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Optimization of estimating intrinsic parameters of a camera using a robot arm
SHILPA SUDHIR
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Eye-tracking technology is applied across industries such as automotive, aerospace,
and human-computer interaction, where precise gaze estimation relies on the accu-
rate calibration of eye-tracking cameras. In this work, a robot arm is used to perform
the intrinsic calibration of eye tracking cameras. The motivation behind using a
robotic arm for the intrinsic calibration of an eye-tracking camera instead of a man-
ual procedure stems from several key advantages related to precision, repeatability,
and efficiency. Control over the camera poses in front of the checkerboard leads to a
more accurate and efficient calibration process. This eliminates the challenges and
inconsistencies associated with manual camera movements and opens the door for
automating and scaling the calibration process with minimal human involvement.
The robotic arm ensures a level of consistency and reliability that would be hard to
achieve manually, making it a compelling choice for eye-tracking camera calibration,
especially in high-precision applications.

Keywords: camera calibration, camera matrix, distortions, camera intrinsics, ex-
trinsics, pinhole camera model, optimization, robot arm.
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1
Introduction

1.1 Background

This project is done in collaboration with Smart Eye AB. Smart Eye’s primary
products are head, eye and gaze tracking systems for building advanced Driver
Monitoring and Interior Sensing systems in the automotive industry, investigative
tools in neuroscience and psychology, and research, development and education in
the aerospace industry.

Camera calibration is a fundamental process in computer vision, necessary for deter-
mining the intrinsic and extrinsic parameters that are vital for accurate 3D recon-
struction and image rectification [1]. Intrinsic parameters, such as the focal length
and principal point, describe the internal characteristics of the camera, while extrin-
sic parameters describe its pose relative to the world coordinate system. In addition
to camera parameters, the distortion coefficients that represent localized changes in
magnification, can also be estimated in intrinsic calibration.

Precise gaze estimation relies on accurate calibration of the eye-tracking cameras.
The goal of this project is to investigate if the intrinsic calibration process can
be made faster with a reduced number of images, while maintaining the robustness.
Smart Eye uses a robot arm to capture images for calibrating the intrinsic parameters
of their cameras. A subset of their large internal dataset containing images recorded
over years was used to study the relationship between the intrinsic parameters and
the number of images in this project.

Traditional calibration methods, such as checkerboard pattern calibration [2], Direct
Linear Transform [3], and the widely used Zhang’s method based on projection error
minimization [4], are widely accepted techniques for establishing camera parameters.
These methods typically involve capturing multiple images of a known calibration
pattern (e.g., a checkerboard) from different orientations. The images are then used
to compute both intrinsic and extrinsic parameters by minimizing projection errors
[4].

Many current calibration techniques present challenges. These approaches often re-
quire multiple images of a calibration object, such as a checkerboard [5] [6] [7], dot
grid [8], or spherical object [8]. Alternatively, some methods depend on identify-
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1. Introduction

ing specific scene features, like straight lines or vanishing points in geometrically
structured scenes [9] [10] [11]. Among these techniques, the checkerboard based
calibration [5] [6] [7] is the most commonly used, which involves capturing multiple
views of the checkerboard. It is robust and suitable for controlled environments.

There are also approaches that consider using different calibration targets, like a
moving Light Emitting Diode (LED) for wide-area multiple-camera environment
[12] and a custom calibration cube [13].

Other targets include state-of-the-art visual fiducials 1 such as ARTag, AprilTag,
ArUco, and STag [14] [15] [16].

Another technique uses GEOCAL, a geometric camera calibration device that uses
a beam expanded laser in combination with a diffractive optical element to project
patterns directly on the camera sensor [17].

Target based calibration is still the accuracy gold standard, when used to capture
many views with strong pose variety and corners pushed to the image periphery,
paired with guided capture to avoid bad pose sets [18]. ChArUco, a modern fiducial
that improves corner/localization robustness, performs well in mediocre lighting and
partial occlusion, and has been validated in recent calibration/pose datasets [19] [20]
[21].

Typically, the calibration process is manual. An expert user takes many images of
an object of known geometry with the camera, typically a checkerboard with known
cell dimensions and spacing, from different points of view. Then, using traditional
algorithms, the relations between the detected target in the captured images, and
the known structure of the target are found. The value of the calibration parameters
can be estimated from these relations. For example, in case of a Charuco board,
the algorithm would aim at detecting the location of the corners of each cell in the
image, and relate them to the previously stored geometry of the target. An example
of images used for manual calibration is demonstrated in Figure 1.1.

Manual calibration technique is still popularly used and is supported by many frame-
works such as OpenCV and Matlab, however the performance of these algorithms
greatly depend on the selection of poses and results in low quality if the user is
not an expert in the field. The motivation behind using a robotic arm for intrinsic
calibration as opposed to a manual procedure stems from several key advantages
related to precision, repeatability and efficiency. By utilizing a robotic arm in the
intrinsic calibration process, we achieve higher precision, repeatability, and control
over the camera poses in front of the checkerboard, which leads to a more accurate
and efficient calibration process. This eliminates the challenges and inconsistencies
associated with manual camera movements and opens the door for automating and
scaling the calibration process with minimal human involvement [22]. Furthermore,
once we have determined the robot positions, we can adjust the external lighting

1Visual fiducials are artificial landmarks designed to be easy to recognize and distinguish from
one another.
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Figure 1.1: Sample dataset used to calibrate a camera using a Charuco board

to minimize the risk of strong reflections and thus saturated pixel regions with loss
of information. The robotic arm ensures a level of consistency and reliability that
would be hard to achieve manually, making it a compelling choice for eye-tracking
camera calibration, especially in high-precision applications.

Though direct studies on using robotic arms for eye-tracking calibration are lim-
ited, the principles from camera calibration and robotic automation in related fields
provide a solid foundation for this approach [22]. It’s highly beneficial for ensuring
the accuracy and reliability of intrinsic camera parameters, which are crucial for
high-performance remote eye-tracking systems.

1.2 Purpose / Aim of the Study
The aim of this thesis is to perform intrinsic calibration on multiple sets of real
and synthetic images as input and analyze the calibration results to determine the
optimal number of images for calibration. The real images are obtained with the
camera positioned on the robot arm.

Smart Eye’s internal intrinsic calibration software is used to perform the intrinsic
calibration. The software is based on OpenCV’s intrinsic calibration package which
uses different models to optimize the intrinsic parameters and distortion coefficients.
In standard intrinsic calibration, the size of the image is used to initialize the intrinsic
parameters, which is continuously optimized while reading the images. This proce-

3



1. Introduction

dure will be referred to as Standard calibration in the rest of this report. Intrinsic
calibration using a different initialization procedure where the intrinsic parameters
are optimized from an initial set of images and the distortion coefficients are opti-
mized from the remaining set of images is also evaluated. The intrinsic calibration
with this initialization procedure will be referred to as Two-step calibration in the
rest of this report.

1.3 Research Question(s)

The main research question that this thesis aims to address is:

How does the number of images relate to the performance of the intrinsic camera
calibration for a standard lens with relatively low distortion?

As described in section 1.1, images are captured for intrinsic calibration using a robot
arm for precision, repeatability and efficiency. To further optimize the process, the
number of images beyond which the calibration results do not improve significantly
is estimated by performing intrinsic calibration on both synthetic and real images.
The synthetic images have known intrinsics and are considered as the baseline to
evaluate the models used in calibration.

1.4 Methodology Overview

This study investigates the performance of the intrinsic calibration software with
standard calibration and two-step calibration to determine the optimal number of
images required for calibration. This is achieved by performing the steps defined
below.

Step 1: Data collection for both real and synthetic images.

Step 2: Intrinsic calibration with standard and two-step calibration.

Step 3: Result analysis to determine optimal N .

1.5 Limitations

The robot used to capture the images is a small tabletop robot with a reach2 of
490mm, and not an industrial robot with higher reach and payload3 resulting in a
smaller boundary of the robot’s workspace. The robot also has a payload of 300g,
and is very sensitive while changing poses during calibration.

2The reach of a robot refers to the outer boundary of the robot’s workspace, how far it can
reach outward, upward or downward.

3The payload of a robot arm is the maximum weight it can safely carry at its end effector.
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1. Introduction

1.6 Key Contributions
The key contributions of this work are as follows:

1. A script to automate sampling images, performing intrinsic calibration and
plotting the results.

2. Results of standard and two-step calibration.

3. A function to transform between coordinate systems.

1.7 Thesis Structure
The report is organized as follows:

Chapter 2 gives relevant background on camera intrinsics and calibration. It con-
cludes by providing an overview of the entire system used in this thesis.

