of engineering structures
and for quality control. Techniques developed to enable measurements from images have
been developed by the photogrammetric and computer vision communities. These two
fields and their connections to image-based measurement are presented in the three follow-

ing sections.



1.1.1 Photogrammetry

Photogrammetry is the science of making measurements from pictures. It processes pho-
tographs to provide a map, a drawing, or a measurement as an output [2]. The main princi-
ple behind photogrammetric measurements is the geometrical-mathematical reconstruction
of the paths of light rays from the object to the camera [3]. Photogrammetry techniques
usually focus on a distant object, such as the Earth seen through satellite imaging [4]. When
the image processing techniques are applied to an environment closer to the camera, then

the corresponding techniques are developed as part of the Computer Vision field.

1.1.2  Computer Vision

Computer vision is a set of techniques that aims at achieving human-level capability in the
extraction of information from image data. Its main applications are object recognition,
object and environment modeling, and navigation for autonomous vehicles [5].

Recent advances in Machine Learning (ML) techniques allow for the automated analy-
sis of videos. Analytics on video footages help reduce human errors and make human tasks
more efficient, contributing towards reduced costs. While humans sense and understand
activity within their surroundings, computers observe images as arrays of pixel intensity.
Analytics on video footage must be conducted to interpret these inputs, understand images
and provide accurate information about detected objects as output. Computer Vision pro-
vides techniques that enable the development of artificial systems to obtain information
from images [6]. In order to develop performant machine vision systems that can detect
objects with good accuracy or provide measurement information from images only, camera

calibration is necessary.

1.1.3 Introduction to camera calibration

Photogrammetry and Computer Vision share the same theoretical basis [4] and several

goals, such as camera calibration, pose determination or model projection [7]. Photogram-
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metry and Computer Vision techniques can be used to make real-world measurements from
cameras. Making measurement from images requires to establish the geometric relation-
ship between the image and the object, to then extract information from the object using
the image. This process is called camera calibration [8].

Camera calibration is the determination of the geometric relation between coordinates
in the world and coordinates in the image. A short description of camera calibration is
given below. More details about the mathematics behind calibration are provided in Chap-
ter 2. Camera calibration aims to estimate a camera’s geometric parameters, such as its
focal length, the length distortion, or the location and orientation of the camera [9]. These
parameters are used to compute the relation between an object location in the space and its
location on the image captured by the camera [10]. When the camera captures an object,
its location on the image is given by a 2D vector whose components are in pixel units. Its
location in the space is a 3D vector whose components are in distance units (inch, meter).
Figure 1.1 illustrates the path from the 3D coordinates of an object to its 2D coordinates.
Calibrating the camera is equivalent to determining the mapping between this 3D vector

and the 2D vector [11].
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Figure 1.1: Camera calibration: obtain relation between 3D world coordinates and 2D
image coordinates

In this example, the 3D object is a cylinder. Let us consider point A on this cylinder. Let
us call A, the coordinates of A in the world frame. The image of this point is, represented
in 2D as the green dot in the pixel frame, which will be called a,,. Calibrating the camera
consist of determining the relation between A,, and a,, i.e., determining the mapping from
3D to 2D.

Once the calibration is done, information about an object such as its geometry, its di-

mensions and its speed can be extracted using the image only.

1.1.4 Summary

The overall performance of computer vision or photogrammetric implementation relies on
the accuracy of the camera calibration step [12]. For instance, object detection and their 3D
position estimates depend on camera calibration [13]. This step is critical to the acquisition

of accurate geometric information such as height or position from the image only [14].



Once a camera is calibrated, an image can be corrected for distortion, reducing error in
object detection through computer vision [15]. The following sections provide examples

of photogrammetric and computer vision applications that require camera calibration.

1.2 Camera-based measurements in engineering and industry

Photogrammetry is used in civil engineering when a large number of measurement points
is required [16]. Photogrammetry enables the measurement of displacements and defor-
mations, which is critical to evaluating potential structural damages. While other means,
such as strain gauges or inductive displacement transducers, can be used to perform such
measurements, their use is not suited if many points are required. Hence, in such scenarios,
cameras are preferred. Photogrammetry is also applied in civil engineering for crack detec-
tion and propagation purposes, allowing for the width of potential cracks to be determined
[17]. In addition to its use in civil engineering, photogrammetry is also commonly applied
in manufacturing. For instance, it is used to manufacture new parts for existing products
located in a remote place and for which measurements need to be taken. Examples include
covers or decking for boats or new liners/covers for pools [18].

The sections above have provided examples of how cameras can be used for engineer-
ing, manufacturing, and modeling purposes. The next section provides a more detailed

description of an application of photogrammetry.

1.2.1 An application example in the aerospace industry: store separation testing through

photogrammetry

Store separation testing through photogrammetry in aerospace engineering is an applica-
tion of interest when focusing on the calibration of hard-to-reach cameras. During store
separation testing using photogrammetry, two fixed-orientation cameras are used to deter-
mine the trajectory of the store that separates from the aircraft to collect data about the

safety of the separation [19]. This requires camera calibration.



These two cameras are calibrated using an object-based calibration technique in a ded-
icated laboratory. After their calibration, they are installed in a photographic pod attached
to the aircraft, behind a window, which impacts the calibration made using a 3D object in
the laboratory [20]. The traditional calibration technique used for store separation testing
through photogrammetry is not efficient because of the large set-up it requires, and leads to
a key limit described in the next paragraph.

The calibration is performed before installing the camera behind a window on a part of
the aircraft. Thus, the calibration does not account for the window property, the impact of
the window on the light transmission, as well as other potential noise such as blurring.

Calibrating the cameras after their installation in the photographic pod should lead to
a more accurate store trajectory determination. The calibration would consider additional
distortion, potential blurring, reflection, or other noise due to the window [20]. The solution
to this obstacle would require a calibration method suitable for hard-to-reach cameras. This

is a key observation in this thesis, and is highlighted in the following statement:

Observation 1: A calibration technique adapted to cameras already installed, that

can not be reached easily, would benefit industry

In addition to their benefits for industry applications, cameras are a key tool used for

cartography as it is described in the next section.

1.3 Cartography

Cartography is defined as the production of maps. It has various applications such as street-
level imagery, 3D modeling, 3D mapping, and geographical survey. Common cartography
methods use mobile mapping systems, which rely on using a sensor installed on a moving
vehicle to acquire data [21]. Airborne remote sensing systems fall into this category and
are used for instance, for agricultural analysis or BIMs development. Three examples of

cartography through cameras are presented below.



Street level imagery: Cameras are the primary tool used by Google Street view. They

are combined with a transport system such as a car, a bike, or a snowmobile to provide a
view at the street level [22].

3D Mapping and localization: 3D mapping aims to build a 3D map of an environment

or a 3D model of an object. As described in [23], Red-Green-Blue (RGB) cameras are an
efficient tool to build a 3D mapping of the environment. One technique to build the 3D
mapping is called structure from motion and requires the camera to move [24]. If only
one camera is available, then it is possible to determine a ray in the 3D space where the
object must lie on. If two or more views of the objects from two or more cameras or the
same camera at different locations are available, then the 3D location of the object can be
determined by intersecting the rays [25]. This observation is the key idea behind 3D objects
reconstruction.

Geographical survey: A geographical survey aims at recording the coordinates of points

of interest. If an infrared sensor is used, problems such as a gas pipeline leak, electric
power transmission line weakness, or unexpected pollution can be detected [26]. Cameras
are commonly used sensors for geographical surveys [27]. For instance, to perform an
aerial survey, it is common to use an IR or visible spectrum camera mounted on a UAV.
In [28], topographical changes on coastal areas are measured through this method. UAVs
combined with cameras are helpful for agriculture applications. [29] presents two use cases
that focus on determining harvesting site locations and inspecting forestry operations. In
[30], cameras are mounted on UAVs to enable real-time traffic management.

This last application of camera-based measurement belongs to the field of remote sens-
ing, which represents a key field when considering the applications of this thesis. Since
cameras are the main sensor used for remote sensing [21], the next two sections provide

some background about cameras as a remote sensing technology.



1.4 Cameras for remote sensing

Remote sensing refers to acquiring information about an object without being in direct
physical contact with the object [31]. Remote sensing technologies provide observation
and localization of an object of interest, such as a construction or vegetation, at a specific
time [21]. Thus they enable data acquisition for topographic mapping. These technologies
are used, for instance, to map large forest fires and help rescuers gain knowledge about
the fire extend. They are also an enabler to weather prediction by providing cloud imaging
[32].

Remote sensing technologies can be divided into the two following groups:

e Terrestrial and airborne platforms, which is the focus of the first subsection

* Spaceborne platforms, which is further detailed in the second subsection

1.4.1 Remote sensing from ground and low altitude platforms

This section introduces remote sensing technologies for environmental changes monitoring
and cartography applications as it is a key application of this thesis work.

While airborne platforms have been used for more than a century, static platforms are
a newer approach. There were enabled by the advancement and affordability of webcams
that can work without requiring maintenance for several months [33]. Remote cameras,
such as webcams, are an important enabler for environmental changes monitoring [34].
For example, remote cameras are used to monitor glaciers’ retreats due to climate change.
Figure 1.2 illustrates one of these static platform used to monitor environmental changes. A
key portion of these cameras are not calibrated. Also, weather variation impact the camera
internal structure and parameters. These cameras are hard to reach, thus Observation 1

holds true for cartography and remote sensing from static platforms’ applications:



Observation 2: A calibration technique adapted to cameras already installed, that

can not be reached easily, would benefit remote sensing from static platforms

Figure 1.2: Static platform to monitor glacier changes with a camera [35]

Remote sensing technologies are also used for observation of objects from larger dis-
tances, such as for Earth Observation. The next section introduces briefly satellite remote

sensing through imaging.

1.4.2 Space imaging

The use of satellites for Earth observation purposes started at the end of the fifties, and
there are currently more than 150 Earth-observation satellites orbiting. This section briefly
introduces some satellite images application since a use case of this thesis is the calibration
of those cameras.

Imaging obtained through satellites enable to monitor climate and weather. They collect
environmental imaging such as cloud, pollution, or sand storm images. Satellite imaging
also detects environmental changes, such as vegetation and urbanization changes, which
helps understanding drought or climate changes. Satellites such as MOMS, SPOT-5, ALOS,
or ACRTOSAL-1 are major enablers of Earth mapping [36].
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Most cameras used on the satellite are linear array cameras. Several line sensors are
combined to build a larger virtual linear array camera [37]. These linear array sensors scan
the ground while the satellite moves around its orbit, leading to a wider image[38].

These cameras are pre-calibrated before sending them in space, but the conditions dur-
ing the spacecraft launch, such as changes in air pressure, temperature, or vibration, impact
their geometry [39]. The conventional method for their on-orbit calibration relies on the use
of control ground points. However, control points might not be available due to weather
conditions [39]. Another set of methods rely on autocollimation made possible through
modification of the internal camera structure [40]. For instance, the authors in [38] sug-
gest adding a micro-transceiver in the camera interior. However, this requires modifying
the camera’s internal structure and is not adapted for cameras already installed. Hence, a
method suitable for the calibration of hard-to-reach cameras would benefit space camera

calibration.

1.4.3 Leverage camera use

While the applications presented previously are existing engineering applications, similar
capabilities could be added to many more installed cameras. For instance, the use of se-
curity cameras could be leveraged to help reducing the resources required for obstacles
localization. If these obstacles are temporary, then it would help taking short-term mea-
sures to avoid road accidents. Let’s take the example of a tree falling on a road. If one
could obtain an estimate of its actual location from the security camera, then the part of the
road damaged by this incident could be notified to road users in an automated way. If the
obstacle is permanent, such as a fire hydrant system along the road, then one could locate
it from the camera and determine its actual location in the world frame to update a map of
non-authorized spots to park. Providing the capability to make measurements from images
to security cameras, would allow measuring vehicle speed from the installed cameras. In

turn, this would reduce the cost required for radar systems. This potential applications rely
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on the automated processing of security camera images using computer vision techniques.
The next section further investigate the advantage of camera-based measurement for safety

applications.

1.5 Camera-based measurement for safety applications

1.5.1 Growth in the number of security cameras for safety purpose

Security video cameras help to minimize response time of rescue teams, maximize opera-
tional effectiveness and help to reduce the number of incidents. Indeed, strategies can be
immediately deployed when certain situations arise that are detected using video cameras.
For this reason, cameras help to reduce the number or impact of incidents. Moreover, they
improve situational awareness, which helps manage and coordinate responses because they
provide real-time access to visual information [41].

The number of security cameras continuously increases worldwide. In 2012, North
America had around 33 million cameras. In 2016 this number had reached 62 million.
Figure 1.3 provides a snapshot of the evolution of the number of security camera bases

installed [42]. A base can have multiple cameras.
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Figure 1.3: Number of security camera bases installed in North America from 2012 to 2016
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Large cities across the world count hundreds of thousands of security cameras. For
instance, London has spent more than 300M£ to install closed-circuit television (CCTV)
units between 2007 and 2010 to help reduce crime and antisocial behavior. London counts
more than 500,000 CCTV units, while the city has around 10 million people [43]. More
than 30,000 cameras are used by the police in Chicago to monitor the city and help reduce
violence [44].

The location and use of security cameras are broad: such places include train and sub-
way stations, airports, offshore platforms, office buildings, schools, natural environments.
New uses of security cameras are developed frequently. For instance, in France, wildlife
monitoring cameras were deployed recently in the Fontainebleau forest to detect and track
illegal polluters [45]. The same cameras are used in some African natural parks to reduce
poaching. As mentioned earlier, capabilities could be added to these cameras for safety
purposes, such as facilitating accurate object detection or measuring vehicles’ speed.

Security cameras help to minimize the response time of rescue teams, maximize opera-
tional effectiveness and help to reduce the number of incidents. Their use could be further

optimized by provided automated analysis of their video.

1.5.2 Multi-task, cost reduction and safety improvement through calibrated security cameras

Accurate object detection has many applications when working with security cameras. As
an example, images could be corrected from their distortion, improving the object detection
step, and in turn helping the detection of threats, such as fire or non-authorized vehicles.
Calibration is also a requirement to get metric information from images. Thus, the cal-
ibration of security cameras is an enabler for obstacles height or location estimation or
automated vehicle speed measurement [46]. Since these cameras are already installed,
adding these capabilities would optimize their use and reduce resources currently required
for the tasks mentioned above.

Security cameras are rarely calibrated. Indeed while describing the procedure for their
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installation, providers do not specify any requirement concerning calibration [47] [48]. For
example, Atlanta’s Georgia Tech campus counts more than 2000 cameras, but none of them
are calibrated. Their calibration would enable to optimize safety applications as described
previously. In the future, it could also provide capabilities aside from safety purposes to
these cameras.

Some studies on the automated analysis of security camera footage focus on congestion
detection using cameras [49] or vehicle speed measurement [46]. These last safety applica-
tions could be expanded to the large network of security cameras already existing, but this

would require that security cameras are calibrated.

1.5.3 Speed measurement

Security cameras are used to monitor traffic and are capable of measuring the speed of
vehicles [50] [51]. First, the vehicle is automatically detected using a computer vision
technique. Then, the vehicle location on the image is determined, and the vehicle flow,
which is the speed in pixels per second, is obtained. Finally, using the correspondence
pixel to metric, the speed in kilometers per hour can be computed [50].

However, if the camera is not calibrated, the speed measured is not accurate, as is ex-
plained in [52] and [51]. In [53], several vehicle speed measurements are made using an
uncalibrated camera. The camera-based measurement is compared to the speed measure-
ment made using a GPS, which is considered as ground truth in this paper. The accuracy of
the vehicle speed measurement made in [53] is lower than 70 percent across several trials.
Indeed, while the GPS provides a vehicle speed equal to 43km/hr, the camera-based mea-
surement provides a speed equals to 66km/hr. Another trial provides a GPS-based speed of
38km/hr and a camera-based speed of 55km/hr. Hence, the method applied on uncalibrated
cameras leads to errors, and calibration is required for better speed estimation. In [54], the
camera is calibrated, and the error of the vehicle speed measurement is equal to 3.5 percent

for the worst trial, which is an improvement compared to the method where no calibration
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had been conducted [53].
Millions of cameras, and security cameras, in particular, are already installed but not
yet calibrated. Additional capabilities could be enabled for these cameras. However, to do

so, cameras must be calibrated and then computer vision techniques implemented.

Observation 3: A calibration technique adapted to cameras already installed, that

can not be reached easily, would benefit safety applications

1.5.4 Summary

Today, cameras contribute to improvements in a number of domains such as manufacturing,
civil engineering, safety, environment monitoring. It is possible to facilitate the processing
of videos and, consequently, of the use of cameras, by implementing automated analytics
of video footages from calibrated cameras.

The photogrammetric and computer vision applications presented in this chapter share
a common characteristics: they rely on the use of cameras that cannot be reached easily.
The following section provides a definition for hard-to-reach cameras, and summarizes the

benefits of their calibration.

1.6 The benefits of hard-to-reach camera calibration

”Hard-to-reach cameras” refer to installed cameras that can not be removed from their lo-
cation without impacting the camera parameters or the task operated by the camera. This
group includes, among others, remote sensing cameras and security cameras. These cam-
eras are already installed outdoor or indoor, are usually high, and can not be reached easily.
Hard-to-reach cameras refer to a broader range of cameras whose extent does not stop to
security cameras. It also refers to cameras used for remote sensing. For example, it includes
the ones on static platforms for glacier monitoring or satellites’ cameras. This group in-

cludes as well cameras used in a set-up that makes them difficult to access, such as cameras
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used for store separation testing. A technique adapted to the calibration of hard-to-reach
cameras would benefits many fields, such as the aerospace industry through aerial remote
sensing or store separation through photogrammetry, or the safety sector with automated
speed measurement or obstacle localization through security cameras. This would also
benefits environmental changes exploration. Remote sensing is an essential tool for envi-
ronmental monitoring and for determining shapes and dimensions of objects’ of interest
located on the ground [36] [21]. Two types of remote sensing approaches use cameras that
are hard to reach: static platforms and satellites. Accurate use of these cameras require that
they are calibrated.

However, a key portion of these cameras are not calibrated. For instance, most security
cameras are not calibrated, and their number was over 60 million in North America in
2016. In [35], authors installed a camera for glacier monitoring but they did not calibrate
the camera before using it, which limits the automated analysis of its video footage. This

lead to this main observation:

Main observation: An efficient technique for the calibration of those hard-to-reach
cameras would have benefits in many domains such as for environmental changes

monitoring, in safety, and in industry.

In addition to the need for calibration, the internal structure of the camera is impacted
by external factors, requiring the re-calibration of the camera. Thus, an efficient method
for the calibration of hard-to-reach cameras would help calibration and re-calibrating the

many cameras used for remote sensing, safety, and some industry applications.

1.6.1 Need for re-calibration

Temperature changes impact the focal length and the principal point location, which is the
intersection of the optical axis and image plane. Figure 1.4, Figure 1.5, and Figure 1.6

illustrate the impact of weather on these parameters for three different trials (blue, red, and
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green plots) using the same camera and implementing the same increase in temperature

[55].
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Figure 1.6: Impact of the temperature on the vertical position of the principal point

The weather has an impact on camera geometry, as shown with the trend observed for
temperature changes, and consequently, it has an impact on camera parameters [56][57].
These parameters are involved in the mapping 3D-2D, i.e., the calibration. This requires
that re-calibration be conducted. Consequently, there is a need for methods to re-calibrate
cameras already installed, and located in a large variety of environments.

Environmental conditions also impact satellite cameras. Temperature changes and dry-
ing out effect are responsible for the modification of the camera’s parameters. Indeed,
they lead to unpredictable changes in the camera’s internal geometry [37]. Consequently,

satellites’ cameras are periodically calibrated when moving on their orbits [58].

1.7 Overarching Research Objective

This chapter presented the advantages of camera calibration, which is a necessary step to
make measurements from images only about objects located in the real world. From a
monocular camera which is calibrated, and one known geometrical dimension in the world

frame (this can be knowing the object is on the ground), the actual location of an object
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can be obtained. This chapter focused on hard-to-reach cameras such as remote sensing
cameras on static platforms, or security cameras. An efficient method for their calibration,
and re-calibration, would benefit many applications in environmental changes monitoring,
safety, or industry. It would allow to provide additional capabilities to these cameras, which

are already installed. Thus, the research objective of this thesis is the following:

Research Objective: Developing an efficient calibration technique for hard-to-reach

cameras

1.8 Thesis structure

This present chapter motivated the need for calibration of hard-to-reach cameras. Chap-
ter 2 further presents the camera calibration process and identifies challenges that must
be overcome to calibrate hard-to-reach cameras and so to reach the research goal. It pro-
poses a solution for the calibration of hard-to-reach cameras, and presents the challenges
that the solution must overcome to reach the Research Objective. The remaining chapters
formulate Research Questions whose answers provide an evaluation, improvement and val-
idation of the proposed solution. These remaining chapters also present the Experiments
run to test Hypotheses that are proposed answers to the Research Questions. This set of
Research Questions, Hypotheses and Experiments lead to the validation of the proposed
calibration solution. In a last chapter, the main contributions of this thesis are summarized

and directions for future work are provided.
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CHAPTER 2
RESEARCH FORMULATION

The Overarching Research Objective is recalled in the following statement:

The research objective of this thesis is to develop an efficient camera calibration

method for hard-to-reach cameras.

The key word efficient refers in this context to a method adapted to the large diversity
of environments where these cameras are located: from urban areas for security cameras,
to natural environments for remote sensing static platforms. It also refers to a method that
can be implemented rapidly due to the large number of already installed cameras, and the
need of re-calibration.

This chapter presents the mathematics behind camera calibration to understand better
what is to be solved to reach the objective of this research. It presents existing calibration
methods and their limits for their application to hard-to-reach cameras. Based on the draw-
backs of existing calibration methods, the research focus of this thesis is refined, and an

Overarching Research Question is formulated.

2.1 Mapping world coordinates to image coordinates

In a first sub-part, camera calibration and the transformations involved in the process are
presented. In a second sub-part, the equations that relate 3D coordinates to 2D ones are

derived.

2.1.1 Transformations between world frame and image frame

Calibrating a camera consists of determining the relation between the 3D space coordinates

of an object and their projected 2D image coordinates [12]. Figure 2.1 depicts the projec-
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tion of the 3D coordinates PO into the 2D coordinates Po through a pinhole camera. A
pinhole camera is a simple camera that does not have a lens but a small aperture instead

(point O on the figure).
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Figure 2.1: Light path for a pinhole camera [59]

The mapping between the 3D space coordinates and the 2D camera coordinates is de-

rived using a succession of transformations:

e The first one is from the world coordinates X ,,, Y,,, Z.,, to the camera coordinates
Xeams Yeams Zeam- The world coordinate system is a global one, while the camera
coordinate system depends on the camera location and orientation, and has for origin
the camera center. Figure 2.2 illustrates this change of coordinates. Any transfor-
mation between two 3D coordinate systems is made of translations and rotations.
Hence the relation between these two frames can be expressed using rotations and

translation matrices multiplied as developed later in this chapter.
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Figure 2.2: Point P seen from the world coordinate system (green vector) and the camera
coordinate system (blue vector)

e The second transformation is from the camera coordinates (X .4, Yeams Zeam) 10 the
image coordinates (x, y). This transformation is a projection of the object on the 2D
image plane to which the lens distortion effect is added. Figure 2.3 depicts the trans-

formation from 3D to 2D coordinates when it is assumed no distortion (projection in

3D
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Figure 2.3: Projection 3D to 2D [60]
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* The third transformation model the image deformation due to lens properties or cam-

era orientation. This deformation is called distortion

* The last transformation maps the image coordinates (x,y) to the pixel coordinates (u,
v). This last frame has an origin located at the top left corner of the image, and its
axes are in pixel unit [61]. Figure 2.4 illustrates the difference between the image

coordinate system and the pixel one.

Image coordinate system Pixel coordinate system

_ u(cal)
" v
g (row)
Pixel array
Y

Figure 2.4: From image coordinates system to pixel coordinates system

* Figure 2.5 and Figure 2.6 below illustrate this succession of transformations for a
cylinder located in the world frame. For each point of the cylinder, its coordinates
are transformed from the world system to the camera system. Then the point is
projected into the image plane, and finally, its coordinates are transformed into pixel

coordinates.

The first transformation can be described by a matrix of rotation R and one of transla-
tion T, which define the location and orientation of the camera. The components of these
matrices are parameters that are external to the camera geometry. The three other relations:
the projection, deformation, and transformation affine, are made of internal camera’s geo-
metric and optical characteristics such as the focal length, the central point location, or the
lens distortion coefficients. Hence, the relation between the 3D and 2D coordinates relies
on internal and external camera parameters. Calibrating the camera consists of determining

these parameters.
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Figure 2.5: World, camera, image and pixel frames [62]

Image Distorted
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Xw.Yw, Zy) XcamYeam Zcam) (uv)

Figure 2.6: Succession of transformations

These parameters are sorted into two groups: Intrinsic and Extrinsic parameters. The
following section provides equations for the transformations presented above that are made

from cameras’ parameters.

2.1.2 Camera parameters and equations from world to image frames

As mentioned, the camera parameters are divided into two groups. Extrinsic parameters
define the location and orientation of the camera and are stored in a matrix [R T], where
R is a rotation matrix and T a translation matrix. Intrinsic parameters are related to the
camera’s interior components and are involved in the mapping between the camera and the

pixel coordinate systems [63]. The intrinsic parameters encompass:

* The focal length f’. For a thin length, it is the distance between the center of the lens
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and the focal point. The focal point (F in Figure 2.7) is the point where rays parallel

to each other meet after passing through the lens [64].

Figure 2.7: Focal length F

* The principal point location: it is the intersection of the optical axis and the image

plane. It is the point pp on Figure 2.8 [65].

X P(LY,Z)

'P.e._,{y-a; '

'\ r Z
\u

optical pr N principal
center \ principal axis

Image PoINtPP

plane

Figure 2.8: optical axis and principal point [66]

* The distortion or image deformation: Perspective distortion is due to the camera ori-
entation. Optical distortion is due to the design of the lens used in the camera. The
prominent lens distortion effect is called radial distortion, and can be divided into

two groups: barrel and pincushion distortion [67]. These two lens distortion effects
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are depicted in Figure 2.9. The left image represents a picture without distortion.
The middle one represents a picture deformed due to barrel distortion that causes
straight lines to appear as convex curves. The right image depicts pincushion distor-
tion that causes straight lines to be bowed inwards. In the equations derived later in

this section, the distortion coefficients are written k;, and p;.

%

% %
= =z i ey "
d 0
- 1
x | x, :
__-WF“_J S

No Distortion Barrel Distortion Pincushion Distortion

Figure 2.9: Distortion caused by lens [68]

» Skew coefficients: it is the number of pixels per unit length in each direction. It is

often written as i for the horizontal direction and i for the vertical direction.

With the intrinsic and extrinsic parameters I introduced, the equations relating 3D coor-
dinates to 2D pixel coordinates can be derived. The derivation is presented below because
these equations are central to the calibration process. Also, their derivation is necessary
to identify which part of the calibration process is well defined and which part could in-
clude innovations to enable a calibration approach adapted to hard-to-reach cameras. This
derivation is also necessary to clearly understand most hypotheses.

First, the linear model is introduced. This model is derived using the pinhole camera
model, which is depicted in Figure 2.10. This type of camera replaces the lens with a small
aperture, and thus, their model does not take the blurring and geometric distortion into
account [69].

This model assumes no distortion, enabling the representation of all intrinsic parameters
within a matrix called K. Using a single matrix K to represent intrinsic coefficients is not
possible when including the lens distortion. Indeed, in that case, the relation between (x,y)

and (u,v) is not linear.
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virtual image plane

Figure 2.10: Pinhole camera model [70]

Figure 2.11 summarizes the transformations between the frames using the intrinsic pa-

rameters (matrix K) and the extrinsic ones (matrices R and T).

Image-Pixel Camera World
Focal length |

|~

Extrinsics
intrinsics

Figure 2.11: Intrinsic and extrinsic parameters to map 3D coordinates to 2D pixel coordi-
nates [71]

A succession of rotations and translations define the transformations from the world

frame to the camera frame. The translation vector is written | ¢ y where t,, t,, and t, are

the translation along X, Y,,, and Z,,. The rotation matrix coefficients m;; are obtained by
multiplying the three matrices that define the rotation along X, Y,,, and Z,,. Consequently,
the coefficients m;; are functions of the angle of rotation along X, Y,,, and Z,. For
example, mq1=sin () * sin (ay) * cos (a,) — cos () * sin(a,)

where a, o, and o, are the rotation angles around X, Y,,, and Z,,. The axes and the
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angles mentioned here are depicted in Figure 2.12.

‘,(‘MJ XSJXW“'

Z axis fixed Y axis fixed X axis fixed

Figure 2.12: World coordinate frame and Euler angles

From the rotation and the translation coefficients, the relation between the world frame

and the camera frame is derived and is given by the following equation [38]:

Xeam mi1 Mi2 Mi3 Xw mi1 Miz Mi3 (2
Yeam | = |moa1 Mmoo mog| * | Yw | T [mar maa mag| * |1,
Zcam mg3p Mg2 7133 Zw mg3; g2 133 t.

By writing ¢4, to, t3, the translation coordinates in the camera frame, the above equation

can be written as:

Xeam mir Mz M3 Xw ty
Yeam | = |ma1 mao2 mas| * | Y | + |t2
ZLecam mg1 M3y Mg33 Zw t3

Figure 2.13 provides a drawing of the simple path followed by the light through a
pinhole camera. From this picture, the relation between the camera coordinates and the

image coordinates is derived using Thales’ theorem or similar triangles:

So far, the relation from the world coordinate system to the camera one and the pro-
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>

Figure 2.13: Light path from object to its image for a pinhole camera

jection from the camera frame to the image frame have been derived. Now the relation
between the image frame and the pixel frame will be derived. The main difference between
the image frame and the pixel frame is the axes center location. The center of the axes is

shifted from the principal point to the top left corner, as typical in computer vision [38].

Figure 2.14 depicts the frame center shift.

) Ox . (0,0) u (col)
U_r‘ 0,0) X v (row)
L ¥
y
Figure 2.14: Frame center shift

T X

Hence, the new coordinates become z + O, and y 4+ O, where = ZCJ: — x o
y Yeam

Finally, the metric unit is converted into a pixel unit. For this purpose, the skew coefficients

é and % are used, and the pixel coordinates can be defined as follow:

T
u L% (z+ O,) Lo & f*(zf * X +Om>
— T — T T * — x cam cam
Y
1 1 O 1 f
v g*(y‘FOy) 0 Sy s_j 1 g* (me *}/;am+oy>
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The equations for each transformation derived above assumed no lens distortion. These
equations can be summarized by a linear equation using matrices and homogeneous vec-
tors. Homogeneous points are useful to write linear equations that include vectors of dimen-

sion n and dimension n+1 [48] (in this thesis dimension 2 for the projection and dimension

U
3 for the real world coordinates system). For instance, the point will often be written

u

using the homogeneous point | ¢

1
Using matrices and homogeneous coordinates, the following equations are obtained:

Xcam
u I O Xeam u I 0= Feam
Sz Sx Zeam Sz Sz Yeam
Zcam
v — 0 i Oy k Yeam => v = O i ﬂ 0 *
Sy Sy anm Sy Sy 1
1 0 0 1 1 1 0 0 160 .
_anm .

