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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 �elds,

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

�eld-of-views. Indeed, the object-based calibration method requires a tedious and manual

process that is not adapted to a large �eld 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:
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• Be adapted to large �elds-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

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 de�nes a drone trajectory that covers the entire �eld 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 modi�ed 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 modi�ed 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 �ight 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 speci�c 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 ef�ciency, 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 �rst presents photogrammetry, and computer vision, as �elds that enable

the measurement of metrics of interest from images. Then, it introduces camera calibration,

as a �rst step toward accurate computer vision applications and image-based measurements.

Finally, this chapter discusses the bene�ts 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

�elds and their connections to image-based measurement are presented in the three follow-

ing sections.
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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 �eld.

1.1.2 ComputerVision

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 ef�cient, 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 arti�cial 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 Introductionto cameracalibration

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 callAw 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 calledap. Calibrating the camera

consist of determining the relation betweenAw andap, 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].
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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 applicationexamplein theaerospaceindustry:storeseparationtestingthrough

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 �xed-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.
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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 ef�cient 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, re�ection, 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 bene�t industry

In addition to their bene�ts for industry applications, cameras are a key tool used for

cartography as it is described in the next section.

1.3 Cartography

Cartography is de�ned 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.
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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

ef�cient 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 traf�c management.

This last application of camera-based measurement belongs to the �eld of remote sens-

ing, which represents a key �eld 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.
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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 speci�c

time [21]. Thus they enable data acquisition for topographic mapping. These technologies

are used, for instance, to map large forest �res and help rescuers gain knowledge about

the �re 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:

• Terrestrial and airborne platforms, which is the focus of the �rst subsection

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

1.4.1 Remotesensingfrom groundandlow altitudeplatforms

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

can not be reached easily, would bene�t 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 brie�y satellite remote

sensing through imaging.

1.4.2 Spaceimaging

The use of satellites for Earth observation purposes started at the end of the �fties, and

there are currently more than 150 Earth-observation satellites orbiting. This section brie�y

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

modi�cation 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 bene�t space camera

calibration.

1.4.3 Leveragecamerause

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 noti�ed to road users in an automated way. If the

obstacle is permanent, such as a �re 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 Growthin thenumberof securitycamerasfor safetypurpose

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.

Figure 1.3: Number of security camera bases installed in North America from 2012 to 2016

11



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, of�ce 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,costreductionandsafetyimprovementthroughcalibratedsecuritycameras

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 �re 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 Speedmeasurement

Security cameras are used to monitor traf�c 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 �ow,

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 bene�t 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 de�nition for hard-to-reach cameras, and summarizes the

bene�ts of their calibration.

1.6 The bene�ts 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 dif�cult 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 bene�ts many �elds, 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

bene�ts 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 ef�cient technique for the calibration of those hard-to-reach

cameras would have bene�ts 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 ef�cient 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 Needfor 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].

Figure 1.4: Effect of the temperature on the focal length

Figure 1.5: Impact of the temperature on the horizontal position of the principal point

16



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 modi�cation 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 ef�cient method for their calibration,

and re-calibration, would bene�t 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 ef�cient 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 identi�es 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 ef�cient camera calibration

method for hard-to-reach cameras.

The key word ef�cient 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 re�ned, and an

Overarching Research Question is formulated.

2.1 Mapping world coordinates to image coordinates

In a �rst 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 Transformationsbetweenworld frameandimageframe

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-

19



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 �gure).

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:

• The �rst one is from the world coordinatesX w , Yw , Zw , to the camera coordinates

X cam , Ycam , Zcam . 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)

• The second transformation is from the camera coordinates (X cam , Ycam , Zcam) to 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

the image plane).

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.

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 �nally, its coordinates are transformed into pixel

coordinates.

The �rst transformation can be described by a matrix of rotation R and one of transla-

tion T, which de�ne 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 af�ne, are made of internal camera's geo-

metric and optical characteristics such as the focal length, the central point location, or the

lens distortion coef�cients. 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]

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 Cameraparametersandequationsfrom world to imageframes

As mentioned, the camera parameters are divided into two groups. Extrinsic parameters

de�ne 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].

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 coef�cients are writtenki , andpi .

Figure 2.9: Distortion caused by lens [68]

• Skew coef�cients: it is the number of pixels per unit length in each direction. It is

often written as1
sx

for the horizontal direction and1sy
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 de�ned 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 coef�cients 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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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).