Chapter 3 explains the theory behind the algorithms used in this project. It includes
the necessary equations and optimization followed in the intrinsic calibration.

Chapter 4 gives information on the different components of the robotic setup, hard-
ware, software and software libraries used during the study.

Chapter 5 describes the experiments carried out, both using synthetic and real
images.

Chapter 6 consolidates the experimental results with relevant plots.

Chapter 7 follows with the closing arguments and ideas for future work.
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2
Theoretical Background

The theory chapter provides an outline of relevant theory including camera models,
intrinsic matrix, calibration and concludes with an overview of the system considered
in this thesis.

2.1 Pinhole Camera Model

The camera model is a function that maps the 3D world points onto the 2D image
plane and is designed to closely model the physical camera. The selection of camera
model depends on the target application but essentially they can be classified ac-
cording to their ability to capture perspective or not. The cameras studied in this
thesis are Driver Monitoring System (DMS) cameras with standard lenses and are
best represented with the pinhole camera model.

The pinhole camera model is the simplest and most widely used perspective camera
model [23]. It consists of a tiny hole, or aperture, through which light rays from
a 3D scene pass and form an image on the opposite side of the hole. Pinhole
cameras have no lenses, which eliminates the complexities associated with lens-
induced distortions. This simplicity makes the pinhole model especially useful for
theoretical studies in computer vision, as it strictly adheres to the principles of
projective geometry. By avoiding lens-induced distortions, this model allows for
straightforward mathematical calculations without the need for complex correction
equations.

The simplicity of the pinhole camera model lies in its ability to create sharp images
without the use of lenses. By allowing a narrow beam of light through the tiny aper-
ture, the model eliminates most aberrations and produces a clear image. However,
this simplicity limits light intake, resulting in darker images and requiring longer
exposure times for adequate brightness.

The view of a scene is obtained by projecting a scene’s 3D point Pw into the image
plane using a perspective transformation which forms the corresponding pixel p.
The distortion-free projective transformation given by a pinhole camera model is
described in equation 2.1.
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s p = K
[
R | t

]
Pw (2.1)

where

Pw 3D point expressed with respect to the World Coordi-
nate System (WCS)

p 2D pixel in the image plane
K

[
R | t

]
camera projection matrix

K intrinsic matrix[
R | t

]
extrinsic matrix consisting of 3x3 rotation matrix R,
and 3x1 translation vector t that positions the camera
in WCS

s the projective transformation’s arbitrary scaling and not
a part of the camera model

The projection of a point P onto the image plane using the pinhole camera model
is illustrated in Figure 2.1.

Figure 2.1: Projection of a point P onto the image plane using the pinhole camera
model

The image formed contains the projections of all the points in 3D world whose
straight line with the camera centre intersects the image plane. In the pinhole
camera model, there are five parameters defining the characteristics of the camera,
called intrinsic parameters:

• focal length in both axes (fx and fy)

• 2D principal point (cx and cy), and

• skew coefficient (γ)

These parameters are gathered in the intrinsic or projection matrix, K as described
by equation 2.2.
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K =

fx γ cx

0 fy cy

0 0 1

 (2.2)

The focal length is the distance between the pinhole and the image plane, measured
in pixels. In a true pinhole camera, both fx and fy have the same value, which is
illustrated as f in Figure 2.2.

Figure 2.2: Focal length in a pinhole camera

In practice, fx and fy can differ for a number of reasons such as,

• Flaws in the digital camera sensor.

• The image has been non-uniformly scaled in post-processing.

• The camera’s lens induces unintentional distortion.

• The camera uses an anamorphic format, where the lens compresses a widescreen
into a standard-sized sensor.

• Errors in camera calibration.

In all of these cases, the resulting image has non-square pixels.

The camera’s principal axis is the line perpendicular to the image plane that passes
through the pinhole. Principal point is the intersection of the principal axis on the
image plane, with the location relative to the image plane’s origin, as illustrated in
Figure 2.3. The principal point is also measured in pixels.
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Figure 2.3: Principal point in a pinhole camera

The transformation from 3D world coordinates(Xw, Yw, Zw) to 2D image coordinates
(u, v) involves several steps:

1. World to Camera Coordinates

Xc

Yc

Zc

 = R

Xw

Yw

Zw

 + t (2.3)

where R is the 3x3 rotation matrix, and t is the 3x1 translation vector that
positions the camera in the world coordinate system.

2. Camera to Image Coordinates

Using the intrinsic matrix K, the 3D camera coordinates are projected onto
the 2D image plane,

p = KPc (2.4)

3. The pixel coordinates (u, v) are derived from:

u = fx
Xc

Zc

+ cx,

v = fy
Yc

Zc

+ cy

(2.5)

2.2 Lens Distortion Models
In order to get better imaging results, a lens is usually installed in front of the
camera. However, this introduces image distortions [24]. A perfect lens would
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magnify the scene evenly across the field of view. The distortions are a local change
in magnification that comes from the geometry of the lens.

In addition to estimating the camera parameters, we can also account for lens dis-
tortion in the same optimization. There are many models for distortion, like the
equidistant, fish-eye and radial-tangential [25]. In this thesis, we have considered
only the radial-tangential or Brown-Conrady model which considers the two most
relevant distortion effects. This model is more applicable to linear cameras used in
automotive applications for detecting distant objects with minimal distortion [26],
which is also the type of cameras focused in this thesis.

The Brown-Conrady model is a mathematical framework used to describe how real-
world lens distortions affect the image coordinates captured by a camera [27]. This
model attempts to quantify the relationship between the ideal, undistorted coordi-
nates and the actual, distorted coordinates that appear due to lens imperfections.

To account for lens-induced distortion, the Brown-Conrady model modifies the ideal
image coordinates, xi and yi, to get the distorted coordinates, xd and yd, as described
by equation 2.6.

xd = xi(1 + k1r
2 + k2r

4 + k3r
6) + 2p1xiyi + p2(r2 + 2xi

2)
yd = yi(1 + k1r

2 + k2r
4 + k3r

6) + p1(r2 + 2yi
2) + 2p2xiyi

(2.6)

where xd and yd are the distorted coordinates, xi and yi are the ideal coordinates,
k1, k2, k3 are the radial distortion coefficients and p1, p2 are the tangential distortion
coefficients.

Radial distortion is due to the fact that the geometric lens shape affects straight lines
resulting in local, uneven magnification. Based on its shape, radial distortion is of
three types: barrel, pincushion and mustache distortions [24]. In barrel distortion,
the image magnification decreases with distance from the optical axis, while in
pincushion distortion, the effect is the opposite. Mustache distortion is a mix of
barrel and pincushion distortion. The types of radial distortion is demonstrated in
Figure 2.4.

Figure 2.4: Radial distortion

Tangential distortion is the effect that occurs when the image sensor and the lens
are not parallel to each other. This misalignment causes the image to appear tilted
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or stretched. This effect is shown in Figure 2.5 where the concentric axes suffers
from a slight deviation based on its angle.

Figure 2.5: Tangential distortion

The procedure to correct lens distortion is iterative. First the undistorted point due
to radial distortion is estimated, and then using this corrected point, the tangential
distortion is corrected. This is usually done after projecting the points in the image
plane.

2.3 System Overview

The overview of the system considered in this thesis is presented in Figure 2.6.

All the experiments in this thesis is performed using Smart Eye’s intrinsic calibra-
tion software. The software, developed by the in-house research team is based on
OpenCV’s intrinsic calibration package. The inputs to the software are a batch
of images and a configuration describing the model selection and properties of the
image and target. The batch of input images consists of two sets of images, one for
calibration and the other for verification. The calibration results, or the output from
the software are the intrinsic parameters - focal length and principal point, distor-
tion coefficients, RMS reprojection error and detection coverage for both calibration
and verification.

The real images consists of multiple views of the fixed planar target, captured using
the camera mounted on the robot’s end effector.

The synthetic images are generated in Smart Eye’s custom build of the open source
3D creation pipeline, Blender with user defined, known intrinsics. The test chart
used for real testing is also modeled in this custom build. Rendering and saving of
the raw images is automated by using Blender Python API.
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Figure 2.6: System Overview for optimization of intrinsic calibration of cameras

Noise and gaussian blur is added to the raw synthetic images to make them more
realistic, mimicking the sensor in the real cameras, using Smart Eye’s post processing
pipeline.

