
ENGINEER45

ENGINEER - Vol. LVII, No. 01, pp. [45-55], 2024
© The Institution of Engineers, Sri Lanka

ENGINEER 44

China, 25(5), pp. 696–702. doi: 10.1016/S1002-
0160(15)30050-3.

22. Li, J. et al. (2016) ‘Biochar from Microwave 
Pyrolysis of Biomass: A Review’, Biomass and 
Bioenergy. Elsevier Ltd, 94, pp. 228–244. doi: 
10.1016/j.biombioe.2016.09.010.

23. Cornelissen, G. et al. (2016) ‘Emissions and Char
Quality of Flame-Curtain “Kon Tiki” Kilns for
Farmer-Scale Charcoal/Biochar Production’,
PLoS ONE, 11(5), pp. 1–16.
doi: 10.1371/journal.pone.0154617.

24. Brassard, P., Godbout, S. and Raghavan, V. (2017)
‘Pyrolysis in Auger Reactors for Biochar and Bio-
Oil Production: A Review’, Biosystems
Engineering, 161, pp. 80–92.
doi: 10.1016/j.biosystemseng.2017.06.020.

25. Brassard, P. et al. (2017) ‘The Production of
Engineered Biochars in a Vertical Auger
Pyrolysis Reactor for Carbon Sequestration’, 
Energies, 10(3), pp. 1–15. doi:
10.3390/en10030288.

26. Laird, D. A. et al. (2009) ‘Review of the Pyrolysis
Platform for Coproducing Bio-Oil and Biochar’,
Biofuels, Bioproducts and Biorefining, 3(2009), 
pp. 246–256. doi: 10.1002/bbb.

27. Resende, F. L. P. (2014) ‘Reactor Configurations
and Design Parameters for Thermochemical
Conversion of Biomass into Fuels, Energy, and
Chemicals’, in Reactor and Process Design in 
Sustainable Energy Technology. Elsevier B.V.,
pp. 1–25. doi: 10.1016/B978-0-444-59566-9.00001-
6.

28. Wable, M. M. and Kurkute, V. K. (2015) ‘Design 
and Analysis of Screw Conveyor at Inlet of
Ash/Dust Conditioner’, International Journal of
Emerging Technology and Advanced 
Engineering, 5(5), pp. 291–296. Available at: 
www.ijetae.com.

29. Liyanage, D. et al. (2021)'Design of a Biomass 
Micro Gasifier Cookstove by CFD Modelling',
Journal of the Institution of Engineers, Sri Lanka,
54(4). pp.15-42.
DOI:http://doi.org/10.4038/engineer.v54i4.747.

30. Kathrin Weber, P. (2018, April 1). Properties of
biochar . Fuel, 217, 240-261.
doi: https://doi.org/10.1016/j.fuel.2017.12.054.

31. Yingquan Chen, X. Z. (2017). The Structure 
Evolution of Biochar from Biomass Pyrolysis and 
its Correlation with Gas Pollutant, Adsorption, 
Performance, Bioresource, Technology,
246,101,109,doi:https://doi.org/10.1016/j.bioete
ch.2017.08.13.

ENGINEER - Vol. LVII, No. 01, pp. [page range], 2024
© The Institution of Engineers, Sri Lanka

1 ENGINEER

Head Movement Invariant Eye Tracking System 

R.M.T.S. Ratnayake, S.J. Sooriyaarachchi and C.D. Gamage

Abstract: The human visual framework, consisting of the eyes, optic nerve, and brain, gives us
the sense of sight to capture and interact with our surroundings. The eye, which provides stimulus to
generate sight, is a complex organ that collects light and effectively converts it to an electro-chemical
impulse inside neurons.

Eye trackers are an important input modality for human-computer interfaces with vision-based 
applications. Eye-tracking systems have been proven to be valuable assistive devices for people with 
motor disabilities. Despite significant improvements in eye-tracking technology over time, current eye 
trackers in the market are complex and require intricate calibration procedures. Hence, there is still 
room for further research to develop an eye-tracking system with simpler calibration procedures.  

This paper presents the development of a head movement invariant real-time eye-tracking system 
with simpler calibration procedures that can operate non-intrusively. The complexity of setting up the 
system is also significantly reduced. Experiments conducted with a sample set of users showed an eye 
gaze accuracy improvement of over 11% compared to the existing setups commonly available in the 
market. 

Keywords: Eye-Tracking System, Pupil Detection, Glint Detection, Hough Transformation, Image 
Processing 

1. Introduction
The human visual framework, consisting of the 
eyes, optic nerve, and brain, gives us the sense 
of sight to capture and interact with the 
surroundings. The eyes, which help as the 
sensory organ, play a significant role in the 
visual system by simulating the brain to create 
the necessary stimulus to generate sight in the 
brain. The eye is a complex organ that collects 
light and effectively converts it to an electro-
chemical impulse inside neurons. The gaze 
point is the intersection of the gaze directions in 
the visual field that is imaged on the retina. 