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

A succession of rotations and translations de�ne the transformations from the world

frame to the camera frame. The translation vector is written
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wheretx , ty, andtz are

the translation alongX w , Yw , andZw . The rotation matrix coef�cientsmij are obtained by

multiplying the three matrices that de�ne the rotation alongX w , Yw , andZw . Consequently,

the coef�cientsmij are functions of the angle of rotation alongX w , Yw , andZw . For

example,m11=sin (� x ) � sin (� y) � cos (� z) � cos (� x ) � sin(� z)

where� x , � y, and� z are the rotation angles aroundX w , Yw , andZw . The axes and the
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angles mentioned here are depicted in Figure 2.12.

Figure 2.12: World coordinate frame and Euler angles

From the rotation and the translation coef�cients, the relation between the world frame

and the camera frame is derived and is given by the following equation [38]:
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By writing t1, t2, t3, the translation coordinates in the camera frame, the above equation

can be written as:
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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:
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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.

Figure 2.14: Frame center shift

Hence, the new coordinates becomex + Ox andy + Oy where
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Finally, the metric unit is converted into a pixel unit. For this purpose, the skew coef�cients

1
sx

and 1
sy

are used, and the pixel coordinates can be de�ned as follow:
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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

3 for the real world coordinates system). For instance, the point
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Using matrices and homogeneous coordinates, the following equations are obtained:
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Let's write f x = f
sx

(respectivelyf y = f
sy

) the focal length in pixel,Cx = Ox
sx

(respec-

tively Cy = Oy

sy
), the image center coordinates in pixels. The system of equation can be

written as:
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From Figure 2.14 or by using the Thales theorem or from equation 3, it can be stated
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that the points that belong to the rays �
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have the same projection
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5, so they

are equivalent [57].

Figure 2.15: Same projection(x; y; 1) for all pointss � (X cam ; Ycam ; Zcam)

Consequently, the relation between camera coordinates and projected coordinates can

be written, using s a real number, as:
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Since the camera coordinates are related to the world coordinates with this relation:
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The relation between pixel coordinates and world coordinates for a pinhole camera is

given bellow:
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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.

31



2

6
6
6
6
4

u

v

1

3

7
7
7
7
5

=

2

6
6
6
6
4

f x 0 Cx 0

0 f y Cy 0

0 0 1 0

3

7
7
7
7
5

�

2

6
6
6
6
4

X cam
Zcam

Ycam
Zcam

1

3

7
7
7
7
5

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 parametersk1 andk2 that need to be estimated.k1 accounts for a large part

of the distortion (usually 90 percent of it) [74]. Let us writex0 = X cam
Zcam

, andy0 = Ycam
Zcam

, the

relation for radial distortion is given by:

�x 0
radial = x0 � (k1 � r 2 + k2 � r 4)

�y 0
radial = y0 � (k1 � r 2 + k2 � r 4)

r 2 = x02 + y02

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

wherep1 andp2 are coef�cient for tangential distortion [12].

�x 0
tangential = 2p1x0y0+ p2

�
r 2 + 2x02

�

�y 0
tangential = 2p2x0y0+ p1

�
r 2 + 2y02

�

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

following corrected coordinates:
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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 �tting steps and their application for camera calibration purposes.

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

The process of model �tting 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 �t the unknown parameters

• Model evaluation: Use the testing set of points to �t 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 speci�c 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 de�ned 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 speci�c 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 �rst 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:
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udistortion = f (u; v; Cx ; Cy; f x ; f y; k1;k2;p1;)

vdistortion = g(u; v; Cx ; Cy; f x ; f y; k1;k2;p1;)

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 �ts the unknown parameters by minimizing the least square error

for an overdetermined problem [72]. This method is also used as a �rst step of more

complete calibration methods.

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

s � u = a11 � X w + a12 � Yw + a13 � Zw + a14

s = a31 � X w + a32 � Yw + a33 � Zw + a34

a31 � X w � u + a32 � Yw � u + a33 � Zw � u + a34 � u = a11 � X w + a12 � Yw + a13 � Zw + a14

a11 � X w + a12 � Yw + a13 � Zw + a14 � a31 � X w � u � a32 � Yw � u � a33 � Zw � u � a34 � u = 0

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

a21 � X w + a22 � Yw + a23 � Zw + a24 � a31 � X w � v � a32 � Yw � v � a33 � Zw � v � a34 � v = 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

de�ned, such as for p in [0, N-1] where N is the number of points, the row of L are de�ned

as follow:
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LT
2p = [ X p; Yp; Zp; 1; 0; 0; 0; 0; � X pup; � Ypup; � Z pup; � up]