Let’s write f, = % (respectively f, = %) the focal length in pixel, C, = 2—; (respec-
tively C, = %), the image center coordinates in pixels. The system of equation can be
Yy

written as:

Xeam
U f: 0 C.0
Yeam
Zeam * |v| = 0 fy CyO *
Zcam
1 0O 0 10
1

From Figure 2.14 or by using the Thales theorem or from equation 3, it can be stated
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u
that the points that belong to the ray s x [ Y., | have the same projection , so they
v
anm
are equivalent [57].
Image plane
4 v(s*x,5*%Y,5)

(x,y,1) z

(0,0,0)

Y

Figure 2.15: Same projection (z, y, 1) for all points s * (Xcam, Yeams Zeam)

Consequently, the relation between camera coordinates and projected coordinates can

be written, using s a real number, as:

Xcam
U f: 0 C,0
sx vl = |0 f, C,0]*
anm
1 0 0 10
1

Since the camera coordinates are related to the world coordinates with this relation:
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mir Mz Mmiz

Xcam XW
Moy Moz Mag 12

cham = * YW
mgy Mgz Mgz 13

anm ZW
0 0 0 1

The relation between pixel coordinates and world coordinates for a pinhole camera is

given bellow:

mir Mz Mz

U f- 0 C.0 Xw
Ma1 Moz Moz 1o

sk |lv| = (0 f, C,0|* | Yw
mgy Mgz Mgz 13

1 0O 0 10 Zw
0 0 0 1

This equation is central in the calibration process: it shows the relation between 3D and
2D coordinates. This relation depends on intrinsic and extrinsic parameters which must
be determined to calibrate the camera. To do so a regression is implemented using several
points of known 3D and 2D coordinates [12]. Note: a point in the 2D image is treated as
a ray in the 3D frame. Once the camera is calibrated, it is possible to determine a ray in
the 3D space that the object must lie on [72]. However it is not possible to get back to the
3D coordinates from the 2D coordinates if only one camera is available. With two views
taken by two cameras or by the same camera in two locations it is possible to determine
the exact position of an object by intersecting the two rays [72]. The model derived above
is a linear model and is an approximation that does not include the lens effect. However,
most cameras have a lens. The derivation is completed below to include the effect of lens
distortion.

First, let us start from the equation below that relates camera coordinates to pixel coor-

dinates and was derived earlier in the chapter.
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anm
vl =10 f, C, 0] *|J==
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To obtain a more accurate model, the pinhole model is combined with the correction
for both radial and tangential distortions. Radial distortion is due to the spherical shape of
the lens, tangential distortion is caused by the difference between the normal to the lens
components and the optical axis [73]. The most common distortion is the radial one. It is
modelled using parameters k; and k- that need to be estimated. k; accounts for a large part

of the distortion (usually 90 percent of it) [74]. Let us write 2’ = )Z(C‘““

cam

I — Yeam
, and Yy = Zeam? the
relation for radial distortion is given by:
60 ragial = &' % (ky * 1% 4 kg % 1%)
6y,radial = y/ * (kl * T2 + kQ * T4)
7,2 — x/? =+ y/2

Another common distortion is the tangential distortion and it is modelled as follow,

where p; and p, are coefficient for tangential distortion [12].

5$,tangentml = 21?196/2/’ + D2 (7“2 + 2.1'/2)
5y/tangential = 2[)21’/?/ + b1 (T2 + 2y/2)

These corrections are then added to the image coordinates (x’,y’) which lead to the

following corrected coordinates:
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u J 0 C; O 2"+ 02" rqdial + 02 tangential
v| = |0 fy Cy O] * |V + Y adiar + O tangential
1 0 0 1 0 1
The shape of the function that relates 3D world coordinates to their 2D pixel coordinates
has been derived above. The camera parameters are unknown and need to be determined
to build this function and thus calibrate the camera. The calibration problem is similar to
a non-linear regression problem [75]. Indeed calibration consists of determining unknown
parameters of a function, as illustrated with Figure 2.16. The following section describes

the model fitting steps and their application for camera calibration purposes.

K and distortion

World frame
r—\ p

Camera frame Xw

A } @

) e

RT
Xw Equations made of intrinsic u
X=- YW | parameters and extrinsic B U={v}
Iw parameters

Figure 2.16: Calibration is a model fitting” problem
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2.2 Non-linear Regression

The process of model fitting is decomposed into three steps [76]:

* Points sampling: build a set of input and output values and divide it in training and

validation set

* Optimization: Use the training set of points to fit the unknown parameters

* Model evaluation: Use the testing set of points to fit the unknown parameters

The three following sub-sections provide general knowledge about these three steps and

present their applications during the camera calibration process.

2.2.1 Sampling

This step focuses on building a set of input data points and get their function value. This
set is then divided into a training set and a testing set. Because calibration is a non linear
regression problems, points must be sampled in the entire design space, including in regions
of complex behaviors to correctly capture the non-linearity of the model [77].

In the specific application of camera calibration, the set of points is made of 3D world
points, and their function values are the 2D pixel coordinates of their projection of the
image. Building the mapping 3D to 2D for a pinhole camera requires solving 11 unknowns,
as can be seen from equations in the previous section. Indeed, the homography matrix that
relates a point (X,Y,Z) to its pixel component (u,v) is a 3*4 matrix and is defined within
a scale factor so it has 11 unknowns. A point in 3D and its 2D location provides two
equations (one for each image component). Thus, a minimum of six training points must
be generated to calibrate a camera. These points should not be colinear in the camera frame;
otherwise, they provide the same information, i.e., the same set of equations.

The main take-away of this step for camera calibration purpose is summarized in the

following observation:
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Observation: The camera calibration process requires the measurements of at least

six (3D,2D) points.

2.2.2 Training

The key points obtained during the sampling are used as an input of an optimization method
which returns an estimate for the camera parameters. For the camera calibration purpose,
the literature presents two optimization approaches: non-parametric regression and para-
metric regression.

Non-parametric regression:

Non-parametric regression estimates the function without assuming any parametric
form, and the model can result in higher performance compared to parametric methods
[78].

These methods present a main advantage compared to parametric method. They do not
rely on a pre-determined shape for the function to model. In the specific case of camera
calibration, it would enable modeling the camera while including impacts dues to manufac-
turing error, lens blurring, environment impact such as potential degradation due to weather
or vandalism.

Non-parametric methods usually requires a large number of data points. In [90], a
Support Vector Machine (SVM) technique is used to calibrate the camera and enables an
accurate and fast calibration. The method uses a linear kernel function to model pinhole
cameras and a radial basis function to model lens cameras. Because the kernel function
type depends on the camera model, the SVM approach is not easily scalable to various
cameras. In addition to this drawback, the method requires the estimation of the first guess
for some scaling factors, which requires manual processing. When considering the large
number of security cameras already installed, the calibration method should require as little

human knowledge as possible. A neural network was used in [79] to build a 3D-2D relation
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independent of the camera geometry. In [80], a neural network is implemented to avoid
using a predetermined model and account for the manufacturing error. However, training
a neural network requires a large number of sample points, which is time-consuming to
collect. The parametric methods have shown good accuracy and require a smaller number
of points to sample. Thus, this work focuses on parametric regression methods, and the
neural network method could be future work.

Parametric regression:

As derived in section I of this chapter, the explicit shape of the relation between 3D and

2D points is given by the following set of equations:

Xcam X
u f- 0 C,0 f: 0 C, 0O mip Mmiz Mmyz Iy
)/cam Y
sxlvl =10 f, C,0[* =10 fy Cy O[*|ma ma mog ta | *
anm Z
1 0 0 10 0 0 1 0 ms31 T3y 133 tg
1 1

Udistortion = f(u, v, Cxu Cyafﬂm fy7 kl,kZ,pl,)
Vdistortion = g(u, v, va Cy7fa:7 fya kl,kQ,pl,)

where f and g are non-linear functions.

The literature presents many methods to solve the unknown parameters, and the three
main ones are described below. The fastest one assumes the linear camera model and
ignores lens distortion. In that case, a one-step optimization can solve for the unknown
parameters. This method fits the unknown parameters by minimizing the least square error
for an overdetermined problem [72]. This method is also used as a first step of more
complete calibration methods.

The calibration equations for the linear model can be written as follow, where A=(a;;)
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is called the projection matrix:

Xy
Uu 11 Q12 a3 adig
Yo
S* (vl = a1 aze a3 as | *
Zy
1 a31 G32 a33 (34 .

The parameter “s” can be any positive value. Indeed “s” is the distance along the ray
that joins the camera center to the actual 3D point. All points on this ray have the same
projection on the camera sensor, leading to the same pixel.

The above system of equations can be expended leading to the following equation:

SkxU=0Q11 * Xy + a12%x Yy +a13% Ly + 14

S=a3z; * Xy + Q3a % Yy, + a3z % 2y, + G3a

az1* Xy x U+ ag* Yy, % u+ags* Zy *u+ azgxu = app* Xy +app* Yy, +ai3* 2y + ayy

an * Xy +ap*xY,taz*xZy,+ a1 — a3 * Xy *U—aza% Yy, kU —a33* Ly kU — aggxu =0

The same can be done for the coordinates v, and this leads to a second equation:

A1 * X+ Qoo *x Yy, +Aog*x L+ Qog — Q31 % Xy ¥V — Q39 % Yo kU — Q33 % Ly kU — 34 %0 = 0

Equations (a) and (b) can be used to solve for the unknown parameters. There are 12
unknown parameters, so it is necessary to have at least 12 equations to solve for these
unknown parameters. Consequently, using equations (a) and (b) for at least 6 points, it is
possible to solve for the parameters. In order to solve for these parameters, a matrix L is
defined, such as for p in [0, N-1] where N is the number of points, the row of L are defined

as follow:
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LYy, = [X,, Yy, Zy, 1,0,0,0,0, —X,u,, —Yyuy, — Zpty, —u,)
L1 =1,0,0,0,0,X,, Y,, Z,, 1, —X,v,, —Y,0,, — Z,v,, —0,]

By writing a=[a11, a12, al3, .., a33, a34]", the parameters are a non-trivial solution to
L*a=0, which can be obtained using least square or SVD decomposition. The parameters
obtained from these steps are not directly the camera parameters but a combination of them.
For instance, a;;=f,*mi1+C,*m3;. Calibrating the camera requires to estimate the camera
parameters, thus, it requires to find f,, f,, m;;, Cy, Cy, t;, from the a;; coefficients. This
step is not trivial and a method to estimate the camera parameters from the a;; coefficient
is presented in Appendix B.

The method does not account for the lens distortion so far. The two methods introduced
below do include lens distortion. A complete method is presented in [12] and takes the
lens distortion into account. The key points obtained during the sampling are used as an
input of a non-linear optimization method that aims at minimizing the mean square error
F =" (U, —w)*+ (V,—v;)* where U; and V; are the actual values of the 2D key
points and u; and v; are the model values that are functions of the unknown parameters and
the 3D key points. By minimizing this function, an estimate of the unknown parameters is
obtained and used to build the mapping that relates 3D to 2D points.

This method is more accurate than the first method because it includes the lens distor-
tion into the model. However, this approach requires good initial values for some parame-
ters to obtain a good model.

A third method, called the two-step method, enables to overcome this limit [81]. This
approach is a combination of the two previous methods. It first uses a linear optimization
technique to get some of the parameters. For instance, authors in [12] use the linear opti-
mization method described first in this section. The camera parameters are then estimated

from the estimated a;; coefficients. Appendix B provides explanation about this step. Then
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the estimated camera parameters are used as first guesses for the nonlinear optimization. In
the literature review about camera calibration, several methods are used for the nonlinear
optimization process. This step, is also called "Bundle adjustment” in computer vision or
photogrammetry [82]. The bundle adjustment technique was developed to refine the key
point coordinates measurements and the resulting camera parameters. The technique uses
nonlinear optimization to minimize a cost function whose arguments are the key points and
the camera parameters estimated in the previous step [83]. In calibration, the key points
coordinates are fixed, and the non-linear optimisation minimize the cost function (repro-
jection error) by varying the camera parameters and keeping the key point coordinates
constant. The non-linear calibration step is a specific case of the Bundle adjustment.

The non-linear optimisation step is generally a second order line search method: the
search is conducted along successive lines that satisfy criterion based on the gradient and
hessian values [83]. Commonly used method for this step use Netwon’s method. For the
later, the condition between gradient, hessian and line search direction is the following,
where H is the hessian, J; the gradient, p the line search direction, x the vector of parame-

ters to be varied, and k is used to represents the iteration number [84].

H(xg) * pr, = —0y(zy)

In [12], a variant of Netwon’s method, which is the Levenberg Marquardt optimization
algorithm, is used for the non linear optimization. In [85], a genetic algorithm is imple-
mented to obtain the calibration parameters. In [86], the authors use linear optimization
of several functions, each of them corresponds to a function of a unique variable, which
is a distortion parameter. The two-step method has shown good accuracy in literature. It
is scalable to a large range of cameras as it does not rely on a pinhole model assumption
and does not require a manual first estimate of the parameters. Thus, implementing the
two-step calibration approach enables the calibration process to be automated and applied

to pinhole and lens cameras. It seems that this method does not present major obstacles
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when working with hard-to-reach or remote cameras, as soon as a set of training 3D and

2D points is available. Because this method does not require manual tuning, it is scalable

to the many installed cameras. Thus, this method is adapted for the calibration problem

tackled by this thesis. This leads to the following claim.

Observation: Implementing the two-steps calibration approach enables the calibra-
tion process to be applied to a large range of cameras because it is an automated

method and does not rely on simple camera model assumptions or manual tuning.

Figure 2.17 summarizes the optimization steps for the camera calibration.
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Figure 2.17: Optimization process for the calibration

Once the model for the function has been estimated through the optimization process

using the training set of points, the next step focuses on evaluating the accuracy of the

camera calibration, i.e., the relation that maps 3D coordinates to 2D coordinates [87] [88].
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2.2.3 Evaluation

This section introduces metrics used in calibration. It also presents an overview of common
metrics used to evaluate accuracy of a regression model and their advantages and drawbacks
for the camera calibration purpose. Finally, it lists the chosen metrics used in this thesis.

There is no systematic way to evaluate the camera calibration accuracy. For instance,
for planar pattern-based calibration, Matlab offers to plot the relative locations of the cam-
era and the calibration patterns to discover obvious errors [89]. This method can be applied
to object-based calibration only. The authors in [90] chose a baseline calibration method as
ground truth and compared the focal length and principal point location obtained through
new calibration methods to the values obtained with the baseline method. In [91], the
camera calibration is evaluated by measuring the root mean square error (RMSE) between
image points obtained through the model and image points measured manually. In order
to find an evaluation method suitable to the calibration problem tackled by this thesis, a
review of functions of interest for evaluation of calibration accuracy and a review of re-
gression evaluation methods was completed and is summarized below.

The accuracy of a regression model is measured by comparing the model value and the
real function value at some points.

For camera calibration, the evaluation approach can be divided in two groups listed

below [92].

* The first group measures the difference between the projection of 3D points obtained
through the model fitted with the regression and the actual 2D coordinates on the

distorted images.

* The second group compares the discrepancy between the 3D position estimated with
the model and the actual 3D position. If the calibration function maps 2D points to
3D points, then it returns the ray where the 3D point is located as output. In that

case, a method to calibrate the accuracy compares the distance between the actual
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3D points and their predicted rays. If the calibration is from image to ground then
the function maps 2D image coordinates to 2D real coordinates. The discrepancy
between image points projected on the ground using the model and actual ground

points enables to evaluate the calibration method.

Both accuracy evaluation methods are used in this work. The choice of the method is made
depending on the purpose of the experiment. As an example, an application of this thesis
work, as well as the last experiment focus on speed measurement of vehicles. For this
specific case, the goal is to get the actual ground location from images, so the mapping
from the image to the ground is computed. Thus, the second method is used to evaluate
the calibration. Other experiments focus on the improvement of the approach. In that
case, the work focuses on comparing camera models estimated through different calibration
approaches. In that case, the accuracy is measured from the difference between the actual
image points and the ones obtained through the estimated camera model.

Once the system used for accuracy evaluation has been determined, an evaluation met-
ric (cost function) is computed using the difference between model points and real points.
To select adapted metrics for this work, parameters used for regression analysis were in-
vestigated. Several methods to measure the accuracy of a regression model are listed below

[93]:

* The coefficient of determination R? : R? = 1—33E where SST = 3" (i — a)” (v — a),
SSE = Ziv (y; — mi)T (y; — my), a is the average of the y; values: a = % , Ui
is the value of the true function at point i and m; is the value of the model at point 1
[89]. a, v;, m; are vectors of two coordinates. I?? is larger than 0 and smaller than 1
and it is closest to 1 for the best match between the model and the real function. The

coefficient of determination is a relative measure of fit and is mainly used to compare

two models and not for evaluation of a unique model.

* The actual VS predicted plot [93]: A good match is when the plot is close to the
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function y=x. This error metric assumes that the actual values are perfectly accurate

which is not a correct assumption in camera calibration.

* Residual versus predicted plot [94]: the residual is the error between the real function
and its prediction at a given point: e; = norm(y; — m;). If the model that is fitted
to the data is correct, then the error should have a random distribution such as in
the example below. The function modelled in this thesis is a function from R? to
R?. The predicted value is consequently a vector. So, two plots could be drawn:
one that plots the error versus the abscissa value and one versus the ordinate value.
However, using residual versus predicted plot for functions that model 2D vectors is
not common. An example of plot for a function whose output is in the real space is
given in Figure 2.18. If the residual displays a pattern, then the model fits the data
poorly [95]. The metric is not well adapted to functions whose output is not in 1 but

in R" instead.

Residual
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Figure 2.18: Light path from object to its image for a pinhole camera

* The root-mean-square error (RMSE): It is an absolute measure of fit, thus it is a
commonly used metrics for calibration accuracy evaluation. The root mean square

error has same unit as the output which allows to interpret easily the accuracy result.

SN (yimma) T (yi—ma)
RMSFE = \/ 1Y N Y
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* Model fit error (MFE):[93] It is the error on training points. The model is good if the
plot of the number of points with a given error versus the error value has a normal

distribution.

* Model representation error (MRE) [93]: It is similar to the MFE but the error is
measured using testing points instead of training points. The plot of the number of
points for a given error versus the error value should have a normal distribution for a

good fit.

These two last metrics prove that a model can be evaluated using training points, espe-
cially if testing points are not available.

The following observations summarize the Evaluation subsection,

Observation: Depending on the calibration purpose, two approaches are used in the
literature to evaluate the calibration. The first one measures the discrepancy between
actual image points and estimated projection of 3D points, the second ones compares

a 3D points with the estimated ray.

Observation: The RMSE (or the average error) provides an absolute measure of
fit and can be easily connected to the calibration application, thus it is an adapted

metrics for this thesis work.

2.2.4 Take-away of the regression process for cameras calibration

The analysis of the regression steps for camera calibration purposes lead to four main obser-
vations that drive choices made while defining this thesis’ hypotheses and while designing

the experiments:

* Implementing the two-step calibration method for the optimization step enables the

calibration process to be applied to many cameras. Indeed, it can be used for pinhole
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cameras and cameras with distortion without changes in the optimization process.
Also, the two-step method does not require manual tuning of hyperparameters or a
manual first-guess estimate. Thus, it is an automated method which is an essential

factor when considering the large number of already installed cameras.

* The regression error can be measured through two different ways: by comparing 3D
points and rays or by comparing image points and estimated projections. The choice

of the method depends on the calibration application.

* RMSE and average error are adapted measures of fit for camera calibration. The

error metric can be computed on training points (MFE) or on testing points (MRE).

* The optimization step relies on the availability of at least six points whose 3D and
projected 2D locations are known. And the larger the number of points is, the higher

the accuracy should be.

This last observation is the main challenge that must be overcome in this thesis. The
following section provides a benchmark of existing methods that enable the collection of
information about points in the world space and their corresponding images through the

camera.

2.3 Benchmark of calibration methods

In this section, the conventional calibration methods will be introduced. It will be explained

that these methods are not suitable for the calibration of hard-to-reach cameras.

2.3.1 Autocollimation method

This set of methods is used for the laboratory calibration of space cameras before the satel-
lite launch. It is presented shortly since these methods are not used anymore for other types
of cameras due to their tedious process. The approach relies on an expensive optical appa-

ratus made of a collimator, a grid, and a bench to translate the collimator and the camera.
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The collimator sends light to the grid, also called a filter. The actual grid shape and its
image are used to determine camera parameters. This calibration method requires a large
laboratory space or a large volume with know localization information [96]. It is a time-
consuming process that can take a day of work for skilled technicians [96]. Authors in [20]
designed an optical tool that replaces the bench to save room, but the tool requires easy

access to the camera. Thus this set of methods is not adapted for hard-to-reach cameras.

2.3.2 Object-based calibration

These methods rely on the observation of points of interest on a calibration object, and
the correlation of their pixel coordinates with their 3D coordinates. The calibration ob-
ject’s geometry is known, which enables the determination of the 3D coordinates of the
points of interest [97]. According to the dimension of the calibration object, the method is
classified as 3D object-based calibration, 2D object-based calibration, or 1D-object-based

calibration.

* 3D object-based calibration: The calibration object is made of two or three planes
orthogonal to each other [98]. The theory behind using a 3D calibration object is not
complex, but the process is expensive to implement. Indeed, accurate 3D calibration
objects are difficult to produce and maintain. Besides this limit, the object must
cover most of the camera field of view to obtain a small calibration error which is
not convenient when a camera with a large field-of-view is calibrated [99]. This
calibration approach is expensive to set up, and that is why two other object-based

calibration methods were designed [100].

* 2D object-based calibration: Zhang developed a method that uses a planar pattern
that is moved in front of the camera at different orientations to get the camera’s
parameter and calibrate the camera [100]. It is the most common calibration tech-

nique used nowadays. An implementation of the method can be found on OpenCV.
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It requires about 50 images of a known pattern. Several calibration patterns have
been designed in the literature review, and the OpenCV method recommends using a
chessboard-like pattern. The chessboard is placed at different locations and orienta-
tions in front of the camera so that it covers most of the field-of-view. The 3D world
coordinates of some feature points are determined using the known geometry of the
object. The OpenCV method detects and computes the corresponding 2D pixel loca-
tions in the image. These key points are then used as input of the black-box function
to map 3D to 2D. However, this method is tedious to set-up because the calibration
object must be manually rotated and translated in many positions. For large field-
of-views, many calibration patterns can be located in the volume seen by the camera
[101], but it requires a long and manual process. Authors in [102] demonstrates that
their small calibration board must cover the entire field-of-view to ensure an accurate
calibration, which is a very tedious process. This very manual process is not adapted
for the calibration of cameras located in complex environments, such as the one for
Glacier monitoring. Also, when considering the security camera application, more
than 60 million cameras would need to be calibrated. This very manual process is

not adapted for this purpose.

* 1D object-based calibration: An alternative solution for object-based calibration re-
lies on using a 1D object, such as a wand that is moved in front of the camera. The
calibration object is made of visible key points (markers) aligned on the wand [98].
These marker’s locations on the wand are known [103]. This calibration object is
moved in the field-of-view to collect the required 3D and 2D points. For instance, in
[98], the wand movement is a rotation around a fixed point. Video sequences of the
moving wand are acquired to obtain several observations of the 1D object and then

are processed to calibrate the camera.

The three methods mentioned above require the use of an object that can cover the

camera field of view. Indeed if the object covers only part of the field of view, then the
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calibration results in poor accuracy [104]. Since these cameras are hard to reach, their
field-of-view covers a large area. Hence the object-based calibration is not adapted for a
camera that is hard to reach. In addition to this constraint, two of the object-based ap-
proaches require the motion of the calibration object, which is complicated to implement
when working with cameras that are hard to access. Because of the need of covering the
entire field-of-view and the manual process required for object-based calibration method-
ology, these methods are not adapted for hard-to-reach cameras. Indeed, they do not solve
the issue of remote camera calibration. For instance, they do not enable the calibration of
cameras located on offshore platforms, since they require setting up calibration objects in
their field-of-view, which is not easily accessible by a human. Finally, these processes are
manual and require tedious human intervention, so they are not scalable to a large number
of cameras. However, North American counts more than 60 million hard-to-reach cameras,
whose calibration would enable great benefits, as explained earlier in this chapter.

Thus, the following gap can be formulated:

Gap: The existing object-based calibration approaches are not adapted to large FOV

and to hard-to-reach cameras, because they require a tedious and manual process

2.3.3 Self-calibration

Self-calibration methods do not use a calibration object. They rely on correspondences
between image points, or on correspondence between real-world object characteristics and
image features to compute the camera parameters.

There are a large variety of self-calibration techniques. First, the original one and the
state-of-the-art ones are presented. Then, the main drawbacks of self-calibration are intro-
duced.

The self-calibration principle relies on a virtual object called absolute conic. Let us

consider a particular conic in the plane at infinity that is invariant under rigid motion and
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change of scale. Its image is the same when the camera is moving. This conic is called
absolute conic and is used as a virtual calibration object that can be found in all scenes.
Thus several views of this object are available and are used for the calibration [105]. The
first self-calibration method developed uses the absolute conic principle and is described
in [106]. This method requires camera motion, and consequently, it does not apply to
static cameras, which is a key portion of security cameras. The self-calibration methods
that are based on the absolute conic principle rely on Kruppa’s equations [107] which have
unknown scale factors that are difficult to solve, thus these factors are not estimated accu-
rately. Also, some of these techniques require a first estimate for some parameters (intrinsic
ones), which implies errors in the calibration process [105]. Consequently, these calibra-
tion techniques are not robust and tend to perform poorly [108]. In addition to lacking
accuracy, some environment geometry is not conducive to self-calibration using the abso-
lute conic. Indeed, a large number of well-distributed object points or highly convergent
images are required to implement self-calibration techniques [109]. Consequently, these
self-calibration methods apply only in a restricted type of environment. The state-of-the-
art self-calibration method uses scene features called vanishing points [110]. Vanishing
points are intersections in the image plane of parallel lines in the world frame. These lines
are called vanishing lines [111] and rely on the following observation: parallel lines in
the 3D frame usually intersect in the image frame. Indeed, the transformation between a
2D surface in the world and its image captured by a camera is described by the projec-
tive geometry. It does not preserve distances, angles, or parallelism. Projective geometry
only preserves straight lines. A camera can be self-calibrated using three (or two for an
approximated calibration) mutually orthogonal vanishing points [112]. Figure 2.19 illus-
trates vanishing lines in three orthogonal directions. In the world frame, the yellow lines
are parallel to each other. It is the same for the purple lines and the green ones. On the
image, they are not necessarily parallel, and they intersect at vanishing points.

Authors in [113] have demonstrated that this technique enables camera calibration from
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Figure 2.19: Vanishing lines and vanishing points

observing a walking human or a moving car to extract the vanishing points. However, it
assumes a constant speed of the tracked objects and requires orthogonal lines marked on
the ground. These requirements restrict the type of environments where the camera can be
calibrated.

The main drawbacks of the calibration through vanishing points are listed below:

Vanishing lines intersect at several points. It is then necessary to use a voting strategy
to select a vanishing point. Consequently, the vanishing point location is inaccurate

[114] [115]

If two of the vanishing lines intersect at infinite vanishing points, then the internal

parameters can not be obtained [110] [115]

It requires at least two orthogonal vanishing lines [112] [116], and so it only applies

to certain kind of scene [115]

It often requires additional information about the scene, and sometimes it requires

the use of an object set in the field-of-view [115]
Many techniques derived from the ones presented above can be found in the literature.
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Self-calibration techniques are less accurate than object-based calibration techniques [106].
Also, they often require human processing [117], for instance, to identify a plane surface on
the image and provide the information to the algorithm. Thus, they lack automation. Most
importantly, they require specific view geometry, as for example, the presence of three or-
thogonal vanishing lines. Cameras in non-urban environments (offshore platform cameras,
forest cameras to limit poaching or pollution, glacier monitoring cameras etc.) usually do
not satisfy these scene constraints. Active vision-based self-calibration does not require
those view constraints but the motion of the camera [105]. Thus, they are not adapted to
static camera, such as intersection cameras that can be used for speed measurement appli-
cation.

To summarize, the self-calibration techniques rely on constraints imposed on the cam-
era motion or the scene geometry, which make them not adapted to calibrate cameras in a

large variety of environments [105].

Gap: The self-calibration methods require restricted conditions to work correctly

and are thus not scalable to a large type of hard-to-reach cameras

2.3.4 Summary

Figure 2.20 summarize the usual process used for model fitting problems, and their cor-
responding solution for the camera calibration purpose. The green check mark represents
steps that are adapted for the calibration of hard-to-reach cameras, while the red cross
indicates that the existing calibration methods are not yet adapted to the calibration of

hard-to-reach cameras.
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Figure 2.20: Model Fitting Steps and Calibration Steps

2.4 Overarching Research Question

This first chapter had provided information about the increasing number of cameras and
their use in numerous fields. In particular, it stated the importance and the benefits of hard-
to-reach camera calibration for various use cases and applications. One such use case is
that of environment monitoring with static platforms. An other use case is that of object or
obstacle detection and location identification using security cameras. This current chapter
touched on the lack of calibration methods for cameras that are hard to reach. Existing
calibration techniques are not adapted to the collection of the required information and
correspondences between images and real-world points. The object-based technique being
not applicable when dealing with a large field of view or complex camera access. The
diversity of field-of-view environments is vast (forest, harbor, offshore platform, cities,
etc.), making the self-calibration method not suitable. Thus, the following overarching

research question is formulated:

Overarching Research Question: What method could be developed to collect the 3D

and 2D key points required for the calibration of hard-to-reach cameras?

Hard-to-reach cameras have a large field of views, making traditional object-based cal-
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ibration approaches not suitable for gathering the key points required for the regression.
Also, self-calibration methods can only be applied in a restricted type of scene. Thus, a
way to collect 3D and matching 2D points for hard-to-reach cameras must be found. The
following Chapter presents the proposed solution to calibrate hard-to-reach cameras and
the challenges this method must overcome to be successful. It also defines criteria for

successful calibration.
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CHAPTER 3
PROPOSED SOLUTION AND CHALLENGES TO OVERCOME

A benchmark of the calibration methods was presented in the previous chapter. The exist-
ing methods are not adapted to calibrate already installed cameras, especially when facing
a non-urban environment where strict geometric constraints are rare. Object-based cali-
bration methods require a tedious process using a calibration object in the field of view of
the camera. It is not adapted when camera access is difficult. Self-calibration techniques
do not require a calibration object. However, their implementations either require human
knowledge about the scene or require strict scene geometric constraints, that are rarely sat-
isfied, such as three orthogonal lines. Thus, they cannot be scaled to the use of cameras
located in a large variety of environments.

As explained in the Regression section, the fitting methods found in the literature are
adapted to the calibration of hard-to-reach cameras if a set of 3D and 2D key points is
available. However, existing calibration methods do not guaranty the availability of these

key points. This lead to the overarching research question:

Overarching Research Question: What method could be developed to collect the 3D

and 2D key points required for the calibration of hard-to-reach cameras?

This Chapter proposes a solution to the collection problem adapted to hard-to-reach
cameras. It also introduces the challenges that must be overcome to enable a successful
calibration when using the proposed solution. Finally, it defines criteria for a successful

calibration based on applications presented in the first chapter.

3.1 Moving target and challenges to overcome

The proposed method must satisfy the following requirements:
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* Be adapted to large fields-of-view since these cameras cannot be accessed easily

(which prevents the use of object-based calibration techniques)

» Be scalable to various environments (which is not feasible using self-calibration tech-

niques that require strict assumptions about the scene)

* Be automated to enable the calibration of the large number of already installed cam-

eras

* Be able to correct for the large non-linear distortion, that is frequently present with
security cameras. This means the method must allow the coverage of the entire field

of view

* Enable the collection of a large number of key points in the field of view to enable

the use of non-parametric methods for calibration (in a future work)

A solution to these requirements can be provided with a system that can move easily in
any 3D space, provides its location information, and be detected in an automated way on
images. Using a GPS and a barometer allows the collection of 3D coordinates. The lati-
tudes, the longitudes, and the altitudes obtained through these sensors can be transformed
easily to world coordinates in a North, East, Up frame in the area of the camera frame, and
in this way used easily for calibration purposes. It is now necessary to define a system that
could carry these sensors and move them in the 3D space. The camera films this system,
which is detected on each frame of interest. The resulting image localization is used as 2D
points required for the calibration.

When Google Street View mapped the streets in the world, several options were inves-
tigated to capture images and their locations in various environments. Among them were
pedestrians, cars, snowmobiles, and bicycles [118]. The same options are investigated to
see which system can be used to sample points in a large variety of 3D spaces. Drones are
added to the possible systems that can travel easily in a 3D space and provide their location

data.
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The ability of several options to satisfy the mission requirements is assessed using Ta-
ble 3.1. Three systems that can carry localization sensors and move easily in front of the
camera are identified. These three systems are the following: Pedestrian, Vehicle or Drone.