Eye trackers work as a necessary input 
modality for human-computer interfaces with 
vision-based applications and have been 
proven to be valuable assistive devices for 
people with motor disabilities. For instance, 
eye-tracking devices can work either as 
pointing/assistive devices for personal 
computers or TVs. Anderson et al. [2] have 
explained how eye tracking can be assistive in 
day-to-day life for standard control inputs like 
select, zoom, and scroll. Betke et al. [3] have 
shown a gaze-based typing method for people 
with motor disabilities. Compelling use cases of 
eye tracking systems can be found in studies of 
attention function, Mode disorder, Training of 
pilots, and Telemarketing. 

Current eye-tracking systems have 
sophisticated hardware and software to achieve 
high accuracy when tracking the eye gaze. They 
include near infra-red (NIR) LEDs, cameras, 
and dedicated processing units. Despite the 
current development in eye-tracking 
technology, the contemporary eye trackers in 
the market are complex and require complex 
calibration procedures. For example, the 
lengthy 16-point calibration process in present 
eye-tracking systems presents challenges for 
disabled individuals, requiring them to sustain 
their attention span for an extended duration 
during calibration [3]. Hence, this research is 
aimed to develop a head movement invariant 
eye-tracking system with simpler calibration 
procedures. 
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 2.  Literature Review 
 
The main six branches of research related to 
eye-tracking systems are image acquisition, eye 
model, glint detection algorithm, pupil 
detection algorithm, calibration algorithm, and 
eye-tracking algorithm. Image acquisition 
focuses on image capturing using sophisticated 
as well as off-the shelf cameras. Eye models 
focus on the representation of the eye, a related 
movement, and eye extraction from the 
captured images. The glint detection algorithms 
focus on the accurate prediction of the location 
of the glints in the eye image. Pupil detection 
algorithms focus on the accurate detection of 
the pupil center. Calibration algorithms focus 
on hardware calibration and user calibration to 
accurately calculate relevant constants. Finally, 
the eye-tracking algorithms focus on fusing 
glint location data, pupil center location data, 
and calibration data to estimate the point of 
gaze. 
 
2.1 Image Acquisition 
Video based eye-tracking systems were used in 
airplanes in the early 40s [1]. Earlier, the eye-
tracking technology was only used in academia 
and industry. With the rapid development of 
low-cost yet powerful computing hardware, 
eye-tracking systems became familiar to general 
users [6]. The present market-leading eye-
tracking systems leverage NIR based hardware 
and processing systems while research focuses 
on both NIR and off-the-shelf cameras [14]. 
 
Corcoran et al. [10] have used a video feed from 
a low-resolution user-facing VGA camera for 
gaze estimation and achieved 4 deg accuracy 
while allowing a small head movement. 
Ramadan et al. [15] have used a web camera 
and achieved a 2.5 deg accuracy with no head 
movement. Huang et al. [24] have achieved an 
eye gaze estimation of 0.3-0.4 degree, allowing 
head movement in an IR camera-based setup. 
Zhange et al. [25] have achieved an eye gaze 
estimation of 0.3 degrees allowing free head 
movement using binocular fixation constraint. 
But the above systems lack variable 
illumination to generate sufficient glint outside 
the lab environment. 

The number of infra-red (IR) LEDs and cameras 
used in the lighting setup depends on the eye 
model and the eye-tracking algorithm used in 
the eye-tracking system. But the accuracy 
increases with the number of cameras and 
LEDs. Guestrin et al. [7] show that the increased 
number of cameras will achieve better accuracy 

in the 3D model-based approach. This is 
because more cameras and NIR LEDs collect 
more data and features about the system.  

Hennessey et al. [20] show that increasing the 
number of NIR LEDs in the cross ratio-based 
model will increase the accuracy of the eye-
tracking system. This is because each NIR LED 
will act as a calibration point for the eye-
tracking system. Increasing the calibration 
points will directly increase the accuracy of the 
eye-tracking system. 
 
2.2 Eye Models 
Eye-tracking algorithms which use NIR are 
based on corneal reflection. In contrast, visible 
light-based algorithms use content information 
like shape and features for gaze estimation. 
NIR-based algorithms can be further classified 
into 2D regression models, 3D models, and 
cross-ratio-based models. Visible light-based 
algorithms can be further classified into 
appearance-based models and shape-based 
models. 