LT
2p+1 = [ ; 0; 0; 0; 0; X p; Yp; Zp; 1 ; � X pvp; � Ypvp; � Z pvp; � vp]

By writing a=[a11; a12; a13; ::; a33; a34]T , 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,a11=f x*m11+Cx*m31. Calibrating the camera requires to estimate the camera

parameters, thus, it requires to �ndf x , f y, mij , Cx , Cy, t i , from theaij coef�cients. This

step is not trivial and a method to estimate the camera parameters from theaij coef�cient

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 =
P N

i =1 (U i � ui )
2 + ( V i � vi )

2 whereUi andVi are the actual values of the 2D key

points andui andvi 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 �rst 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 �rst uses a linear optimization

technique to get some of the parameters. For instance, authors in [12] use the linear opti-

mization method described �rst in this section. The camera parameters are then estimated

from the estimatedaij coef�cients. Appendix B provides explanation about this step. Then
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the estimated camera parameters are used as �rst 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 re�ne 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 �xed, 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 speci�c 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,� f 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 (xk) � pk = � � f (xk)

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 �rst 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.

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 �nd 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 �rst group measures the difference between the projection of 3D points obtained

through the model �tted 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

speci�c 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 coef�cient of determinationR2 : R2 = 1� SSE
SST whereSST =

P N
1 (yi � a)T (yi � a),

SSE =
P N

1 (yi � mi )T (yi � mi ), a is the average of theyi values:a =
P N

1 yi

N , yi

is the value of the true function at point i andmi is the value of the model at point i

[89]. a,yi , mi are vectors of two coordinates.R2 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

coef�cient of determination is a relative measure of �t 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:ei = norm(yi � mi ). If the model that is �tted

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 fromR3 to

R2. 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 �ts the data

poorly [95]. The metric is not well adapted to functions whose output is not inR but

in Rn instead.

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 �t, 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.

RMSE =
q P N

1 (yi � m i )T (yi � m i )
N
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• Model �t 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 �t.

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 �rst 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

�t and can be easily connected to the calibration application, thus it is an adapted

metrics for this thesis work.

2.2.4 Take-awayof theregressionprocessfor camerascalibration

The analysis of the regression steps for camera calibration purposes lead to four main obser-

vations that drive choices made while de�ning 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 �rst-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 �t 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 Autocollimationmethod

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 �lter. 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-basedcalibration

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

classi�ed 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 dif�cult to produce and maintain. Besides this limit, the object must

cover most of the camera �eld of view to obtain a small calibration error which is

not convenient when a camera with a large �eld-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 �eld-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 �eld-

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 �eld-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 �eld-of-view to collect the required 3D and 2D points. For instance, in

[98], the wand movement is a rotation around a �xed 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 �eld of view. Indeed if the object covers only part of the �eld of view, then the
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calibration results in poor accuracy [104]. Since these cameras are hard to reach, their

�eld-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 �eld-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 �eld-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 bene�ts, 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 in�nity 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

�rst 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 dif�cult to solve, thus these factors are not estimated accu-

rately. Also, some of these techniques require a �rst 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 in�nite 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 �eld-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 speci�c 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 �tting 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 �rst chapter had provided information about the increasing number of cameras and

their use in numerous �elds. In particular, it stated the importance and the bene�ts 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 identi�cation 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 �eld of view or complex camera access. The

diversity of �eld-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 �eld 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 de�nes 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 �eld of view of

the camera. It is not adapted when camera access is dif�cult. 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-

is�ed, 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 �tting 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 de�nes criteria for a successful

calibration based on applications presented in the �rst chapter.

3.1 Moving target and challenges to overcome

The proposed method must satisfy the following requirements:

54



• Be adapted to large �elds-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 �eld

of view

• Enable the collection of a large number of key points in the �eld 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 de�ne a system that

could carry these sensors and move them in the 3D space. The camera �lms 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 identi�ed. 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 �eld of view (FOV) so that regions of complex behaviors can be accounted for

when �tting 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-
ries localization
sensors

Urban envi-
ronment

Sea Mountain Sky Space Can cover
full FOV

Pedestrian yes no yes no no no - re-
stricted to
ground dis-
placement

Vehicle yes yes
(boat)

Yes (snow-
mobile, but
large vibra-
tions)

no no restricted to
ground dis-
placement

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 �y 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.

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 �elds 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 de�ned 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 �t is not perfect, and thresholds for calibration

errors must be de�ned 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

de�nition 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 de�ned above and the reprojection error

bounds?