The calibration approach should be scalable to a large diversity of environments where
remote cameras can be located. It should also allow the sampling of 3D points everywhere
in the field of view (FOV) so that regions of complex behaviors can be accounted for
when fitting the camera’s unknown parameters. Thus, each system is evaluated compared
to its ability to operate in various environments: Urban, sea, mountain, sky, and space
environments, and its ability to cover the FOV, i.e., to enable large horizontal and vertical

displacements (outside of the ground area).

Table 3.1: Evaluation of three systems for the calibration of hard-to-reach cameras

System that car- | Urban envi- | Sea Mountain Sky Space Can cover
ries localization | ronment full FOV
Sensors
Pedestrian yes no yes no no no - re-
stricted  to
ground dis-
placement
Vehicle yes yes Yes (snow- | no no restricted to
(boat) mobile, but ground dis-
large vibra- placement
tions)
Drone yes yes yes Yes Yes Yes

Drones are the only system than satisfy all criteria. Indeed, a drone combined with a
GPS and a barometer enables to sample points in a large variety of 3D spaces. These sam-
pled points and their images through the camera enables to obtain the key points required
for the calibration. In addition to satisfying these requirements, the drone can fly in an au-
tonomous way which reduces the amount of manual processing and allows the approach to
be scalable to a large number of cameras. These observations lead to the following claim,

which is illustrated in Figure 3.1:
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Claim: Flying a drone in the camera FOV enables the automated collection of the

3D and 2D key points required for the calibration of hard-to-reach cameras.

Optimization

2D=F(3D)
Camera calibrated

Figure 3.1: Use a drone as moving target for the collection of 3D and 2D key points

Traditional object-based calibration methods use a target whose geometry is well known,
and thus the 3D localization of the sampled points can be obtained accurately. These meth-
ods are not adapted to large fields of view, and so to hard-to-reach cameras, because they
require a tedious manual process. The proposed solution in this thesis relies on using a
drone as a moving target. The localization of the moving agent is not known accurately.
For example, random error is introduced by small drone movements at the sampled points,
which might bias the 2D localization. If a GPS is used as a 3D localization sensor, random
noise is introduced by events such as a signal blockage. Thus, the target localization is
less certain when using a moving agent for the calibration. The proposed calibration ap-
proach must overcome the challenges raised by uncertainty in sensors’ measurements. The
calibration must be accurate despite the localization uncertainty, and image detection un-

certainty. Thus, this work must test the drone-based calibration methodology and proposed
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improvements.
Before introducing and testing potential solutions to the calibration problem for hard-
to-reach cameras, what is considered as ’successful calibration” or accurate calibration”

is defined in the next section.

3.2 Threshold for calibration error

The camera calibration problem is an optimization problem whose goal is to obtain the best
estimate for the camera parameters and, consequently, the most accurate relation between
3D points and 2D points. The function fit is not perfect, and thresholds for calibration
errors must be defined to distinguish between successful calibration and poor calibration.
The evaluation of the calibration accuracy depends on its application. Obstacle local-
ization and speed measurements are two key applications presented in Chapter 1. Thus, the
definition of metrics to evaluate the calibration success are based on these applications.

Once the application of camera calibration is selected, two questions need answers:

* What is the maximum error acceptable to classify a vehicle speed measurement as

accurate?

* What is the relation between the bounds defined above and the reprojection error

bounds?

The answer to the first question is provided with the following thought process. The
typical vehicle speed limit in urban environments is 50km/h, and the typical speed limit
on highways is equal to 130km/h. An error of 1 percent when measuring these speeds
corresponds to an error of 0.5km/h and 1.3 km/h, respectively, so an average of 0.9km/h,
which is about 1km/h. So the maximum accepted error when measuring vehicle speed is
taken equal to 1km/h=0.3m/s.

The answer to the second question is explained below. Figure 3.2 illustrates the true

distance between the vehicle position at time t (point A) and its position at time ¢ + dt
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(point B), represented with the actual displacement vector u,. It illustrates the measurement
errors when determining the vehicle positions at time t and ¢ + dt, called ue; and ues. The
measured speed v, is related to the actual speed v, and the speed measurement error v, as

described below:

—
— Ue Ue2
e

dt dt

Ue ‘A/

Legend:

A: vehicle position at time t

B: vehicle position at time t+1

U, measured displacement

Ug: actual/ true displacement

Ugq: €rror in position measurement at time t
Ugq: €rror in position measurement at time t+1

Figure 3.2: From speed measurement error to position measurement error

Since v, = %i_ef ?f), the following equality holds

59



Hueln HueQH
a

[vell <=

Let us call u,,,, the maximum position measurement error, then the following equation

holds:
o] <= 2 tmes
Vel| <= ———
dt
Common cars GPS update their position information every second [119]. Based on this
observation, dt is taken equal to 1 second. If u,,,, is equal to 0.15 meter, then the following

equation holds:

o]l <= 0.3

So taking a position measurement error on the ground of 0.15 meter allows for a max-
imum error speed of 1km/h=0.3m/s. Also, 15cm error would correspond to a great infor-

mation for the obstacle localization application. This lead to the following claim

Claim: The camera calibration is successful if the corresponding measurement error

on the ground is smaller than 15cm.

Let us define the relation between this ground measurement and its corresponding im-
age measurement. This will lead to the maximum accepted discrepancy between actual
image points and estimated projection of 3D points.

Figure 3.3 represents, for two different ground locations, the actual point on the ground
(the blue one) and the estimated position when the measurement error is 15cm (the red
point). Figure 3.4 represents the corresponding images seen by the camera whose parame-

ters are given by the first line in Table 3.2.
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Figure 3.3: Ground measurement error equal to 15cm
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Figure 3.4: Corresponding image measurement error

Table 3.2: Parameters of different pinhole cameras

Cameraid | f(mm) | w(pixels) | Height(m) | Orientation minimum accepted

angle(83degree) | pixel error

1 13.3 | 3544 4.5 43 5.8
2 5.7 1860 5 67 0.9
3 7.5 3078 3.1 59 1.8
4 2.8 2153 3 83 1.8

An error of 15 centimeters (cm) on the ground is projected differently depending on
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the points’ location. For a point close to the camera, the corresponding pixel error is large.
It means that a large pixel error on the image does not transfer into a large measurement
error on the ground. However, for points far from the camera, a small pixel error transfers
in a large ground error. Figure 3.5 illustrates this observation. The blue cone represents the
camera field of view, the red ray called ray;, represents the actual ray where the point is
located if they would be no image measurement error. The red ray called ray, represents
the estimated ray, the one obtained after making an error called E7r70r;p,q4. On the figure.
The error made on the image, translates to different magnitude depending on the object
location compared to the camera. The farther the object is, the larger the resulting error is.
Thus, the farther the object is, the worst is the impact of an image measurement error on

the actual measurement.

Ray 1

Image plane
ge p E,

Ray 2

>

erTOrimage Mra lens Distance from camera

Field of View
(blue cone)

Figure 3.5: A given measurement error on the image impact badly the real world measure-
ments when points are far from the camera

Thus, the error threshold is determined by measuring the pixel error corresponding to
a ground error of 15cm for points far from the camera for different cameras. Table 3.2
provides these cameras’ parameters and the error for the farthest point to the camera. This
error is the hardest threshold to meet because it is the smaller one. The average of these
smallest "accepted pixel errors” is 3.6 pixels. Thus the calibration of hard-to-reach cameras

is considered accurate if the pixel measurement error is smaller than 3.6 pixels.
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This leads to the following claim:

Claim: The camera calibration is successful if the corresponding measurement error

on the image is smaller than 3.6 pixels.

In chapter 2, it was stated that RMS reprojection error is an adapted metric for the
calibration problem because its unit is a pixel, the same as the image measurement unit.
The average error is an adapted metric for camera calibration purposes, too, as it also
uses pixel as a unit. On the contrary to average error (AE), RMSE gives more weight
to large errors. RMSE better represents the regression success than the average error for
applications where avoiding large errors is of significant importance. An upper bound for
the RMSE is also an upper bound for the AE as showed with the equation below, where
N is the number of points. This allows for a simple interpretation of the RMSE, which is
a commonly used metric in calibration. If the RMSE is smaller than 3.6 pixels then the
average reprojection error is smaller than 3.6 pixels and the calibration is accurate for the

applications considered in this thesis.

AE <= RMSE <= sqrt(N) « AE

To following claim summarizes this section:

Claim: The calibration is evaluated as accurate if the corresponding re-projection

error on the image is smaller than 3.6 pixels, or the corresponding re-projection

error on the ground is smaller than 15cm.

The meaning of “’successful calibration” or ”accurate calibration” has been defined.

The proposed solution for the calibration of hard-to-reach cameras relies on the use of
a drone as a moving calibration target. The uncertainty in 3D and 2D coordinates mea-
surements impacts the calibration quality, and the technique must be tested to evaluate its

ability to calibrate cameras. The research of this thesis focuses on the design, evaluation,
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improvement and validation of the proposed solution. To do so, the research plan is divided

into four main parts, which corresponds to four separated chapters:

* Proof-Of-Concept: The calibration technique is tested for two simulated cameras.
During this step, the 3D localization measurement is assumed accurate and the method

is designed to allow for a good calibration despite 2D localization errors.

* Scalability to many cameras: During this step, the uncertainty due to the 3D local-
ization sensor is included into the evaluation of the calibration technique. The cali-
bration method is evaluated for thousands of different simulated cameras. A strategy
is developed to understand the impact of path parameters on the calibration accuracy.
This strategy is applied to the thousands of simulated cameras to provide recommen-

dations for the target trajectory for a successful calibration.

* Hardware testing: The knowledge gained from the simulations is implemented in a
real world test to complete the validation of the calibration technique and evaluate

the smoothness of the real-world process.

* Optimization: This last part tests a strategy to optimize the target trajectory for a very

efficient calibration technique.

Figure 3.6 illustrates the research plan followed in this thesis to design, evaluate, im-

prove and validate the drone-based remote camera calibration technique.
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Figure 3.6: Research Plan: proof-of-concept, scalability to many cameras, real testing,
optimization

3.3 Summary

This section summarizes the main takeaway of this chapter. This thesis proposes a solution
to the calibration problem for hard-to-reach cameras. The proposed approach relies on the
use of a drone or a robot as a moving target to collect the 3D and 2D matching points
required for the calibration.

The advantages of this approach, if successful, are listed below. First, it is adapted to
the large FOV of hard-to-reach cameras, contrary to the object-based calibration method,
which requires a tedious process. Secondly, it does not depends on specific scene geometry,
contrary to self-calibration techniques, and is thus scalable to many environments. Thirdly,
it is an automated approach for a process that would be otherwise tedious, especially when
considering the large number of installed cameras. Finally, the approach enables the col-
lection of a large number of key points located in the entire field of view and thus enables
correcting complex non-linear behaviors such as the ones induced by the lens.

The target localization in the 3D space and on the image is subject to random noise, and
the approach must be tested to evaluate its ability to calibrate cameras despite measurement

uncertainties.

65



First, a proof-of-concept is demonstrated for two cameras using realistic simulations.
The next Chapter presents the Research Questions and Hypotheses that must be answered

and tested to evaluate the success of the calibration technique for these two cameras.
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CHAPTER 4
STEP 1: PROOF-OF-CONCEPT

In a first step, it is assumed that the drone 3D localization can be obtained without error.
Major improvements have been made recently for object localization and motion estima-
tion. For instance, the combination of a Visual-Inertial Navigation system with SLAM
methods enables accurate 3D tracking [120]. An alternative solution relies on the use of
an external sensor, such as a single-chip millimeter-wave radar to obtain an accurate 3D
position [121]. Thus, in a first time, the ability of the approach to enable a successful cali-
bration is evaluated assuming perfect 3D localization information. In that scenario, image
detection errors are the main source of error, and the calibration accuracy must be evalu-
ated to ensure an accurate calibration despite errors in the localization of the target on the
image.

Calibration is a regression process, and thus its quality is impacted by the input data
quality [122][123]. The training data is made of the collected 3D and 2D key points. These
key points are then input of the optimization for the calibration. The next section presents
the requirements that a good quality training set must satisfy, and how they translate into

requirements on the drone trajectory.

4.1 Training set design

Authors in [124] divide data quality into two groups: The first group is called the intrinsic
group by authors in [124], and it is related to the accuracy and reliability of the data. For
image processing, this group refers to measurement errors or labeling errors [125]. The
second group is called the contextual group, and it is related to the completeness of the data,
also called coverage of the data [126]. The training dataset must represent the diversity of

items in the production dataset, so that the model can generalize well on unseen data [126].
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For image processing, this group refers to an error during the design of the training sample
[125].

Thus, the following claim and gap can be stated:

Claim: The calibration error is impacted by the sampling design choice and the

sampling accuracy.

Gap 0: A good quality training set is required for a successful calibration. It must

satisfy the coverage and accuracy requirements.

An analogy can be established between these two definitions of data quality and the
regression error decomposition into bias, variance, and irreducible error (also called noise)

o.

error = bias® 4+ variance + (o)?

The irreducible error is the error that can not be removed during the regression process.
It is related to noise in the observation and measures the output error for the best possible
model [127]. Hence, it is analogous to the first type of error introduced above, which is
due to accuracy and reliability issue in the training data. The bias is taken as constant in
this work. Indeed, the bias is a source of error that is independent of the particular learning
set and is related to assumptions made by the model [127]. Biased error is due to the
model being biased towards a particular type of solution [128]. In this work the explicit
relation between 2D and 3D is known (as derived in chapter 2), and the steps to solve
for them (two-steps calibration method) are not changed between experiments. Since the
assumptions made by the model (model shape and regression steps) are kept unchanged in
this work, the bias is not impacted by the way to collect the 3D and 2D key points.

This work focuses on the collection of the training set. The variance part of the bias-
variance error decomposition is related to the design of the training sample. The variance

measures how much the model is “over specialized” to fit a particular training set, but does
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not generalize well to new data [128]. Hence, it is related to the second type of error
introduced above, which is due to the completeness of the training set.

This analogy enables to refine Gap 0 into two more specific Gaps as follow:

Gap 1: The training set must satisfy the completeness requirement. It must be an

accurate representation of the application sets.

Overcoming Gap 1 would result in a lower variance than the one obtained when using

a restricted training set. Consequently, it would result in a smaller calibration error.

Gap 2: The training set must satisfy the accuracy requirement. The noise on training

data must be reduced.

Overcoming Gap 2 would lead to a smaller noise term, and thus a smaller calibration
error.

The following paragraph introduces a research question and hypothesis related to these
Gaps.

The use of a drone as a moving calibration target allows the collection of 3D key points
and their matching 2D key points required for the calibration. These key points are used as
input of a calibration function, and the reprojection error on the image can be computed.
The proposed approach enables a successful collection of training points if Gap 0, and thus
Gap 1 and Gap 2 are overcome.

The training set results from the drone trajectory in the camera FOV. Hence, answering

the following research question helps overcoming Gap 1 and Gap 2:

Research Question 1: What drone path would enable the collection of a good training

set and thus a successful camera calibration?

The drone path must satisfy the requirements established by Gap 1 and Gap 2, which

can be reformulated as follow:
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* The training set and the application sets must be homogeneous. In other words, the
trajectory must capture points in regions of complex behaviors, as well as in linear

regions in the field-of-view

* The noise on 3D and 2D key points must be low to ensure small "irreducible error”.
Thus, a synchronization, or an alternative method must be designed, to match 2D key

points with 3D key points with low error

To model the camera correctly and satisfy the first requirement (completeness require-
ment), it is necessary to collect points covering the entire field of view. Indeed the distortion
does not impact points near the image center in the same way as extremity points [102].
Figure 4.1 illustrates this observation: it highlights the difference between image points ob-
tained through a pinhole camera (blue ones) and image points obtained through a camera

whose lens provides radial distortion (red ones).
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0 250 500 750 1000 1250 1500 1750 2000
0
X% % % K K X X X X XX
X % % % X X X X X X X X
X% b 4 x%)&x x *
200 %% §X§x ;xxxx&xxgxi;( XX

Koo M MK W XM XX XX X OX o X X yX

400 % X X X X X X X X X X X
* x X b X % K
. 600 X% X X X X X X X X o X
B0y x x  x x X | % X X % % X
1000 R X X X X %
1200
xX X X X X % % %

Figure 4.1: Radial distortion (red) versus no distortion (blue)

Also, using 3D key points located in a unique plane might bias the resulting camera
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parameters [100]. Thus, the drone path must satisfy the two following criteria to increase

the likelihood of a successful calibration:

* FOV coverage

* Points collected in several planes

In addition to these criteria, the drone path must be kept simple in order to allow for
an efficient calibration approach that is scalable to the large number of already installed
cameras. To define such a path, a short introduction to path planning techniques is presented
in the next paragraph.

Path planning tools enable finding a route that covers every point of a certain area of
interest. Such methods have been developed for tasks such as surveillance or power line
inspection using a drone. Usually, path planning starts with decomposing the space into
cells. The center of a cell becomes a waypoint for the drone trajectory. If the coverage
mission is performed over a regular-shaped and non-complex area, then the cell decompo-
sition is not necessary [129]. In that case, simple geometric patterns are used to explore

these areas, such as the ones in the Figure 4.2.
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Figure 4.2: Simple path for area coverage

The field of view of a camera can be seen as a succession of simple rectangular planes,

as shown in Figure 4.3 and Figure 4.4.
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Figure 4.3: camera FOV shape

H =

Figure 4.4: Division of camera FOV

From this field of view division and knowledge about traditional path planning meth-
ods, a simple path for the drone can be defined. The drone follows a back-and-forth path
(Figure 4.2 a and b) in several vertical and horizontal planes contained in the camera’s field
of view.

Finally, the problem of 3D coordinates and 2D coordinates matching must be addressed.
Errors in the correspondence between 3D and 2D points impact the training data quality,
and thus the calibration quality. A simple method that tackles this problem is described be-
low. First, the video time and the GPS time must be synchronized. Sensor synchronization
requires determining the offset between the clocks of the data sources. In this work, the
synchronization can be done by having the drone hovering at a location. When the drone
starts, it is the initial time for the GPS and the video. Then, the 3D and 2D key points are

obtained by taking the GPS location and detecting the drone on the image at synchronized
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times. When the drone reaches a waypoint, the corresponding time is obtained from the list
of 3D locations and time provided by the localization sensors. The frame number that cor-
responds to this time is computed by using the video frame rate that can be obtained using
OpenCV. Finally, the drone location on the corresponding frame is detected and provides
the 2D pixel coordinates matching the 3D waypoint. Figure 4.5 illustrates the principle of

GPS and image data matching.
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Figure 4.5: 3D and 2D points correspondence

However, this method is tricky because the GPS update rates and video frame rates
might be very different. In that case, for a given GPS point, the corresponding image might
not be captured by the video, which captures only specific frames per second depending on
the frame rate. Inversely, the GPS update might be received after the actual position, which
would bias the correspondence. This work proposes to enforce the drone to maintain its
position stationary at waypoints to simplify the correspondence problem. So 3D and 2D
waypoints are matched by extracting the list of points of zero speed in the GPS positions
list and detecting the hovering points on the image. Then, the elements of the list of 3D
stationary points are matched with the ones of the list of 2D stationary points. Figure 4.6

illustrates the approach proposed to overcome the correspondence problem.
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Figure 4.6: 3D and 2D points correspondence with hovering at waypoints

The three path criteria that must be satisfied to allow an efficient and robust drone-based

camera calibration are recalled below:

» Simple path for short-time calibration

 Capture the regions of complex behaviors when the camera is not a pinhole

* Synchronization, or alternative, to match 2D key points with 3D key points without

€Irors

This section explored ways to satisfy these criteria and thus enhance the likelihood of a
successful calibration. The proposed path must be tested to learn whether the use of a drone
as amoving target allows camera calibration despite image measurement uncertainties. The

proposed path is summarized as follow:

Hypothesis 1: IF the camera field of view is decomposed into several 2D planes and
the drone follows a back-and-forth path in each plane while maintaining a stationary
position at waypoints, THEN waypoints collected along this trajectory allow for a

successful calibration.

The proposed matching process is expected to lead to a robust correspondence between
3D world points and image points. But this solution must be tested to make sure this
matching process results in a noise on training data low enough for a successful calibration.

Also, errors in the localization of the target on the image are introduced by small drone
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oscillations at waypoints, which causes blurring and small changes of the actual 2D key
point location. Moreover, the proposed target can not be detected with a pixel accuracy
on the contrary to a chessboard like calibration pattern. Indeed, for the later, the change
in pixel intensities between its corners can be detected very precisely leading to a pixel
accuracy. The detection of a key point on the drone will likely not be as accurate. Thus,
the proposed solution in Hypothesis 1 must be tested. If the resulting calibration error is
smaller than 3.6 pixels, then the use of a drone as a moving calibration target enables to
build a complete training set that covers the FOV, and the matching process, as well as the
image detection errors are low enough to lead to a successful calibration. Hypothesis 1 is
tested in an Experiment whose design and results are described in the following sections.
This experiment is made using simulations with ROS and Gazebo platforms. The next

section introduces these simulations.

4.2 Simulation introduction

A simulation environment capable of modeling real weather and environment conditions
for UAVs’ applications is used to evaluate the calibration approach’s feasibility. Indeed,
such an environment models accurately the drone movements, such as small up and down
oscillations when hovering, which impact the image detection accuracy. "Robot Operating
System” (ROS), combined with Gazebo, are adapted tools to model real-world conditions
and UAVs flights [130]. Gazebo is a 3D simulator that enables robot simulations in com-
plex indoor and outdoor environments [131]. The elements of a robot are created in Gazebo
using Universal Robotic Description Format (URDF) files [132]. These files describe the
kinematic and dynamic of a robot, its visual representation, and its collision model. Ex-
amples of parameters described in a URDF file are the rotor drag coefficient, the rolling
moment coefficient, or the max rotor velocity. Some ROS libraries, such as Rotors [133]
or hector quadrotor [134], provide URDF files to model UAV systems in Gazebo. Once

the robot is created, it receives order from the Operating System (ROS) computing envi-
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ronment. ROS is made of executing files called nodes that communicate using messages
called topics, services, or actions.

The simulation allows modeling a camera, a drone, and a chosen drone path in the
camera FOV. The frames captured by the camera are saved, and the resulting video is used
to detect the drone image location. Thus, 3D and corresponding 2D points are obtained
from the simulations and then are input of a calibration function that computes the camera
parameters. The relation from 3D to 2D is obtained using these parameters’ estimates, and
the corresponding reprojection error is computed.

Figure 4.7 summarizes the steps previously described.

3D coordinates X 2D coordinates u
3D coordinates X 3 . 2

Relation 2D=F(3D)
* Pinhole camera
* Lens camera

Figure 4.7: Simulation main steps

4.3 Experiment 1

This section provides a description of how the Gazebo and ROS simulations are used to
test Hypothesis 1. Hypothesis 1 is tested for a pinhole camera first, as it is expected that
the error would be smaller when there is no distortion. Once the method has been tested
for this simplified case, it is tested for a camera with distortion. In the simulations, the

drone flies to 3D waypoints in the camera field of view. The camera video is used to
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detect the drone where it remains stationary, which corresponds to the waypoints. In this
experiment, the drone detection is made in a semi-automated way with a clicking method.
The simulation enables the collection of a set of 3D and matching 2D points, which is
used in the optimization process for the calibration. The reprojection error on the image is
computed and is used as accuracy metric.

The general flow of Experiment 1 is summarized in Figure 4.8. The blue section corre-
sponds to the simulation part, the pink section is the optimization for the calibration whose
results is compared to the threshold of 3.6 pixels to classify the calibration as successful or

not.
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Figure 4.8: Flow of experiment 1

In this work, the simulated drone is the Parrot Bebop 2, which is part of the Rotors
package of ROS [135]. Urban environments with houses, roads, and traffic signs are created
in Gazebo. Environments are called “world” in the Gazebo framework and we would refer
to this terminology in the document. When creating the world in Gazebo, a camera sensor
is added. Gazebo enables to visualize the simulated drone, the simulated camera, and the
world as illustrated with Figure Figure 4.9. The top illustration provides a close view of a
simulated world. In this example, the camera is set on the ground and the small rectangle

window represents the camera view. The middle illustration provides a more general view
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of a simulated world, the camera is set on a support (table here), and its field of view
is represented with a white cone. The bottom illustration shows the drone flying in the
camera field of view which is represented with a white cone in the simulation. The camera

is the white bloc on the left.

Figure 4.9: Simulated drone, camera and urban environment visualized in Gazebo

The camera parameters used in these simulations correspond to standard camera param-
eters. Two cameras, a pinhole and one with lens distortion are modeled in Gazebo. Their
parameters are provided in Table 4.1. The extrinsic parameters are expressed in the world

frame, which is the Gazebo frame. Figure 4.10 illustrates the world frame coordinates and
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the camera location. The X, Y,, Z, axes are represented with the red set of axes on

Figure 4.10. The yellow point highlights where the camera is located on these axes.

Figure 4.10: Illustration of the world axes
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For each camera, the drone trajectory is defined in a ROS node before running the

simulation. The trajectory follows the constraints imposed in Hypothesis 1 and recalled

below:

Table 4.1: Cameras parameters

Camera model Pinhole camera Camera with dis-
tortion

Focal length | 1110 1110

(pixel)

Image center co- | (640, 480) (640, 480)

ordinates (pixel)

Angle of rotation | 30 30

along y (degree)

Translation (m) T,=0.5, T,=0, | T;=0.5, T,=0,
T,=2 T,=2

Radial distortion | none k1=-0.25

coefficient

Tangential distor- | none p1=-28e-5, po=-

tion coefficient Se-5

Coverage of FOV

Back-and-forth path

* Hovering at waypoints

* Fly in several planes

Two paths are tested. The difference between the set of waypoints is their distance

to the camera. Table 4.2 provides the waypoints for the first path tested, and Table 4.3
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provides the waypoints for the second path tested. Figure 4.11 illustrates the first path,
and Figure 4.12 illustrates the second path. On these figures, the navy blue points are the

waypoints were the drone stops and the light blue edges is the path followed by the drone.
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Table 4.2: 3D waypoint first path

Waypoint id X Yo, Zw
1 4 -1.5 0.5
2 4 15 2
3 4 -1 2
4 4 -1 0.5
5 4 0 0.5
6 4 0 2
7 4 1 2
8 4 1 0.5
9 4 2 0.5
10 4 2 2
11 5 -1.5 1
12 5 -1.5 2
13 5 -1 2
14 5 -1 1
15 5 0 1
16 5 0 2
17 5 1 2
18 5 1 1
19 5 2 1
20 5 2 2
21 6 -2 0.5
22 6 -2 2.3
23 6 -1 2.3
24 6 -1 0.5
25 6 0 0.5
26 6 0 23
27 6 1 2.3
28 6 1 0.5
29 6 2 0.5
30 6 2 2.3
31 6 2.5 2.3
32 6 2.5 0.5
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Table 4.3: 3D waypoint second path

Waypoint id X Yo, Zw
1 3 -1 0.5
2 3 -1 2
3 3 -0.5 2
4 3 -0.5 0.5
5 3 0 0.5
6 3 0 2
7 3 0.5 2
8 3 0.5 0.5
9 3 1 0.5
10 3 1.5 2
11 3 1.5 0.5
12 4 -2 0.5
13 4 -2 2
14 4 1 2
15 4 -1 0.5
16 4 0 0.5
17 4 0 2
18 4 1 2
19 4 1 0.5
20 4 2 0.5
21 4 2 2
22 5 -1.5 1
23 5 -1.5 2
24 5 -1 2
25 5 -1 1
26 5 0 1
27 5 0 2
28 5 1 2
29 5 1 1
30 5 2 1
31 5 2 2
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Figure 4.11: First trajectory
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Figure 4.12: Second trajectory

The camera films the drone when it flies to these waypoints. The frames acquired by
the camera are saved in a specific folder. The frame rate and the output folder name are
initialized when creating the camera component in Gazebo. The frame rate is taken equal
to 30 fps, as it is the usual security camera frame rate. The matching between 2D and 3D

points relies on the detection of stationary position on the video. Also, in a real setting,
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the camera provides a video feed instead of separated images. Thus, a video is constructed
from the set of frames gathered in the output folder. It is done with the ffpmeg function
called in the command window. Figure 4.13 illustrates the set of frames obtained from the

simulation, and the video after conversion.

Figure 4.13: From the Gazebo output to the video

The video of the drone flying to waypoints is processed to collect the 2D key points.
In this experiment, this step is done in a semi-automated way, that will be called “clicking
method” for the rest of the thesis. The choice of this clicking method is motivated as follow:
if an automated drone detection method is used, such as template matching, the accuracy
for the detection of a keypoint on the drone would be equal or worse to the one of the
clicking strategy. This observation also holds if a convolutional neural network (CNN) is
used to detect the drone. The label of the CNN would be the area selected by the cursor in
the clicking method. The CNN detection error would be at least as large as the one from
the labeling method, i.e. the clicking method. Based on these observations, the clicking
method is first evaluated. If the calibration accuracy resulting from this method is deemed
too low for the purpose of this thesis then an improved method will be investigated, and
there is no need to implement a CNN for the drone detection.

An algorithm is implemented to read the video and allow the user to press keyboards

key when he notices an event of interest. In this experiment, the drone keeping position
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stationary for a few seconds is the event of interest. Then, the algorithm prints a window
with the frame that contains the event of interest. Finally, the user clicks on the drone
image position with the cursor, as illustrated in Figure 4.14 and the algorithm stores the
corresponding pixel coordinates in a table. This table is the final output of the algorithm,
and corresponds to the list of 2D key points. Figure 4.15 illustrates the acquisition of 4

successive 2D key points, and the resulting table of pixel coordinates.

Figure 4.14: Clicking method
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pl 345 67

p2 305 67
p3 305 387
pd 265 387

Figure 4.15: Acquisition of the 2D pixel coordinates of the waypoints

At this stage of the experiment, the 3D and matching 2D key points have been collected.
Figure 4.16 illustrates the 3D paths followed by the drone on the left image. The waypoints
are the corners of this path. The corresponding 2D points are represented in red on the right

image.
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Figure 4.16: Simulation outputs: 3D and 2D key points

Once these key points are collected, they are used for the regression step. This step re-
turns the camera parameters by minimizing the cost function F' = S~ | (U; — ;) + (V, — V;)%.
U, V; are the coordinates obtained through the model, and w;, and v; are the actual coordi-
nates. For simplicity, the OpenCV calibration “calibrateCamera” is used for this regression
step [136]. Other methods were implemented and the details are in the Annex chapter, but
they lead to similar results compared to the OpenCV function and were slower. Using the
estimated parameters, the coordinates U;, V; can be computed for the 3D key points, and
compared to the actual wu;, and v; values. Figure 4.17 illustrates the actual 2D points with
green color, and the reprojected ones with blue colors. The top left image is the output of
Experiment 1 run for the pinhole camera and the farther path. The top right image is Ex-
periment 1 result for the distorted camera and the farther path. The bottom left is obtained
with the pinhole camera and closer path, the bottom right is obtained with the distorted

camera and closer path.
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Figure 4.17: Actual points and their reprojection

The RMS of the reprojection error is computed at the end of the optimization. The
training set is homogeneous to any application sets, because it covers the entire FOV. Thus,
the accuracy can be estimated from the training set. Also, common calibration evaluation
methods use the RMS reprojection error on the training set [137], so this support the choice
of this evaluation metric.

The RMS reprojection errors obtained during this experiment are summarized in Ta-

ble 4.7.
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Table 4.4: RMS reprojection error

Path VS Camera type Pinhole Lens with distortion

Path 1 Error = 3.1 pixels | Error = 3.3 pixels

Path 2 Error = 3.19 pix- | Error = 3.28 pixels
els

All RMS reprojection error are smaller than 3.6 pixels. 3.6 pixels is the threshold
defined in Chapter 3 to distinguish a successful calibration: error smaller than 3.6 pixels,
from a calibration insufficient for speed measurement application: error larger than 3.6

pixels.

Result Experiment 1: The trajectory enables the collection of a complete training

set. The resulting calibration error is smaller than 3.6 pixels for the tested cameras.

Thus, Hypothesis 1 is validated, and there is strong evidence towards the success of the
drone-based calibration approach for hard-to-reach cameras. The next section summarizes

Experiment 1 and its result leading to the validation of Hypothesis 1.