In appearance-based models, features are 
extracted from the eye images. Then a model is 
trained with the extracted features. A statistical 
model is utilized to describe shape and texture 
differences in Bacivarov [8]. Tang et al. [11] 
have proposed an appearance-based model 
based on the Support Vector Machines (SVM), 
where gaze direction is estimated from feature 
points. Koutras et al. [26] have presented an 
Active Appearance Model (AAM), which uses 
low-resolution videos to predict eye gaze. In 
the proposed model, AAM identifies the eye 
region using feature points. In recent research, 
Deep Learning (DL) models have been used for 
gaze estimation. George et al. [30] have used a 
Convolutional Neural Network (CNN) based 
model to identify seven gaze directions. Konrad 
et al. [31] have proposed an eye-tracking model, 
robust to head movement, using a CNN model. 
Shape-based methods use a template that is 
deformable to identify the eye. In the process, 
similarity between the eye image and the 
template is calculated using a cross-correlation. 
The template consists of two parabolas for eye 
contours and a circle for the iris. 
 
In 2D regression-based algorithms the vectors 
between the pupil centre and corneal glints are 
mapped to matching gaze locations using a 
polynomial transformation function. In the 
transformation function, the coefficients are 
estimated using calibration procedures. 
Cherifetal. [16] used a transformation of higher 
order to map gaze vectors to the screen by 
minimizing the mean square error. It also 
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measured how the head movement would 
affect system accuracy using a 5x5 point 
calibration scheme. Zhu et al. [18] proposed a 
new algorithm to reduce the accuracy barrier in 
2D models using a subpixel tracking method. 
The proposed algorithm has the capability to 
detect the inner eye corner and the centre of the 
iris at subpixel accuracy. Cerrolazaetal. [21] 
developed a taxonomical classification on 
system accuracy vs. mapping equation using 
400,000 models, and presented the methods to 
optimize calibration scheme halving the 
calibration time allowing head movement.  
 
2.3 Pupil and Glint Detection Algorithms 
Post processing is needed to detect pupil centre 
and glint centre locations after the images are 
captured. The accuracy of the eye tracking 
system heavily depends on the accurate 
measurement of the pupil centre and glint 
centres. However, accurate pupil detection 
could be difficult due to closed eyelids, bright 
artifacts, shadows, etc. The pupil detection is 
done using edge detection schemes. 
 
Pupil and glint detection algorithms must be 
simple and efficient for real-time performance. 
Excessive processing and complex algorithms 
could slightly increase accuracy but require 
higher processing power and computational 
time. Hence the trade-off between simplicity 
and accuracy must be considered when 
designing pupil and glint detection algorithms. 
 
Pupil Detection 
Hennessey et al. [20] have used an image 
differentiation approach to help in recognizing 
the pupil shape. In the proposed method, 
subtracting the dark pupil from the bright pupil 
makes contour detection easier.  
The software-based pupil detection algorithms 
include eclipse fitting, Hough transform, etc. 
Pasarica et al. [27] have proposed two pupil 
detection algorithms based on the circular 
Hough transform and Starburst algorithm. In 
[29], the eye-tracking system uses hardware 
support to identify the center of the pupil using 
the bright and dark eye effect.  
 
Glint Detection 
The glint, also known as the Purkinje image, is 
a point of corneal reflection of light falling from 
an outside source onto the pupil. Using 
conventional edge detectors with various 
thresholds, the glint region is determined. The 
eye-gaze tracking system is heavily reliant on 
the accurate detection of the iris, pupil, and 
glint [4]. Sharma et al. [13] have evaluated the 
Sobel, Canny, and Laplacian of Gaussian (LoG) 

edge detection algorithms using different 
parametric variations. The results suggested 
that different domains of images require 
different parameter values for optimal results. 
Hennessey et al. [20] have used simple 
thresholding techniques to identify glint 
locations. Possible errors have been rejected 
using the expected displacement between glint 
centers.  
 
2.4 Calibration Algorithms 
In the 3D model, user specific parameters like 
the center of corneal curvature, the pupil center, 
pupil radius are calculated in the calibration 
procedure [7]. In the cross-ratio-based model, 
errors that occurred due to planarity 
assumptions are minimized using the 
calibration scheme. The 2D regression model 
calibration is used to determine the coefficient 
of the polynomial function. 
 
In the calibration procedure, users are asked to 
look at multiple points on the screen. The 
number of points in the calibration procedure 
depends on the eye model used. Also, the 
number of calibration points can be small as 1 
and large as 25. Guestrin et al. [7] have pointed 
out that the convenience of the calibration 
technique comes at the expense of system 
complexity. Guestrin et al. [22] proposed a 
single point calibration for infants.  
Therefore, a calibration technique that depends 
on a single point for fixation may be less robust 
than a calibration procedure that uses multiple 
points. 
 
2.5 Eye-Tracking Algorithm  
The eye-tracking steps include image 
acquisition, pupil detection, glint detection, 
error correction, and gaze mapping. Error 
correction is done using the parameters found 
in the calibration procedure. Gaze mapping is 
done using eye-tracking algorithms. 