The synthetic dataset is also considered as the baseline for the calibration software,
as the intrinsics are known. For this project, the synthetic images have the same
extrinsics as the real images, and the camera intrinsics and distortion coefficients
are chosen in the range of the calibration results from the real data set.
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3
Methodology

This chapter summarizes the background behind the optimization followed in Smart
Eye’s intrinsic calibration software. The main topics covered are the maximum-
likelihood estimation in the intrinsic calibration and quantities that help ascertain
the quality of calibration such as RMS reprojection error and detection coverage.

3.1 Intrinsic Camera Calibration
Smart Eye’s intrinsic calibration software is based on OpenCV’s intrinsic calibration
package.

Like most calibration algorithms, this software is also built upon Zhang’s method [4],
which consists of computing an analytical closed-form solution of the parameters,
followed by a non-linear optimization based on maximum-likelihood criterion.

The analytical solution is found by assuming that the target plane is on Z = 0, and
calculating the homography between the target plane and the image plane. Then,
by imposing orthonormality among columns in the rotation matrix, we arrive at a
closed-form of the camera intrinsic parameters as described by equation 3.1

B = K−T K−1 ≡

B11 B12 B13
B21 B22 B23
B31 B32 B33



=


1

fx
2 − γ

fx
2fy

cyγ−cxfy

fx
2fy

− γ
fx

2fy

γ2

fx
2fy

+ 1
fy

2 −γ(cyγ−cxfy)
fx

2fy
2 − cy

fy
2

cyγ−cxfy

fx
2fy

−γ(cyγ−cxfy)
fx

2fy
2 − cy

fy
2 − (cyγ−cxfy)2

fx
2fy

2 + cy
2

fy
2 + 1


(3.1)

We are given n images of a model plane and there are m points on the model
plane. Assuming that the image points are corrupted by independent, and identically
distributed noise, the subsequent maximum-likelihood estimation can be obtained
by minimizing the squared distance between the detected target points in the image,
with the reprojected target points using the estimated target pose, as described in
equation 3.2
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n∑
i=1

m∑
j=1

||mij − m̂(K, Ri, ti, Mj)||2 (3.2)

where, mij denotes the location of corner j in image i, and m̂(K, Ri, ti, Mj) is
the projection of corner Mj on the image plane, given intrinsic matrix K, rotation
matrix Ri and translation vector ti. A rotation R is parameterized by a vector of
three parameters, denoted by r, which is parallel to the rotation axis and whose
magnitude is equal to the rotation angle. R and r are related by the Rodrigues
formula [28]. Minimizing equation 3.2 is a nonlinear minimization problem, which
is solved with the Levenberg-Marquardt Algorithm [29].

This optimization is used to refine the accuracy of the calibration, and at the same
time include other effects such as lens distortion. The technique only requires the
camera to observe the planar pattern from a few different orientations. Although
the minimum number of orientations is two if pixels are square, it is recommended
to have four or five different orientations for better quality [4].

The algorithm performs the following steps

• Compute the initial intrinsic parameters or read them from the input param-
eters.

• Estimate the initial camera pose as if the intrinsic parameters are already
known. The distortion coefficients are all set to zero initially unless specified
otherwise.

• Run the global Levenberg-Marquardt Algorithm [29] to minimize the repro-
jection error, that is the total sum of square distances between the observed
feature points and the projected (using current estimates for camera parame-
ters and poses) object points, as described by equation 3.2.

3.1.1 Standard Calibration Procedure
When the initial intrinsic parameters are computed from the image size as described
in equation 3.3, and the above optimization of minimizing rms reprojection error
is followed to refine the intrinsic parameters and the distortion coefficients while
iterating through each image, for the entire set of images, the process is referred to
as standard calibration.

f = H

(cx, cy) = (W − 1
2 ,

H − 1
2 )

(3.3)

where W is the image width and H is the image height, in pixels.
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3.1.2 Two-Step Calibration Approach

In two-step calibration, the initial intrinsic parameters are computed from the image
size, as described in equation 3.3, and the minimization of rms reprojection error
is followed to refine the intrinsic parameters only with the first arbitrarily chosen
5 images. Distortion coefficients are assumed as zero during this step. In the next
step, the estimated intrinsic parameters are kept fixed, and the distortion coefficients
are estimated by minimizing rms reprojection error, in the remaining set of images.

3.2 Quality Metrics

To assess the accuracy of the intrinsic calibration, we mainly consider two parameters
- RMS reprojection error and detection coverage.

3.2.1 RMS Reprojection Error

The RMS reprojection error is a measure of how accurately the estimated camera
model can project 3D points back onto the 2D image plane. For each calibration
point, the known 3D world point is projected onto the image plane using the es-
timated camera parameters. The euclidean distance between this projected point
and the actually observed 2D point in the image is measured. The overall error is
reported as the root mean square (RMS) of all these individual errors, which is the
result of the minimization of the functional described by equation 3.2.

A lower RMS reprojection error indicates a more accurate camera model. However,
a low RMS reprojection error does not always guarantee an accurate calibration. If
the detections do not cover the whole image area, the model can overfit to the areas
with measurements. This will happen if the target movement was not carefully
performed to cover the image corners as shown in Figure 3.1. Figure 3.1b has a
low RMS reprojection error while Figure 3.1a has a much higher RMS reprojection
error and more image corners. To prevent overfitting, other measures like detection
coverage must also be considered.

(a) Image with higher RMS error (b) Image with lower RMS error

Figure 3.1: Calibration images showing reprojection error vectors
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3.2.2 Detection Coverage
Detection coverage measures the percentage of the image area that contains target
detections. To compute the detection coverage, the image is partitioned into a 2D
grid, and a grid cell is set to true if it contains a measurement (i.e, if a target corner
falls within its boundaries). The detection coverage C is then defined as the ratio
of the number of cells that contains detections to the total number of cells in the
grid as described by equation 3.4.

C = Ncovered

Ntotal
× 100% (3.4)

From the Figure 3.1, it can also be observed that the image in Figure 3.1a contains
more target detections, thereby contributing to higher detection coverage than the
image in Figure 3.1b.

For a good coverage of ≥ 75%, the target movement must be so that the target is
seen in all image regions and illumination has to enable good image quality in the
corners.

18



4
Experimental Setup

This chapter explains the experimental setup: the different hardware and software
considered in this project. This includes specifications of the robot arm, planar
target, external illumination and the various software used.

4.1 Charuco board
The planar target used in this thesis is a Charuco board. A Charuco board, short
for Chessboard ArUco, is a special type of calibration target designed to assist in
precise calibration procedures. In the Charuco target, the light squares are uniquely
encoded with ArUco markers. Thus, it makes this target possible to carry out cali-
bration even with part occlusion or poor image conditions such as in inhomogeneous
lighting, while maintaining the advantage that the intersection of square edges can
be easily recovered, while an ordinary checkerboard or circular grid target under
these conditions would typically fail [30].

The Charuco board used in this thesis is the 18x25 Checker size 30mm AruCo
DICT_5x5 from Calib.io with 18 rows and 25 columns with 30mm checker size as
shown in Figure 4.1.

Figure 4.1: Charuco 18x25 Checker size 30mm AruCo DICT_5x5

The left bottom vertex of the target is assumed as the origin in the left handed

19

https://calib.io/
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World Coordinate System, WCS in this project, with +x being forward, +y to the
right and +z upwards.

4.2 Robot arm

The robot utilized is the Ned2 model from Niryo (Figure 4.2), while the in-house
hardware team has developed the external illumination system. The robot is an
industrial-grade educational robot with a moderate payload (300g) and long reach
(490mm), and is suitable for Smart Eye’s research purposes. It can be integrated into
several ecosystems. The robot is redeployable and fast to reprogram. This provides
flexibility to modify the configuration when required. Further specifications of the
robot are given in Table 4.1 [31].

Degrees of freedom 6 rotating joints
Reach (mm) 490
Payload (g) 300

Footprint (mm) 200 × 200

Joint ranges (rad)

−2.949 ≤ Joint 1 ≤ 2.949
−1.83 ≤ Joint 2 ≤ 0.61
−1.34 ≤ Joint 3 ≤ 1.57
−2.089 ≤ Joint 4 ≤ 2.089
−1.919 ≤ Joint 5 ≤ 1.922
−2.53 ≤ Joint 6 ≤ 2.53

Table 4.1: Niryo Ned2 Specifications

The robot can be controlled through multiple interfaces, of which the most user-
friendly method is through Niryo Studio, a proprietary Graphical User Interface,
GUI based on Blockly visual programming. This platform enables users to design,
simulate and execute robotic tasks using an intuitive drag and drop environment.
Communication between Niryo Studio and the robot is established via Wi-Fi or
Ethernet. This enables remote task deployment and monitoring.