4.4 Take-away Experiment 1

The proposed solution to the calibration of hard-to-reach cameras relies on the use of a
drone as a moving target. The uncertainties in the target image detection induce errors in
the calibration. Thus, the proposed approach must be tested to evaluate the resulting error
and the feasibility of the approach.

The drone trajectory is constrained by the FOV coverage need so that the model cap-
tures non-linear behaviors. Indeed, if only points at the center of the image are captured and
the lens has a large radial distortion, then the calibration will have poor accuracy outside

the image center. The proposed solution to this issue was stated in Hypothesis 1.
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Experiment 1 implemented simulations using ROS and Gazebo frameworks. In these
simulations, the drone follows a back-and-forth path to cover the FOV and collect 3D and
matching 2D points representing well any application points. It follows such a path in
several planes to avoid bias when computing the camera parameters. This path ensures the
collection of an adapted training set for the regression part of the calibration process. The
hovering condition ensures a simple matching between 2D and 3D key points, which is
expected to be robust enough for the calibration purpose, i.e. the error resulting from this
correspondence strategy would be low enough to enable a successful calibration.

Experiment 1 was run to test whether the calibration resulting from this set of 3D and
2D points is accurate despite non-linearity introduced by the lens and detection uncertain-
ties. The detection uncertainties are caused by oscillations of the drone at waypoints, which
makes the exact 2D localization more difficult to capture, and causes blurring and thus noise
when identifying the 2D key points. Also, the detection error is larger than with traditional
calibration objects for which a very good pixel accuracy can be reached through a robust
detection of pixel intensity changes at corners of the chessboard-like pattern. That’s why
the proposed solution is tested in Experiment 1.

The errors obtained for the two tested cameras, and the two tested paths are all smaller
than 3.6 pixels, which is the threshold for successful calibration. Consequently, Hypothe-

sis 1 is validated.

HYPOTHESIS 1 IS VALIDATED: IF the camera field of view is decomposed into
several 2D planes and the drone follows a back-and-forth path in each plane while
maintaining a stationary position at waypoints, THEN waypoints collected along this

trajectory allow for a successful calibration.

The flow between the main Gaps, the Overarching Research Question, Research Ques-

tion 1 and its answer with the validation of Hypothesis 1 is summarized in Figure 4.18
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| Gap: Object-based calibration tedious for large FOV Gap: Self-calibration only for restricted scenes
1 1

Overarching Research Question: What method could be developed to collect the 3D and 2D key points required for the calibration of hard-to-reach cameras,
adapted to any environments?

| Proposed solution: use a drone as a moving calibration target to collect the 3D and matching 2D points required for the calibration
L

Test and evaluate the method ability to calibrate cameras despite measurement uncertainties

H1: Back-and-forth path + several planes+ stationary

Proof-of-concept = RQ1: Trajectory for good training set? = =>Complete set + small noise for good calibration

Figure 4.18: Summary of Experiment 1 and validation of Hypothesis 1

The accuracy of the 2D sampling impacts the calibration accuracy. Random errors for
the measurement of the drone image location are introduced by unpredictable events, such
as small drone oscillations at waypoints. It is also impacted by the key point tracked on
the drone. Indeed, when using a traditional calibration object, the key points are detected
accurately by identifying large intensity gradients in several directions on the image, which
are characteristics of the object corners, i.e. of the 2D key points. The method presented in
Experiment 1 for the 2D key points detection must be adapted to reduce the 2D measure-
ment error. This will in turn allows for a reduction of the noise term in the regression error
decomposition into bias, variance and noise. The following section presents the related

research question and hypothesis.

4.5 Reducing noise on training data

In the approach presented in the previous section, no specific drone detection method is
specified. The simpler method is to detect the drone by clicking on it on the image. How-
ever, this method introduces human errors in the 2D sampling and is subject to target point
occlusion for some views. Let us assume that the target point is the drone center of gravity
(CG). The following observation is also valid for other target points such as the blades’
center. There are some views where the target point can be seen and detected accurately;

however, the same point can not be seen on some other views, and its estimated 2D location
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is inaccurate. Figure 4.19 illustrates a camera view for which the drone center of gravity
can not be detected accurately. In addition to this observation, the precision of the target
detection could be improved by detecting large pixel intensity changes in the same way as

for traditional calibration objects.

CG can not be seen on this
view leading to a wrong
guess of the 2D location

Figure 4.19: View for which an accurate target point detection is not possible

During the optimization process, the model might learn the noise introduced by the
data. Consequently, the quality of input data influence the quality of the calibration. The
uncertainty in the target 2D localization could be reduced, and improving the sampling
accuracy would improve the mapping accuracy. Consequently, Gap 2, which is recalled

below, could be further overcome.

Gap 2: The training set must satisfy the accuracy requirement. The noise on training

data must be reduced.

Using landmarks as a target can provide reliable localization information [138][139]
[140]. In [19], the accurate tracking of the target, which is a store that separates from an

aircraft, is made using several large markers printed on the store and aircraft. A marker can
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be easily detected with an identification algorithm [138], which reduces human processing,
and in turn reduces human error.

QR tags and Aruco markers are the most frequent tags used for indoor localization.
Authors in [138] demonstrated that Aruco markers lead to a better detection accuracy com-
pared to QR tags. They also tested QR and Aruco markers against robustness to blurring,
distortion and occlusion and noticed that these viewing conditions have a negative impact
on the detection accuracy.

So adding a marker on the drone is a potential solution to enable the collection of a more
accurate 2D sampling set. It is assumed that a drone with a marker can be designed so that
performance constraints, such as weight or stability constraints, are satisfied. However,
the solution of adding a marker to the drone would work if the marker is detected despite
potential blurring due to small oscillations of the drone at waypoints, and distortion. Also,
the drone should maintain a minimum distance to the remote camera being calibrated to
ensure a safe flight. This distance corresponds to the obstacle avoidance distance that a
moving drone must maintain when flying autonomously. Authors in [141] present research
on computer vision techniques for obstacle avoidance of UAV using monocular vision.
In their work, they set the safety distance between drone and obstacle between 3.5 and 4.5
meters (m). Authors in [142] present an obstacle avoidance strategy for UAVs, and test their
method for safety distances equal to 1m, 1.5m, 2m and 3m. The average safety distance
UAV-obstacle measured from the benchmark obtained from [141] and [142] is equal to 2.6
meters. The closest integer to this safety distance is 3 meters. Based on this observation,
the drone must fly at least 3 meters away from the camera being calibration in this thesis
work. The marker must be detected on the remote camera video despite a camera-drone
distance larger than 3 meters.

These three observations lead to the following Gap:
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Gap 2.1: The detection of the drone-marker system must be robust to distortion,

blurring, and be detected for distances to the camera larger than 3 meters

In addition to the requirements stated in Gap 2.1, the solution marker-drone is adapted
to the problem tackled in this thesis, if it allows an automated detection of the marker in
a large variety of environments. Remote cameras are located in diverse environments that
can lead to difficulty for the marker detection. The challenging scenarios include urban
environments, where the background is often cluttered which can lead to false positive
detection when identifying the marker, i.e. some object of the background are wrongly
identified as a marker. The challenging scenarios also include background environments
whose color are similar to the marker color. In this case, it is harder to detect the marker
border [138]. This leads to the following Gap, which combined with Gap 2.1 results in

Research Question 2:

Gap2.2: The detection of the drone-marker system must be adapted to the diversity

of environments

Research question 2: Is the marker-drone solution adapted to the collection of 2D
key points in diverse environments, and thus is an enabler for an improved calibration

compared to the clicking method?

In Research question 2, the key word “adapted” refers to the capability of the marker-
drone solution to enable accurate 2D key points detection while overcoming the obstacles

summarized below:

* Challenging backgrounds

* Blurring of target due to small drone oscillations at waypoints

¢ Distortion
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* Distance marker-camera larger than 3 meters

Aruco markers are good candidates, since their design made of a binary pattern make
their detection particularly robust, and the marker can be detected when rotated in the
environment, which is of particular interest in this work since the drone might be slightly
rotated compared to the camera axis [143]. Adding an Aruco marker at an extremity of
the drone would allow collecting the 2D training set so that its detection accuracy does
not depend on the drone orientation. This solution must be tested to evaluate the impact
of the drone oscillations, and the camera distortion, on the automated marker detection
robustness.

Also, the marker must allow a robust detection in a large variety of backgrounds, as
remote cameras are located in different environments. Its pattern must allow a robust de-
tection, without mistaken the marker for a background object (obstacle 1 in the aforemen-
tioned list of obstacles). This impacts the pattern choice for the Aruco marker. Aruco
markers are made of a matrix of black and white squares framed by a black border [144].
For a fixed matrix size, there are different combinations of white and black squares. These
combinations are stored in a dictionary enabling the detection of a large variety of Aruco
markers. The matrix size varies between 4*4 and 7*7 blocks [145]. The larger the matrix
is, the more patterns are available in the dictionary. Figure 4.20 illustrates Aruco markers

of different matrix size: from left to right the sizes are 4*4, 5*5, 6*%6 and 7*7.

A=A

Figure 4.20: Aruco markers with different matrix sizes [145]

For the purpose of the drone-based calibration, a unique pattern is used and attached to

the drone. So one could argue that there is no necessity of using a large size dictionary in
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this work, and so a large matrix size (the marker size is constant, but the block size inside
the marker border would be larger for a smaller matrix size). However, the researchers
who designed these markers recommend using a large number of bit transitions (i.e. a
large number of color changes between blocks), so that the marker is less likely to be
confused with an environment object [144]. On the one hand, a larger number of block
reduces the false positive for the marker recognition. On the other hand, a larger matrix
size requires a larger camera resolution to be identified correctly [146]. A matrix size
equals to 6%6 is selected for this work as a trade-off between the false detection risk, due
to the environment, and the resolution available. Aruco markers can be detected using an
identification algorithm while getting a good accuracy [144]. Their detection is automated,
which reduces error due to human processing during the 2D sampling step, and thus is
expected to improve the calibration.

The marker is detected in an automated way using the following steps [144], that can

be found already implemented in OpenCV [143] :

» Step 1: Image segmentation to extract the prominent contours

» Step 2: Filtering: Image contours that form a 4-edge polygons are kept, the others
are discarded. So the algorithm detects potential markers by detecting rectangular

contours

» Step 3: Marker identification: The inner region of these contours is analyzed to
extract a binary code, and compare it to the dictionary. This comparison enables to

discard false detection due to confusion with environment objects

It can be seen with the second step, that the marker recognition is made by detecting its
contours at first, without considering the inner matrix. The choice of the number of blocks
in the matrix is used to compare the potential marker, i.e. the detected black contour, to the
marker one is looking for. In this work, the third step is used to discard environment objects

that could have been mistaken with the marker. The accuracy of step 1 and 2 (detection
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of a 4-edge black border) for a marker far from the camera is impacted by the marker
dimensions (in centimeters).

The larger the marker edge is, the easier is its identification on the image. However,
the drone dimensions are constrained by major design criteria, such as its weight or di-
mensions. As an example, FAA flight authorization is based on the drone weight [147].
Dimensions also play an important role for the scalability of the method. The first object-
based calibration method relied on the use of a 3D object, but its use was abandoned in
favor of a planar calibration pattern because the 3D calibration object was too cumbersome
[100]. Thus, it is preferred to keep the drone dimensions to conventional commercial drone
dimensions. Ideally, a commercial drone would be used and slightly tuned to add a marker,
which could be added on the drone directly, or in place of the camera to maintain the drone
original weight. The marker must be smaller than the drone width. More precisely, for a
simple solution it should fits between the propellers. This lead to the additional obstacle:
The marker size is constrained by commercial drone dimensions.

The clicking method does not lead to false detection, however, the automated identi-
fication algorithm used to find the marker on the image can lead to false positive, which
results in error in the 2D dataset. It is necessary to test whether the 6*6 Aruco marker can
be identified correctly, without confusion with environment objects or missed detection, in
the large diversity of environments where cameras can be located. It has been showed in
the literature that the detection of Aruco markers work well when the background color
is pale [144][138]. The identification of the marker is adapted to a large variety of envi-
ronments, if it also works well in challenging environments. These environments include
darker backgrounds, because the Aruco marker border is harder to detect due to its color
similar to the background color. These environments also include cluttered backgrounds,
such as urban backgrounds, where objects could be wrongly identified as the marker. Thus,
the solution with the Aruco marker must be tested in challenging environments to answer

Research Question 2.
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To summarize the marker-drone solution must be tested to evaluate the impact of the
drone oscillations, and the camera distortion, on the automated marker detection robust-
ness. It must also be evaluated for challenging environments.

This leads to the following hypothesis:

Hypothesis 2: IF a 6*6 Aruco marker of restricted dimensions is added at an extrem-
ity of the drone, THEN the modified drone design enables an improved 2D points
collection scalable to the variety of environments, robust to drone oscillations, to

camera distortion, and accurate despite a safety distance of 3 meters

The associated experiment tests using simulations the marker-drone solution for cam-
eras with distortion. The simulations model the drone oscillations at waypoint, which al-
lows the evaluation of the marker detection robustness despite blurring due to small drone
movements. The marker-drone solution must be tested against challenging backgrounds
and distance drone-camera larger than 3 meters. If the solution leads to a successful calibra-
tion despite these two obstacles, then the marker-drone solution is adapted to the collection

of 2D key points for the calibration, and Hypothesis 2 is validated.

4.6 Experiment 2

The drone detection method can be improved, by removing human error during the click-
ing method, and by locating a target marker designed for accurate detection. However, this
marker approach is adapted to the collection of the 2D key points required for the calibra-
tion if the marker can be detected despite challenging backgrounds, blurring due to small
oscillations at waypoints, and dimensions restricted by the drone dimensions. Experiment
2 is designed and run to evaluate the capability of the marker-drone system to collect the
2D key points, despite the obstacles mentioned above.

Experiment 2 is designed to answer Research question 2 that is recalled below:
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Research question 2: Is the marker-drone solution adapted to the collection of 2D
key points in diverse environments, and thus is an enabler for an improved calibration

compared to the clicking method?

”Adapted” refers to the capability of the marker-drone solution to enable accurate 2D

key points detection while overcoming the obstacles summarized below:

Marker dimensions constrained by drone dimensions’

Detection for distances marker-camera larger than 3 meters

Robustness against small drone oscillations at waypoints (causing blurring for in-

stance)

Robustness against Distortion

Marker detected in challenging backgrounds

To do so, simulations are designed to model a commercial drone (Parrot Bebop 2 drone)
with a marker attached to it, and two types of challenging environments: urban environ-
ment, and dark background environment (mountain environment). The simulations also
model drone oscillations at waypoints, thus the marker identification robustness to blurring
caused by these small drone movements can also be evaluated. The simulations are im-
plemented using ROS and Gazebo as described earlier in this chapter. The drone design
is modified compared to the one used in experiment 1 to add a marker at its extremity.
The design of the marker-drone system can be divided into two tasks: the choice of the
marker location on the drone, and the marker size. These tasks were implemented using
the Blender application, and resulted in several drone-marker designs. These drone-maker
systems were tested for the calibration of cameras using ROS and Gazebo as in Experi-
ment 1. The same paths and cameras (a pinhole camera and one with distortion) as the

ones defined in experiment 1 were modeled in ROS and Gazebo simulations. Instead of
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identifying the drone on the image with a clicking method, the marker is detected in an
automated way using the OpenCV Aruco library [143]. The number of image key points
detected is used to adjust the marker size. Details about the two design steps: marker loca-
tion on the drone, and marker size are described in the following subsections. Figure 4.21
summarizes the process and implementation steps of Experiment 2. The blue boxes refers
to the steps implemented in Experiment 1, the red boxes refers to new steps being designed

and implemented in Experiment 2.
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Figure 4.21: Process followed in Experiment 2

4.6.1 Marker location on the drone

Figure 4.22 represents a drone flying in front of a camera while following the path described

in Hypothesis 1. Depending on the drone location, the drone sides seen by the camera at
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a location, might not be seen at an other location. For instance, the top side is seen for the
drone location depicted on the top image, and on the third one on Figure 4.22. But it can’t
be seen on the second and last views. On this figure, the drone is highlighted in red. For
each view, the drone is represented as a cube, whose visible sides are the same as the drone
visible sides. One can see that for these four drone locations, the front side (represented in
green on the right image) is always visible by the camera. Sometimes it is slightly rotated
but Aruco markers are robust to rotation. Thus, if the marker is added at the front or back
of the drone, the detection robustness of the target point on the image does not depend on

the camera viewpoint, i.e. on small changes of orientation of the drone.

Figure 4.22: Choice of marker location

Realistic robot design in Gazebo are defined using mesh structures, which are a set of
vertices, edges, and triangular faces. In this thesis, the mesh file of the Parrot Bebop drone
used in Experiment 1 was modified to add a marker at the back of the drone. To operate this

change of design, the Blender application is used. Blender is an open source software used
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to create 3D printed model, virtual reality and computer games [148]. First, a 3D rectangle
shape, as represented on Figure 4.23 is created. On this figure, the parameter ”a” represents
the edge dimension and this notation will be used in the next subsection. Then, the marker
image is added to it, as can be seen on Figure 4.24. As explained earlier in this Chapter,
the inner matrix size is taken equal to 6*6 to satisfy the trade-of between the false detection
risk due to the environment, and the resolution available. The mesh file of the Parrot Bebop
2 drone is loaded in Blender and the marker and drone are merged together, leading to the

system seen on Figure 4.25. The newly designed drone is saved as a .Collada file, so that

ROS can use the drone-marker system physical description designed in Blender.

Figure 4.23: Support for the marker
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Figure 4.24: Marker created using Blender

Marker
attached
to the
drone

drone

Figure 4.25: Marker-drone system

First, the Aurco marker was directly printed on the rectangle surface, and the simula-
tion was run in an urban environment. However, due to the dark background of the urban
environment whose color is very close to the marker border, the marker could not be de-
tected for most views. The first steps towards the marker detection is the identification of
edges, thus of large pixel intensity gradients. Then, if a set of edges form a polygon, the
algorithm classifies the detection as a potential marker and further processing is done to

refine the classification. Consequently, it is very important to detect the black edges of the
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marker, else the marker is not detected. Since the marker can be detected accurately on
a white backgrounds [144], the idea is to reproduce the influence of a white background
locally around the marker, so that the marker can be detected in pale and dark backgrounds.
Figure 4.26 illustrates the initial marker design on the left, and the modified marker design
with a white border on the right. The changed design was tested in the same simulation

world (urban environment) and the marker location was detected correctly.

Figure 4.26: Marker design adjusted to improve its identification in a large variety of envi-
ronments

First result of Experiment 2: A white border must enclosed the Aruco marker to

enable the collection of 2D key points in challenging environments

A second parameter can be modified when designing the drone-marker system. This
parameter is the edge dimension called ”a” and illustrated on Figure 4.23. The following

subsection provides details about this parameter and its impact on the detection.

4.6.2 Marker size

The larger the marker is, the higher the chances are to be able to identify it in an automated
way on the images. However, the marker dimensions are constrained by the drone dimen-
sions. In order for a marker to fit on a commercial drone, its edge should be smaller than
the distance available between the body width and the propeller length. The commercial

drone taken as example in this work is the Parrot Bebop 2 drone. Its width measures 38
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centimeters (cm), and its propellers’ radius equals 11cm. The available space between the
propellers is equal to 38 — 2% 11 cos(45) = 22.6¢m. To make sure the propeller rotation is
not impacted by the marker, a safety distance of a few centimeters must be removed from
this available length. So the marker edge should be of order of magnitude 10 cm to avoid
impacting the propellers’ rotation. Figure 4.27 depicts how the marker size is impacted by

the drone dimensions.

38cm

Radius propeller
1lcm

Available length 22cm

Figure 4.27: Drone dimensions

A marker of edge equal to 7.5 cm, and a marker of edge equal to 10cm are designed
in Blender. The simulations with ROS and Gazebo are run for a pinhole camera, and
for the first path presented in Experiment 1. The False Positive and False Negative rates
are measured to evaluate the ability of the drone-marker system to collect the 2D points
required for the calibration. The results are described in the next paragraph.

No object in the simulated world is mistaken with the marker, thus the number of False

Positive detection is zero. However, there are frames where the marker is not detected,
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1.e. there are some False Negative. For the smaller marker size (7.5cm), only 67 percent of
marker location are detected. Thus, the marker of edge 7.5 cm does not allow the collection
of the 2D key points required for the calibration. For the larger marker size (10cm), there
was a unique False Negative, leading to a detection rate of 98 percent. The results also
demonstrated that the selected marker size enables the detection of the moving target for
distances larger than 3 meters, since the minimum distance between the camera and the
sampled points equals 3 meters for the tested path.

The following knowledge is gained from this part of Experiment 2:

Second result of Experiment 2: A marker of edge 10cm enables the 2D points col-

lection when the drone flies at least 3 meters away from the camera

Figure 4.28 illustrates the drone with the marker of 10cm, which is used in the rest of
Experiment 2. Figure 4.29 provides the view of the drone and its marker seen on the video

captured by the camera being calibrated.

Figure 4.28: Drone with marker of edge 10cm, and using a white border for collection of
image point required for the calibration in challenging environments
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Figure 4.29: Drone with marker seen from the camera being calibrated

The design of the drone with a marker for calibration target purpose has been defined.
Table 4.5 presents the criteria that must be satisfied by the marker-drone system for its
validation on the left column. It presents the knowledge gained from Experiment 2 so far
about the validation of these criteria in the second column, and the last column contains the

additional work that needs to be demonstrated to fully answer Research Question 2.
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Table 4.5: Knowledge gained and knowledge to acquire to answer RQ?2

than 3 meters

Criteria Result Additional work
needed

Marker dimensions satisfy drone | Satisfied /

dimensions’ constraints

Marker detected for distance larger | Satisfied /

Robustness against challenging | White border around | Test for more environ-

backgrounds the marker ments

Robustness against small drone os- | Marker detected Look at the resulting

cillations at waypoints calibration accuracy

Robustness against distortion / Test with distorted
cameras

The marker-drone system was used in simulations in ROS and Gazebo to further demon-

strate the efficiency of the solution for camera calibration. These simulations evaluate the

success of the calibration approach in challenging environments, and for cameras with dis-

tortion. Explanations are provided in the next subsection.

4.6.3 Drone+marker calibration approach tested for different environments

An important criteria for the validation of this marker solution is the scalability of the ap-

proach to diverse environments where the cameras can be located. In the previous section,

the marker solution has been tested in a urban environment. It lead to accurate identification

of the marker with a detection rate equals to 98 percent. It also demonstrated that the cho-

sen Aruco pattern enables to discard efficiently the objects that are not the marker since the

False detection rate equals to zero, making the solution adapted to cluttered environments.

The environment tested had a grey background, and adding a white border around the
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marker was necessary for its detection. The automated marker detection steps are summa-
rized earlier in Chapter 4 and it was highlighted that the Aruco marker is recognized on the
image by identifying black contours with a 4-edge polygon shape. Thus, adding a white
border around the marker does not impact its detection in light backgrounds since the black
edges are unchanged. To further support this observation, authors in [144] demonstrated
that the automated detection of Aruco markers works well on light color backgrounds. To
provide more evidence towards the robustness of the marker-drone solution for challeng-
ing environments, i.e. for dark backgrounds, the proposed approach was tested in a darker
simulated world. A mountain environment was chosen for this test, and is illustrated on
Figure 4.30 and Figure 4.31. The drone follows the first path presented in Experiment 1,
and the marker was detected on the image at all waypoints, validating the robustness of the
marker-drone approach to diverse environments. Figure 4.30 are images of the simulation
running, the white cone represents the camera field of view. Figure 4.31 are frames from
the video captured by the camera, each frame shows a 2D keypoint. The background color
around the marker changes during the drone trajectory: the top left frame background color
is a light gray close to the marker border color, the two other frames have dark green and
brown backgrounds. In this simulation, the drone and its marker are identified correctly at

each waypoint, thus the marker solution is adapted to light and dark backgrounds.

Figure 4.30: Simulation in a dark background environment
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Figure 4.31: Sample of frames captured by the camera in the mountain environments

Table 4.6 summarizes the main results of Experiment 2 for the validation of the cri-
teria to satisfy to validate Hypothesis 2. Most criteria are satisfied. In order to validate
Hypothesis 2, the robustness of the approach against distortion must be demonstrated, and

the resulting calibration accuracy must be measured. These results are presented in the
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following subsection.

Table 4.6: Knowledge gained and knowledge to acquire to answer RQ2

Criteria Result Additional work
needed

Marker dimensions satisfy drone | Satisfied /

dimensions’ constraints

Marker detected for distance larger | Satisfied /

than 3 meters

Robustness against challenging | Satisfied /

backgrounds

Robustness against small drone os- | Marker detected Look at the resulting

cillations at waypoints calibration accuracy

Robustness against distortion / Test with  distorted
cameras

4.6.4 Drone+marker calibration approach tested for different paths, and different cameras

In Experiment 2, the same paths as the ones defined in Experiment 1 are tested. The same

cameras as the ones defined in Experiment 1 are modeled (a pinhole camera, and one with

distortion). These cameras capture a video of the drone with its marker. The drone flies at

waypoints which are the corner of the blue path illustrated on Figure 4.32, and Figure 4.33.

The green path on these figures represents the marker center path. The marker coordinates

(in meter) compared (X, arker> Ymarkers Zmarker) t0 the drone center of gravity coordinates

(in meter) (Xdronea)/;lrone’ Zdrone) are

Xmarker = Xdrone -

the following:

Ymarker = Y;lrone
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Zmarker = Zdrone —0.07

3D coordinates
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Figure 4.32: Drone and marker path 1

3D coordinates
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Figure 4.33: Drone and marker path 2

To further demonstrate the benefits of the marker approach, the calibration accuracy is

compared between the clicking method and the marker method and is described below.
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The RMS reprojection errors obtained during Experiment 2 are summarized in Table 4.7
The table also recalls the error obtained with the clicking method for comparison. Adding

a marker decrease the reprojection error on the calibration by 24 percent.

Table 4.7: RMS reprojection error

Path VS Camera type Pinhole Lens with distortion
Path 1 - no marker Error = 3.1 pixels Error = 3.3 pixels
Path 2 - no marker Error = 3.19 pixels Error = 3.28 pixels
Path 1 - marker Error = 2.12 pixels Error = 2.28 pixels
Path 2 - marker Error = 2.84 pixels Error = 2.42 pixels

The lens distortion does not impact the marker detection, compared to the scenario
where the camera is a pinhole one. Also, all resulting calibration errors are smaller than
the threshold of 3.6 pixels, thus the calibration is successful. This observation enables to
complete the criteria Table 4.8. It can be seen that the marker-drone solution satisfies all

the requirements, and is thus adapted for the collection of the 2D key points.

Table 4.8: Knowledge gained and knowledge to acquire to answer RQ2

Criteria Result

Marker dimensions satisfy drone | Satisfied

dimensions’ constraints

Marker detected for distance larger | Satisfied

than 3 meters

Robustness against small drone os- | Satisfied

cillations at waypoints

Robustness against distortion Satisfied

Robustness against challenging | Satisfied

backgrounds

115



4.6.5 Validation Hypothesis 2

The research question addressed in the section is recalled below:

Research question 2: Is the marker-drone solution adapted to the collection of 2D
key points in diverse environments, and thus is an enabler for an improved calibration

compared to the clicking method?

The results obtained from Experiment 2 are summarized in Table 4.7, and Table 4.8.
First, it was demonstrated that a 6*6 Aruco marker that satisfies the drone dimensions’ con-
straints can be detected for distances larger than 3 meters. Then, it was demonstrated that
the marker can be correctly identified despite small drone movements at waypoints. It was
also shown that adding a white border around the marker improves its detection in chal-
lenging environments, and thus is required for the scalability of the approach. Experiment
2 also demonstrated the robustness of the approach against distortion. Finally, the cali-
bration accuracy between the marker method and the clicking method are compared, and
the marker method leads to a smaller calibration error. Thus, Hypothesis 2 is validated,
and the marker-drone solution is adapted to the collection of 2D key points in diverse envi-
ronments, and is an enabler for an improved calibration compared to the clicking method,

which answers Research Question 2.

e D

HYPOTHESIS 2 IS VALIDATED: IF a 66 Aruco marker of restricted dimensions
is added at an extremity of the drone, THEN the modified drone design enables
an improved 2D points collection scalable to the variety of environments, robust to
drone oscillations, to camera distortion, and accurate despite a safety distance of 3

meters

4.7 Summary

Figure 4.34 summarizes the main observations, questions and hypotheses introduced so far.
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| Gap: Object-based calibration tedious for large FOV Gap: Self-calibration only for restricted scenes
1 ) 1 )

Overarching Research Question: What method could be developed to collect the 3D and 2D key points required for the calibration of hard-to-reach cameras,
adapted to any environments?

T
| Proposed solution: use a drone as a moving calibration target to collect the 3D and matching 2D points required for the calibration
I
Test and evaluate the method ability to calibrate cameras despite measurement uncertainties

H1: Back-and-forth path + several planes+ stationary

s - 5
RQ1L: Trajectory for good training set? =>Complete set + small noise for good calibration

Proof-of-concept - =
RQ2: Marker solution to reduce input
data noise?

H2: Marker + drone => less noise + robust
to complex conditions

Figure 4.34: Summary of Gaps, Research Questions and Hypotheses for the proof of con-
cept

Experiment 1 demonstrated that if the drone flies following the three criteria listed

below, then the calibration made with the key points collected by the drone is successful.
* The path covers all areas of the camera FOV
* The path covers points in several planes

* The drone stops at waypoints to allow for the correspondence between 3D key points

and 2D key point

The two first criteria allow for the collection of a training set that is complete, i.e. that
is an accurate representation of any application sets. For instance, this path includes points
from regions of complex behaviors due to distortion, and points from regions of linear
behavior. The third criterion allows the collection of a training set with low error when
matching 3D key points with their images. The resulting training set leads to a calibration
error smaller than 3.6 pixels and thus a successful calibration. Through Experiment 1, It
has been proven for two common cameras, that the use of a drone as a moving calibration
target enables the collection of the 3D and 2D key points to build a dataset complete and
accurate enough for a good quality calibration.

Hypothesis 2 tests whether the error during the 2D sampling could be reduced by adding
a marker on the drone. It is expected that adding a marker would reduce the 2D sampling

error and thus the calibration error, if the marker can be identified accurately. The marker
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pattern and dimension influence its identification in the image. The marker-drone system
must be detected in challenging environments, and be robust to oscillations, distortion, and
scaling due to the camera distance. Thus, Hypothesis 2 was tested to find out whether the
marker-drone solution is adapted to the flight conditions and the large diversity of envi-
ronments where remote cameras are located. Experiment 2 demonstrated that the solution
marker + drone overcome the obstacles listed above, and lead to a calibration accuracy im-
proved compared to the one obtained in Experiment 1. Experiment 2 lead to the validation
of Hypothesis 2.

To summarize the findings from Experiment 1 and 2: both a drone with a marker and
one without a marker and a pinhole camera without distortion and a camera with distortion
were tested. The tests were run in simulations using ROS and Gazebo frameworks, and
by simulating two different drone trajectories. Both methods enable the collection of key
points that cover the field of view. The calibration resulting from the 3D waypoints and
their 2D images is evaluated by measuring the RMS reprojection error, and results are
summarized on Figure 4.35. All RMS reprojection errors are smaller than 3.6 pixels, which
is the threshold for an accurate calibration. Also, adding a marker at the back of the drone
decreases the error by 24 percent on average. These results confirm that the choice of the
detection method influences the calibration accuracy. These experiments’ results provide
strong evidence toward the success of the drone-based approach for the calibration of hard-

to-reach cameras.
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Average reprojection errors obtained with the simulations
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Figure 4.35: RMS reprojection errors

Results of Experiment 1 and 2 are a proof-of-concept for the drone-based calibration
approach. The approach must be further demonstrated for a large range of camera param-
eters. Also, it was assumed that the 3D localization can be obtained without error. The
impact of the measurement error on 3D coordinates must be included to better evaluate the
calibration approach. Chapter 5 presents the work done to evaluate the approach for many

different cameras, and for noisy 3D localization measurements.
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CHAPTER §
DEMONSTRATE THE SCALABILITY TO MANY DIFFERENT CAMERAS

Because Hypotheses 1 and 2 are validated, there is strong evidences that using a drone as
a moving target enables the calibration of hard-to-reach cameras. The approach presented
so far assumes perfect 3D localization information. The approach is scalable to the large
number of existing cameras if it relies on commercial drones without the need to add com-
plex sensors for the 3D localization. Thus, the measurement error due to a commercial
3D localization sensor, such as an RTK GPS, must be included to prove the scalability of
the approach to a broad range of environments and cameras. Also, guidance must be pro-
vided to deploy the drone-based calibration approach easily for any type of camera. The
following section presents the methodology defined to evaluate the influence of the GPS

uncertainty on the calibration and provide guidance for the drone trajectory.