3D model-based approach first determines the 
optical axis from pupil location and glint 
locations. Guestrin et al. [7] used the optical 
axis to determine the visual axis using 
calibration data. 
The cross-ratio-based method maps the 
polygon created by the corneal reflection to the 
screen. The assumption made here that the 
polygon is planar, is a wrong assumption 
because of the curvature in the corneal surface. 
The error that occurred due to the planarity 
assumption is fixed using the intermediate 
normalizing phase. First, the polygon is 
normalized based on the calibration 
parameters. Then the normalized space is 
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mapped to the screen plane [20] as a scaling 
operation. 
 
2.5.1 3D Model Based Method 
3D model-based methods use geometrical 
(spherical or ellipsoidal) eye models to estimate 
the corneal center, optical axis, and visual axis. 
Since the visual axis cannot be calculated 
directly, the optical axis is estimated using 
single or multiple cameras. The 3D model-
based multiple-lights multiple-camera 
approach has shown high accuracy and 
resistance to head movements but requires a 
complex calibration of cameras to determine 
the geometric properties of the monitor and 
cameras [7]. Guestrin et al. [22] and Shih and 
Liu [5] have proposed a 3D model-based eye-
tracking method with single-point calibration. 
With high accuracy, free head movements and 
single-point calibration, 3D-based models are 
suitable for developing a head movement 
invariant eye-tracking system. Guestrin et al. [7] 
have shown that the 3D model-based eye-
tracking system can be made using single-
camera single-light source, single-camera 
multiple-light sources, and multiple-camera 
multiple-light sources, but each limiting some 
capabilities. The system of equations in [7] 
demonstrates the accuracy limitations of the 
single-camera single-light source configuration 
when the head is moving. Hence, when using a 
single-camera single-light source, the user must 
keep the head still. Therefore, this method 
cannot create a head movement invariant eye-
tracking system. Guestrin et al. [7] have shown 
the need to feed the user-specific constants like 
the radius of the pupil to the algorithm and the 
configuration allows significant head 
movement when using multiple-light sources 
and single-camera setup. 
 
The most potent form of the 3D model-based 
eye-tracking system is multiple-camera 
multiple-light-source configuration [7]. This 
configuration does not need constant feeding, 
and all required will be calculated when user 
calibration is carried out. But the disadvantage 
is that the configuration has complex setup 
complexity and requires a lot of hardware 
compared to other methods. 
 
2.5.2 Cross-Ratio Based Method 
Cross-ratio based method uses immutable 
properties of projective geometry by projecting 
a rectangular NIR pattern on the user’s eye. The 
pupil location and screen size are used to 
estimate the gaze direction [28]. The cross-ratio 
methods do not need hardware calibration or 
an eye model, but allows free head motions. 

Karr et al. [14] have shown a four-point simple 
calibration procedure associated with the cross-
ratio method. Hence, the cross-ratio model is 
also suitable for developing a head movement 
invariant eye-tracking system. Figure 1 shows 
the ray tracing diagram of the cross ratio-based 
model proposed by Huang et al. [24]. 

 

 
Figure 1 – Ray Tracing Diagram of Cross-Ratio 
Based Model Proposed by Huang et al. [24] 
 
2.6 Eye-tracking Model Selection 
Developing hardware for both systems will be 
time consuming and costly. Hence, to identify 
best method from two approaches, a 
simulation-based evaluation was carried out. 
 
It was chosen not to simulate the image analysis 
step explicitly in the simulation framework to 
simplify the simulation. That is, instead of 
computing the image seen by each camera 
using 3D rendering algorithms and extracting 
the position of relevant features from the 
image, the positions where these features will 
lie in the camera image, given the spatial 
positions of the eye, camera, and lights are 
computed. The effect of finite camera resolution 
and inaccuracies in the image analysis are 
simulated. Simulating finite camera resolution 
involved employing a pinhole camera model 
and subsequently excluding features outside 
the screen's designated region. 
 
Test cases were created to cover two head 
positions with four LEDs with varying 
calibration points for the simulation. The reason 
for using four LEDs was that both cross-ratio 
based methods and 3D model-based methods 
gave the best results in theoretical 
approximations in minimum hardware 
presence. In practical scenario, the cross-ratio 
method requires four LEDs or four cameras to 
generate the polygon mapping [24]. 
 
The results obtained from simulation are 
summarized in Table 1. The table shows the 
number of calibration points, maximum error, 
mean error and standard deviation between 
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actual and predicted gaze point in millimeter 
scale of each eye tracking algorithm. 
 