For more advanced operations, the Ned2 provides support for both Python API
(PyNiryo) and the Robot Operating System (ROS) framework. The Python API
allows for direct, script based control of the robot’s joints, end effector and peripheral
devices through standard TCP/IP communication.

The external illumination is synchronized to the pulsed illumination emitted by
the camera. The internal illumination by the camera is physically blocked when the
external illumination is used. To provide constant illumination with minimal impact
of unwanted test chart reflexes, the chart is illumined by external sources positioned
at the most optimal positions. The illumination setup consists of four LED-clusters,
each composed of nine Near Infrared (NIR) diodes. The sources have corresponding
wavelength and pulse duration, as the internal flashes, to provide similar exposure
and eye safety levels.
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Figure 4.2: Niryo Ned2 with the 6 rotating joints

The pulses for the external illumination are triggered by a photodiode mounted in
the camera holder, and an external driver is used to power the external illuminators.

The movements are performed by specifying the joint positions as six coordinates
(x, y, z, roll, pitch, yaw) in the Robot Coordinate System, RCS with the origin at
the centre of the base of the robot.

The base of the robot is located at a distance of 0.7m from the target and has an
offset of 0.12m to the right from the left edge of the target.

4.3 Smart Eye’s custom build of Blender
Smart Eye’s synthetic data team has developed a custom build of Blender, an open-
source 3D creation pipeline. The test chart used for real testing is also modeled in
this custom build. The synthetic images are generated using Blender’s panoramic
OpenCV camera object with known intrinsics. Further specifications of the camera
is given in Table 4.2.

Image width, W 1280
Image height, H 800
Focal length, f 1644.7

Principal point x-coordinate, cx 644.96
Principal point y-coordinate, cx 399.45
Radial distortion coefficient, k1 -0.2605
Radial distortion coefficient, k2 0.1387
Radial distortion coefficient, k3 0

Tangential distortion coefficient, p1 0
Tangential distortion coefficient, p2 0

Table 4.2: Blender Camera Specifications

The world origin is set as the test chart object’s left bottom vertex, and follows
Blender’s inherent right handed coordinate system. The camera poses are specified
in Euler XYZ format.
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Blender has an embedded Python interpreter. This allows the automation of ren-
dering and saving of raw images using Blender Python API [32].

4.4 Smart Eye’s post processing pipeline
Smart Eye’s post processing custom image augmentation pipeline was utilized to
add corrections to the images to make them more realistic. The pipeline is based on
the libraries OpenCV and Albumentations, and includes custom transformations to
mimic the sensor noise.

Smart Eye’s AIS6 cameras have the image sensor OV9284, and the pipeline is cus-
tomized as follows:

• ReduceChannels - to go from RGB to Grayscale

• GaussianBlur - to apply fixed Gaussian blur

• DynamicRangeShift - to alter dynamic range1 of synthetic images to resemble
images captured by OV9284 camera sensor by applying a scaling factor to
match the dynamic range, and an offset to match the baseline brightness.

• Float32to10bit - to simulate the digitization step2, mimicking the output of a
real sensor.

• AddSynthNoise - adds synthetic sensor noise to an image, mimicking the be-
havior of the OV9284 camera sensor, done in a statistically grounded way, based
on real noise distributions sampled from an actual OV9284 sensor.

The effect of these transformations is presented in Figure 4.3, where a Charuco
marker is observed by zooming the original images. The Figure 4.3a is a synthetic
image without any imperfections while Figure 4.3b contains noise and blur.

(a) Noise-free synthetic image (b) Realistic synthetic image

Figure 4.3: Synthetic images - with and without noise and blur

1Dynamic range is the ratio between darkest and brightest parts of an image that a sensor can
capture at the same time without losing detail.

2High Dynamic Range files typically store pixel values as float32, very high precision, while
real sensors store pixel values as 10-bit unsigned integers.
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5.1 Data collection

This section describes the images that form the inputs to the calibration. This
includes details and specifications of the real images captured using the robot arm
and processes involved in the generation as well as processing of the synthetic images.

5.1.1 Real images

A previously recorded data set of a batch of Smart Eye’s driver monitoring cameras,
AIS6 Batch 3 with normal angular field of view(A-FOV) of < 120◦ and insignificant
tangential distortion was chosen as the real data set for this study. This batch
contains twelve cameras with similar intrinsic parameters. For every camera, there
is a set of 60 images of which 40 images constitute the calibration set and 20 images
constitute the verification set. Images are captured from the same predetermined
60 poses for all the cameras under uniform illumination conditions. The poses are
selected such that all the corners of the target are captured from multiple views to
ensure sufficient detection coverage and proper estimation of distortion coefficients.

The poses of the cameras while capturing these images are known in the RCS.

A few examples from the calibration set are shown in Figure 5.1. The resolution of
the images are 1280x800 pixels.

Figure 5.1: Real images with different views, calibration set

After the estimation of intrinsics and distortion coefficients using the calibration
images, the algorithm uses the estimated intrinsics and distortion coefficients to
compute reprojection errors on the verification images. A few examples from the
verification set are presented in Figure 5.2.
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Figure 5.2: Real images with different views, verification set

5.1.2 Synthetic images
Synthetic images with extrinsics that match the real images are generated using
Blender. This task also involved finding the transformation between coordinate
frames - World Coordinate System (WCS), Robot Coordinate System (RCS) and
Blender Coordinate System (BCS) and was done in the following steps -

1. Tranformation from RCS to WCS :

Rotating counterclockwise around the z-axis by 22.5◦ to account for the robot’s
base’s yaw, and translating along x and y directions to account for the robot
base’s offset from the assumed world origin at the bottom left vertex of the
Charuco board.

2. Transformation from WCS to BCS :

The x and y coordinates in WCS are y and x coordinates respectively in BCS,
and the roll and pitch in WCS are 90◦-pitch and -roll respectively in BCS due
to left-handedness of WCS and right-handedness of BCS.

The high dynamic range (HDR) synthetic images exported in OpenEXR format are
made realistic by adding noise and gaussian blur using Smart Eye’s post processing
pipeline. Since the ground truth, or the intrinsic parameters for these images are
known, performing intrinsic calibration on these images can be considered as a
baseline for the calibration software.

Figure 5.3 shows real and synthetic images for two different views. The difference
in brightness is because of the non identical lighting between the real and synthetic
data collection.
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(a) Real image from camera 1, view 1 (b) Realistic synthetic image, view 1

(c) Real image from camera 1, view 2 (d) Realistic synthetic image, view 2

Figure 5.3: Comparison of real and synthetic images for different views

5.2 Model configuration
Smart Eye’s intrinsic calibration software optimizes the rms reprojection error sub-
ject to configurable constraints. These constraints are called models and are com-
binations of OpenCV’s calibration flags.

Smart Eye’s AIS6 batch 3 DMS cameras have standard lenses with narrow to nor-
mal A-FOV, low radial distortion and insignificant tangential distortion. The appli-
cable assumptions to formulate the models are consolidated in Equation 5.1.

fx = fy

p1, p2 = 0
k3, k4, k5, k6 = 0

(5.1)

5.2.1 Standard calibration
The models SE and SEPP are configured for standard calibration. Both the models
include OpenCV flags that satisfy the assumptions described by Equation 5.1.

The SE model fixes the principal point to the image center. The calibration yields
the estimates for focal length, radial distortion coefficients k1 and k2, and RMS
reprojection error when the principal point is assumed to be at the image center.
This model is preferred to get the best global set of intrinsics when calibrating a
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large population of cameras.

The SEPP model includes the principal point in the optimization. The calibration
yields the estimates for focal length, principal point, radial distortion coefficients k1
and k2, and RMS reprojection error. This model is preferred to get exact intrinsics
for a particular camera.

5.2.2 Two-step calibration
A model, TSFP is configured for two-step calibration. The first step yields the focal
length and principal point from the first five images to be used as fixed parameters
in the second step. The second step includes the optimization of radial distortion
coefficients k1 and k2, and the RMS reprojection error.

5.3 Testing and analysis
As the number of images, N is a quantity of interest, the calibration is tested on
batches of images with varying N .