5.1 Strategy to evaluate impact of path parameters, uncertainties, and camera pa-

rameters on calibration quality

The drone-based calibration is scalable to the large number of installed cameras if it en-
ables a successful calibration of a broad range of camera models while using commercial
localization sensors, such as an RTK GPS. The error introduced by the GPS causes a cal-
ibration error, and the approach must be tested to evaluate whether the threshold defined
in Chapter 3 is satisfied despite this additional error. Also, the impact of GPS uncertainty
on the calibration quality depends on the localization of the 3D training points. Figure 5.1
illustrates this observation: objects A and B have the same height, but their respective im-
ages, a and b, have a different heights, which depends on the distance from the camera.
Thus, the same error in 3D does not result in the same error on the image for two different

distances camera-measured points. This is summarized with the following observation:
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Observation: The impact on the calibration quality of the 3D measurement noise

depends on the position of these 3D points

Image plane

/“era lens Distance from camera

Figure 5.1: Impact of camera-object distance for the corresponding error on the image

4_0'

In addition to the impact of the distance training point to camera on the calibration
quality, the distance between training points might also impact the calibration accuracy. For
a given number of training points, the density of points along the three dimensions available
for the path can be varied. This change in densities might result in different calibration
qualities, i.e., for a given camera, there might be an optimum step length that ensures an
efficient sampling along the three directions. Since the 3D coordinates’ measurements
have uncertainties, once could assume that the larger the distance between two consecutive
waypoints is, the less the uncertainty matters. Also, the closer two waypoints are, the larger
are the risks to make correspondence errors between 3D points and their images.

Experiment 3 will investigate whether sampling step-length impacts the calibration

quality.

Assumption: For a constant number of sampled points, the changes in the density of
points along the three dimensions available for the path likely impact the calibration

quality

The following paragraph summarizes the observation and assumption of this section.
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The uncertainty resulting from GPS and image detection uncertainties must be evalu-
ated to validate the drone-based calibration approach. The GPS measurement uncertainty
impacts the calibration accuracy differently depending on the 3D training points localiza-
tion. Also, the choice of sampling densities along the axes X, Y, and Z likely impacts the
calibration quality. Thus, the choice of the path parameters is important to allow for a suc-
cessful calibration, and there is a need for a guideline for the choice of path parameters
to ensure a successful calibration for the large variety of cameras tested. This leads to the

following research question:

Research Question 3: How to pick the path parameters to enable a successful cali-

bration of a broad range of cameras?

The calibration technique must be evaluated for thousands of camera models to demon-
strate the scalability of the drone-based calibration solution. Due to the large number of
tested cameras, the calibration technique is evaluated using simulations. The goal of these
simulations is to model different cameras, the 3D training points, and their corresponding
images on the camera. In addition, they should also model the 2D and 3D localization
uncertainties.

Measurement error can be divided into two categories: systematic error, which is due
to sensor calibration error and can be corrected, and random error, which is due to un-
predictable fluctuations in environmental conditions or observer judgment error. Gaussian
distributions of mean zeros can model the latter. The image localization uncertainty is
caused by random events such as oscillations at the sampled points or shadows that make
the marker detection less precise. Since it is caused by random noise, the 2D measurement
uncertainty can be modeled by a gaussian distribution. GPS measurement error is also due
to random phenomena such as signal blockage and is also modeled by a gaussian distribu-
tion. Due to the random behavior of the uncertainties, taking a unique sample to evaluate

the calibration would not lead to a reliable metric. Instead, a Monte Carlo sampling enables
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to capture the impact of the input uncertainties on the calibration quality [149]. Indeed, it
enables the evaluation of the reprojection error statistics, such as the estimates of the aver-
age error, the maximum error, or the uncertainty in measurements.

For a given camera, a set of 3D “perfect” (without noise) training points is defined. The
image 2D points are computed using the perfect 3D points and the camera model. This set
of points is fed into a Monte Carlo sampling that draws k times a set of 3D and 2D measure-
ment noises following Gaussian distributions. The 3D and 2D key points are modified by
adding noise to each of them. This leads to a set of 3D and 2D key points that captures the
measurement uncertainties. For each modified set of points, the optimization for camera
calibration is run, and the error is stored. This process is repeated k times, which results in a
statistical distribution for the calibration error that captures the measurement uncertainties.
From this distribution, the estimate of the average error can be used for a reliable evaluation
of the calibration approach. Once a reliable calibration error is computed, it is compared to
the threshold defined in Chapter 3 to validate or reject the calibration methodology for the

considered camera. Figure 5.2 illustrates this approach.
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Figure 5.2: Monte Carlo sampling for a reliable evaluation of the calibration under uncer-
tainties

The methodology described in the previous paragraph is followed for each tested cam-
era to evaluate the scalability of the drone-based calibration technique. Testing the cali-
bration approach for a broad range of camera models would also enable highlighting the
influence of camera parameters on the calibration accuracy.

A method to define and model the large range of cameras must be defined. The mod-
eling of a camera in the simulation introduced in this section relies on the input of camera
parameters. Once the intrinsic and extrinsic parameters have been defined, the relation
that relates world coordinates to image ones, as derived in chapter 2, is implemented to
model the camera and its image points. So, modeling different cameras is equivalent to
defining different sets of camera parameters. Bounds for intrinsic and extrinsic parameters
are defined after searching for camera specifications. Table 5.1 summarizes the parameters
which are varied to model diverse cameras. Figure 5.3 illustrates the impact of changes in
the focal length and image dimension (the image width is related to the image height by an

aspect ratio of %) on the field of view angle. Figure 5.4 illustrates the impact of changes
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in the elevation and the orientation along Y on the field of view orientation. In addition
to the parameters introduced by Table 5.1, the distortion is varied between two levels: no

distortion, and moderate distortion following the Brown equations [150].

/
-\

Figure 5.3: Variation of focal length and image width leads to variation of FOV

Zy [ ]
\ Camera location

Figure 5.4: Variation of camera orientation and elevation
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Table 5.1: Camera parameters design space

Parameter | focal length | image elevation orientation | Distortion
width level
Lower 2mm 700 pixels | 2m 0  degree | pinhole
bound (horizontal)
Upper 15mm 4000 pixels | 5m 90 degree | Medium
bound (vertical) distor-
tion using
Brown
model

The simulation is used to model thousands cameras by changing the focal length, the
image dimensions, the distortion, the camera elevation, and orientation. The following
paragraph describes the value selection for these five factors for the modeling of the many
cameras.

Design of Experiments (DOE) techniques are sampling approaches that select points
based on their distribution throughout the design space to optimize the knowledge pro-
vided by these sample points [151]. DoE techniques would enable the selection of values
for the focal length, image width, camera orientation, and elevation so that thousands dif-
ferent cameras can be modeled in the simulations. The selection of an appropriate DoE
technique depends on the type of input data collected. The set of varied parameters has two

characteristics listed below that restrict the choice of a DoE.

* All parameters are varied in a continuous way, except for the distortion, which is
varied between two levels. Thus, the DoE technique must handle continuous and
discrete factors. Random sampling, Optimal design, Latin Hypercube, and space-

filling are potential candidates for such a DoE [151].

* Since few cameras have a field of view angle equal to 180 or 20 degrees, a small ratio
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of points should be sampled at the design space extremities while the design space
interior should be highly represented. Among the previously listed DoE techniques,

Latin Hypercube is the one filling this criterion [152].

Thus, a Latin Hypercube design is selected to sample the design space made of the five
factors: focal length, image width, camera elevation, orientation, and distortion level, and
create thousands cameras. Then, for each camera, the methodology described in Figure 5.2
is run and, for a given path, the accuracy of the calibration is evaluated in a reliable way.

Once the cameras are modeled within the simulation, the Monte Carlo sampling ap-
proach described earlier in the section is applied for each camera.

At the beginning of this section, it was observed that the location of the 3D training
points impacts the final calibration accuracy. Thus, there is a need to develop and apply a
methodology to select the appropriate path parameters to ensure a successful calibration.
This need is stated through Research Question 3: How to pick the path parameters to enable
a successful calibration of a broad range of cameras?

The elements to answer the questions have been introduced in this section and are listed

below:

* Thousands cameras are modeled by varying their parameters and selecting adequate
focal length, image width, distortion, camera orientation, and elevation using a Latin

Hypercube DOE

* For each camera and for a given path, the calibration quality is evaluated with a
Monte Carlo sampling that captures the 3D and 2D measurement uncertainties. This
enables a robust evaluation of the calibration quality for the thousands cameras while

accounting for the uncertainties.

* Finally, the Monte Carlo sampling can be operated for each camera and different
sampling strategies. Path parameters can be varied, leading to different 3D key

points. Then for the latter key points and a given camera, the steps from Figure 5.2
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are run. This leads to a reliable evaluation of the calibration quality for a given path

and a given camera.

The second step listed allows to evaluate the calibration quality for a broad range of
cameras and thus evaluate the scalability of the drone-based calibration approach. The last
step listed above enables a comparison of path parameters’ impact on the calibration ac-
curacy. It is assumed that the combination of both steps would provide guidance for the
choice of the trajectory to ensure a successful calibration and thus would answer Research
Question 3. This assumption must be tested because the resulting calibration error might
not satisfy the threshold defined in Chapter 3. Also, there might not be an optimum sam-
pling that would lead to a sufficient calibration accuracy for the large range of cameras.

Thus, this leads to the following hypothesis, whose test would answer Research Question

3.

Hypothesis 3: IF different sampling strategies with various step lengths and distances
from the camera are tested in simulations where uncertainties are modeled with a
Monte Carlo simulation and cameras are defined using a Latin Hypercube DOE,

THEN a sufficient sampling strategy can be defined applicable to a large range of

cameras

Figure 5.5 illustrates the methodology described in the section and the experiment de-
signed to test Hypothesis 3.

The chart on Figure 5.6 summarizes the observations, question and hypothesis intro-
duced in this section. Hypothesis 3 is validated if the approach described on Figure 5.5
allows the definition of sampling strategies whose corresponding calibration errors are
smaller than the threshold defined in Chapter 3. The experiment, which test Hypothesis
3, evaluates whether the drone-based calibration approach allows a successful calibration
for a large variety of cameras despite the 3D and 2D measurement errors. To do so, it

tests different sampling strategies to find a sufficient one that allows a calibration error
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Figure 5.5: Methodology designed to evaluate the calibration quality for a large range of
cameras and for different sampling paths

small enough for speed measurement applications. The experiment is described in the next

section.
Gap: The existing object-based calibration approaches are not Gap: The self-calibration methods require restricted geometric
adapted to large FOV and to hard-to-reach cameras, because they scene conditions and thus not scalable to a large diversity of hard-
require a tedious and manual process to-reach cameras

| |
Overarching Research Objective: Develop a method to calibrate hard-to-reach cameras
independent from their environment

|
Overarching Research Question: What method could be developed to collect the 3D and 2D
key points required for the calibration of hard-to-reach cameras, adapted to any
environments?

Proof of concept: Use of a drone to calibrate the camera

1
Scalability to broad range of cameras

Observation: The path parameters, such as sampling step length and distance to camera, likely impacts the calibration quality |
|
Research Question 3: How to pick the path parameters to enable a successful calibration of a broad range of cameras? |

Requirement: Capture uncertainties impact on calibration, model 5000 cameras
]
Hypothesis 3: IF different sampling strategies with various step lengths and distances from the camera are tested in simulations where uncertainties are modeled

with a Monte Carlo simulation and cameras are defined using a Latin hypercube DOE THEN a sufficient sampling strategy can be defined applicable to a large
range of cameras

Figure 5.6: Summary of observations, research question and hypothesis to evaluate whether
the approach is scalable to a large variety of cameras
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5.2 Experiment 3

Experiments 1 and 2 assumed the use of a localization system that enables very accurate
3D coordinates’ measurements. The oscillations of the drone at waypoints were included
in the simulations and are responsible for small 3D localization errors. These oscillations
cause a slight difference between the recorded and the actual 3D path followed by the
drone in the simulation. The first contribution of experiment 3 is the evaluation of the
calibration quality despite GPS and altimeter noises. In Experiments 1 and 2, the calibration
approach was tested on two types of cameras. The second contribution of Experiment 3 is
to evaluate the scalability of the approach for thousands of cameras. The third contribution
of Experiment 3 is a methodology and its application to select path parameters that ensure
a successful calibration. Indeed, it was observed that the impact of 3D measurement noise
on the calibration quality depends on the 3D points’ position. It was also noticed that the
step length along the three dimensions available for the path likely impacts the calibration
quality.

Due to the large number of tested cameras, Experiment 3 is implemented using sim-
ulations. Because using ROS and Gazebo for the 5000 cameras, and the many sampling
strategies, would take a long time, another simulation framework is built to reproduce the
results of Gazebo and ROS simulations while running faster. These simulations are im-
plemented in python 3, and they allow to model a camera using its parameters as input, to
model a 3D trajectory, and its image captured by the camera. In addition, these simulations
run a calibration of the simulated camera using the set of 3D and 2D points with noise and
return reprojection errors and their distribution.

The RTK measurement uncertainty is modeled using a Gaussian distribution of mean
zero and standard deviation 1.5cm along the vertical axis (Z axis). The measurement un-
certainty along X and Y that forms the ground plane is modeled by a Gaussian distribution

of mean zero and standard deviation 1cm along each axis [153]. The 2D localization un-
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certainty is not known and must be modeled to implement simulations that are a correct

representation of the real world. This leads to the following gap:

Gap: The model of the 2D detection uncertainty must be estimated to build simula-

tions that enable the evaluation of the calibration approach scalability.

Since it is caused by random noise, the 2D measurement uncertainty can be modeled
by a Gaussian distribution of mean zero and standard deviation s, along the horizontal
and vertical axes of the camera. The standard deviation s must be determined. With the
available data from the simulations, it is possible to estimate the standard deviation s. The

following section presents the methodology followed to determine s.

5.3 Model for image detection error

This section explains how results from Experiment 2 enable to find a model for the error in
the selection of the pixel on the image that corresponds to the target.

The notations used in this section are introduced below:

* P, is the set of 3D training points

* S is the set of pixel coordinates of the images of these 3D training points, i.e. it is

the set of 2D training points

» 5 is the set of 2D training points that were detected by the marker detection algo-
rithm. If there were no noise, S; would be Sy. The points in .S; are the images of the
points in F, their location is not exact compared to the points in Sy due to detection
error. Also, some points in F are not detected on the image. Thus S; has less points

that S

* P is the set of 3D training points whose images are in 5,
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The set of equations used to model the camera in Gazebo is known [154] and is imple-
mented in the python-based simulations. So the newly implemented simulations, and the
Gazebo simulations, can model the same cameras.

For each marker location detected in the Gazebo simulation, the actual ground truth can
be computed using the known 3D coordinates, the set of equations that model the camera,
and the known camera parameters. This ground truth can be used to get the measurement
error distribution once a marker is detected. However, the error in the exact localization
of the marker is not the only noise involved in the selection of the target on the image.
Figure 5.8 illustrates this observation. This step is impacted by the correct identification
of the marker on the image. Indeed, there is noise due to lighting, oscillations, and other
environmental factors, as is illustrated in the orange blocks on the right chart of Figure 5.7.
This noise introduces errors in the image point detection: error in localization and classifi-
cation error (some marker positions are not detected). The python-based simulations must
account for this noise, and this is illustrated with the left orange block on Figure 5.7.

Figure 5.7 summarizes the two simulations steps. ”Simu 1” refers to the Pyhton-based

simulations, and ”Simu 2"’ to the ROS and Gazebo-based simulations.
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Figure 5.7: Left image: Python-based simulations. Right image: ROS and Gazebo simula-
tions

The comparison between detected image coordinates and actual image coordinates
leads to a distribution for the image localization error. Figure 5.8 illustrates this process.
However, this error distribution does not account for the influence of missed detection
(marker location not detected due to lighting, clutter surroundings, etc.) on the calibra-
tion. The difference between Sy, and S is also caused by marker that were confused with
environment objects [144]. This noise is unknown and there are no ground truth avail-
able for it, as illustrated in Figure 5.8. Thus, a model is assumed for it. The goal is that
the Python-based simulations reproduce accurately the results of the ROS and Gazebo-
based simulations. So, the model is evaluated by comparing Gazebo simulation results and

Python simulation results.
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Simu 1: For Exp 3 Simu 2: ROS and Gazebo data
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Figure 5.8: Model localization error: difference between Sy and Sy

There is a need for a detection uncertainty model that accounts for localization error
and classification error. For the localization error, the available ground truth is the repro-
jection error obtained after the complete drone-based calibration process implemented in
Gazebo. The proposed idea is to find a model for the noise on image points that would
account for both localization and classification errors. The noise is added to the perfect set
of image point Sy, and its impact on the calibration process must be equivalent to the im-
pact of noise simulated in Gazebo (lighting, cluttering, oscillations...). The set Sy + noise
must be “equivalent” to the set S;. Equivalent means here that the calibration outputs are
similar. For this purpose, the reprojection error (calibration error) distributions obtained
in Experiment 2 are used to evaluate the standard deviation s. Figure 5.9 illustrates the

process followed to find a model for the pixel measurement uncertainty, using the available
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data from Experiment 2.

Simu 1: For Exp 3 Simu 2: ROS and Gazebo data
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Figure 5.9: Model error when selection of 2D key point on the image

The new simulation and the Gazebo simulation are run for the same camera and the
same path. The python-based simulation assumes a Gaussian noise of mean zero and stan-
dard deviation s for the image detection uncertainty. The optimization for camera calibra-
tion is run from the two sets of 2D and 3D points obtained through the Gazebo and the
python simulations. The reprojection error is computed for each training point, leading to
two distributions of reprojection errors. The first distribution is built using the reprojection
error values obtained after the calibration of the camera simulated with the Gazebo sim-
ulation. The second distribution is built using the reprojection error values obtained after
the calibration of the camera simulated in the python simulations. For a standard devia-
tion value s, the reprojection distribution obtained from the python simulation and the one

obtained from Gazebo are compared. The comparison is based on shape comparison and
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hypothesis testing. If the distributions are different, a new value for s is tested. Figure 5.10

illustrates the process followed to validate or reject the model tested.

Gazebo and ROS simulation: Pythan-based simulation:

- Same path
- Apath

- Same camera
- Acamera - Model for pixel
- Marker detection P .

measurement uncertainty
b 2 2 5
Distribution of the Distribution of the reprojection
reprojection error error
.

Comparison of reprojection error distributions
* Shape comparison
* Hypothesis testing

Figure 5.10: Validation process for the model for image detection noise

For a standard deviation value equal to 2 pixels, the distribution of reprojection errors
obtained after the Gazebo simulation and the python simulation have similar shapes: they
can bot be approximated as Gaussian, as seen in Figure 5.11. They also have similar box-
plot representations, as seen in Figure 5.12. The two left box-plots are the reprojection
error obtained for the simulated pinhole camera in Gazebo and in python. The two right
box-plots are obtained for the simulated camera with distortion in Gazebo and in python.
The medians are equal for pinhole (resp. distorted) cameras box-plots, and the allocation
of points above and below the median are similar. In addition to the shape comparison,
a T-Test is run to compare the mean of the reprojection error distributions obtained for
the pinhole camera calibration in the two simulations. The Null Hypothesis states that the
means of both distributions are equal. The p-value obtained from this t-test is equal to
0.64, which is larger than the p-value threshold of 0.1 [155]. Thus, there is strong evidence
towards the Null Hypothesis. When combined with the qualitative shape comparison, this
enables the validation of the 2D points detection uncertainty model for its use in Experiment
3. Figure 5.13 illustrates the distribution taken for the noise added to pixel coordinates in

the u direction. The same distribution is used for the noise in the v direction.
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Figure 5.11: Shape comparison of reprojection error distributions: right distribution ob-
tained with Gazebo simulations, left distribution obtained with python simulations. The
y-axis is the RMS reprojection error value in pixels
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Figure 5.12: Qualitative comparison of box-plot distributions. The y-axis is the RMS

reprojection error value in pixels

137



Uncertainty on image

0200

0.175

0150

0125 4

0.100

0.075

0.050 1

0.025

0.000 1

T T T T T
-6 -4 =2 L] 2 4 [
measurement uncertainty in pixel

Figure 5.13: Model for noise in u (resp. v) direction

Result: The uncertainty for the identification and localization of the 2D points is

modeled by a Gaussian of mean zero and standard deviation 2 pixels

5.4 Experiment 3: Implementation

Once the noise in 2D and 3D measurements can be modeled, the process described in
Chapter 3 and recalled in Figure 5.14 is implemented for different sampling strategies. The
goal is to find a sufficient sampling strategy applicable to the tested cameras. The optimum
sampling strategy might depends on camera parameters. It is assumed that the the user of
this calibration approach has a vague a priori knowledge of the camera parameters. For
instance, one can guess the range to which belongs the FOV angle. If camera parameters
impact the calibration quality, the user can adapt the trajectory to ensure a good calibration
quality, using the camera parameters guess. The result of Experiment 3 would serve as
a guideline for the choice of path parameters to ensure an accurate calibration for a large

variety of camera parameters.
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Figure 5.14: Methodology designed to evaluate the calibration quality for a large range of
cameras and for different sampling paths

The following pseudo-code presents the Monte-Carlo sampling, which was illustrated
as a black-box on Figure 5.14. The parameter n is the number of pairs of 3D points F;, and

their image p;. The noise on the 3D points and 2D points are assumed Gaussian with zero
1

mean and covariance S; * Ids, and s; * Ids. Where S, is the vector | 1 |, and s; is the
2.25

4
vector in this work.

4

Algorithm 1 Pseudo-code

1. Repeat k times:

2: Foriin [1,n]:

3: Draw (); from a normal distribution N (P; S;Id3)

4: Draw ¢; from a normal distribution N (p; s;1ds)

5: Estimate camera parameters C using the selected calibration method

6: Compute and store reprojection error (or RMS reprojection error) E(C') as
E,(C)

7: Compute statistics on the set of measurements £ (C'): mean, max, variance...
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The choice of k was set to 500 after observing the convergence of the Monte Carlo es-
timator for various cameras. Starting from 500 iterations, the amplitude of the oscillations
of the estimator is decreased by 90 percent compared to the amplitudes for a small number
of iterations. Figure 5.15 illustrates this trend for a camera with focal length of 1,000 pixels
and image width and height of 1,200 pixels. Beyond this number of iterations, the gain in
precision of the estimator was not worth the additional computation time.
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Figure 5.15: Convergence of the RMS reprojection error estimate with the number of
Monte Carlo iterations

Because the simulations for 5000 cameras take several hours to run, the strategy was
first applied to a reduced number of simulated cameras. Testing for 30 cameras were run
in order to gain a first knowledge about which sampling step lengths, and which distance

between 3D points and camera should be tested for the 5000 cameras.

5.5 Experiment 3: Pre-experiment for 30 cameras

First, a Latin Hypercube DOE is run to define 30 design points, in the design space made of
the focal length, the image width, the distortion level, the camera orientation and elevation.
The baseline sampling for obtaining the 3D key points is inspired by the path defined in the

first experiment while adding more points along Z (axis vertical up). It is made of points
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every meter along X, and Y, where (X,Y) represents the ground plane, and every 50cm

along Z. Figure 5.16 illustrates this baseline sampling.
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Figure 5.16: Baseline Sampling: the improvement in the calibration accuracy are measured
against this sampling

The main takeaway of this pre-experiment is the evaluation of the influence of the sam-
pling density along Z on the calibration quality. It was observed that changing the sampling
density along Z from 2 points to 4 points, while sampling between 0.5 meters and 2 meters,
did not significantly change the calibration error for the 30 tested cameras. Figure 5.17
illustrates this result: The abscissa represents the identification number of the tested cam-
eras. For each camera, the blue histogram magnitude is the reprojection error measured
when sampling two Z-values between 0.5 meters and 2 meters. The green histogram mag-
nitude is the reprojection error when sampling 3 Z-values (0.5m, 1.25m, 2m), and the red
histogram magnitude is the reprojection error obtained when sampling 4 Z-values (50 cm,

Im, 1.5m, 2m). Thus, the density of sampled points along Z does not significantly impact

the calibration quality.
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Impact of sampling density along Z
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Figure 5.17: Reprojection error changes with change in number of sampled points along Z

While running this pre-experiment, it was observed that changing the sampling density
along Y and X axes impacted the calibration quality. This observation has been further

studied with thousands cameras and the results are provided in the next section.

5.6 Experiment 3: Final results

The observations made with 30 cameras where refined using tests on thousands of simu-
lated cameras. The exact number of cameras is picked by tested several candidate values,
and selecting the minimum value that ensure a dense coverage of the design space. The se-
lected number of simulated cameras is 5000. Figure 5.18 illustrates the focal length, image
width, orientation and elevation values returned by the Latin Hypercube for 5000 design

points.
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Widths and Focal Lengths selected by DOE
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Figure 5.18: Camera parameters selected by DOE

5.6.1 Impact of sampling step-length

First, the results about the impact of density of points along Z from the pre-experiment are

confirmed by running the methodology of Figure 5.14 for the 5000 cameras. Results con-

143



firmed the trend observed for 30 cameras. Thanks to the large number of tested cameras, a
more precise evaluation is possible: 98 percent of camera models do not see an improve-
ment in the calibration quality when the number of sampled points along Z is increased
from 2, to 3 or 4 values. Sampling 2 Z values is preferred, compared to sampling 3 or 4 Z
values. Indeed, it allows for a correspondence between 3D and 2D points using the changes
of direction of the drone. This correspondence method could be used for robustness of the
matching 2D-3D, while implemented in addition to an other method, such as hovering at
waypoints, or time synchronization.

A second set of simulations compares a sampling step length along Y every 50 cm, with
a sampling step length along Y every meter. It was found that using a step length of 1 meter
leads to better calibration for 97 percent of cameras. Figure 5.19 illustrates the step-length
choice for various focal lengths and image dimensions. On this graph, the contour value
equals 1 (blue color) when a step-length of 1 meter enables a better calibration and 2 (red
color) if the preferred step length is 50 centimeters. This last step length is advantageous
for cameras with small focal lengths or large field of view angles. Figure 5.20 presents
the contour plot with the same color code, for orientation angle and elevation changes.
However, there are no clear trend seen with this plot. The trend observed when testing a
sampling step-length along the X axis of 50cm, and of 1m, are similar to the ones described

for the Y axis.
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Figure 5.19: Comparison of sampling step-length along Y for various image width and

focal length values
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Figure 5.20: Comparison of sampling step-length along Y for various camera elevations
and orientations

The main result obtained for the comparison of step-length values is the following:
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First result Experiment 3: It is recommended to sample 3D points using a step-length
equal to 1 meter along X and Y while sampling two Z-values. An exception exists
for cameras with small focal length where a step length of 50 centimeters along Y is

preferred.

For this recommended sampling strategy, the resulting RMS reprojection error is pro-
vided in Figure 5.21. This representation enables to highlight the impact of camera param-
eters on the calibration quality for the proposed path. The top figure presents the contour
plot of the RMS reprojection error for various image width and focal length values. The cal-
ibration accuracy decreases when the image width increases or the focal length increases.
The bottom figure depicts the contour plot of the RMS error for various orientations and
elevations of the camera. It can be seen that the calibration accuracy is poorer for cameras
with small elevation and large orientation angles (near vertical). For these configurations,
the drone can only fly close to the camera. This causes the GPS uncertainty to have an im-
portant impact. The impact on the calibration of the distance between sampled points and

camera is further studied with simulations and results are presented in the next paragraph.
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Figure 5.21: Variation of the RMS reprojection error for various camera orientations and
elevations on the top and various image width and focal length values on the bottom

5.6.2 Impact of distance from camera

First, a test was made for a unique camera, whose parameters are in Table 5.2. For this
camera, simulations were run while modifying the training set of points, such that the
coordinates of the farthest points along X, i.e. the perpendicular distance from the camera,
is increased. The camera is calibrated in these simulations, and the reprojection error is
computed. Figure 5.22 presents the results: The red curve is obtained using 2D point

location uncertainty only. The blue curve is obtained when including the GPS uncertainty
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in addition to the image measurement uncertainty. The impact of GPS uncertainty on the
calibration error is represented by the distance between the two curves. It can be seen that
when the points are sampled farther from the camera, the impact of GPS uncertainty on the
calibration error decreases. This observation leads to the set of simulations described in the
next paragraph.

Table 5.2: Camera parameters

focal length | image elevation orientation | Distortion
width level
1000 pixels | 1200 pixels | 4 m 45 degree pinhole

Evolution of the calibration error with the maximum distance from camera
6 8 10 12 14 16 18 20

4.50 —¥— GPS5 uncertainty
—»— 2D pixel localization uncertainty only

425

4.00 n—_= T = A
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—x 1 1

Maximum distance along X (meter)

Figure 5.22: Impact on the calibration error of increasing the sampling distance from the
camera

The simulations were run to compare a sampling close to the camera to one farther
away from the camera. The first simulation used a sampling where values along the X-axis
varied between 0 and 8 meters. In a second simulation X-values varied between 0 and 4
meters and the third simulation used X-values between 4 and 8 meters. According to the

simulation’s results, 79 percent of cameras have better calibration accuracy when using a
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sampling farther away from the camera. This result is summarized on Figure 5.23. The
remaining 21 percent of cameras have common characteristics; they have extreme field of
view angle values. Figure 5.24 and Figure 5.25 present contour plots where the red color
corresponds to a sampling farther from the camera leads to a better calibration accuracy.
The blue color corresponds to the scenario where the preferred sampling is made of points
close and far. The grey color corresponds to the preferred sampling is made of points close
to the camera. Some of the grey color is also obtained by interpolation in the contour plot,
thus the actual number of grey areas is smaller than the one seen on this plot. The cameras
who are nearly vertical (orientation angle of 80 degrees and above) have better calibration
results when sampling points everywhere, instead of farther or closer to the camera. This
result is actually biased, because for these cameras, there are no real notion of close and far
since they are vertical and the distance to sample the points is limited by their height.

To summarize the trend observed on these plots, for most cameras, it is recommended
to sample points farther from the camera, at a distance larger than 4 meters away to ensure
a good calibration in spite of the GPS and altimeter uncertainties. An exception exists for
cameras with very large or very small field of view angles. The results also demonstrated
that sampling farther away from the camera reduces the average of the RMS reprojection

error on all cameras by 38 percent, leading to an average RMS error of 4 pixels.
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Figure 5.23: Impact of distance drone-camera on calibration accuracy tested on the 5000
simulated cameras
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Figure 5.24: Impact on the calibration error of increasing the sampling distance from the
camera
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Figure 5.25: Impact on the calibration error of increasing the sampling distance from the
camera

The main results of this set of simulations is summarized as follow:

Second Result Experiment 3: For most cameras, it is recommended to sample points
farther from the camera, at a distance larger than 4 meters away to ensure a good cal-
ibration despite the GPS and altimeter uncertainties. An exception exists for cameras

with very large or very small field of view angles.