Table 1 – Simulation Results 
 
# of 
calibration 
points 

 
Cross ratio-based method 

 
3D model-based method 

Max 
err 
(mm) 

µ err 
(mm) 

σ2 err 
(mm) 

Max err 
(mm) 

µ err 
(mm) 

σ2 err 
(mm) 

4 447 249 124 450 230 111 
5 718 196 168 340 150 112 
9 6.17 6.27 4.19 45 16 12.5 

13 5.2 3.42 3.42 9 5.6 2.73 

 
The accuracy increases in both the cross-ratio 
and the 3D model-based methods when the 
number of calibration points increases. 
Considering the values, it can be assumed that 
both methods have the same accuracy 
capability.  
 
In the 3D model-based technique, it is needed 
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them to the algorithm. Upon changing camera 
position or light position, it is needed to 
measure all the values again. Even though both 
systems have the same calibration procedures 
and accuracy levels, the cross ratio-based 
method has a simple setup complexity. 
Therefore, to build an eye-tracking system the 
cross ratio-based model was chosen. 
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and 2D regression-based models are not 
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Choosing between 3D model-based system or a 
cross-ratio-based system for eye-tracking model 
was determined through the previous 
simulation. 
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assessed for its intrusiveness, real-time 
processing capability, accuracy, complexity, 
and calibration procedure as the key 
parameters. 
 
3.1 Low Complexity Tracking System 
Design 
The system is expected to capture images in 
various lighting conditions and the system 
should illuminate the user’s eye with NIR LEDs 
to generate glints in the eyes. NIR LEDs should 
be able to switch on and off in high frequency 
(30Hz) to generate illuminated and non-
illuminated eye images. The eye should be 
captured with an IR camera and captured 
images should be passed on to the processing 
module. Because of these requirements the eye 

tracking system has a LED light system, an IR 
camera system and a processing system as 
subsystems in the hardware system. Each of the 
subsystems has been explained in the following 
section. 
 
3.1.1 NIR LED Light Module 
From the literature review it was found that in 
the cross ratio-based model, NIR LEDs can be 
used as markers in the IR cameras setup, since 
the users will not see the emission of light in the 
IR spectrum. To achieve variable illumination, 
an experiment was carried out to determine the 
number of required NIR LEDs in different 
lighting schemes. 
 
3.1.2 IR Camera Module 
During the literature review it was found that 
the resolution of the IR camera directly impacts 
the accuracy of the eye tracking system. Higher 
resolution cameras will capture high resolution 
images with very accurate glint features thus 
allowing higher accuracy. But the drawback of 
the higher resolution camera is that the 
processing module will require high processing 
power for the real-time processing of the image. 
Hence it is required to determine the optimum 
resolution, bit depth and frame rate for the 
camera. 
 
3.1.3 Processing Module 
During the literature review it was found that 
the processing module should have the 
capability to preprocess images at the edge and 
switch on/off the LEDs. The processing module 
should be able to apply simple preprocessing 
filters like gaussian filter and thresholding filter 
with low latency. Switching of LEDs should be 
done at a frequency governed by the glint 
detection algorithm. 
 
3.2 High Performance Software-based 
Eye-Tracking 
During the literature review it was identified 
that the cross ratio-based method is the most 
suitable eye model to build the eye-tracking 
system. The software module should work 
along with the hardware module to capture 
images and store images in a processing 
friendly data structure, process the images in 
real-time, and output the point of gaze. When 
designing the software module, four different 
aspects were considered.  
 
But the center of the pupil can also be located 
using software only means, explained in 
Section 2.3. In the presented system, it was 
decided to use a software only pupil detection 
scheme because it allows for eye-tracking 
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systems that are not tightly coupled to the 
hardware. 
 
The literature review identified the processing 
pipeline should have four stages. These 
pipeline stages include capturing images, 
detecting the pupil center, detecting the glint 
locations, and estimating gaze point. 
 
Hennessy et al. [20] propose that the algorithms 
used for the eye-tracking system should be 
simple to achieve real-time performance. The 
time saved from one stage can be used in 
another stage. For example, the time saved at 
the image capture module can be used for a 
complex pupil detection algorithm. Hence 
making modules as efficient as possible is a 
must. Finally, the implementation should 
provide a simple interface such that it will be 
easy to plug a new algorithm. 
 
3.2.1 Video Capture Module 
This video capture module is expected to run 
on the processing hardware. The module 
should implement: 

 A mechanism to capture images in real-
time,  

 Decode the images if the camera uses a 
compression scheme, and 

 Store images in a processing friendly 
format. 

A multi-threaded environment is required to 
capture images in real-time. The captured 
images should then be pushed to a queue so 
that the next stage module can acquire the 
images from the queue without any blocking in 
processing. 
 
3.2.2 Glint Tracking Module 
This module is expected to obtain the images 
from the video capture. During the literature 
review it was found that the glint tracking 
module can use the algorithm proposed by 
Hennessey et al. [20] that has used simple 
thresholding techniques to identify glint 
locations. 
 