A test script was created to automate:

1. The selection of five random combinations each of N images from the set of
calibration images with N = 5, 10, 15, 20, 25, 30, 35

2. The testing of Smart Eye’s intrinsic calibration software on each subset of
images

3. Plotting error bars for every intrinsic parameter and distortion coefficient with
the mean and 2σ standard deviations for the corresponding N

4. Plotting rms reprojection error for calibration and verification for the corre-
sponding N

5. Plotting coverage for the corresponding N

The script was used to perform intrinsic calibration and visualize the results for
both the real and synthetic image sets.
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Smart Eye’s intrinsic calibration software was used to perform standard and two-
step intrinsic calibration of previously recorded real images from AIS6 batch 3
cameras using the robot arm, and realistic synthetic images with the same poses
as that of the real images. The results of the calibration, consisting of the focal
length, principal point, distortion coefficients k1 and k2, RMS reprojection error and
detection coverage are plotted across the number of calibration images, N .

The plots for focal length in the y-direction are omitted because it is the same as the
plots for focal length in the x-direction, since the cameras in this study are known
to have square pixels and the aspect ratio is maintained constant in calibration.

The plots for two-step calibration start with N = 10, since the samples starting from
N = 10 were used for two-step calibration, using five images for focal length and
principal point optimization, and the remaining images for distortion optimization.

Mean values for intrinsic parameters and distortion coefficients across N for all
models are tabulated after respective figures for ease of numerical comparison.

The detection coverage is the same for all models, and can be verified in the plots.
This is also the reason why only one detection coverage is presented for each camera.

The calibration results for synthetic images are presented first, followed by real
images for two cameras.

6.1 Synthetic images

6.1.1 Focal length and principal point
The SE model does not optimize principal point and fixes it at the image center,
thereby resulting in a straight line plot with zero standard deviation. This result
is included in the plots just for the purpose of visual comparison for the offset in
the estimate when the principal point is included in the optimization. The principal
point with the SE model is cx = 640 pixels and cy = 400 pixels.

The optimization of focal length and principal point showing the corresponding
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means and 2σ standard deviation across N for the synthetic images are presented
in Figure 6.1.

(a) Focal length, fx across N (syn-
thetic)

(b) Principal point x-coordinate, cx

across N (synthetic)
(c) Principal point y-coordinate, cy

across N (synthetic)

Figure 6.1: Focal length and principal point across N for synthetic images

Figure 6.1a shows how the calibrated focal length fx varies across the number of
images with fx as the y-axis and N as the x-axis. The reference line represents the
ground truth, i.e, focal length of the Blender camera used to generate the synthetic
images (fx = 1644.7 pixels).

Figure 6.1b and Figure 6.1c show how the x-coordinate and the y-coordinate of
the principal point, cx and cy varies across the number of images, N with cx and
cy as the corresponding y-axis and N as the x-axis. The respective reference lines
represent the ground truth principal point used to generate the images in Blender
(cx = 644.96 pixels and cy = 399.45 pixels).

The mean values of the estimated focal length for all three models across N are
tabulated in Table 6.1a.

The mean values of the estimated cx are tabulated in Table 6.1b and the mean
values of the estimated cy are tabulated in Table 6.1c for both standard calibration
(SEPP) and two-step calibration (TSFP).
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N 5 10 15 20 25 30 35
mean fx, SE 1645.46 1645.4 1645.41 1645.29 1644.71 1645.05 1644.99

mean fx, SEPP 1645.19 1645.25 1645.33 1645.41 1645.3 1645.33 1645.25
mean fx, TSFP - 1644.6 1644.51 1644.42 1644.47 1644.54 1644.58

(a) Mean fx across N , for synthetic images

N 5 10 15 20 25 30 35
mean cx , SEPP 634.95 635.08 634.65 634.55 634.67 634.6 634.6
mean cx , TSFP - 634.6 634.69 634.69 634.68 634.88 634.45

(b) Mean cx across N , for synthetic images

N 5 10 15 20 25 30 35
mean cy, SEPP 399.92 399.78 399.86 399.95 400.0 399.92 399.98
mean cy, TSFP - 400.29 400.22 400.04 400.15 400.35 400.05

(c) Mean cy across N , for synthetic images

Table 6.1: Summary of intrinsic parameter means across N for synthetic images

From Figure 6.1 and Table 6.1, it can be observed that, the optimization of focal
length and principal point is consistently good across all values of N , since the
estimated values are very close to the corresponding ground truth values.

This gives the conclusion,

• The optimization of focal length and principal point is just as good for lower
values of N as it is for higher values of N .

6.1.2 Distortion coefficients
The optimization of radial distortion coefficients k1 and k2 across N for the synthetic
images are presented in Figure 6.2.

Figure 6.2a and Figure 6.2b shows how the calibrated radial distortion coefficient k1
varies across the number of images for standard and two-step calibrations respec-
tively, with k1 along the y-axis and N along the x-axis. The reference line represents
the ground truth, i.e, k1 of the Blender camera used to generate the synthetic images
(k1 = −0.2604 pixels).

Figure 6.2c and Figure 6.2d shows how the calibrated radial distortion coefficient k2
varies across the number of images for standard and two-step calibrations respec-
tively, with k2 along the y-axis and N along the x-axis. The reference line represents
the ground truth, i.e, k2 of the Blender camera used to generate the synthetic images
(k2 = 0.1387 pixels).

Mean values of k1 and k2 across N for all three models are tabulated in Table 6.2a
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and Table 6.2b respectively.

(a) Radial distortion coefficient, k1
standard calibration (synthetic)

(b) Radial distortion coefficient, k1
two-step calibration (synthetic)

(c) Radial distortion coefficient, k2
standard calibration (synthetic)

(d) Radial distortion coefficient, k2
two-step calibration (synthetic)

Figure 6.2: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on synthetic images

N 5 10 15 20 25 30 35
mean k1, SE -0.259 -0.259 -0.259 -0.26 -0.259 -0.26 -0.26

mean k1, SEPP -0.26 -0.26 -0.259 -0.26 -0.26 -0.26 -0.26
mean k1, TSFP - -0.259 -0.259 -0.259 -0.259 -0.259 -0.259

(a) Mean k1 across N , for synthetic images
N 5 10 15 20 25 30 35

mean k2, SE 0.132 0.133 0.133 0.135 0.133 0.135 0.136
mean k2, SEPP 0.134 0.135 0.134 0.137 0.135 0.136 0.137
mean k2, TSFP - 0.134 0.131 0.132 0.135 0.133 0.134

(b) Mean k2 across N , for synthetic images

Table 6.2: Summary of distortion coefficient means across N for synthetic images

From Figure 6.2 and Table 6.2, it can be observed that:

• The optimization of radial distortion coefficient k1 is consistently good across
all values of N , since the estimated values are very close to the ground truth
value for both standard and two-step calibrations.
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• The optimization of k1 does not seem to be dependent on the number of images.

• The optimization of k2 improves significantly and the standard deviation de-
creases with more number of images for two-step calibration.

• The optimization of k2 is closest to the true value at N = 20 and N = 35 in
standard calibration.

This gives the conclusion,

• The optimization of k1 is good even for the lowest value of N , and the opti-
mization of k2 is best when N = 20 or N = 35.

6.1.3 RMS reprojection error and detection coverage
The optimization of RMS reprojection error across N for standard and two-step
calibrations for the synthetic images are presented in Figure 6.3a and Figure 6.3b
respectively. Figure 6.3c shows the detection coverage of the synthetic images across
N .

(a) RMS reprojection error across N ,
standard calibration (synthetic)

(b) RMS reprojection error across N ,
two-step calibration (synthetic)

(c) Detection coverage across N ,
(synthetic)

Figure 6.3: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on synthetic images

From Figure 6.3, it can be observed that, the RMS reprojection error is always less
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than 0.115, less than the reasonable range of 0.2 to 0.4 pixels indicating accurate
calibration results. This is also verified from Figure 6.1, Table 6.1, Figure 6.2 and
Table 6.2.

Detection coverage is poor for low values of N such as N = 5 and N = 10. However,
the RMS reprojection error is still less than 0.2, and the calibration results as verified
previously are accurate, indicating an overfit.

The detection coverage improves significantly between N = 10 and N = 25, after
which the rate of improvement is low. The verification images have a detection
coverage of 60 − 70%.

This gives the conclusions,

• RMS reprojection error and detection coverage improves with more number of
images.

• Even though the intrinsics optimized at low number of images are close to the
ground truth, using them to get accurate reprojections has higher uncertainity.

• In this case, N = 20 would be a sufficient number of images with reasonably
good estimates, coverage and low RMS reprojection error.

6.2 Real images, camera 1
The calibration results with the real images from the first camera in AIS6 batch 3,
camera ID_1_1 are presented below.