Third Result Experiment 3: The average RMS reprojection error on all tested cam-

eras is 4 pixels

5.7 Validation of Hypothesis 3

The distribution for the RMS reprojection error computed for the 5000 cameras is provided
on Figure 5.26. The RMS reprojection error is an upper bound of the average reprojection
error. The blox plot on the right of Figure 5.26 indicates a median of 3.7 pixels, which is
very close to the threshold for successful calibration defined in Chapter 3. Also, 75 percent

of cameras have a reprojection error smaller than 4.6 pixels, which is in the same order of
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magnitude compared to the 3.6 pixel threshold defined in Chapter 3. Thus, the drone-based
calibration approach enables a successful calibration of the majority of tested cameras.
These errors are obtained when the drone flies with a RTK GPS. If a better localisation
sensor is used, then the error is reduced as demonstrated with Experiment 1 and 2. In that

case, it is expected that the calibration is successful for all tested cameras.
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Figure 5.26: RMS reprojection error distribution and box plot for the 5000 cameras

The threshold defined in Chapter 3 to evaluate whether a calibration is successful is

equal to 3.6 pixels. The average RMS reprojection error for the 5000 cameras is slightly
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larger than this threshold and equal 4 pixels, but it is in the same order of magnitude. Also,
when going back to the speed measurement application, this reprojection error corresponds
to a speed measurement error smaller than 0.5km/h when measuring the speed of a vehicle
15 meters away using a pinhole camera of focal length 900 pixels. It can be concluded
that the proposed sampling strategy enables the calibration of cameras within a reasonable
accuracy for speed measurement. Based on these observations, the simulations designed
with a Monte Carlo sampling to capture uncertainties, and a Latin Hypercube DOE to
model many cameras resulted in the definition of path parameters that allow a successful
calibration for the majority of cameras tested. Also, this error can be further reduced by
sampling points farther away from the camera, since the GPS error impact on the calibration
decreases with the distance between sampled points and camera. Hypothesis 3, which is

recalled below, is validated.

HYPOTHESIS 3 S VALIDATED: IF different sampling strategies with various step
lengths and distances from the camera are tested in simulations where uncertainties
are modeled with a Monte Carlo simulation and cameras are defined using a Latin
Hypercube DOE, THEN a sufficient sampling strategy can be defined applicable to

a large range of cameras

Results of Experiment 3 show that the drone-based calibration approach is scalable to
a large variety of camera models. Experiment 1 and 2 demonstrated the success of the
drone-based calibration approach for the calibration of cameras with large field of views,
hard to access and located in challenging backgrounds. The results of these experiments
were tested in a real setting. The next Chapter presents the real-world test made with a

commercial drone on the Georgia Tech campus of Atlanta.
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5.8 Summary

Testing Hypotheses 1, 2, and 3 allowed to demonstrate the success of the drone-based
calibration approach for a large variety of cameras. Experiment 1 demonstrated that the
drone-based calibration technique enables the collection of a low variance training set, i.e.,
of a training set that captures the behavior of any application points, and results in an ac-
curate calibration despite the 2D measurement uncertainty. Hypothesis 1 was validated.
Experiment 2 tested the feasibility of adding a marker on the drone to enable a more ac-
curate 2D training set and thus a better calibration. Experiment 2 evaluated the method
robustness against complex backgrounds, blurring, dimensions and distances constraints.
Hypothesis 2 was validated, and the solution of adding a marker to a commercial drone en-
ables an improved calibration adapted to challenging environments and flight conditions.
Experiment 3 evaluated the calibration quality despite 3D and 2D measurement errors. It
tested several trajectories to find some path parameters allowing for a successful calibration
for many cameras. The test was made for 5000 simulated cameras to evaluate the scalabil-
ity of the method. Experiment 3 demonstrated that the use of a drone as a calibration target
is a successful solution for the calibration of many different cameras, and the impact of 3D
localization uncertainty can be managed by choosing the right path parameters. Hypothesis
3 was validated.

The knowledge gained from these Experiments demonstrates the success of the pro-
posed solution for the calibration of hard-to-reach cameras. Figure 5.27 summarizes this

thesis findings presented so far.
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Figure 5.27: Summary of Research Objective, Research Questions, and Experiments pre-
sented so far

The knowledge gained from these experiments has been implemented with real hard-
ware to further demonstrate the success of the drone-based calibration technique. The next
Chapter presents this Real world experiment and a use case of the calibration of hard-to-

reach cameras.
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CHAPTER 6
REAL WORLD EXPERIMENT AND USE CASE 1

A key contribution of this thesis is the demonstration of a calibration approach adapted to
remote cameras. The calibration method relies on the use of a drone to collect data required
for the optimization part of the calibration. The use of a drone as a moving target enables
to collect points in any area or volume size covered by the field of view of a camera. This
solution satisfies the constraints of hard-to-reach cameras calibration, which are recalled

below:

Be adapted to large fields-of-view since these cameras cannot be accessed easily

(which prevents the use of object-based calibration techniques)

* Be scalable to various environments (which is not feasible using self-calibration tech-

niques that require strict assumptions about the scene)

* Be automated to enable the calibration of the large number of already installed cam-

€ras

* Be able to correct for the large non-linear distortion that is frequently present with

security cameras

Experiments 1 and 2 presented a proof-of-concept for the calibration approach. Ex-
periment 3 analyzed the impact of GPS uncertainty on the calibration accuracy, provided
recommendation for path parameters to ensure a successful calibration, and evaluated the
calibration approach for many different cameras.

The proof-of-concept that results from the two first experiments relied on ROS and
Gazebo simulations. The use of simulations enabled to learn about the calibration ap-

proach without requirement costly equipment’s. The Gazebo environments was designed
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to represent realistic scenarios [156]. However, it is interesting to test the approach with
real hardware, and see how the simulation results deviate from the real experiment results.
Consequently, the drone-based calibration approach, as described in Experiment 1, was
run with an actual drone, camera, and in an outdoor environment. The drone used is a DJI
Mavic Air [157], and the camera is a Nikon d3500 [158]. The drone used does not have a
RTK GPS, and the experiment is run in an urban area where blockage of the GPS signal by
buildings is likely to happen. Thus, the calibration error is expected to be larger than 3.6
pixels. In addition to evaluate the calibration quality, this test is also used to demonstrate
the flow and smoothness of the drone-based calibration technique. The environment used
for this real world test is Couch Park on the Georgia Tech campus of Atlanta. The next

section describes the steps of the experiment.

6.1 Run experiment: fly the drone to waypoints

First, the drone was registered to FAA and a flight authorization was asked to the Georgia
Tech Police Department. Then, the experiment was set-up. The camera was set on a tripod
at the location called ”camera location” on Figure 6.2. which is a google map view from

Couch Park.

Lt Camenallocation

Figure 6.1: Satellite view of Couch Park and the camera location
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The camera location was picked before running the experiment in the Park, and it was
used to determine the drone trajectory. The knowledge gained from Experiment 3 about
the distance camera-drone, and its impact on the calibration accuracy was used to define
the drone starting point. In Experiment 3, it was observed that the farther the drone is, the
smaller is the impact of its GPS noise on the calibration. In particular, it was recommended
to fly the drone at least 4 meters away from the camera. Thus, on google map, a staring
point for the drone is picked so that this distance condition is satisfied, and such that the
drone can be seen through the camera (i.e. is in the field of view cone). Figure 6.2 is
a satellite view of Couch Park, the area where lines are drawn represents the potential

location of the starting point.

8th StNW
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Behind the camera

R A iy s~

. Potential
// starting
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riginevorld frame

9 Point picked

® Camerallocation

Figure 6.2: Potential starting points

Note: there are many points that satisfy the 4 meters condition, and the point was
picked randomly. In a scenario where the camera being calibrated is a security camera, and
its location can not be identified on Google map, then the trajectory starting point should
simply be picked in the field-of-view of the camera, at an approximate distance of 10 meters
from the camera. Any point in the field of view would work, and the farther is the point,

the smaller is the GPS noise impact. One need only to make sure that the drone can be seen
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from the camera if a large distance is picked.

The starting point latitude and longitude are loaded in a .csv file. The .csv file is com-
pleted with the other waypoints latitude, longitude and altitude (Z,,=0 corresponds to the
ground). The waypoints coordinates are determined based on observations made in Experi-
ment 1 and 3: the waypoints crosses a distance from East to West large enough to make sure
the image width will be covered by key points, and only two Z-values are sampled, while
sampling different X, and Y values. Two trajectories were tested, and the corresponding

waypoints latitude, longitude, and altitude are provide in Table 6.1 and Table 6.2.

Table 6.1: Waypoints - Path 1

Waypoint Latitude (degree) | Longitude (de- | Altitude (m)
ID gree)

0 33.77930009 -84.40263868 2
1 33.77930009 -84.40263868 4
2 33.77929508 -84.40265343 4
3 33.77929508 -84.40265343 2
4 33.77928728 -84.40266751 2
5 33.77928783 -84.40266751 4
6 33.77928114 -84.40268092 4
7 33.77928133 -84.40268099 2
8 33.7792739 -84.40266721 2
9 33.7792739 -84.40266721 4
10 33.77927724 -84.40265514 4
11 33.77927836 -84.40265514 2
12 33.77928114 -84.40264106 2
13 33.77928114 -84.40264106 4
14 33.7792856 -84.40262765 4
15 33.77928616 -84.40262765 2
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Table 6.2: Waypoints - Path 2

Waypoint Latitude (degree) | Longitude (de- | Altitude (m)
ID gree)

0 33.77931744 -84.4026427 2
1 33.77931744 -84.4026427 4
2 33.77931242 -84.40265746 4
3 33.77931242 -84.40265746 2
4 33.77930462 -84.40267154 2
5 33.77930517 -84.40267154 4
6 33.77929849 -84.40268495 4
7 33.77929867 -84.40268502 2
8 33.77929124 -84.40267124 2
9 33.77929124 -84.40267124 4
10 33.77929458 -84.40265917 4
11 33.7792957 -84.40265917 2
12 33.77929849 -84.40264509 2
13 33.77929849 -84.40264509 4
14 33.77930294 -84.40263167 4
15 33.7793035 -84.40263167 2

The drone GPS, and google map, provide latitude and longitude coordinates. For the
calibration purpose, the world coordinates must be defined in a Cartesian frame, locally,
in the camera surrounding. These local coordinates are the 3D key points used in the
calibration optimization. The use of coordinates in this projected frame corresponds to a
normalization of the input, often performed in regression.

The world frame (camera local frame) is called (X,,,Y,,,Z,): It is an East-North-Up
(ENU) frame at the surface of Earth, in the neighborhood of the camera. The frame origin
is taken as the ground point where the drone starts, such as the first waypoint visited by
the drone is at X,,= 0, Y,,= 0. The third coordinate is the altitude (vertical up) of the first

waypoint, and it is set to 2 meters above the ground. Figure 6.3 illustrates the relation
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between longitude ), latitude ¢, and the reference frame coordinates ENU (X,,,Y,,,Z.,).

Zecer
A

8th StNW

North Pole ¢ North(Y |ocal)

\ Up (Zlocal )

Y ecer

Figure 6.3: From GPS coordinates to local frame used for calibration

The Latitude and Longitude coordinates are converted to ENU coordinates (i.e. world
coordinates when working on camera calibration) by first converting latitude and longi-
tude into Cartesian coordinates in the Earth Centered Earth Fixed Frame (ECEF), and then
converting the ECEF coordinates in ENU coordinates. This last conversion requires the
definition of the origin of the ENU frame. For simplicity, the origin is taken at the starting
point of the drone trajectory. The conversion between latitude (¢) and longitude ()\), and

ECEF Cartesian coordinates is made using these relations:

Xpcer = R* cos(\) * cos(¢)

Yecer = R * sin(X) x cos(¢)
Zpcpr = ratio x R * sin(¢)

Where R is equal to the Earth Radius added to the altitude of Atlanta, and the ratio is
given by: ratio = ($%)* where a=6378.137 km, b=6356.752km.

The conversion from ECEF to ENU requires defining an origin first, whose coordinates
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in the ECEF frame are (X, Y, Zy), and latitude and longitude ¢, and \,. In this work, the
origine of the Frame is the drone starting point. The conversion from ECEF coordinates
to ENU coordinates X gy, and Ygyp 1s made using the following equation, and Zgyny is

equal to the altitude defined in .csv files described earlier:

Xenu = —sin(Xo) * (Xpcrr — Xo) + cos(Xo) * Yecrr — Y0)
Yenu = —cos(Ao)*sin(¢o)*(Xporpr—Xo)—sin(Ao)*sin(po)*(Yecrpr—Yo)+cos(éo)*x(Zpcer—2Zo)

This conversion enables to get the 3D key points input of the calibration. The result
for Path 1 can be seen in Table 6.3, and on Figure 6.4, where the navy blue points are the
waypoints where the drone stops, and the light blue edges represent the path followed by

the drone.
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Table 6.3: Waypoints in ENU cooridnates - Path 1

Waypoint X (m) Y (m) Z (m)
ID
0 0 0 2
1 0 0 4
2 -1.369721536 -0.557748932 4
3 -1.369721536 -0.557748932 2
4 -2.677183241 -1.425358324 2
5 -2.677183224 -1.3633862 4
6 -3.922385029 -2.107051259 4
7 -3.928865487 -2.086647166 2
8 -2.649293865 -2.912689407 2
9 -2.649293865 -2.912689407 4
10 -1.52861225 -2.540856864 4
11 -1.528612231 -2.416912603 2
12 -0.221150479 -2.107052078 2
13 -0.221150479 -2.10705208 4
14 1.024051086 -1.611275021 4
15 1.024051079 -1.549302897 2
3D coordinates
- 40
" 35
—_— £
" 25
_ 20
-0
- -1
-4 5 f LY
X 0 3

Figure 6.4: Trajectory in the ENU frame
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The waypoints coordinates in latitude, longitude, and altitude stored in the .csv files, are
loaded on an application called Litchi, that was developed to facilitate autonomous mission
for UAVs. The application exists on phones (Litchi app), and on computers (Mission Hub)
[159]. Once the .csv file which contains the waypoints is opened on Mission Hub, some
additional characteristics can be added to the trajectory. A stopping duration of 5 seconds
is added at each waypoint, so that the matching between world coordinates and image co-
ordinates is convenient (no need of time synchronisation). Figure 6.8 provides the Mission

Hub interface used to set a waiting time of 5 seconds at each waypoint.

:] WAYPOINT 15 SETTINGS
Latitude 33.779286

Longitude -84.402628

Altitude 4m 9

Above Ground [_|

Spead Cruising .

Curve Size Om .

Heading o -

POI None

Gimbal Pitch | Disabled Focus POI Interpolate

Interval Disabled Seconds | Meters '

Actions | ) ‘

Stay For v 5s .

Figure 6.5: Set a waiting time of 5 seconds at waypoints

Mission Hub allows to visualise the waypoints using a satellite view. The drone flies to
GPS waypoints (latitude, longitude, altitude), and these waypoints are converted to ENU
coordinates for the calibration. Figure 6.9 illustrates the GPS coordinates with the left
chart. The right image is taken from Mission Hub interface [159], the purple points are the
waypoints where the drone flies in this experiment see from the top (altitude not visible on

this image).
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Figure 6.6: Relation between GPS coordinates, and world coordinates for the calibration

Once the waypoints are defined in the .csv file, and loaded on the Litchi app, the drone
can start the mission and flies to the waypoints in an automated way. When it is done,
it lands to a home point defined by the user. The camera recorded the drone trajectory.
The footage is then used to extract the 2D key points for the calibration. The next section

described the processing of the experiment data and evaluation of the calibration accuracy.

6.2 Process experiment data: process video and calibrate the camera

The experiment is run in challenging conditions: in a urban environment where trees and
buildings might cause GPS blockage, and in a cluttered background with trees that make
the drone identification harder. The experiments were run on a day with nice lighting and
low wind, and on a windy day. These challenging conditions were chosen on purpose to
get an estimate of the “worst case” accuracy.

Figure 6.7 represents a cropped portion of the video where the drone is highlighted in
red. From the video, the drone is detected with the clicking method described in Experi-
ment 1. Since the key point selected and tracked on the drone is not provided by a marker,

the resulting 2D coordinates measurement error is similar to the one observed in Experi-
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ment 1, and larger than the one obtained in Experiment 2. Errors are also introduced by
the DJI localization system. According to the specification, the localization system error is
10 centimeters vertically and horizontally [157]. In this experiment, the drone flies in an
urban environment, and buildings and trees introduce errors on GPS measurements. So the
3D localization error is expected to be larger than the one provided in the specifications.
Also, the wind deviates the drone when it hovers, and thus introduce additional localization
errors. The exact localization error is not known, but the impact resulting from the image
detection error and the GPS error on the calibration can be evaluated with the reprojection

CITOr.

Figure 6.7: Detect the drone on the video captured by the camera being calibrated

Once the key points are detected on the image and their coordinates is stored in a table,
the training set made of 3D key points in the ENU frame and their corresponding images is
complete and can be used for the optimization steps.

The optimization steps estimate the camera parameters. From these estimates, the re-
lation world to image is computed, and the rerojection error on the training points is com-
puted. Table 6.4 provides the RMS reprojection errors in pixels for the two real testings,

and provides the flight duration.
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Table 6.4: RMS reprojection error

Path Time (minutes and sec- | RMS reprojection error
onds)

Path 1 - windy 2’107 21.6 pixels

Path 2 2°01” 7.7 pixels

The experiments were done in challenging conditions: windy, cluttered background,
and urban area, which induced noise in 2D and 3D key points. The error obtained are
”worst case scenario” errors. The reprojection error is equal to 7.7 pixels for the less windy
experiment. For the calibrated camera, this error is equivalent to a measurement error on the
ground equal to 43 cm. Thus, the calibration is suitable for the localization of large objects.
Using a RTK GPS, and a marker on the drone would reduce the error as demonstrated in
Experiment 2 and 3, and in turn would reduce the corresponding measurement error on the
ground. The next section presents an application of this calibration. The chosen use case is

the obstacle localization from the calibrated camera.

6.3 Use case: obstacle location

The objective is to determine an obstacle location in the world frame from its 2D location
on the image taken from the remote camera who has been calibrated with the drone-based
calibration approach. Thus, whose intrinsic and extrinsic parameters are known.

An application of this process is the determination of the location of an obstacle on the
road, such as a tree that falls due to a storm and blocks part of the road. Figure 6.8 depicts
such a situation. The obstacle is being captured by a remote camera, such as a security
camera. The question answered by this use case is: Where is this obstacle actually located,
in the street frame of reference or in the ECEF frame? This information would be useful
for road safety, and for autonomous driving technologies. The obstacle location would be
automatically sent to a database. From this information, a safety radius around the obstacle

can be determined, leading to a deviated and safer path of the vehicle, which would be
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determined before the vehicle arrives on site.

Figure 6.8: Temporary obstacle which can lead to safety concerns

6.3.1 Database of obstacles’ location for safety purposes

The long term objective is the real-time collection of images, obstacles, and metadata about
obstacles and their location. This data would be included in a database for road safety pur-
poses. The collection of a database of images, with their metadata is not new. Indeed,
aerial mapping from satellites or planes results in set of images associated with location
data [160]. The idea demonstrated with this use case is to set-up a similar system using
security cameras. The advantage is that security cameras are already installed, so it would
reduce cost and CO2 emissions due to airplanes use. Also, these cameras present an ad-
vantage compared to satellites sensing, since they are monitoring areas continuously on the
contrary to satellites who point towards changing spots on Earth while moving on their or-
bits. Thus, the system would provide recent localization information about potential safety

issues detected through remote cameras.
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6.3.2 Demonstration from the real-world testing

To demonstrate how works this use case, an experiment was run to detect a fire hydrant sys-
tem captured by the camera being calibrated using the drone-based calibration technique.
The location of the ENU origin, the water hydrant, and the camera, are represented with
blue flags on Figure 6.9. The goal is to get the ground coordinates of the fire hydrant sys-
tem in the ENU frame. The ground location determined with this technique is compared
to the ground location obtained with Google map. This comparison can be done in GPS
coordinates, or in the ENU frames. Because the difference in coordinates using latitude
and longitude might be hard to observed, the ENU coordinates are used. First the origin,
and the water hydrant latitude and longitude are obtained from Google map, then they are
converted in the ENU frame as described earlier in this chapter. The fire hydrant Google

map coordinates are X pypy=-1.5m and Ygyy=43m.
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ot Origine world frame

Figure 6.9: Points of interest - Fire hydrant use case

The camera is calibrated using the drone-based calibration technique. The internal
camera parameters obtained through the calibration process are used to undistort the image.
The steps describe next are implemented using the undistorted image. The fire hydrant is
detected on the image to obtain its pixel coordinates. Figure 6.10 illustrates the fire hydrant
seen through the camera that has been calibrated with the drone-based calibration approach.
The pixel frame is represented with the u, and v axes drawn on the image.

The camera location and its intrinsic parameters (focal length, image width and height)
have been estimated with the calibration. From it and using the undistorted image, the map-
ping world to image can be computed using the equation below: u and v are the coordinates

on the undistorted image.
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Figure 6.10: Camera view and fire hydrant image
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Using this last set of equation, the coordinates on the ground of the water hydrant are
determined. The result is X=-0.9m and Y=36m. The coordinates obtained with Google
map were X pyp=-1.5m and Yz yy=43m. The distance difference between the fire hydrant
position measured with the proposed technique and the one found with Google Map is 7
meters. Note that Google map accuracy for satellite views is 10 meters [161], so Google
map is not a ground truth. However it is used to compare the order of magnitude of the

output from the method presented in the application, with another source of localization.

6.3.3 Additional use case: speed measurement

Following the same process, the speed of an object can be measured. The object is detected
at two different locations in a time interval known, or that can be measured with the frame
rate. The image location is converted in ground location as described with the water hydrant
problem. Finally the average speed is measured as the difference between the two locations
divided by the time.

Determining the ground location is not the only way to measure the speed. Once the
camera is calibrated its parameters can be used to convert directly the speed in pixel per
second in actual speed in meter per second. The equations that allows this conversion are
provided in the following paragraph. It is assumed that the camera is horizontal, but the
same steps can be followed for other camera orientations.

The speed in meter per second can be determined using the camera frame or the world
frame. Indeed both frames are fixed the one compared to the other, so the speed is the same
in both frames. The paragraph below explains why the norm of the speed is the same in the

world frame and in the camera frame. The change of frame relation for speed is given by:
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V(M) =V(O,+ WO,/R’M + V(M) , where R is the world frame and R’ the camera
frame. Since the camera frame is fixed compared to the world frame then the speed of the
center of the camera frame in the world frame is zero: V' (O/) and the rotation velocity
Wri /R is zero too. Consequently, V (M), = V (M),

This does not take into account the frame in which the speed coordinates are written.
However it implies that the speed in the world frame and the speed in the camera frame
have same norm and have same components if written in the same frame of reference. The

next paragraph provides details on how to determine the speed in the camera frame. The

speed in the camera frame is the derivative of the location | Y,

Xe

The vector | Y, | is determined by first computed the undistorted image coordinates x

Ze
and y. Using the undistorted images, the coordinates of an object detected in this undis-

torted image can be related to the metric image coordinates as follow: u = f % % +C,
v=fx % +
These metric image coordinates are then used to get the camera coordinates using

X, u— C,

Y.| = % y— C, |- It can be seen with this equation that Z. must be computed.
Ze f
To do so, the equation Y, = ZT * v 1s used and the information about the camera height

dZ.
dt

is used. Hence Z, = f ﬁ and =—f W‘;—;’. Using this information, the speed
in the camera frame can be computed as a function of pixels coordinates u and v, intrinsic
parameters f, C,, C, and camera height: h. First the speed components are derived and

then they are used to compute the norm of the speed which is of interest here.

dX. —h dv h d,
= (u — C$) * a + ma
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Using the series of pixel locations for a tracked object (vehicle), the speed in pixels

U1 —Ut dv __ V41—Vt
dt  ° dt dt

coordinates is determined: %Z = , where t+1 is the location at a frame
n+k, t at a frame n and dt=fps*k. Then using the formula for speed derived above, the speed
in meter per second can be computed. This method requires the estimation of less camera
parameters compared to the first method presented to compute the speed measurement.
From this last equation, one can look at the impact of parameter estimation error on the

final speed measurement. Let us assume a vehicle moving horizontally (i.e. along X .,,),

then the actual vehicle speed is

h d
V= —u
(Uconstant - Cy) dt

The impact of an error in the elevation estimate on the final speed can be computed by
varying h and letting all other parameters constant. The impact of an error in h on the
velocity error is represented on Figure 6.11. In a similar way, the error in the estimate of

the image center coordinate (), is represented on Figure 6.12.
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Figure 6.11: Impact of the error in the estimation of H on the resulting speed measurement
error
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Figure 6.12: Impact of the error in the estimation of C), on the resulting speed measurement
error

6.4 Summary

This chapter presented a test of the drone-based remote camera calibration using real hard-
ware. The test was done with a commercial drone, a GPS (not a RTK GPS), and a commer-
cial camera. The drone trajectory was implemented based on the knowledge gained from
each Experiment. The calibration RMS error was 7.7 pixels. Given that the 3D localization
sensor used was a GPS in an urban environment, where GPS signal tends to be blocked
frequently, the accuracy result is very promising. If a RTK GPS replaces the GPS, the error
will be reduced.

The chapter also presented a use case example, which was the obstacle location from
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a calibrated camera. This application would help reducing traffic incidents by locating ob-
stacles in real-time. Finally, this chapter presented how the speed in km/h can be computed
from image information. This use case is further investigated in the next chapter.

The real testing was also done to verify the flow and smoothness of the drone-based
calibration technique. A methodology to reproduce the drone-based camera calibration is

presented in the next section.

6.5 Methodology to reproduce the work

From this real-world experiment, knowledge was gained about the methodology to repro-
duce the drone-based calibration. Figure 6.13 summarizes the methodology. First, a start-
ing point for the drone is selected. This could be done by picking a point on Google map
that is in front of the camera, and collecting its latitude and longitude. Then, this point is
taken as the origin of the projected ENU frame. A set of points that satisfy the conditions
established in Experiment 1, 2 and 3 is added to this starting point. If the user has no idea
of the camera field of view size, then he should plan a very large path from East to West
to make sure the drone covers a horizontal distance bigger than the FOV. The ENU coor-
dinates are then converted into GPS coordinates. Depending on the framework used to fly
the drone in an autonomous way to waypoints, the next step might varies. If one use Mis-
sion Hub or Litchi, then a condition for stopping at waypoints can be added easily. Once
the path is entirely determined, the drone mission starts and the drone flies in front of the
camera to the waypoints. Once the drone is back, the video is collected and the image way-
points are identified and their pixel coordinates stored with the 3D waypoints coordinates.
From the key points, the calibration function is run, and the camera parameters estimated.
Then, once the camera is calibrated, it can be used to detect obstacles’ location, and the

tool for this step is provided in the Annex 3.
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Figure 6.13: Methodology for the drone-based remote camera calibration

6.5.1 Discussion: One step method VS two steps method

This section discusses the way to implement the second step in the previous chart: ”Add
key points following the recommendation in Experiments 1 and 3”. A key constraint on the

drone trajectory was established in Experiment 1 and is recalled below:

Gap 1: The training set must satisfy the completeness requirement. It must be an

accurate representation of the application sets.

To answer this constraint, the drone must cover the entire field of view of the camera,
to capture regions of complex behaviors, and regions of linear behaviors. This section pro-

vides guidance to help a potential user to reproduce the drone-based calibration technique,
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and especially to capture points in the entire field of view.

The first way, which is the one tested in the real hardware experiment, over-sample
the volume in front of the camera. The path along East to West is designed to be much
larger than the actual camera field of view. Figure 7.3 depicts the setting of the real-world
experiment. The red triangle is a top-view of the camera field of view, the orange line
represents the distance covered by the drone with a back-and-forth path that follows the

guideline provided at the end of Experiment 1 and 3.

Legend
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overed by the
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A Camera FOV

Figure 6.14: One step Method: over-sampling

The second way requires two steps. This method assumes a synchronization between
the camera clock and the GPS clock. First, the drone flies in front of the camera from East to
West. It is detected in an autonomous way, which could be done with a template matching
step for instance. The frontiers East and West of the FOV are determined by detecting the
locations where the drone appears on the image, while for all previous frames the drone
where outside of the FOV, so not visible on the image. The video time at which the drone
appears is collected and the GPS location for this video time is collected. Experiment 3

demonstrated that the density of points along the Z axis does not impact the calibration
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quality. So the process described in this paragraph is applied to detect West and East

frontiers only. In this way, the East and West boundaries for the drone path are known

before starting the calibration. Then, the back-and-forth path that satisfies the conditions

stated in Experiment 3 is implemented within these boundaries.

This process is summarized in Figure 6.15.
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Figure 6.15: Two steps Method: Detect the boundaries East and West and then define the

Back-and-forth path
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CHAPTER 7
TRAJECTORY OPTIMIZATION

7.1 Need for an efficient way to map ground to image

More than 70 million security cameras have already been installed in North America, and
very few of them are calibrated. Calibration would add capabilities to these cameras. For
instance, it would enable measuring vehicles’ speed or obstacle’s location on the ground,
such as the ones caused by storms. In turn, this would improve road safety. The calibration
methodology is adapted to the large number of already installed cameras and business
applications if it relies on a fast set-up, low cost, and robust process. This section focuses on
optimizing the calibration approach to enable a simple calibration target path and accurate
calibration.

For the specific application of speed measurement, the target points used to measure
the speed can be taken on the ground. Once these points are detected on the image, their
speed in image coordinates can be converted into speed in the real-world coordinates using
the image to ground relation for the security camera. Consequently, camera calibration is
required. More precisely, the relation between the image planes and ground planes must
be determined. As demonstrated in the previous chapter, this relation can be obtained by
first determining the relation from 3D to 2D and then simplifying it. If the environment
where the camera is located is windy, then the drone-based calibration is more challenging
and might result in lower accuracy compared to non-windy conditions, as demonstrated
with one of the test introduced in the previous chapter. For this reason, the present Chapter
proposes to replace the drone with a moving target that is more stable for windy conditions.
This target is a wheeled robot moving on the ground. Using this moving target does not

enable to determine all parameters introduced in Chapter 2. However it enables to deter-
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mine the parameters necessary for the speed measurement application in the plane where
the robot will drive. The equation for this relation are derived below.

The relation from ground points to image points for a pinhole camera is derived from
the relation world to image, and setting Z to 0, so the third column of the homography

matrix can be removed, which leads to:

u Jo 0 Cy mi miz ty Xw
S*x [y = 0 fy Cy * 1Moy Moo ty * YW
1 0 0 1 ms31 132 tz 1

So the relation ground points to image points is given by the following equation where

H is a 3*3 matrix:

u XW
S* (v = H % YW

1 1

The relation image to ground is the inverse relation. It is written as follow where p is
a scalar value, and M is a 3*3 matrix. It can be seen with this equation that the matrix
M is defined up to a scale factor, thus among its 9 coefficients, there is one fixed, and 8

unknowns.

A point (X, Y, u,v) provides two set of equations to solve for these 8 unknowns. Thus,
at least 4 points are required to enable a calibration of the mapping image to ground.
The relation image to ground for a camera with distortion can be completed by in-

cluding the inverse distortion that maps (Ug;storted, Vdistortea) [162] to (u,v), and using the
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previous equation to map (u, v) to (X, Y).

Gap and Research Question

For the same reason as presented in Chapter 1, existing methods are not adapted for this
calibration problem because they require a long and tedious process, or rely on strict scene
conditions such as vanishing lines or overlapping camera views, which are not satisfied
by most static security cameras, also called intersection cameras. Thus, the method of
this thesis is preferred to tackle this calibration problem. The proposed solution relies on
using a robot and its GPS sensor as a moving calibration target. This work aims to find
an optimized robot path that is simple, fast, and leads to an accurate calibration. This
would enable to satisfy the requirements of fast set-up, low cost, and robustness mentioned
previously. Reducing the number of training points generally increases the variance of a

regression model and thus its error. This leads to the following gap:

Gap: There is a tradeoff between the cost of the method, which corresponds to the

time of use of the robot or the number of training points sampled, and the accuracy

of the method.

The following research question addresses this Gap:

Research Question 4: Is there an optimum sampling set for a given camera that

enables accurate calibration and reduced trajectory time?

The process to build the mapping between image points and ground points is a light
modification of the calibration process presented in chapter 2. The main differences are

highlighted in the list of steps below:

* Point sampling: The input points are image points, and the outputs are their corre-

sponding ground locations

* Optimization: the training points are used to fit the unknown parameters using the

same optimization steps as in Chapter 2. The difference relies on the equations used.
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Since Z is zero because points are on the ground, the homograpy matrix that relates
world points to their projection on the image before distortion is a 3*3 matrix instead
of the 4%4 matrix. The function being minimizedis F = S0 | (X, — z;)* + (Y, — 4;)°
where X; and Y; are the actual values of the 2D ground points used for the training
and xi and y; are their model values that are functions of the unknown parameters

and the image key points.