3.2.3 Pupil Tracking Module 
This module is expected to obtain the images 
from the video capture. The literature review 
found that Pasarica et al. [27] have proposed 
two pupil detection algorithms based on the 
circular Hough transform (CHT) and Startdust 
Algorithm. CHT is a derivative of the Hough 
Transform, which works with less search space 
computed in preprocessing steps. Starburst 
uses a probabilistic model to reduce the search 
space. 
 
 
 

3.2.4 Eye Tracking Module 
This module is expected to communicate with 
both the pupil tracking and glint tracking 
modules. The module should implement: 

1)  The calibration mechanism 
2)  The prediction mechanism 

The literature review found that users are asked 
to look at multiple points on the screen in the 
calibration procedure. The collected data 
should be used to derive the calibration 
function. The literature review found that the 
cross-ratio-based method maps the polygon 
created by the corneal reflection to the screen. 
The required algorithm should be implemented 
in the module to estimate the point of gaze. 
 
 

4. System Design 
 

The hardware for the eye-tracking system was 
developed in a modular and extensible manner. 
The essential hardware components were 
derived from the existing research and then 
extended to add new capabilities. The 
prototype was built on a breadboard. Later the 
circuit was developed to a dedicated PCB 
board. The overall architecture of the design is 
shown in Figure 2. 

 
Figure 2 – Overall System Design of the 
Implementation 
 
4.1 Camera Resolution 
Yoo et al. [17] suggested that the polygon size 
created by glints in the eyes should be 
maximized when using a camera to capture the 
image. 
 
In this research, the standard screen size 
1920pix * 1080pix was used where pix denotes 
pixels. The values were derived using 25pix 
which is a reasonable minimal resolution for an 
eye-tracking system with medium-level 
accuracy.  
 

Width of the polygon -> (1920/25) pix 
= 76.8 or 77units 
Height of the polygon -> (1080/25) 
pix 
= 43.2 or 44units 
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At a minimum, the glint can be represented in a 
single pixel in the image. Hence the 77×44 unit 
can be mapped to 77pix×44pix in a camera. 
Assuming the upper bound, a polygon of size 
of 80×50pix can be used, which should deliver a 
quite reasonable resolution. Li et al [9] suggest 
the average pupil width of Asian population to 
be 4.73 +/- 0.85mm and 4.30 +/- 1.02 mm in 
Caucasian population. For the calculations, the 
lower bound 4.30mm is considered (excluding 
variations in pupil size attributable to age). 
Vasanthakumar et al. [12] suggest that the 
Outer canthal distance (OCD) of Asian 
population as 95.55 ± 6.39cm for men and 92.44 
± 5.71cm for women and Palpebral fissure 
width as 31.08 ± 1.79 cm for men and 29.90 ± 
2.18cm for women. 
 
The cross-ratio method proved that the head 
movement invariance is preserved if all the 
glints are inside the pupil. Hence 80pix×50pix 
polygon should be able to put inside the 4.30 
mm pupil. 
 
Considering a setup without magnifier lenses, 
the following can be calculated. 
 
Capturing only one eye, Palpebral fissure width 
is 32 mm, suggesting 80×(32/4.30) pixels in the 
camera width for minimum accuracy. This 
refers to a 600pix camera. Capturing both eyes, 
Outer Canthal distance is 95mm, suggesting 
80×(95/4.30) pixels in the camera width for 
minimum accuracy. This refers to a 1767pix 
camera. Hence a 1920pix× 1080pix camera was 
chosen in the research.  
 
4.2 Frames per Second 
According to the Nyquist sampling theorem it 
is needed to capture at least every 25-300ms 
interval to reconstruct the fixations which have 
an average duration of 50-600ms. In this 
research a 30fps camera was used even if the 
calculations yield to a 3-40fps camera. The 
schematic and the PCB were designed using 
open source KiCad software.  

A Raspberry pi header module was created, 
which can be plugged into the Raspberry 
pi3,3B, 4 boards which can supply current to 
the LEDs and communicate with the PC for 
switching on and off LEDs. 
 
4.3 Software Modules 
 
4.3.1 Video Capture Module 
The video capture module has three different 
functional requirements. The module gives an 
easy-to-implement interface to introduce a new 
camera to the system. 

In implementation, a videoGet module was 
implemented as a separate thread for the non-
blocking operation of the main user interface 
(UI) on a QThread. The single-threaded 
performance reached a maximum of 13FPS 
capturing a 1080P video stream while the multi-
thread implementation reached a maximum of 
41FPS capturing in the same camera. For the 
real-time operation of the 30FPS requirement, 
this implementation is proven to be sufficient. 
The videoGet interface was implemented such 
that it has the necessary functionality to 
continuously capture images, get a reduced 
scale preview of the image and get the actual 
image. The images are stored in row-major 
order to facilitate vector operations like vector 
addition and vector multiplication for image 
processing operations in the following 
modules. 
 