6.2.1 Focal length and principal point
The SE model does not optimize principal point and fixes it at the image center,
thereby resulting in a straight line plot with zero standard deviation. This result
is included in the plots just for the purpose of visual comparison for the offset in
the estimate when the principal point is included in the optimization. The principal
point with the SE model is cx = 640 pixels and cy = 400 pixels.

The optimization of focal length and principal point showing the corresponding
means and 2σ standard deviation across N for the real images from camera ID_1_1
are presented in Figure 6.4.

Figure 6.4a shows how the calibrated focal length fx varies across the number of
images. The reference line represents the focal length of the Blender camera used
to generate the synthetic images and is only shown for visual comparison between
ranges for real and synthetic images.

Figure 6.4b and Figure 6.4c show how the x-coordinate and the y-coordinate of the
principal point, cx and cy varies across the number of images, N . The respective
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reference lines represent the principal point used to generate the images in Blender,
and is only shown for visual comparison between ranges for real and synthetic images.

(a) Focal length, fx across N (camera
1)

(b) Principal point x-coordinate, cx

across N (camera 1)
(c) Principal point y-coordinate, cy

across N (camera 1)

Figure 6.4: Focal length and principal point across N for real images from camera
ID_1_1

The mean values of the estimated focal length for all three models across N are
tabulated in Table 6.3a.

The mean values of the estimated cx are tabulated in Table 6.3b and the mean
values of the estimated cy are tabulated in Table 6.3c for both standard calibration
(SEPP) and two-step calibration (TSFP).
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N 5 10 15 20 25 30 35
mean fx, SE 1636.11 1635.66 1636.14 1636.77 1636.65 1636.56 1636.49

mean fx, SEPP 1636.29 1635.06 1636.33 1636.70 1636.70 1636.63 1636.58
mean fx, TSFP - 1637.65 1636.83 1636.97 1637.04 1637.04 1637.18

(a) Mean fx across N , for real images from camera 1

N 5 10 15 20 25 30 35
mean cx , SEPP 645.64 644.76 645.26 645.56 645.7 645.0 645.21
mean cx , TSFP - 640.0 642.39 642.71 642.63 642.58 643.0

(b) Mean cx across N , for real images from camera 1

N 5 10 15 20 25 30 35
mean cy, SEPP 401.01 400.0 400.37 400.05 400.43 399.62 399.81
mean cy, TSFP - 394.6 397.73 397.61 397.42 396.59 397.64

(c) Mean cy across N , for real images from camera 1

Table 6.3: Summary of intrinsic parameter means across N for real images from
camera ID_1_1

From Figure 6.4 and Table 6.3, it can be observed that the optimization of focal
length and principal point is consistently good across all values of N , since the
estimated values are very close to each other with minimal standard deviation.

This gives the conclusion,

• The optimization of focal length and principal point is just as good for lower
values of N as it is for higher values of N .

6.2.2 Distortion coefficients

The optimization of radial distortion coefficients k1 and k2 across N for the real
images from camera ID_1_1 are presented in Figure 6.5.

Figure 6.5a and Figure 6.5b shows how the calibrated radial distortion coefficient
k1 varies across the number of images for standard and two-step calibrations re-
spectively. The reference line represents the value of k1 of the Blender camera used
to generate the synthetic images and is only shown for visual comparison between
ranges for real and synthetic images.

Figure 6.5c and Figure 6.5d shows how the calibrated radial distortion coefficient
k2 varies across the number of images for standard and two-step calibrations re-
spectively. The reference line represents the value of k2 of the Blender camera used
to generate the synthetic images and is only shown for visual comparison between
ranges for real and synthetic images.
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(a) Radial distortion coefficient, k1
standard calibration (camera 1)

(b) Radial distortion coefficient, k1
two-step calibration (camera 1)

(c) Radial distortion coefficient, k2
standard calibration (camera 1)

(d) Radial distortion coefficient, k2
two-step calibration (camera 1)

Figure 6.5: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_1_1

Mean values of k1 and k2 across N for all three models are tabulated in Table 6.4a
and Table 6.4b respectively.

N 5 10 15 20 25 30 35
mean k1, SE -0.277 -0.277 -0.276 -0.276 -0.276 -0.276 -0.276

mean k1, SEPP -0.277 -0.277 -0.276 -0.276 -0.276 -0.277 -0.276
mean k1, TSFP - -0.274 -0.282 -0.281 -0.28 -0.279 -0.279

(a) Mean k1 across N , for real images (camera 1)
N 5 10 15 20 25 30 35

mean k2, SE 0.173 0.172 0.167 0.167 0.164 0.166 0.165
mean k2, SEPP 0.173 0.173 0.168 0.168 0.167 0.168 0.167
mean k2, TSFP - 0.157 0.194 0.185 0.182 0.181 0.178

(b) Mean k2 across N , for real images (camera 1)

Table 6.4: Summary of distortion coefficient means across N for real images from
camera ID_1_1

From Figure 6.5 and Table 6.4, it can be observed that:

• The optimization of radial distortion coefficient k1 is consistently good across
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all values of N for standard calibration, since the estimated values are very
close to each other with minimal standard deviation.

• The optimization of k1 does not seem to be dependent on the number of images.

• The optimization of k2 for two-step calibration has significant standard de-
viation from the optimization of k2 for standard calibration, and is worst at
N = 10 for two-step calibration.

This gives the conclusion,

• The optimization of k1 is good even for low values of N , and the optimization
of k2 is best when N ≥ 20.

6.2.3 RMS reprojection error and detection coverage

The optimization of RMS reprojection error across N for standard and two-step
calibrations for the real images from camera ID_1_1 are presented in Figure 6.6a
and Figure 6.6b respectively. Figure 6.6c shows the detection coverage of the real
images across N .

(a) RMS reprojection error across N ,
standard calibration (camera 1)

(b) RMS reprojection error across N ,
two-step calibration (camera 1)

(c) Detection coverage across N ,
(camera 1)

Figure 6.6: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_1_1
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From Figure 6.6, it can be observed that:

• The RMS reprojection error is always less than 0.2, which is less than the
reasonable range of 0.2 to 0.4 pixels indicating accurate calibration results.

• Detection coverage is poor for low values of N such as N = 5 and N = 10.

• The two-step calibration has lowest RMS reprojection error for the calibration
set and highest RMS reprojection error for the verification set at N = 10.
As previously observed from 6.5 and Table 6.4, the optimization of radial
distortion coefficient k1 is worst at N = 10, indicating overfit.

• The detection coverage improves significantly between N = 10 and N = 25,
after which the rate of improvement slows. The verification images have a
detection coverage of 60 − 70%.

This gives the conclusions,

• RMS reprojection error and detection coverage improves with more number of
images.

• Even though the intrinsics optimized at low number of images are close to the
ground truth, using them to get accurate reprojections has higher uncertainity.

• In this case, N = 20 would be a sufficient number of images with reasonably
good estimates, coverage and low RMS reprojection error.

6.3 Real images, camera 2
The calibration results with the real images from the second camera in AIS6 batch
3, camera ID_2_1 are presented below.

6.3.1 Focal length and principal point
The SE model does not optimize principal point and fixes it at the image center,
thereby resulting in a straight line plot with zero standard deviation. This result
is included in the plots just for the purpose of visual comparison for the offset in
the estimate when the principal point is included in the optimization. The principal
point with the SE model is cx = 640 pixels and cy = 400 pixels.

The optimization of focal length and principal point showing the corresponding
means and 2σ standard deviation across N for the real images from camera ID_2_1
are presented in Figure 6.7.

Figure 6.7a shows how the calibrated focal length fx varies across the number of
images. The reference line represents the focal length of the Blender camera used
to generate the synthetic images and is only shown for visual comparison between
ranges for real and synthetic images.
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Figure 6.7b and Figure 6.7c show how the x-coordinate and the y-coordinate of the
principal point, cx and cy varies across the number of images, N . The respective
reference lines represent the principal point used to generate the images in Blender,
and is only shown for visual comparison between ranges for real and synthetic images.

(a) Focal length, fx across N (camera
2)

(b) Principal point x-coordinate, cx

across N (camera 2)
(c) Principal point y-coordinate, cy

across N (camera 2)

Figure 6.7: Focal length and principal point across N for real images from camera
ID_2_1

The mean values of the estimated focal length for all three models across N are
tabulated in Table 6.5a.