The answer to the �rst 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 timet + dt

58



(point B), represented with the actual displacement vectorua. It illustrates the measurement

errors when determining the vehicle positions at time t andt + dt, calledue1 andue2. The

measured speedvm is related to the actual speedva and the speed measurement errorve as

described below:

�!vm =
�!um

dt
=

�!ue1

dt
+

�! ua

dt
+

�!ue2

dt

�! va =
�! ua

dt

�! ve =
�!ue1

dt
+

�!ue2

dt

Figure 3.2: From speed measurement error to position measurement error

Since�! ve =
�!ue1
dt +

�!ue2
dt , the following equality holds
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kvek < =
kue1k

dt
+

kue2k
dt

Let us callumax the maximum position measurement error, then the following equation

holds:

kvek < =
2 � umax

dt

Common cars GPS update their position information every second [119]. Based on this

observation,dt is taken equal to 1 second. Ifumax is equal to 0.15 meter, then the following

equation holds:

kvek < = 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 de�ne 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 �rst line in Table 3.2.
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Figure 3.3: Ground measurement error equal to 15cm

Figure 3.4: Corresponding image measurement error

Table 3.2: Parameters of different pinhole cameras

Camera id f(mm) w(pixels) Height(m) Orientation

angle(83degree)

minimum accepted

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 �eld of view, the red ray calledray1, represents the actual ray where the point is

located if they would be no image measurement error. The red ray calledray2 represents

the estimated ray, the one obtained after making an error calledError image on the �gure.

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.

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 signi�cant 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 de�ned.

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

ef�cient 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 speci�c 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 �eld 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.
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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 �rst 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 �rst 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 �rst 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 de�nitions of data quality and the

regression error decomposition into bias, variance, and irreducible error (also called noise)

� :

error = bias2 + variance + ( � )2

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 �rst 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 �t a particular training set, but does

68



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 re�ne Gap 0 into two more speci�c 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 �eld-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 �rst requirement (completeness require-

ment), it is necessary to collect points covering the entire �eld 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).

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 ef�cient calibration approach that is scalable to the large number of already installed

cameras. To de�ne such a path, a short introduction to path planning techniques is presented

in the next paragraph.

Path planning tools enable �nding 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.

Figure 4.2: Simple path for area coverage

The �eld 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.

71



Figure 4.3: camera FOV shape

Figure 4.4: Division of camera FOV

From this �eld of view division and knowledge about traditional path planning meth-

ods, a simple path for the drone can be de�ned. 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 �eld

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.

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 speci�c 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 satis�ed to allow an ef�cient 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

errors

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 a moving target allows camera calibration despite image measurement uncertainties. The

proposed path is summarized as follow:

Hypothesis 1: IF the camera �eld 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 �ights [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) �les [132]. These �les describe the

kinematic and dynamic of a robot, its visual representation, and its collision model. Ex-

amples of parameters described in a URDF �le are the rotor drag coef�cient, the rolling

moment coef�cient, or the max rotor velocity. Some ROS libraries, such as Rotors [133]

or hector quadrotor [134], provide URDF �les 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 �les 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.

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 �rst, as it is expected that

the error would be smaller when there is no distortion. Once the method has been tested

for this simpli�ed case, it is tested for a camera with distortion. In the simulations, the

drone �ies to 3D waypoints in the camera �eld 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 �ow 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 traf�c 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 �eld of view

is represented with a white cone. The bottom illustration shows the drone �ying in the

camera �eld 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. TheX w , Yw , Zw 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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Table 4.1: Cameras parameters

Camera model Pinhole camera Camera with dis-

tortion

Focal length

(pixel)

1110 1110

Image center co-

ordinates (pixel)

(640, 480) (640, 480)

Angle of rotation

along y (degree)

30 30

Translation (m) Tx=0.5, Ty=0,

Tz=2

Tx=0.5, Ty=0,

Tz=2

Radial distortion

coef�cient

none k1=-0.25

Tangential distor-

tion coef�cient

none p1=-28e-5, p2=-

5e-5

For each camera, the drone trajectory is de�ned in a ROS node before running the

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

below:

• 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 �rst path tested, and Table 4.3
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provides the waypoints for the second path tested. Figure 4.11 illustrates the �rst path,

and Figure 4.12 illustrates the second path. On these �gures, 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 �rst path

Waypoint id X w Yw Zw

1 4 -1.5 0.5

2 4 -1.5 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 2.3

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 w Yw 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

Figure 4.12: Second trajectory

The camera �lms the drone when it �ies to these waypoints. The frames acquired by

the camera are saved in a speci�c 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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