4.3.2 Pupil Capture Module 
The pupil module has three different 
functionalities. The module detects the pupil 
from the image extracted by the videoGet 
module and extracts the pupil center from the 
detected pupil. If necessary, the module 
calibrates the pupil center data. An interface is 
provided to implement different pupil capture 
algorithms in the implementation. Also, two 
different pupil detection algorithms were 
implemented based on contour detection and 
Hough transform (inspired by Pasarica et al. 
[27]). For simplicity, only the Hough transform 
based pupil detection algorithm is explained.  
 
First, the median filter is applied to the image 
to remove any salt and pepper noise that could 
interfere with the Hough transform. Then the 
circular Hough transform is applied to identify 
potential pupil candidates in the image. When 
using the circular Hough transform, the 
minimum and maximum radii are calculated 
based on the adaptive thresholding mechanism 
specified in the calibration function.  
 
The domain knowledge of the pupil is used to 
extract the exact pupil from the candidate 
pupils. When the eye is captured from an IR 
camera, the pupil has a darker region relative to 
the background. Hence, when calculating the 
potential pupil candidates’ mean, the actual 
pupil should have the minimum intensity 
value. 
 
In the calibration process, an adaptive method 
is used to find the minimum and maximum 
radius of the pupil. The initial radius values are 
set to a nominal value corresponding to a man 
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sitting in front of the desktop 60 cm away. The 
values are changed if the algorithm cannot find 
the pupil in the image. Finding minimum and 
maximum is necessary to reduce the 
computational time since the Circular Hough 
Transform is a computationally extensive time-
consuming task. The minimum and maximum 
radii were used to reduce the domain space in 
the Hough transformation. 
 
The Hough transformation steps are 
represented in a flowchart in Figure 3. 
 
 

 
 

Figure 3 – Pupil Capturing Process 
 
4.3.3 Glint Capture Module 
The glint capture module has three different 
functionalities. The module detects the glints 
and extracts the glint centers from the image 
extracted by the videoGet module. If necessary, 
the module calibrates the glint center data. The 
pupil center data extracted from the previous 
Pupil Capture module were used in this 
algorithm. Because of this dependency, the eye 
tracking algorithm must run the Pupil Capture 
module and Glint Capture module in 
sequential order.  
 
When looking at a point in the screen, the pupil 
center should be inside a polygon created by 
the glint locations. This domain knowledge was 
used to reduce the search space for glint 
identification. First, a region of interest (ROI) is 
selected based on the pupil center detected in 
the previous module. Then the contour 
detection algorithm is applied to identify the 
glints with high-intensity values. Considering 
the glint as a blob, the eye tracking system uses 
image moment to find the exact center of the 
glint locations. This process needs to identify at 
least four glint locations by the constraints in 

the cross-ratio-based method. Hence only the 
glint data with four or more glint locations are 
used for the eye-tracking module. 
 
The glint capture steps are represented in a 
flowchart in Figure 4. 
 

 
Figure 4 – Glint Capturing Process 

 
4.3.4 Eye Tracking Module 
The eye-tracking module has three different 
functionalities. The module calculates the 
homography matrix in the calibration phase, 
normalizes the configuration space and 
estimates the gaze using previously found 
pupil and glint locations. 
 
The data collected in the calibration procedure 
is used to calculate the homography matrix as 
in the eye-tracking algorithm in the literature 
review. In the prediction phase, the eye-
tracking module uses the pupil center data 
found from the pupil capture module and glint 
center data found from the glint capture 
module. First, a polygon is generated from the 
glint location data which is the configuration 
space for eye-tracking space. The gaze point is 
estimated after the polygon is normalized to 
match the actual monitor task space. 
 
5. Evaluation 
 

The cross ratio-based eye tracking system was 
evaluated in a user experiment with a group of 
6 people. When selecting subjects, they were 
selected such that 3 male and 3 female 
participants with eye colors dark brown, light 
brown, and black pupil colors. All subjects are 
aged 19 to 60 years old. The monitor, lights, and 
screen were fixed 60 cm from the subject. Each 
subject went through a 9-point calibration 
scheme. Software built on Qt framework was 
used for subject calibration and acquisition of 
data. Each calibration point was shown 6s in 
the screen to capture 180 frames (at 30 frames 
per second) and 100 data points were selected 
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using the least square error. These points were 
used for the calibration procedure. 
 
Figure 5 shows the actual experimental setup 
used. The subjects were asked to position the 
head such that the monitor’s top line is in line 
with the subject’s eye. This position is 
considered as (0,0, 600) eye location. In 
subsequent data acquisitions, the subjects were 
asked to tilt their head to get left, right (8cm) 
vertically (5cm) forward and backward (5cm) 
tilting head positions before the field of view is 
lost. 
 