The mean values of the estimated cx are tabulated in Table 6.5b and the mean
values of the estimated cy are tabulated in Table 6.5c for both standard calibration
(SEPP) and two-step calibration (TSFP).
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N 5 10 15 20 25 30 35
mean fx, SE 1635.92 1635.85 1636.0 1636.88 1636.75 1636.65 1636.72

mean fx, SEPP 1636.26 1636.2 1636.33 1636.76 1636.67 1636.67 1636.67
mean fx, TSFP - 1637.65 1637.14 1636.76 1636.86 1637.21 1636.96

(a) Mean fx across N , for real images from camera 2

N 5 10 15 20 25 30 35
mean cx , SEPP 645.17 645.25 645.45 645.76 645.47 645.7 645.45
mean cx , TSFP - 640.0 642.55 642.16 642.95 643.58 642.71

(b) Mean cx across N , for real images from camera 2

N 5 10 15 20 25 30 35
mean cy, SEPP 400.5 400.48 400.89 400.54 399.96 400.52 400.23
mean cy, TSFP - 394.6 397.52 396.61 398.54 397.84 396.93

(c) Mean cy across N , for real images from camera 2

Table 6.5: Summary of intrinsic parameter means across N for real images from
camera ID_2_1

From Figure 6.7 and Table 6.5, it can be observed that, the optimization of focal
length and principal point is consistently good across all values of N , since the
estimated values are very close to each other with minimal standard deviation.

This gives the conclusion,

• The optimization of focal length and principal point is just as good for lower
values of N as it is for higher values of N .

6.3.2 Distortion coefficients

The optimization of radial distortion coefficients k1 and k2 across N for the real
images from camera ID_2_1 are presented in Figure 6.8.

Figure 6.8a and Figure 6.8b shows how the calibrated radial distortion coefficient
k1 varies across the number of images for standard and two-step calibrations re-
spectively. The reference line represents the value of k1 of the Blender camera used
to generate the synthetic images and is only shown for visual comparison between
ranges for real and synthetic images.

Figure 6.8c and Figure 6.8d shows how the calibrated radial distortion coefficient
k2 varies across the number of images for standard and two-step calibrations re-
spectively. The reference line represents the value of k2 of the Blender camera used
to generate the synthetic images and is only shown for visual comparison between
ranges for real and synthetic images.
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(a) Radial distortion coefficient, k1
standard calibration (camera 2)

(b) Radial distortion coefficient, k1
two-step calibration (camera 2)

(c) Radial distortion coefficient, k2
standard calibration (camera 2)

(d) Radial distortion coefficient, k2
two-step calibration (camera 2)

Figure 6.8: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_2_1

Mean values of k1 and k2 across N for all three models are tabulated in Table 6.6a
and Table 6.6b respectively.

N 5 10 15 20 25 30 35
mean k1, SE -0.277 -0.277 -0.276 -0.276 -0.276 -0.276 -0.276

mean k1, SEPP -0.277 -0.277 -0.276 -0.276 -0.277 -0.276 -0.276
mean k1, TSFP - -0.271 -0.281 -0.28 -0.28 -0.28 -0.278

(a) Mean k1 across N , for real images (camera 2)
N 5 10 15 20 25 30 35

mean k2, SE 0.172 0.17 0.166 0.166 0.167 0.165 0.166
mean k2, SEPP 0.173 0.171 0.169 0.168 0.169 0.167 0.168
mean k2, TSFP - 0.145 0.191 0.187 0.184 0.182 0.176

(b) Mean k2 across N , for real images (camera 2)

Table 6.6: Summary of distortion coefficient means across N for real images from
camera ID_2_1

From Figure 6.8 and Table 6.6, it can be observed that:
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• The optimization of radial distortion coefficient k1 is consistently good across
all values of N for standard calibration, since the estimated values are very
close to each other with minimal standard deviation.

• The optimization of k1 does not seem to be dependent on the number of images
for standard calibration, however for two-step calibration the optimization of
k1 improves from N ≥ 15.

• The optimization of k2 for two-step calibration has significant standard de-
viation from the optimization of k2 for standard calibration, and is worst at
N = 10 for two-step calibration.

This gives the conclusions,

• The optimization of k1 is good even for low values of N , and the optimization
of k2 is best when N ≥ 10 for standard calibration.

• The optimization of both k1 and k2 is worst at N = 10 for two-step calibration.

6.3.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 2)

(b) RMS reprojection error across N ,
two-step calibration (camera 2)

(c) Detection coverage across N ,
(camera 2)

Figure 6.9: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_2_1
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The optimization of RMS reprojection error across N for standard and two-step
calibrations for the real images from camera ID_2_1 are presented in Figure 6.9a
and Figure 6.9b respectively. Figure 6.9c shows the detection coverage of the real
images across N .

From Figure 6.9, it can be observed that:

• The RMS reprojection error is always less than 0.2, which is less than the
reasonable range of 0.2 to 0.4 pixels indicating accurate calibration results.

• Detection coverage is poor for low values of N such as N = 5 and N = 10.

• The two-step calibration has lowest RMS reprojection error for the calibration
set and highest RMS reprojection error for the verification set at N = 10.
As previously observed from 6.8 and Table 6.6, the optimization of radial
distortion coefficients is worst at N = 10, indicating overfit.

• The detection coverage improves significantly between N = 10 and N = 25,
after which the rate of improvement slows. The verification images have a
detection coverage of 60 − 70%.

• The RMS reprojection error in the verification images is lowest at N = 20.

This gives the conclusions,

• RMS reprojection error and detection coverage improves with more number of
images.

• Even though the intrinsics optimized at low number of images are close to the
ground truth, using them to get accurate reprojections has higher uncertainity.

• In this case, N = 20 would be a sufficient number of images with reasonably
good estimates, coverage and low RMS reprojection error.

The observations and inferences made for the above cases also extend to the other
cameras used in this study. Results of the experiments done on the images from the
remaining cameras are presented in the Appendix.
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This chapter presents the main conclusions drawn from the results, discusses key
observations from the experiments, addresses limitations of the study, and suggests
ideas for future work.

In general, it is found that for the estimation of focal length and principal point
the number of images required is less. For the estimation of radial distortion co-
efficients, adding more images improves the results, especially while estimating the
radial distortion coefficient k2. Even though the calibration results are of reasonable
accuracy, using N = 20 images for calibration is recommended to get results which
are useful for applications requiring accurate reprojection.

The calibration results from using a reduced number of calibration images (N =
20) are comparable to the calibration results from using the original number of
calibration images (N = 40), thereby resulting in reduced calibration times.

In the first experiment, the intrinsic calibration was performed on synthetic images
with known intrinsics. The results revealed that the focal length and principal point
estimation was accurate even with the smallest number of images. The estimation
of radial distortion coefficient k1 was also accurate with the smallest number of
images for both standard and two-step calibrations. The estimation of the radial
distortion coefficient k2, however, showed significant improvement with increasing
the number of images. This effect was more evident in two-step calibration where
the estimation of k2 was the worst at N = 10, and improved with increasing N .
The RMS reprojection error was always less than the reasonable range of 0.2 to
0.4 pixels indicating accurate calibration, which is also verified from comparing
the results with the known ground truth values. The detection coverage showed
significant increase until N = 20, after which it continued to increase at a slower
rate. It is also noticed that including the principal point in the optimization during
standard calibration (SEPP) gave slightly lower rms reprojection error compared to
when the principal point is assumed at the image center (SE). Two-step calibration
did not show any improvement in the results compared to standard calibration. An
interesting observation is that, even though the optimization of intrinsic parameters
and distortion coefficients are reasonably good with the smallest number of images
i.e, N = 5, the RMS reprojection error is highest at N = 5 which gives uncertainties
in using the estimated intrinsic parameters and distortion coefficients for applications
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that require accurate reprojection. From the results of calibrating the synthetic
images, it was concluded that N = 20 offered a reasonable detection coverage and
low RMS reprojection errors.

In the second experiment, the intrinsic calibration was performed on the previously
recorded real images from AIS6 batch 3 cameras using the robot arm. It was
observed that the conclusions from the synthetic images could be extended to the
real images as well. Focal length and principal point estimation was consistently
good even with a very small number of images. The estimation of radial distortion
coeffcient k1 is good across all N for standard calibration, but has a slightly higher
estimated value at N = 10 in two-step calibration compared to standard calibration.
The values of k1 for N ≥ 15 is similar for both standard and two-step calibrations.
The optimization of k2 seems consistent across all values of N in standard calibration,
however is estimated to be much lower at N = 10 and much higher for N ≥ 15 in
two-step calibration compared to standard calibration. The two-step calibration
did not show any improvement in the optimizations. The RMS reprojection errors
decrease with increase in N , and the detection coverage increases with increase in
N . From the results of calibrating the real images, it was concluded that N = 20
offered a reasonable detection coverage and low RMS reprojection errors.