* Model evaluation: The goal of this work is to reduce the training set size. Thus, the
training set will not be a homogeneous representation of application sets. It will not
cover the full FOV, but be restricted to only a few points in the FOV. So the calibration
cannot be evaluated using the training set, and the accuracy will be evaluated using a

testing set of points on the ground

7.2 Definition of the optimization problem

Starting from a training set that enables a good calibration, the goal is to find a subset of
points that would lead to a similar accuracy. The accuracy is evaluated using a validation
set and measuring the maximum reprojection error on the ground. Indeed, the application
of interest in this section is the vehicle speed measurement from static cameras. The ground
reprojection error is directly connected to the speed measurement error. For cameras with
large distortions, using a training set close to the image center causes a large error at the
image extremities. Using the maximum reprojection error on the validation set as accu-
racy metric better represents the challenges faced when working with a small training set.
Since the goal of this optimization is to find a smaller size training set for the regression
while keeping a good calibration accuracy, the objective function depends on the number
of sampled points and the maximum reprojection error on the validation set. The proposed
approach starts from a given baseline set that enables an accurate calibration. A discrete op-
timization technique would compare the calibration accuracy enabled by different subsets

of training points. The optimization must account for the image and ground measurement
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uncertainties. The Monte Carlo sampling described in Experiment 3 can be integrated in
the optimization procedure to capture the impact of input uncertainties on the calibration
error. The observation made in this paragraph leads to the following requirements for the

optimization process:

* The optimization compares subset of points together and to a baseline set of points

known to lead to good accuracy. So, the comparison relies on discrete optimization

* Uncertainties in measurement must be captured to enable a robust evaluation of the
error. The proposed solution relies on the implementation of a Monte Carlo simula-
tion. Since Monte Carlo simulation requires large number of iteration and is compu-
tationally expensive, an optimization method that enables parallelism in the search

for the optimum is needed to balance the computational time

On the contrary to traditional optimization algorithms, genetic algorithm can explore
the space in different directions simultaneously and is consequently adapted to parallel
processing during its implementation [163]. Thus they satisfy the second requirement listed
above. A genetic algorithm is also suitable solution for discrete optimization problems
[164]. If N is the baseline set size, then a vector of size N with binary values can be taken
as the chromosome. For the gene at position K in [0,N-1], the value is set to 1 if the point is
used for the training subset and 0 if it is excluded. The choice of this chromosome enables
to handle a discrete design space which satisfies the first requirement. The computation
of the fitness function does not require the knowledge of the explicit function formula and
is adapted to the computation of the Monte Carlo estimate of the maximum reprojection
error on the validation set. In addition to these advantages, the properties of mutation and
crossover of the genetic algorithm enables an efficient exploration of the baseline set.

This algorithm should enable an efficient exploration of the baseline set to look for a
reduced size training set while maintaining the calibration accuracy. This would enable to

evaluate whether the number of sample points can be reduced and the requirements of fast
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set-up, low cost and robustness introduced at the beginning of this section can be satisfied.

Consequently, this leads to the following hypothesis:

Hypothesis 4: IF a genetic algorithm is implemented, with a Monte Carlo sampling
to capture uncertainty, and a chromosome that represents the use of a baseline point

or not, THEN a reduced sampling that ensures accurate calibration can be identified

Figure 7.1 summarizes the observations, research question and hypothesis introduced
in this section. Hypothesis 4 is validated if the optimization designed as described in this
hypothesis enables to identify a training set of reduced size and low error. If reducing the
training set size means getting an error larger than the 15 centimeters bound defined in

Chapter 3, then the Hypothesis is rejected.

Gap: The existing object-based calibration approaches are not Gap: The self-calibration methods require restricted geometric
adapted to large FOV and to hard-to-reach cameras, because they scene conditions and thus not scalable to a large diversity of hard-
require a tedious and manual process to-reach cameras

Overarching Research Objective: Develop a method to calibrate hard-to-reach cameras
independent from their environment

Overarching Research Question: What method could be developed to collect the 3D and 2D
key points required for the calibration of hard-to-reach cameras, adapted to any
environments?

Proof of concept: Use of a drone to calibrate the camera

1
Scalability to broad range of cameras

Path optimization

Gap: Tradeoff accuracy — cost for the training set design
I
| Research Question 4: Is there an optimum sampling set, for a given camera, that enables accurate calibration and reduced trajectory time?

| Requirement: Capture uncertainties, Parallelism, Discrete optimization, Explicit shape of fitness unknown (result of an iterative optimization)
|

Hypothesis 4: IF a genetic algorithm is implemented, with a Monte Carlo sampling to capture uncertainty, and a chromosome that represents the use of a
baseline point or not, THEN a reduced sampling that ensures accurate calibration can be identified

Figure 7.1: Summary of observations, research question and hypothesis to test whether an
optimum set of points can be sampled while maintaining a good calibration accuracy

7.3 Experiment 4

Experiment 1, 2 , 3 and the real hardware testing demonstrated that the drone-based cali-

bration technique is accurate, efficient and adapted to hard-to-reach cameras. However, in
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windy conditions, the calibration lacks accuracy, and the proposed solution relies on the
use of a robot moving on the ground as a calibration target. The robot is slower than the
drone, and considering the very large number of cameras already installed, a very efficient
method for the sampling on the ground would represent an advantage for the actual use of
this methodology.

Experiment 4 focuses on the mapping image-to-ground and the reduction of the number
of sampled points to simplify the robot’s path. In Experiment 4, research is done to test
whether the trajectory could be simplified, allowing for an efficient calibration. It would
allow to reduce calibration time and cost and be adapted to business applications. This
work is divided into several steps. First, the baseline set mentioned in Hypothesis 4 is de-
fined, enabling the definition of the individuals of the genetic algorithm. Then, the genetic
algorithm is implemented and adapted to the problem tackled in the experiment by defining
a robust fitness function. Finally, the genetic algorithm is run for several camera models

designed using a Latin hypercube DOE.

7.4 Experiment 4: Baseline set and population

The goal of the genetic algorithm is to reduce the training set size. Thus the training set
does not represent the application set anymore. So the accuracy must be evaluated using a
validation set that is a homogeneous representation of application sets. For this purpose, a
dense validation set is used so that it homogeneously covers the ground. This validation set
is represented in Figure 7.2. The estimate of the maximum reprojection error on the ground
is used as an accuracy metric so that the complex non-linear behaviors is accounted for in

the calibration process.
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Figure 7.2: Homogeneous coverage of the ground by the validation set

In Experiment 4, a baseline set that enables accurate calibration is first defined. Then,
several subsets of this baseline set are tested for the calibration using the genetic algorithm,
and more details are provided in the next section. The baseline set must be defined to
determine the genetic algorithm chromosomes. The points from this baseline set belong to
the projection of the image on the ground. Thus the candidate points for the baseline set are
enclosed in a trapezoidal surface on the ground as illustrated in Figure 7.3. On this Figure,
the image frame has its origin at the top left corner of the image and the image points
coordinates (U,V) are measured in pixels. The ground frame is defined by two orthogonal
axes called X and Y in the ground plane and its origin is such that the 3D camera position

1s (0,0,Z) where Z is the camera elevation.
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Figure 7.3: Mapping from image to ground

Before running the genetic algorithm, a first comparison measures the error obtained
through a simple path and a random path. The simple path is made of a sequence of points
organized along a back-and-forth path enabling the robot to follow straight lines. It is
compared to random samplings, which require the robot to change directions frequently.
Since building a fast calibration approach is a motivation for Research Question 4, the
organized sampling is preferred to the random one if the loss of accuracy can be neglected.

Figure 7.4 left represents the organized sampling, and Figure 7.4 right represents a random

one.
Ground coordinates Ground coordinates
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Figure 7.4: Ground samplings: organized on the left and random on the right
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The comparison is made through simulations that model different cameras and the error
in the measurement of ground points and image points. These simulations are close to
the ones described in Chapter 5, but the relation world to image is slightly different, as
in Experiment 4 the mapping described the relation between two 2D spaces. Thus, the
cost function of the calibration optimization is different, but the steps followed by the
optimization are the same as in the Experiment 3. In particular, the uncertainty in 2D and
3D coordinates’ measurements is captured with a Monte Carlo sampling. The relation from
image to ground is made of 8 unknowns instead of 11 unknowns for the relation 3D to 2D.
A point (X, Y, u,v) provides two set of equations to solve for these 8 unknowns. Thus, at
least 4 points are required to enable a calibration of the mapping image to ground. Ideally,
the calibration would rely on only four points.

The comparison between organized training set and random training set was run for
three different cameras for an increasing number of training points. The results are illus-
trated in Figure 7.5. It can be observed that the organized sampling leads to better accuracy
compared to the random one. In addition to being more accurate, the back-and-forth path
(also called sequence sampling on the graphs) is more convenient when running the robot,
thus it is preferred compared to a random sampling, and it is taken as the baseline set for

the genetic algorithm part.

e

First result of Experiment 4: An organized sampling on the ground leads to a better
calibration accuracy compared to a random sampling. Since it leads to a simpler

robot path, this trajectory is preferred
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Figure 7.5: Comparison accuracy organized and random sampling

The trend observed is independent of the GPS uncertainty level. Figure 7.6 represents
the mapping error for different GPS uncertainty levels when the robot follows an organized
sampling. It can be seen that beyond 30 sampled points, there is no major improvement of
the mapping. The genetic algorithm optimization approach tests whether this sampling size
could be further reduced. Its goal is to evaluate the possibility of reducing the number of
sample points and maintaining the mapping accuracy compared to the organized sampling

taken as a baseline.
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Figure 7.6: Error for GPS uncertainty along X and Y varying between 3cm and 10cm

The next step is the implementation of the Genetic algorithm with the exact definition

of its fitness. This step is described in the next section.

7.5 Experiment 4: Robust fitness evaluation

The main contribution of this experiment is the methodology defined to compute the fitness
value of the genetic algorithm. The fitness function is a weighted average between the
number of genes at 1 in the chromosome, i.e., the number of training points used for the
calibration and the accuracy metric. The accuracy metric used in Experiment 4 is the
Monte Carlo estimate of the maximum reprojection error on the ground, computed with
the validation set. Figure 7.7 illustrates the process followed in computing this metric.
The training set is built from the chromosome: if the gene is at 1, the corresponding point
is included in the training set. Else, the corresponding training point is not part of the
training set. The training set provides ground coordinates (X, Y"), which are the input of
the function that models a camera. This function returns the image of the training points
(u,v). A Monte Carlo sampling is run to capture the measurement uncertainty influence on

the calibration from the set of (X, Y, u, v) points (called set T). Noise is added to the set T,
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for each iteration of the Monte Carlo sampling, the camera calibration optimization is run.
The reprojection error on the ground is computed for each validation point from the camera
parameters estimated through the calibration process. These validation points are defined
before starting the Genetic algorithm process, and are represented on Figure 7.4. They are
a perfect set of ground and image points, i.e., no noise has been added to these points.

The maximum reprojection error on the validation set is stored in a list for each iteration
of the Monte Carlo sampling. At the end of the sampling, statistics are obtained from
the aforementioned list. The average of the list values, i.e. the average of the maximum
reprojection error on the validation set obtained at each Monte Carlo sampling iteration,
is the accuracy metric used in the fitness. The Monte Carlo sampling allows for a robust

evaluation of the accuracy metric while accounting for input measurement uncertainties.

Training set from
Camera
chromosome
L ]
l Set of (X,Y,u,v)
Monte Carlo Uncertainty in
k Iterations measurement

l Set of (X,Y,u,v) with uncertainty in measurement

| Calibration |

3

Reprojection error on
validation set

!

Statistics about reprojection error
Estimate of maximum
reprojection error on validation
set

Number training points

]

Fitness value

Figure 7.7: Fitness computation

The weight in the fitness function is determined by manual tuning by looking at the

number of sampled points and accuracy metric returned by the genetic algorithm for sev-
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eral cameras. The fitness function in this experiment is equal to: f=5*Number of sampled
points + maximum reprojection error. The genetic algorithm was run for 14 camera mod-
els. The cameras where modeled using the DOE approach to select their parameters. The
fitness weights were chosen to limit the increase in the error due to the reduction of the
sampling size. When using the baseline set to calibrate each camera, the average error on
the ground is 3.4 centimeters. The threshold for accurate calibration defined in Chapter 3
is 15 centimeters. Here, a stronger constraint is used. The calibration error must not be
doubled when reducing the set size, else the sampling size reduction is not worth the loss
of accuracy. This condition was satisfied for the tested cameras, if the weight in front of
the training set size was taken to 5, and the one in front of the error to 1. This weighted
average led to an average error on the ground of 6.14 centimeters when the calibration is
made using the reduced sampling set. Thus, the choice of this fitness function leads to an
increase in the average error smaller than two times the average error obtained with the
baseline set. However, one must test whether keeping a low error on the ground enables
to reduce the sampling set size, or whether the number of sampled points is kept high to
maintain a low error.

Once the fitness function is defined, it is used in the genetic algorithm’s Tournament
selection and best individual selection steps. Figure 5.25 illustrates the main steps of the
genetic algorithm [163]. On Figure 5.25, the steps highlighted in green are the ones that
were adapted for this research purpose. The initial generation is built from the baseline
set defined earlier, by selecting combination of points among the baseline set points. The
fitness computation use the Monte-Carlo sampling and calibration function, as described in
Figure 7.7. The blue steps follow traditional rules for the genetic algorithm, and they are

mentioned very briefly in the next paragraph.
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Figure 7.8: Genetic Algorithm steps

First, an initial population of size m = 2 x n is defined, where n is the chromosome
size, i.e. the baseline set size. The initial population forms what is called the Generation
0 on the graph: this is the parent generation. Two individuals are randomly selected from
the Generation 0, and their fitness value is compared. The individual that leads to the best
fitness value is selected for reproduction with probability p=0.8. This process is repeated a
second time, leading to two individuals selected by the tournament. These two individuals
lead to two children through crossover, which occurs with a probability equal to 0.8, and
the crossover point is chosen randomly. Then, some gene are randomly mutated for each
children, leading to the final two children called child 1 and child 2 on the chart. The
formation of children is done n times, leading to the Generation 1 made of these children.
The individuals in Generation 0 and 1 are compared to select the m individuals with the best
fitness value, and they form the new Generation 0. This entire process is repeated 500 times.
The choice of the genetic algorithm parameters are made based on the recommendations in
[165].

The genetic algorithm explores different subsets of points used to build the relation

image-to-ground and returns a subset that best satisfies the trade-off between number of
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sampled points and relation accuracy. The results obtained with cameras modeled in simu-

lations are presented in the following section.

7.6 Experiment 4: results for several cameras

The genetic algorithm explores subsets of points among the baseline set to find a training
set, that is made of a reduced number of points, while ensuring accurate calibration. The
use of a smaller training set would help reducing the time of use of the robot, and thus the
calibration time.

The first test is made for a pinhole camera with focal length 1100 pixels, image width
1200 pixels, image height 1200 pixels, camera elevation 4 meters and camera orientation
along the Y axis equal to 45 degrees.

The validation set is represented on Figure 7.9. The top figure represents the ground
validation point, and the bottom figure represents their images captured by the camera.
The optimization though the genetic algorithm returns 4 points represented in red on Fig-
ure 7.10. On the same Figure, the set made of red and blue points together represents the
baseline set. The maximum reprojection error on the ground equals 4 centimeters before
running the genetic algorithm, i.e. when the mapping is built with all points from the base-
line set. The maximum reprojection error on the ground, measured on the validation set,
is equal to 7 centimeters once the genetic algorithm is run. Both errors are smaller than
the threshold of 15cm used to evaluate the calibration quality. So the reduced set leads to a

successful calibration.
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Figure 7.9: Ground and image validation points
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Figure 7.10: Result of the genetic algorithm

The experiment was run for various camera parameters. First it was run for several ori-
entation angle values of the aforementioned camera, leading to reduced number of training
points, and close calibration error value between the baseline set and the set returned by the
GA. For a rotation along Y of 60 degrees, the number of sampled points is reduced to 4.
The maximum reprojection error, computed on the validation set, when using the baseline
set for training, is equal to 2 centimeters. When using the reduced training set it is equal
to 3 centimeters. Both errors are smaller than the threshold of 15 centimeters so the cali-

bration is successful. The selected ground points and their corresponding image points are

represented in red on Figure 7.11.

Floor coordinates
5

X (m)

6

Image coordinates
800

600

U (pixels)

197

1000



Floor coordinates

] 1 2 3 4 5 6
4
s}
3
o ® IS * [e]
2
'3 o] o o ® o o a
1
3 © o o ® o ° a
E o
>
- sl o o [ o ° !
-1
® s Is) [s) @ s ® s
-2
o @ o o s}
-3
o
-4
X (m)
Image coordinates
0 200 400 600 800 1000 1200
1200 o a ® [ )
1000
[¢] L] S o}
800
@ o o el [}
@
<
g 600
>
[ ] o o [ o o]
400
a o o o o o
200 o ® 5} © ® el
o a o o o L[]
0o e ® * s] s} s} o s}
U (pixels)

Figure 7.11: Result of the genetic algorithm for an angle along Y of 60 degrees

The experiment was also run for different focal length values. Figure 7.12 represents
the result obtained for a focal length of 900 pixels. The maximum reprojection error when
using the baseline set for training is the same as the one obtained when using the reduced

set for the training, represented in red on the Figure.
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Figure 7.12: Sampling found by the GA (in red) compared to baseline sampling (blue and
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The experiment was run for cameras with distortion, and an example of results is pro-
vided on Figure 7.13. The trend observed for pinhole cameras is different from the one
observed for cameras with distortion. For cameras with large distortion, the reduced sam-
pling captures points on the sampling space extremities, in the same way as for pinhole
cameras. But on the contrary to pinhole cameras, a key portion of the points selected by the

genetic algorithm are located at the sampling space center. The non linearity introduced by
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the distortion is likely responsible for this behavior.
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Figure 7.13: Sampling found by the GA (in red) compared to baseline sampling (blue and
red)
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7.7 Validation Hypothesis 4

In average, the maximum reprojection error on the validation set obtained for the calibration
that uses the reduced sampling returned by the genetic algorithm as training set is equal to
6.14 centimeters for the tested cameras.

The number of points to sample returned by the genetic algorithm is equal to four in
most tested cases where the camera is pinhole. When comparing to the baseline set size,
the genetic algorithm allows a reduction of the number of sample points by 83 percent. The
results observed for cameras with large distortion is not as good. The average size of the
reduced sampling set, for the tested cameras, is 30 percent smaller compared to the baseline
set size. Figure 7.14 illustrates the average sampling size, in percent of the baseline set size,

obtained through the process used in Experiment 4.

Reduction in sampling size
120
100
80
60
40
20

0 N

Sampling size in percent of baseline set

m Baseline mPinhole mDistorted

Figure 7.14: Sampling size reduction obtained with the Genetic Algorithm, for pinhole
cameras and cameras with distortion
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Main result of Experiment 4: The average reprojection error on the ground equals
6.14 centimeters for the tested cameras when calibrating these cameras with the re-
duced training set. The average size of the reduced training set is 56 percent smaller

compared to the baseline set.

The number of points is significantly reduced and the average calibration error with the
reduced sets is kept below twice the error with the baseline set. This error is also smaller
than the threshold of 15 centimeters defined in Chapter 3. The number of points to sample
is reduced thanks to the use of the genetic algorithm and so the trajectory time is reduced.

Hypothesis 4, recalled below, is validated.

HYPOTHESIS 4 IS VALIDATED: IF a genetic algorithm is implemented, with a
Monte Carlo sampling to capture uncertainty, and a chromosome that represents
the use of a baseline point or not, THEN a reduced sampling that ensures accurate

calibration can be identified

Further analysis is done to look for a pattern between camera parameters and reduced
training set. This work is presented in the next section.
The chart on next page summarizes the main gaps, the overarching research goal, the

research questions and hypotheses validated in this thesis.
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7.8 Experiment 4: looking for a common pattern

The complexity of the genetic algorithm defined for Experiment 4 is high, and thus the run
time of the algorithm was slow. Consequently, the optimization approach of Experiment
4 is not tested for the 5000 cameras modeled in Experiment 3. The approach has been
tested for an increasing number of cameras until conclusions could be identified about the
sampling pattern returned by the genetic algorithm.

The optimization approach is tested on 14 cameras (7 pinhole cameras and 7 cameras
with distortion), whose parameters are designed with a Latin Hypercube DOE in the same
way as in Experiment 3, and are provided in Table 7.1. The optimization return a training
set of reduced size.

Table 7.1: Camera parameters design space

camera id focal length (mm) | image width (pix- | elevation (m) orientation  (de-
els) gree)

0 11.2957138 2977 3.63455932 32.527073

1 8.6718969 781 2.1525422 47.5879831

2 5.66768784 1860 4.9564201 66.6233502

3 13.3174566 3544 4.50139815 42.7456446

4 9.60559733 1195 3.8879974 76.9556946

5 7.469889 3078 3.10262839 58.7508124

6 2.25634501 2153 2.84824918 83.0400908

The reduce training set returned by the genetic algorithm for the pinhole cameras are

presented on Figure 7.15 .
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It can be observed that the genetic algorithm always returns two points located on the
farthest row of the baseline set, and two points located closer to the camera; on the first
or second row. The influence of GPS uncertainties on the calibration quality decreases if
the distance between sample points and camera increase. This trend was already observed
for the calibration 3D to 2D in Experiment 3. This trend is a potential explanation for the
genetic algorithm behavior: sampling points farther from the camera helps reducing the
noise caused by GPS measurement errors. When fitting a linear model from the the mini-
mum number of training points required, the regression model accuracy can be decreased
by taking points far apart. Indeed, the uncertainty in measurement is random, thus taking
points close to each other might lead to a larger error in the regression model, compared to
taking points farther apart. This observation is illustrated in Figure 7.16, where two points
are used for a linear regression to estimate a line equation. The ground truth for the line
equation is the green line. Points A; and Bj, are close to each other (abscissa close), the
line equation obtained when using A; and B; for training is represented in orange. Points
Ag and Bs, are farther to each other (larger difference for abscissa) and have the same
measurement error than A; and B;. The line equation obtained when using A, and B, for
training is represented in blue. It can be observed that the points A, and B lead to a better
estimate of the line, compared to A; and B;. Thus, when fitting a linear model with the
minimum number of required training points, and these points are under the influence of
an homogeneous noise, then taking points far apart will likely decrease the error on the
regression. This observation is a potential justification for the genetic algorithm behavior
with pinhole cameras. The latter collects points far away to reduce the impact of GPS un-
certainty on the calibration, and complete these points with points located near the camera,
i.e. far from the previously sampled points, to decrease the resulting error on the regression

model.
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Figure 7.16: Impact of distance between training points for linear model fitting under un-
certainty

The behavior of the genetic algorithm, that picks two training points far from the cam-
era, two training points close to the camera, and none in the middle of the baseline set, can
not be generalized to cameras with distortion. Indeed, the lens distortion causes a non-linear
behavior that can not be captured with only four points. The results obtained for cameras
with distortion are presented in Figure 7.17. It seems that all region must be covered by
the training set to make sure the linear behavior at the center and the non-linear behavior
at the image extremity are accounted for. Thus, there are no general patterns observed for

cameras with distortion.
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There is no common pattern for the points selected by the Genetic Algorithm for the
tested cameras that have distortion. It means that the camera parameters must be estimated
to run the offline optimization, and get a path with reduced set of points. On the one hand,
the genetic algorithm approach leads a reduced number of points to sample compared to
the baseline approach. On the other hand, using the offline optimization approach requires

pre-processing time, which balances the advantage of the faster path.

7.9 Experiment 4: application to a real camera

In order to provide a methodology to reproduce this offline optimization for the calibration
with a reduced sampling, a test was done with a real camera. The paragraph below presents
how the offline approach was run for a webcam at Georgia Tech Lorraine. First, the camera
extrinsic parameters were estimated by using a satellite view of the area where the camera
is located, obtained through Google map. Figure 7.18 illustrates this view, the X,,, and Y,

world coordinates represent the ground plane, and Z,, is vertical up.

Figure 7.18: Satellite view of the camera area

The image captured by the camera was used to estimate its world coordinates. The trees
seen through the camera were also identified through the satellite view to infer the camera

location on the satellite view. The indices 1, 2 and 3 seen on Figure 7.19 highlight these
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trees’ location. The outdoor light height seen through the camera was also used to infer the
camera height. The camera world coordinates obtained with this process are the following:

X,=-16m, Y,,=9m, and Z,=6m.

Figure 7.19: Image captured by the camera

Once the extrinsic parameters were estimated, the camera was modeled, points that are
aligned on the world frame, i.e. on the ground were modeled and their image printed on the
camera view. The intrinsic parameters were then manually tuned to align these lines to the
actual lines seen through the camera, which are the parking spot white markers. Figure 7.20

illustrates this alignment process.
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Figure 7.20: Tuning of intrinsic parameters by aligning modeled points to actual lines

Once the parameters are estimated, the camera is modeled in the simulation, and the
Genetic algorithm is run.

The genetic algorithm returned the red sampling on Figure 7.21, while blue and red
points together represent the baseline sampling. The calibration accuracy was evaluated

with the Maximum reprojection error on the validation set, which equaled 16 centimeters.
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Figure 7.21: Reduced number of sampled points for the calibration of the camera

The requirement of the pre-processing step to estimate the camera parameters is an
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important limit of this approach. It is suited for cameras that have already been calibrated
once, and need to be recalibrated due to internal parameter changes caused by weather
condition or vandalism. Then, an estimate of the camera parameters is available, and the
Genetic algorithm can be run offline to optimize the autonomous target path. For cameras
that are calibrated for the first time, the best approach is to cover the entire ground, since
it would spare the pre-processing which is time consuming and introduce approximation
errors. Also, if the robot covers a large number of points on the ground, then a Machine
Learning approach can be implemented for the calibration, which would model unexpected
camera parameters’ changes.

A second approach was investigated because of the drawback of the offline optimiza-
tion approach for cameras with distortion, which requires a first estimation of the camera
parameters. This approach relies on an adaptive sampling: first, the robot visits four sample
points close to the image center, and then, it explores points in an autonomous way. The
next point visited by the robot is chosen based on the calibration uncertainty obtained when
using the previously sampled points, and a measure of gain of information. This method
requires the access to the video footage in real-time, for an online calibration made using
the ground location visited by the robot and its image through the video. The work on this

approach was done in collaboration with Dr Pradalier and will be published in 2021.

7.10 Summary

This Chapter presented the last step of this thesis work. This step focused on the opti-
mization of the moving target trajectory to ensure a simple setup, low cost, and accurate
calibration. Research Question and Hypothesis 4 focused on the mapping image-to-ground
and the reduction of the number of sampled points to simplify the robot’s path. Experiment
4 demonstrated the existence of a small size training set for the calibration of the mapping
from the image to the ground while allowing accurate calibration. For pinhole cameras,

the reduced sampling is made of four points, with two points located far from the camera,
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and two points located near to the camera. This section also presented an application of the
sampling strategy on a real camera. For pinhole cameras, the reduced sampling captures
also points located in the middle of the design space. It was explained that for distorted
cameras, using the baseline set with the robot moving along straight lines is preferred com-
pared to the reduced sampling.

This last experiment completed the Research plan followed in the thesis and recalled

on Figure 7.22.

Trajectory for good training set ‘-'.'.?
Proof-of-concept = P
Reduce input data noise EEEE
Test for thousands of simulated @ I?, @ 9‘0
Scalability for many cameras = i
cameras = @

Refine trajectory @
Guideline path parameters choice | = V... :

e
- Apply knowledge gained in real > -ﬁ-

world experiment

Optimize trajector
Optimization [ P ) v § E-

Hardware Test

Reduce sampling size

Figure 7.22: Research Plan: proof-of-concept, scalability to many cameras, real testing,
optimization

The chapters were articulated around Research Questions originating from Gaps and
Hypotheses that were proposed solutions to these Research Questions. Each Chapter pre-
sented the Experiments designed to test the Hypotheses and their Results. First, A proof-of-
concept was designed to evaluate the feasibility of the approach. This step tested whether
the calibration is successful despite restrictions on the 3D sampling and 2D detection un-
certainty (RQ 1). In order to capture the complex behaviors due to non-linearity in the
model, the 3D sampling must follow the steps described in Hypothesis 1. Once the 3D key
points and their corresponding image coordinates are collected, the camera is calibrated,
and its error is compared to the threshold for successful calibration. The calibration er-

ror was below the threshold of 3.6 pixels, thus Hypothesis 1 was validated. Experiment 1
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provided strong evidence for the approach’s ability to calibrate hard-to-reach cameras.

Experiment 2 evaluated the feasibility of a solution to reduce the noise during the image
detection step. It evaluated the possibility of adding a marker on the drone, while satisfying
constraints due to commercial drone dimensions. Hypothesis 2 tested the feasibility of
the marker-drone combination for the calibration. The marker-drone solution was proven
robust against blurring due to small drone oscillations, distortion, challenging background.
This solution respected the restrictions of dimensions and visibility at 3 meters. Since the
marker-drone solution satisfied all criteria defined in Hypothesis 2, the later was validated.

In a second step, the calibration technique is evaluated for many cameras. The uncer-
tainty due to RTK GPS measurements is included in the evaluation process. Experiment
3 demonstrated the impact of path parameters and camera parameters on the calibration
accuracy. It resulted in recommendations for the drone trajectory to enable a successful
calibration for many cameras. Based on this result, Hypothesis 3 was validated.

In a third step, the knowledge gained from the three first experiments is implemented
with real hardware. The calibration is successful, and a use case for obstacle localization
is demonstrated. This real-world testing showed the ease of deployment of the calibration
technique and resulted in the definition of a methodology to reproduce the drone-based
calibration.

Finally, the last step investigated the possibility to reduce the sampling set size for the
mapping image to ground, while obtained a small calibration error. The sampling size
can be reduced while keeping good accuracy, and Hypothesis 4 was validated using an
optimization process based on a genetic algorithm.

The experiments of this thesis focused on closed range camera-based measurements,
such as obstacle localization or vehicle speed measurement from security cameras. En-
abling the calibration of remote sensing cameras on static platform is a key interest when
developing this calibration strategy. This would allow for an accurate measurement of envi-

ronmental changes, such as actual glacier size decrease. That is why this thesis experiments
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focused on closed range camera-based applications.

The calibration using a moving target that can cover the camera field-of-view can also
be applied to the observation of objects from a larger distance, such as with satellite cam-
eras. This use case is introduced in the next Chapter.

The figure on the next page depicts the flow of this research and summarizes its main

results.
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CHAPTER 8
USE CASE: CALIBRATION OF SATELLITE CAMERAS WITH A MOVING
TARGET

A key application of remote sensing is environmental change monitoring through satel-
lite sensors. Imaging obtained through satellite cameras enables us to understand climate
change by providing pictures of major environmental events such as urbanization, vege-
tation changes, storms or pollution. The imaging system used on these satellites is pre-
calibrated before launching the satellite. However, the conditions during the spacecraft
launch, such as significant changes in air pressure or temperature, impact the camera ge-
ometry. Thus, these cameras are re-calibrated once they are in orbit. The conventional
method relies on the use of ground control points as a calibration target. However, weather
conditions, such as cloudy weather, prevent seeing the ground points on the satellite imag-
ing system.

This thesis calibration technique can be applied to the calibration of satellite cameras
and solve the issue of occluded ground control points. Two solutions are proposed and

described in the two following sections.

8.1 First solution: airplane as a moving calibration target

This proposed solution relies on the use of an airplane, or a large helicopter, as a moving
calibration target. The drone is replaced by an airplane, on the top of which a marker
would be printed, as recommended in Experiment 2. The airplane would fly in the satellite
field-of-view as represented on Figure 8.1. A radar located on the ground would provide
an accurate information for its world coordinates. Figure 8.2 depicts the 3D localization
system recommended in this use case. The plane, or its marker, would be detected on

the images obtained from the satellite camera. Thus, the moving target would allow the
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collection of 3D and 2D key points required for the calibration. This moving target would
replace the ground control points used for the calibration of satellite cameras. Because the
target is moving and can take-off at anytime, the occlusion caused by weather conditions
would not be a drawback for the calibration of satellite cameras anymore. The next section
proposes a different solution to the calibration problem for satellite cameras. The solution

relies on multiple moving calibration targets located on orbit.