  
Figure 5 –Experimental Setup and Corneal 
Reflection when looking at Corners 
 
A total of 60 frames (2s) were captured of each 
fifteen randomly generated locations on the 
screen. The image capturing started when the 
subject pressed the space button. This was done 
to avoid image capturing while eye movement 
is transitioning from the previous location to 
the new location. 
 
To estimate the point of gaze, the captured 
images were stored using the video capture 
module in memory data-structure. Then the 
pupil capture module and glint capture module 
extracted the features from the eye images. 
Finally, the eye-tracking module calculated the 
point of gaze using a homography matrix and 
displayed the point of gaze in the display. 
 
The evaluation was conducted utilizing the 
data gathered from the previously described 
configuration. The accuracy evaluation 
involved computing pixel differences between 
randomly generated points on the screen and 
their corresponding predictions in our 
algorithm. Subsequently, these pixel differences 
were translated into angle differences, taking 
into account the head position of the 
participant. 
 
The setup and the algorithm demonstrated a 
weighted 11% improvement in accuracy 
compared to the commonly used homography 
setup (Table 2) in different head positions [3]. 
The weighting was based on a Gaussian 
distribution, considering that users exhibit 

fewer head poses in the closest and farthest 
positions, while the normal pose is more 
prevalent. 
 

Table 2 – Accuracy of Proposed Algorithm 
Homography[3] ProposedAlgorithm 

HeadPose Meanerror(degrees) Meanerror(degrees) Stddev(degrees) 
(0,0,500) 0.95 0.64 0.07 
(0,0,600) 0.96 0.71 0.08 
(0,0,700) 0.80 0.78 0.10 
(0,0,800) 1.14 0.89 0.11 

Figure 6 shows the actual points and the 
estimated points in the experiment.  
 

 
Figure 6 – Actual and Estimated Points 

 
Table 3 shows the accuracy comparison with 
prominent existing setups. Our 
implementation outperforms the other cross 
based methods but lags behind due to 
hardware limitations [17]. The 3D model-based 
implementation in [6] is much superior but 
requires additional calibration points 
compared to ours. 
 

Table 3 – Accuracy of Eye-Tracking System 
 

Ref 
# of 

lights 
# of 

cameras 
Head 

movement 
 

Accuracy 
[◦] 

 
Categories 

[6] 2 2 Moderate 1 3D 
[19] 2 4 Large 0.6 3D 
[23] 1 4 Large 3.5 cross 
[17] 5 2 Moderate 0.98 cross 
[25] 8 1 Slight 0.3 cross 
Our 4 1 Moderate 0.88 cross 

 
The improvements of processing time due to 
the proposed pupil detection algorithm was 
measured using ai 5 intel 2.4 GHz 8 GB RAM 
computer. The saved time from the pupil 
detection algorithm can be used for a complex 
eye-tracking algorithm which should yield 
better results. 
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estimated after the polygon is normalized to 
match the actual monitor task space. 
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evaluated in a user experiment with a group of 
6 people. When selecting subjects, they were 
selected such that 3 male and 3 female 
participants with eye colors dark brown, light 
brown, and black pupil colors. All subjects are 
aged 19 to 60 years old. The monitor, lights, and 
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per second) and 100 data points were selected 
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6. Conclusion 
 
In this research, a non-intrusive, real time head 
movement invariant eye-tracking system with 
high accuracy, simpler setup complexity, and a 
simplified calibration procedure is presented. 
The eye tracking system is evaluated with 
various head movements. The results show 
that the proposed system has parallel accuracy 
with the state-of-the-art eye tracking system. 
The eye-tracking system is designed in a 
modular manner that can be further developed 
independently. 
 
Pre-processing can be done in the hardware 
module further reducing the computation time. 
This edge processing in the hardware module 
itself will allow it to capture high- quality 
images and transfer images to the computer 
without a bandwidth issue. In the software 
module pupil capture module, glint capture 
module and eye-tracking module can be used 
to develop novel algorithms in the future. The 
eye-tracking system can be used in other 
research areas such as attention tracking and 
human computer interaction. 
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6. Conclusion 
 
In this research, a non-intrusive, real time head 
movement invariant eye-tracking system with 
high accuracy, simpler setup complexity, and a 
simplified calibration procedure is presented. 
The eye tracking system is evaluated with 
various head movements. The results show 
that the proposed system has parallel accuracy 
with the state-of-the-art eye tracking system. 
The eye-tracking system is designed in a 
modular manner that can be further developed 
independently. 
 
Pre-processing can be done in the hardware 
module further reducing the computation time. 
This edge processing in the hardware module 
itself will allow it to capture high- quality 
images and transfer images to the computer 
without a bandwidth issue. In the software 
module pupil capture module, glint capture 
module and eye-tracking module can be used 
to develop novel algorithms in the future. The 
eye-tracking system can be used in other 
research areas such as attention tracking and 
human computer interaction. 
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