These experiments revealed that the calibration produces reliable results at a re-
duced number of images, N = 20 for DMS cameras with low distortion, reducing
the time required for calibration.

To estimate the poses of the camera in WCS, the transformations were done directly
to the available pose data in RCS. The dimensions of the end effector were not taken
in consideration, which has introduced slight offsets. The robot, having a small
payload has resulted in minor instabilities while changing poses, which also results
in differences between the specified poses in RCS and the actual poses of the camera.

Several promising directions exist for extending this study. One possibility is to
analyze how the movement of the robotic arm influences the estimation of camera
intrinsics and to identify motion patterns that are optimal for calibration. Another
is to increase pose diversity in order to improve detection coverage. The study could
also be extended by investigating camera models with wider angular fields of view
or fisheye lenses, as well as models that include tangential distortion.
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A
Appendix 1

Results of the experiments on real images from the remaining cameras in the batch
used in this study are presented in this chapter.

A.1 Real images, camera 3
A.1.1 Focal length and principal point

(a) Focal length, fx across N (camera
3)

(b) Principal point x-coordinate, cx

across N (camera 3)

(c) Principal point y-coordinate, cy

across N (camera 3)

Figure A.1: Focal length and principal point across N for real images from camera
ID_3_1
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A.1.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 3)

(b) Radial distortion coefficient, k1
two-step calibration (camera 3)

(c) Radial distortion coefficient, k2
standard calibration (camera 3)

(d) Radial distortion coefficient, k2
two-step calibration (camera 3)

Figure A.2: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_3_1

II



A. Appendix 1

A.1.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 3)

(b) RMS reprojection error across N ,
two-step calibration (camera 3)

(c) Detection coverage across N ,
(camera 3)

Figure A.3: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_3_1
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A.2 Real images, camera 4
A.2.1 Focal length and principal point

(a) Focal length, fx across N (camera
4)

(b) Principal point x-coordinate, cx

across N (camera 4)

(c) Principal point y-coordinate, cy

across N (camera 4)

Figure A.4: Focal length and principal point across N for real images from camera
ID_4_1
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A.2.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 4)

(b) Radial distortion coefficient, k1
two-step calibration (camera 4)

(c) Radial distortion coefficient, k2
standard calibration (camera 4)

(d) Radial distortion coefficient, k2
two-step calibration (camera 4)

Figure A.5: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_4_1
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A.2.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 4)

(b) RMS reprojection error across N ,
two-step calibration (camera 4)

(c) Detection coverage across N ,
(camera 4)

Figure A.6: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_4_1
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A.3 Real images, camera 5
A.3.1 Focal length and principal point

(a) Focal length, fx across N (camera
5)

(b) Principal point x-coordinate, cx

across N (camera 5)

(c) Principal point y-coordinate, cy

across N (camera 5)

Figure A.7: Focal length and principal point across N for real images from camera
ID_5_1
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A.3.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 5)

(b) Radial distortion coefficient, k1
two-step calibration (camera 5)

(c) Radial distortion coefficient, k2
standard calibration (camera 5)

(d) Radial distortion coefficient, k2
two-step calibration (camera 5)

Figure A.8: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_5_1
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A.3.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 5)

(b) RMS reprojection error across N ,
two-step calibration (camera 5)

(c) Detection coverage across N ,
(camera 5)

Figure A.9: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_5_1
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A.4 Real images, camera 6
A.4.1 Focal length and principal point

(a) Focal length, fx across N (camera
6)

(b) Principal point x-coordinate, cx

across N (camera 6)

(c) Principal point y-coordinate, cy

across N (camera 6)

Figure A.10: Focal length and principal point across N for real images from camera
ID_5_2
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A.4.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 6)

(b) Radial distortion coefficient, k1
two-step calibration (camera 6)

(c) Radial distortion coefficient, k2
standard calibration (camera 6)

(d) Radial distortion coefficient, k2
two-step calibration (camera 6)

Figure A.11: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_6_1
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A.4.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 6)

(b) RMS reprojection error across N ,
two-step calibration (camera 6)

(c) Detection coverage across N ,
(camera 6)

Figure A.12: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_5_2
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A.5 Real images, camera 7
A.5.1 Focal length and principal point

(a) Focal length, fx across N (camera
7)

(b) Principal point x-coordinate, cx

across N (camera 7)

(c) Principal point y-coordinate, cy

across N (camera 7)

Figure A.13: Focal length and principal point across N for real images from camera
ID_6_1
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A.5.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 7)

(b) Radial distortion coefficient, k1
two-step calibration (camera 7)

(c) Radial distortion coefficient, k2
standard calibration (camera 7)

(d) Radial distortion coefficient, k2
two-step calibration (camera 7)

Figure A.14: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_6_1
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A.5.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 7)

(b) RMS reprojection error across N ,
two-step calibration (camera 7)

(c) Detection coverage across N ,
(camera 7)

Figure A.15: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_6_1
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A.6 Real images, camera 8
A.6.1 Focal length and principal point

(a) Focal length, fx across N (camera
8)

(b) Principal point x-coordinate, cx

across N (camera 8)

(c) Principal point y-coordinate, cy

across N (camera 8)

Figure A.16: Focal length and principal point across N for real images from camera
ID_7_1
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A.6.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 8)

(b) Radial distortion coefficient, k1
two-step calibration (camera 8)

(c) Radial distortion coefficient, k2
standard calibration (camera 8)

(d) Radial distortion coefficient, k2
two-step calibration (camera 8)

Figure A.17: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_7_1
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A.6.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 8)

(b) RMS reprojection error across N ,
two-step calibration (camera 8)

(c) Detection coverage across N ,
(camera 8)

Figure A.18: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_7_1
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A.7 Real images, camera 9
A.7.1 Focal length and principal point

(a) Focal length, fx across N (camera
9)

(b) Principal point x-coordinate, cx

across N (camera 9)

(c) Principal point y-coordinate, cy

across N (camera 9)

Figure A.19: Focal length and principal point across N for real images from camera
ID_8_1
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A.7.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 9)

(b) Radial distortion coefficient, k1
two-step calibration (camera 9)

(c) Radial distortion coefficient, k2
standard calibration (camera 9)

(d) Radial distortion coefficient, k2
two-step calibration (camera 9)

Figure A.20: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_8_1
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A.7.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 9)

(b) RMS reprojection error across N ,
two-step calibration (camera 9)

(c) Detection coverage across N ,
(camera 9)

Figure A.21: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_8_1
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A.8 Real images, camera 10
A.8.1 Focal length and principal point

(a) Focal length, fx across N (camera
10)

(b) Principal point x-coordinate, cx

across N (camera 10)

(c) Principal point y-coordinate, cy

across N (camera 10)

Figure A.22: Focal length and principal point across N for real images from camera
ID_9_1
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A.8.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 10)

(b) Radial distortion coefficient, k1
two-step calibration (camera 10)

(c) Radial distortion coefficient, k2
standard calibration (camera 10)

(d) Radial distortion coefficient, k2
two-step calibration (camera 10)

Figure A.23: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_9_1
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A.8.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 10)

(b) RMS reprojection error across N ,
two-step calibration (camera 10)

(c) Detection coverage across N ,
(camera 10)

Figure A.24: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_9_1
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A.9 Real images, camera 11
A.9.1 Focal length and principal point

(a) Focal length, fx across N (camera
11)

(b) Principal point x-coordinate, cx

across N (camera 11)

(c) Principal point y-coordinate, cy

across N (camera 11)

Figure A.25: Focal length and principal point across N for real images from camera
ID_10_1
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A.9.2 Distortion coefficients

(a) Radial distortion coefficient, k1
standard calibration (camera 11)

(b) Radial distortion coefficient, k1
two-step calibration (camera 11)

(c) Radial distortion coefficient, k2
standard calibration (camera 11)

(d) Radial distortion coefficient, k2
two-step calibration (camera 11)

Figure A.26: Radial distortion coefficients k1 and k2 for standard and two-step
calibration on real images from camera ID_10_1
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A.9.3 RMS reprojection error and detection coverage

(a) RMS reprojection error across N ,
standard calibration (camera 11)

(b) RMS reprojection error across N ,
two-step calibration (camera 11)

(c) Detection coverage across N ,
(camera 11)

Figure A.27: RMS reprojection error and detection coverage across N , for standard
and two-step calibration on real images from camera ID_10_1
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