Line scan camera
1x 4096 pixels

|

CTTT T TTT] —

Line-by-line 2D image
transmission of
image data

Figure 8.1: Airplane as a moving calibration object: 2D key points collection
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Airplane as
moving
calibration
object

gl?adar on the ground

Figure 8.2: Airplane as a moving calibration object: 3D key points collection

8.2 Second solution: Cubesat as moving calibration targets

This proposed solution relies on the use of autonomous control points visible by the satellite
camera and orbiting on a lower orbit compared to the satellite. The autonomous control
points would replace the ground control points and be visible when needed for the re-
calibration because their location on-orbit would make their detection independent from
environmental conditions. The same set of autonomous control targets could be used by
many satellites as long as they are visible by their cameras, at a given time, during their
rotation on their orbit. This solution would then be adapted to new satellites and to satellites
already orbiting around Earth, as long as they can see the targets at some point.

This use case is an application of this thesis calibration approach as it relies on the use
of moving autonomous calibration targets.

When a satellite would be launched in orbit, it would launch at the same time a set of
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CubeSats that would become the calibration targets. The cost of launching these CubeSats
with the satellite is negligible compared to the cost of launching the satellite, which makes
this solution cost-effective. The CubeSats would orbit on a lower orbit compared to the

satellite, as illustrated Figure 8.3. The rotation period of a satellite on an orbit of radius R

4s72

. . T2 -
1S g1ven by " = m

. Thus, the CubeSats period would be smaller than the satellite’s
one, as the radius where they are located is smaller (lower orbit). Consequently, the satellite
would see the calibration targets several times in one rotation period and thus its camera

can be re-calibrated several times during a rotation.

Satellite and its linear array camera

Satellite orbit, R,

Figure 8.3: CubeSats as autonomous calibration targets on a lower orbit

The CubeSats 3D localization would be determined using ground radar. Their images
on the camera would provide the corresponding 2D key points. Figure 8.4 illustrates this

idea. From the training set of 3D and 2D key points, the re-calibration would be conducted.
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Figure 8.4: Calibration of satellite camera with orbiting control points

Once orbiting, the CubeSats can not stop their movements. Thus, the simplified solution
proposed in Experiment 1, which relies on the autonomous target stopping at waypoints to
simplify the correspondence between 3D and 2D, would not apply here. In that use case,
the correspondence between 3D and 2D key points would rely on the synchronization of
the satellite clock and the ground radar clock.

The strategy followed in Experiment 2 applies to this use case. Indeed, the CubeSats
must be accurately identified in the cluttered background (Earth visible in the background).
Several solutions could be tested, such as using a LED with a specific color on the calibra-
tion CubeSat or the use of a marker as presented in Experiment 2.

Future work to fully demonstrate this use case would require proposing a plan to clean
the space from the CubeSats once the associated satellite whose camera is being calibrated
would not be used anymore. Also, the orbit of the calibration CubeSats must be computed
based on a trade-off between lower orbiting speed to avoid blurring issues during the detec-
tion and larger orbiting speed to avoid occlusion of Earth observation by the Cubesat, i.e.,

to make sure the satellite camera can capture the ground points below the CubeSat after
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the CubeSat went in the camera field-of-view. Also, Future work would need to design the
CubeSat based on criteria such as visibility from the camera.

This use case relies on the use of autonomous calibration targets (CubeSats) with image
and 3D localization uncertainties. Thus, the method developed in this thesis can be applied

to solve the calibration of satellite cameras.
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CHAPTER 9
CONCLUSION

Several video applications rely on camera calibration, a key enabler towards the measure-
ment of metric parameters from images. For instance, monitoring environmental changes
through remote cameras, such as glacier size changes, or measuring vehicle speed from
security cameras, require cameras to be calibrated. Calibrating a camera is necessary to
implement accurate computer vision techniques for the automated analysis of videos. This
automated analysis would enable to save cost and time in a variety of fields, such as manu-
facturing, civil engineering, architecture and safety. The vast number of cameras installed
and operated continues to increase. A key portion of these cameras are “hard-to-reach”
cameras. A calibration method to hard-to-reach cameras must overcome constraints due
to the remote characteristics of these cameras. First, the method must be adapted to large
fields of view since these cameras cannot be accessed easily. This requirement prevents the
use of object-based calibration techniques. The method must be environment independent
due to the large diversity of environments where these cameras are located, which is not
feasible using self-calibration techniques since they require strict assumptions about the
scene. Consequently, the existing calibration approaches are not adapted with the use of
hard-to-reach cameras.

In addition to these two requirements, the method must be at least partly automated to
calibrate the large number of already installed cameras, and be easily deployed for large
field of views. Indeed, the method must allow the coverage of the entire field of view of the
camera being calibrated. This condition is required to model correctly non-linear behaviors
due to the lens for instance. Finally, the method must enable the collection of many key
points in the field of view to enable the use of non-parametric methods for calibration to

model cameras that would not verify the standard calibration equations. This needs lead to
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the overarching research question:

Overarching Research Question: What method could be developed to collect the 3D

and 2D key points required for the calibration of hard-to-reach cameras?

This thesis work designed and evaluated a solution for the calibration of hard-to-reach
cameras. The proposed solution relies on the use of a drone as a moving target. The drone
flies in the camera field of view to waypoints that are the 3D training points required for the
calibration. The images of these waypoints through the camera are the 2D training points
used for the calibration. The collected key points are the input of an optimization process
that returns an estimate of the camera parameters. Once these parameters are obtained, the
camera is calibrated, and it is possible to make measurements in the world frame using
image information only.

The localization of the moving agent is not known accurately due to random noise in
the image detection and 3D localization sensor measurements. Despite these localization
uncertainties, the resulting calibration must be successful. Figure 9.1 illustrates the cali-

bration technique designed, evaluated and validated in the thesis.
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Figure 9.1: Use a drone as calibration object

This work demonstrated the success of the calibration technique, which enables the
calibration of hard-to-reach cameras despite 3D and image localization uncertainties. To
do so, this work first demonstrated the solution for two simulated cameras. For this step,
the 3D localization is assumed accurate, and the uncertainty is introduced by image local-
ization errors. In this step, the drone trajectory is designed so that the collected 3D and
2D key points form a complete training set with noise low enough for a good calibration.
This step is divided into Experiment 1 and Experiment 2. The results of these Experiments
demonstrated the success of the remote camera calibration technique under image uncer-
tainty. In a second step, the technique is evaluated for thousands of simulated cameras,
and the error introduced by the 3D localization system is accounted for. Experiment 3
identified sampling strategies that enable a successful calibration for many cameras. This
step demonstrated the scalability of the technique to many cameras. The knowledge gained
from Experiment 1,2 and 3 is implemented with real hardware. This real world testing

completed the validation of the calibration technique and concluded with a methodology
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for the reproducibility of the calibration technique. Finally, a last Experiment focused on
the mapping ground to image with distortion, and showed that the sampling set size can
be reduced while maintaining a good calibration accuracy. This last step concluded with
guidelines to reproduce the offline optimization technique with a real camera.

Figure 9.2 summarizes the research plan followed for the demonstration and validation

of the UAV-enabled remote camera calibration technique under localization uncertainties.

©

Trajectory for good training set

©

Proof-of-concept = g
Reduce input data noise EE:=2
Test for thousands of simulated @ I?,
Scalability for many cameras ==
cameras = @

Refine trajectory
Guideline path parameters choice

Hardware Test world experiment

Optimize trajectory

Optimization = Reduce sampling size ét{g})

Figure 9.2: Research Steps

The rest of this chapter summarizes the findings and contributions of this work, by

looking back to each Experiment.

9.1 Experiment 1

The drone-based calibration approach must allow the collection of a complete training set
that is an homogeneous representation of the application set. In addition to this require-
ment, the calibration resulting from the collected image points and world points must be
accurate despite the localization errors for the drone on the images. These two requirements

lead to Research Question 1 (RQ1), which is recalled below.
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Research Question 1: What drone path would enable the collection of a good training

set and thus a successful camera calibration?

In order to demonstrate the drone-based calibration concept, a set of simulations were
run using ROS and Gazebo frameworks to model realistic environments, cameras and
drone. In order to answer RQ1, Hypothesis 1 proposed a drone trajectory that covers the
entire field of view, including regions of complex behaviors, and enables a convenient
matching between 3D and 2D points allowed by the drone stopping at waypoints. Such a
path leads to the collection of a training set that is a complete representation of any appli-
cation sets. The use of a drone as a calibration object comes with a cost: error is introduced
in the image detection due to oscillations at waypoints, use of a less accurate target com-
pared to a chessboard-like pattern, and need to create a robust correspondence method for
the 3D and 2D key points. Experiment 1 tested whether the calibration resulting from the
use of the drone as a moving calibration object and the proposed trajectory leads to a good
accuracy, despite uncertainty for the drone detection on the image. The RMS reprojec-
tion errors obtained through these simulations were smaller than 3.3 pixels, demonstrating
that the calibration is successful despite image localization uncertainties. Indeed, it was
demonstrated in Chapter 3 that the calibration is accurate enough for the remote camera
applications if the reprojection error on the image is smaller than 3.6 pixels.

The flow of Experiment 1 is depicted on Figure 9.4. The red box represents the obsta-

cles to overcome and the green boxes represent the solution tested and validated.
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The image localization error can be reduced if the method to detect the drone on the
image focuses on the identification of an exact keypoint, instead of an area of the drone that
takes several pixels on the image. That’s why a marker is added on the simulated drone.

But this marker-drone solution must overcome obstacles to enable a successful calibration.

.  FOV
"o [ —

Image
information

Figure 9.3: Experiment 1

This solution was tested in Experiment 2.

9.2 Experiment 2

In order to improve the quality of the training set, Hypothesis 2 proposed to add a marker
on the drone to reduce the image localization error. This strategy must allow a calibration
despite complex environments where the marker is harder to detect, and complex conditions

due to the use of a drone: oscillations, dimensions, obstacle avoidance distance. This need

lead to research question 2.
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Research question 2: Is the marker-drone solution adapted to the collection of 2D
key points in diverse environments, and thus is an enabler for an improved calibration

compared to the clicking method?

Experiment 2 tested whether the new design enables the collection of 2D keypoints

while overcoming the following challenges:

¢ Environments that make the drone or marker detection difficult

Blurring due to small drone oscillations at waypoints

* Dimensions constrained by drone dimensions

Distance from the camera larger than 3 meters

Automated detection robust to distortion

This experiment results demonstrated that the marker-drone solution is adapted to the
collection of 2D key points in diverse environments because it overcame all obstacles listed
above and lead to a reprojection error smaller than 2.84 pixels, with an average reprojection
error on the tested cameras smaller by 24 percent compared to the Experiment 1 method.

Figure 9.4 summarized the steps of Experiment 2
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Figure 9.4: Experiment 2

Experiment 1 and Experiment 2 results demonstrated the success of the drone-based
approach for the calibration of hard-to-reach cameras under image localization uncertainty.
In Experiment 1 and 2, the calibration technique was tested using simulations for two cam-
eras and assuming accurate 3D localization measurement. The approach is further demon-
strated for a broad range of cameras parameters and noisy 3D localization measurements

in Experiment 3.

9.3 Experiment 3

Hypothesis 3 defined a strategy to evaluate the impact of path parameters, 3D and 2D local-
ization uncertainty, and camera parameters on the calibration accuracy for many cameras.
In order to limit the impact of GPS noise on the calibration accuracy, different trajectories
are investigated by applying this strategy to thousands of simulated cameras and to answer

Research Question 3.
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Research Question 3: How to pick the path parameters to enable a successful cali-

bration of a broad range of cameras?

5000 simulated cameras are modeled by varying their parameters within ranges deter-
mined from the literature and using a Latin Hypercube DOE to efficiently select the pa-
rameters. The localization uncertainties are captured with a Monte Carlo sampling of 500
iterations. At each iteration, uncertainty values for the 3D and 2D coordinates are drawn
from a distribution. The model for 3D uncertainty is taken from the literature, and the
model for 2D uncertainty is derived in Experiment 3 and validated with statistical compari-
son to an available ground truth. The application of this process to 5000 simulated cameras
and different sampling strategies lead to recommendations for path parameters for a suc-
cessful drone-based calibration. Experiment 3 demonstrated the success of the calibration
approach for many cameras, and its robustness to 3D and 2D localization uncertainties.

Figure 9.5 summarized the steps and contributions of Experiment 3. The red boxes

highlight the obstacles to overcome, the green boxes are the solutions.
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Figure 9.5: Experiment 3

The knowledge gained from Experiment 1, 2 and 3 was implemented with real hardware
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and results are presented in the next section.

9.4 Real world testing

To complete the demonstration of the drone-based remote camera calibration technique, the
proposed approach was tested in a real setting, using a commercial drone and camera in an
urban environment. The resulting reprojection error equals 7.7 pixels, and the drone flies
to all waypoints in less than 3 minutes. The use of a commercial drone and the fast flight
duration are interesting advantages of the approach when considering the large number of
installed cameras. The real testing part concluded with a methodology to reproduce the
drone-based calibration approach.

Figure 9.6 summarizes the steps to follow for an autonomous camera calibration with
a drone as moving target. It is recommended to plan on a horizontal coverage larger than
what the camera field of view might actually be. So that the points at extremity of the field

of view can be covered and the sampling is homogeneous to application sets.
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Figure 9.6: Process for the drone-based calibration

In order to reduce the calibration effort while maintaining a good accuracy, the feasi-

bility and the benefits of an optimized trajectory was investigated in Experiment 4.

9.5 Experiment 4

Experiment 1,2 and 3 demonstrated the success of the drone-based calibration approach. In
order to investigates whether the calibration effort can be minimized, an additional question

is raised:
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Research Question 4: Is there an optimum sampling set for a given camera that

enables accurate calibration and reduced trajectory time?

Experiment 4 investigated the possibility of optimizing the autonomous target path
while maintaining a good calibration accuracy for the mapping between image points and
ground points. An offline optimization process is defined in Hypothesis 4. A genetic algo-
rithm is implemented to explore different subsets of a baseline set made of 40 points. The
influence of the localization uncertainties on the calibration is captured in the accuracy met-
ric, which is the Monte Carlo estimate of the maximum reprojection error on the ground.
Experiment 4 results showed that there is a subset of points that lead to an optimum calibra-
tion for a given camera. This subset of points depends on the camera model. Thus, when
no prior parameters’ knowledge is available, it is suggested that the moving target follows
the baseline trajectory, which is made of straight lines and lead to an accurate calibration
as demonstrated in Experiment 4.

Figure 9.7 summarizes the flow and finding of Experiment 4.

» Image
I?. @ localization
uncertainty
5 ®.e
© e
| R > World
Hypot.hezis 4: E,\I(Plorationlsetti.s an et : localization
organized sampling + exploration subse .
with genetic algorithm + Monte Carlo to uncertalnty

capture uncertainties

Size reduced by 47% in average
Error <15cm

Figure 9.7: Experiment 4
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9.6 Summary of contributions

This section summarizes the key contributions of this thesis. This thesis demonstrated the
success of the drone-based technique for the calibration of hard-to-reach cameras. The
drone is used as a moving target that flies in the camera field of view and enables the col-
lection of a training set used for the calibration. Its GPS coordinates provide the 3D key
points and their corresponding images captured by the camera are the 2D key points. Using
a drone as a moving calibration object comes with a cost: the calibration technique must
be robust to 3D and 2D localization uncertainty. The results of the four experiments and
the real testing demonstrated that the drone-based solution successfully enables the calibra-
tion of hard-to-reach cameras. This solution presents advantages compared to traditional

methods as is summarized in the next subsection.

9.6.1 Solution for the calibration of hard-to-reach cameras

The proposed solution enables the collection of points that cover the entire field of view
while avoiding a tedious and manual process, on the contrary to the object-based calibra-
tion technique. Experiment 1 demonstrated that this solution enables the collection of a
complete training set and lead to a calibration error smaller than the threshold of 3.6 pixels.
The proposed solution is environment independent, on the contrary to the self-calibration
method that depends on the scene geometry. This property has been demonstrated with
Experiment 2 and the real-world testing that showed that the technique overcome obstacles
caused by challenging backgrounds and environments. The real world testing demonstrated
that the method is automated which is an advantage when considering the large number of
installed cameras. Consequently, this solution overcomes the limits of traditional calibra-
tion techniques, and is adapted to the calibration of hard-to-reach cameras.

Experiment 2,3 and 4 enabled to improve the drone-based calibration strategy which

was first demonstrated in Experiment 1. Their contributions is summarized in the next
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subsection.

9.6.2 Enhancement of the solution

Experiment 2 demonstrated that adding a marker on the drone that satisfies drone dimension
constraints, and distance to camera constraints enables to improve the calibration accuracy.
This experiment demonstrated that this solution is robust against complex conditions, such
as challenging backgrounds, oscillations of the drone, and distortion.

Figure 9.8 illustrates the final drone design recommended for an improved calibration

accuracy compared to Experiment 1.

Figure 9.8: Drone-Marker system

Experiment 3 demonstrated the scalability of the technique to many different camera
parameters. It resulted in guidelines for the choice of path parameters to enable a successful
calibration robust to 3D and 2D localization uncertainty. An example of such guidelines is
recalled with Figure 9.9 that represents the preferred sampling strategy along Y (blue for
Y sampled every meter and red for Y sampled every 50 centimeters) for various intrinsic

parameters.
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Figure 9.9: Preferred sampling density along Y for different camera parameters

A real testing was implemented to fully demonstrate the drone-based calibration method-
ology. This experiment was run in Couch Park at Georgia Tech with a DJI drone as showed

on Figure 9.10.

Figure 9.10: Real world testing

Finally, Experiment 4 focused on the relation image to ground for distorted cameras,
and demonstrated that the sampling size can be reduced for a faster calibration, while main-
taining a good calibration accuracy. Figure 9.11 recalled the reduction of the sampling size

obtained by running Experiment 4 for 14 cameras with and without distortion.
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Figure 9.11: Reduced training set size

9.7 Proposition of Future Work

In the work presented in this thesis, the correspondence between 3D and 2D key points
relies on the drone stopping at waypoints. The strategy for the correspondence between
key points could be further investigated with a method where the drone would not need to
stop at waypoints. In a future work, the GPS and video time could be synchronized. Any
points along the trajectory would be a candidate training point, enabling the collection of a
very large training set, and possibly a dense set of points. It would enable the application
of machine learning techniques that require a large training set for the model fitting part,
such as an artificial neural network. In turn, it would allow modeling cameras that do not
verify the traditional equations from 3D to 2D, due to external factors such as vandalism or

blurring due to weather damages.
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APPENDIX A
A CALIBRATION SOLUTION SCALABLE TO ZOOM-LENS CAMERAS

The thesis does not focus on non-static cameras. These cameras have the ability to move
or to zoom. As an example, Pan-tilt-zoom (PTZ) cameras are capable of tracking activities
over a large scene and are able to capture high resolution images around objects [166].

When the zoom varies, some camera parameters are fixed. For instance, extrinsic pa-
rameters and the pixel width s, and s, do not change when the zoom is activated. However
several intrinsic parameters are impacted by the zoom change, such as the focal length, the
principal point location and the distortion coefficients [167] [168].

If a camera has a zoom-lens it is then necessary to determine these variable parameters
for different lens settings. Most techniques for zoom-lens camera calibration determine the
camera’s parameters for different zoom settings and populate a table with the corresponding
parameters. Then an interpolation for other zoom values is implemented using the data
gathered in the table [169]. In [166], the intrinsic parameters are first determine at the
camera’s lowest zoom setting. Then the variable parameters are determined at discrete steps
by monotonically increasing the zoom. Once parameters value are obtained at different
zoom levels, an interpolation is done to obtain the variable parameters at zoom values for
which the camera has not been calibrated. In [170] a spline interpolation is implemented,
in [171] a least square approach is used to model the variation of internal parameters as
a function of zoom. The thesis focuses on obtaining an accurate calibration, at a fixed
zoom level, for cameras that are already installed and located in complex environments. A
solution to expand the thesis approach to zoom-lens cameras is to implement calibration at
several zoom levels using the technique developed in this thesis. And then an interpolation

can be implemented to obtain a calibration for every zoom levels.
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APPENDIX B
CALIBRATION FUNCTION: THE STEPS BEHIND THE “BLACK BOX”
FUNCTION

The key steps of the calibration process was provided in Chapter 2. However, it was not
explained how the camera parameters are obtained from the result of the least Square re-
gression. The corresponding steps to retrieve the rotation, translation, focal length, image
center parameters from the optimization coefficients were presented as a black box func-
tion. This appendix details a method derived in [172] and implemented in this thesis. One
might want to know how the parameters are computed from the estimated product of in-
trinsic matrix, rotation and translation, since these parameters are required for the use cases
presented in Chapter 7.

The result of the optimization for calibration is made of coefficients that are function of
the camera parameters. The camera parameters are then estimated from these coefficients.
The steps provided below enable to compute the camera parameters from the least square

regression result.

Xeam Xw 21

Yeam | =M *(| Vi | = [t2])

Zecam Zw l3
Xeam mll ml2 ml3 —mllitl — ml12t2 — ml13t3| | X,
Yoo | = |m21 m22 m23 —m21tl — m22t2 — m23t3 Y.,
Zcam m3l m32 m33 —m3ltl — m32t2 — m33t3| | Z,
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f 0 C, O mll ml2 ml3 —mlltl — ml12t2 — ml13t3| | X,
A= 10 f, C, 0| *|[m21 m22 m23 —m21tl — m22t2 — m23t3| | Y,

0 0 1 0 m31 m32 m33 —m31tl — m32t2 — m33t3| | Zy

A=AxV~1% B« Fx M % T where V"' B~ F contain the intrinsic parameters and
M T the extrinsic parameters
The steps to compute this decomposition into matrices V-t B~LF,M and T and to

compute the camera parameters are described below.

» Compute abs(\) = vaz? + az? + azs®.

» Take A’ which is the top-left 3*3 submatrix of A and compute A” =ab‘2(l v = A’

» Compute the RQ decomposition of A”

* Modify R to ensure that all its diagonal components are positive. Multiply R by the

1.0 0
matrix J = | 0 T1 (| to satisfy this condition.
0 0 *1

e Compute R = J xR

cosa sina 0

—1r/12
rii1+r/22

e Build S = —sina cosa 0 where tan(a) =
0 0 1

* Compute G = RJS = R'. Some intrinsic parameters can be obtained using G:

0152
o [ — 9911922912

g11+9g22
e Oz = g13
* Cy=g
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Compute M’ = G~ A’ and \ = det(M’)

MT=det(M') M’ and as seen from the equation at the beginning of the document,
mll ml2 ml3 —mlltl —ml12t2 — m13t3| | X,

MT=|m21 m22 m23 —m21tl — m22t2 — m23t3 Y.

m31l m32 m33 —m3ltl — m32t2 — m33t3 L

From MT, get the rotation matrix R = [R;, Ry, R3] and the translation vector 7' =

[t17t27t3]T:

T=[t1,t2,t3]T is obtained by solving

mi1 M1z M3 —mi1ty — Mmyala — Mma3ls

Ma1 Moy Mag| *T = | —magit; — magty — mosts

mgp M3y Mg33 —mgity — Mmaats — M33ts
mi1 M1z Mi3 —myity — Mgty — My3ts

Where [my;  mag mas | a0d | —moit; — mgots — mosts | are obtained when com-

Mmg1 M3z M33 —mgity — Mgaty — M3ty
puting MT in the previous step.

Once the focal length, the camera center coordinates, the rotations and translations
parameters are estimated, they are inserted into the equation 3D to 2D that include the
distortion coefficients. An iterative optimization process is run to refine the parame-

ters computed with the method above, as well as estimate the distortion coefficients.

Packages in Matlab or python offer an implementation of these steps.
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APPENDIX C
TOOL FOR THE OBSTACLE LOCALIZATION USE CASE

Appendix B presents the interface built to enable the obstacle location application presented

in chapter 6.
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[2]:

[3]:

[4]:

Jupiter notebook for the application of the drone-based remote camera calibration approach The
Use case implemented in this notebook is called "Get Obstacle Location"

0.1 Get obstacle location

Determine an obstacle location in the world frame from its 2D location on the image taken from
the remote camera who has been calibrated with the drone-based calibration approach. Thus,
whose intrinsic and extrinsic parameters are known. The object is on the ground, or one of its
dimensions is known (example height).

0.2 Packages to load

import math

import numpy as np

from scipy import optimize
import cv2

import pandas as pd

import matplotlib.image as mpimg
import matplotlib.pyplot as plt

0.3 Load the key points obtained from flying the drone in front of the camera

L=pd.read_csv('P4_Calib_2.csv')
L=L.values.tolist()

0.4 Camera calibration
Load a frame of the video to compute the resolution

im=mpimg.imread (' IMG. jpg')
size=im.shape[:2]
wO=size[1]

hO=size[0]

Cx0=int (w0/2)

CyO=int (h0/2)

£0=h0

#Calibration

OP=np.array([[1[1:4] for 1 in L]]).astype(np.float32)
IP=np.array([[1[4:6] for 1 in L]]).astype(up.float32)
# Inttial guess

cameraMatrix=np.zeros((3,3) ,dtype=np.float32)
cameraMatrix[0,0] = fO0;

cameraMatrix[1,1] £0;

cameraMatrix[2,2] = 1;

cameraMatrix[0,2] Cx0;

cameraMatrix[1,2] Cx0;
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rms, camera_matrix, dist_coefs, _rvecs, _tvecs = \
cv2.calibrateCamera (0P, IP, (wO, hO), cameraMatrix, None, \
flags=cv2.CALIB_USE_INTRINSIC_GUESS)

print ("RMS reprojection error: f" 7 rms)

rvec=np.array(_rvecs)

tvec=np.array(_tvecs)

dist_coefs=np.array(dist_coefs)

rotation_mat, _=cv2.Rodrigues(rvec)

rvec2=cv2.Rodrigues (rvec) [0]

0.5 Undistort image
[6]: im=mpimg.imread('IMG.jpg')
im2= cv2.undistort(im, camera_matrix, dist_coefs)

imgplot = plt.imshow(im)
plt.show()

cv2.imwrite('UndistorerImg.jpg', im2)

D‘
100 -
200 1k
300 -
400 -
500 -

B00 -

0 200 400 600 800 1000 1200

[6]: True
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[1:

[1:

0.6 From the undistorted image, detect the point to measure

im=mpimg.imread('UndistorerImg.jpg"')
r = cv2.selectROI(im)

u=int (r [0]+r[2])
v=int (r[1]+r[3])

0.7 Definition of the function that relates world points to image points on the undis-
torted image

The function Homography_Matrix returns the matrix H=K[R T] where K is the intrinsic matrix, R
the rotation and T the translation vector.

The function world_to_image take as input a point M (vector OM) of coordinates [X,Y,Z], an ho-
mography matrix H and returns the projected point on the image [u,v] in pixels

def Homography_Matrix(K, R, T):

Mi=np.zeros((3,4))
M1[0] [0]=1
M1[1][1]=1
M1[2] [2]=1

Ri=np.zeros((4,4))
R1[0] [0]=R[0] [0]
R1[0] [11=R[0] [1]
R1[0] [2]=R[0] [2]
R1[1][01=R[1][0]
R1[1]1[11=R[1][1]
R1[1] [2]=R[1] [2]
R1[2][0]=R[2] [0]
R1[2] [11=R[2] [1]
R1[2] [2]=R[2][2]
R1[3][3]=1

Ti=np.identity(4)
T1[0] [3]1=T[0]
T1[1] [3]1=T[1]
T1[2] [3]=-T[2]

Pi=np.dot(R1, T1)
P2=np.dot (M1, P1)

P3=np.dot (K, P2)

return(P3)
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[1:

wnn

Compute pizel coordinates of point M seen by camera with homography H

wnn

def world_to_image(OM, H):
X=0M[0]
Y=0M[1]
Z=0M[2]

1=H[2,0]*X+H[2,1]*xY+H[2, 2] *Z+H[2,3]
u = (H[0, 0] * X + H[0, 1] = Y + H[0, 2] * Z + H[0, 3]1)/1
v=(H[1, 0] * X + H[1, 1] * Y + H[1, 2] * Z + H[1, 3]1)/1

u=int (u)
v=int (v)
return([u,v])

0.8 Compute line in 3D for a projected point [u,v]

Compute the line equation where a point M is in the world frame when it projects on the image at
m=[u,v]

The line equation is OM=0C+t*d where O is the world frame center, OM the vector from the
world frame to the point M on the line, C is the camera center, d is the direction unit vector for the
line that goes through C and M and t is the scalar (distance C to M along d)

The input of the function are the homography (mapping world to image) for the camera, the pixel
coordinates u and v and the camera center location C=[X,Y,Z]

The output of the function is the line equation, i.e. the coordinates of the vector OC and the direc-
tion unit vector d

Note: the ray where the point [u,v] belongs in 3D intersects with the ground floor and also goes
through the camera center. So its equation can be obtained by taking a point whose Z=0, comput-
ing the reducde homography such as [u,v,1]=[X,Y,1] (Z=0), invert it (possible since assumed Z=0
so square matrix), get [X,Y] from this inverted matrix and [u,v] and compute the unit vector that
gives the direction between [X,Y] and Camera center C

def Ray(H1, u,v, C):

#the ray can be obtained by computing the unit vector for the direction,
—"camera - point on floor" - so Z is picked equal to 0 - new H with Z=0 sy
—~computed and inverted to get X and Y

H2=np.zeros((3,3))

H2[0,0]=H1[0,0]

H2[0, 1] = H1[O, 1]
H2[1, 0] = H1i[1, 0]
H2[1, 1] = H1[1, 1]
H2[2, 0] = H1[2, 0]
H2[2, 1] = H1[2, 1]
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H2[0, 2] = H1[0, 3]
H2[1, 2] = H1[1, 3]
H2[2, 2] = Hi[2, 3]

H3=np.linalg.inv(H2)

#compute coordinates points on floor
la=H3[2,0]*u+H3[2,1]*v+H3[2,2]
X=(H3[0,0]*u+H3[0,1]*v+H3[0,2])/1a
Y=(H3[1,0]+u+H3[1,1]*v+H3[1,2])/1a

print('coord groundZ')

print (X)
print (Y)

#the ray is the direction of wvector joining camera center C and the point ony
—the floor F=[X,Y,0]

CF_x=X-C[0]

CF_y=Y-C[1]

CF_z=-C[2]

CF=[CF_x, CF_y, CF_z]
print('Vector camera to turtle')
print (CF)

CF2=np.array (CF)
normCF2=np.linalg.norm(CF2)

d=[CF_x/normCF2, CF_y/normCF2, CF_z/normCF2] #direction vector for the line,
—"Camera - point that projects on (u,v)" - unit vector

line=[C,d] #all point M on the line satisfy OM=C+t*d where t is a scalar, C,
—camera center, d direction and 0 world frame center
return(line)

0.9 Compute the object location [X,Y,Z]
Input are the line equation for the ray “Camera center - object” - called L1, and the object height

The output is a vector: OM

[ J: def world_location(L1l, h):
C1=L1[0] #camera center
d1=L1[1] #unit vector direction Tay

h_from_cam=h-C1[2]
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[1:

#vector camera to object M
CM=[t1*d1[0], t1xd1[1], ti1xd1[2]]

t1=h_from_cam/(d1[2])
0M_x=C1[0]+t1xd1[0]
OM_y=C1[1]+t1xd1[1]
0M_z=C1[2]+t1*d1[2]

return([0OM_x, OM_y, OM_z])

0.10 Fire hydrant example

#camera location from calibration
Cx=tvec2[0]
Cy=tvec2[1]
Cz=tvec2[2]

c=[Cx, Cy, Cz]

#Homography
H=Homography_Matrix(camera_matrix, rotation_mat, tvec2)

#Compute ground coordinates

out=Ray(H,u,v,C)
print (out)
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