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Abstract:  Our work addresses one of the core issues related to Human Computer Interaction (HCI) 

systems that use eye gaze as an input. This issue is the sensor, transmission and other delays that exist in any eye 

tracker-based system, reducing its performance. A delay effect can be compensated by an accurate prediction of 

the eye movement trajectories. This paper introduces a mathematical model of the human eye that uses 

anatomical properties of the Human Visual System to predict eye movement trajectories. The eye mathematical 

model is transformed into a Kalman filter form to provide continuous eye position signal prediction during all 

eye movement types. The model presented in this paper uses brainstem control properties employed during 

transitions between fast (saccade) and slow (fixations, pursuit) eye movements.  Results presented in this 

paper indicate that the proposed eye model in a Kalman filter form improves the accuracy of eye movement 

prediction and is capable of a real-time performance. In addition to the HCI systems with the direct eye gaze 

input, the proposed eye model can be immediately applied for a bit-rate/computational reduction in real-time 

gaze-contingent systems. 
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1 Introduction  

There has been a substantial amount of research 

in the HCI community that investigated the use of 

the eye gaze information as a primary or auxiliary 

input to computer systems [1] [2]. This research 

indicates that such input is especially beneficial for 

target selection due to the following reasons: a) 

people look at a target prior to selecting it with an 

input device. Therefore when an eye gaze is used 

for selection, the selection delay introduced by an 

auxiliary input device such as a mouse is 

eliminated [1]. b) Due to the fact that the eye globe 

rotates in a fluid inside of an eye socket, the eye has 

the capability of moving much faster than the limbs 

that are burdened by bone weight. Additionally the 

fibers inside of the extraocular muscles are fatigue 

resistant within certain limits of the eye movement 

amplitude [3]. It is noteworthy that limb muscles 

do not possess such properties, hence repetitive 

limb movements cause fatigue and excess of such 

movements might cause repetitive stress injury. c) 

The eye can provide an additional channel of input 

in situations where the use of limbs is restricted or 

unavailable, such as surgeries where both hands are 

occupied (laparoscopy), user interfaces for the 

handicapped, etc. 

Despite all the benefits there are few challenges 

that limit eye gaze input technology, i.e., cost, 
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accuracy, sensor and transmission delays [2]. 

Our work specifically concentrates on 

compensation of sensor and transmission delays. 

Our hypothesis is that delay compensation will 

allow creating more responsive HCI systems and 

provide higher level of compression in 

gaze-contingent systems. The delay compensation 

approach we selected is based on prediction of 

future eye movements. If the future eye gaze 

location is predicted accurately, target selection can 

be pre-made, therefore increasing the 

responsiveness of the HCI system with direct eye 

gaze input. In a gaze-contingent compression 

system the accurate eye movement prediction will 

allow to minimize the size of the high quality 

coded Region of Interest (ROI), therefore reducing 

overall bandwidth or computational requirements, 

[4], [5]. 

The challenge of the accurate eye movement 

prediction lies in the fact that the Human Visual 

System (HVS) exhibits a variety of eye movement 

fixation, saccades, smooth pursuit, optokinetic 

reflex, vestibulo-ocular reflex, and vergence [6]. In 

this paper, we concentrate on the first three due to 

the observation that these eye movements are 

exhibited when a person works with a computer. 

With great simplification, their roles are described 

as follows: 1) fixation ï eye movement that keeps 

an eye gaze stable in regard to a stationary target 

providing visual pictures with highest acuity, 2) 

saccade ï very rapid eye rotation moving the eye 

from one fixation point to another, and 3) pursuit 

stabilizes the retina in regard to a moving object of 

interest.  

In our previous work [7] we created the Two State 

Kalman Filter (TSKF) eye movement prediction 

model. The TSKF model assumes that an eye has 

two states, position and velocity. Our tests indicate 

that the TSKF allows accurate eye movement 

prediction during fixations and pursuits but has 

poor performance during saccades. To improve the 

accuracy of the eye movement prediction during 

saccades, we have developed an Oculomotor Plant 

Mechanical Model (OPMM) [8], [9]. This model 

mimics eye anatomy by considering physical 

properties of the extraocular muscles and the eye 

globe. The OPMM has six states that represent eye 

position, velocity, muscle location and muscle 

forces. Our model is based on Bahilôs model [10] 

with two major additions: the ability to start a 

saccade from any point in a horizontal plane and 

the ability to direct a saccade in any direction in the 

horizontal plane. To ensure continuous eye 

movement prediction the mathematical equations 

guiding the OPMM were transformed into a linear 

stochastic difference equation required for a 

Kalman filter. We call this model the Oculomotor 

Plant Kalman Filter (OPKF). The Kalman filter 

framework is selected as a classical real-time 

predictor of the systemôs future state in a noisy 

environment with the minimization of the error 

between the estimated and the actual systemôs state 

[11].  

This paper is a continuation of our previous work 

[8]. In the current paper we present: 1) new 

equations for muscular forces during fixations; 2) 

new equations for brainstem control parameters 

during saccades; 3) employment of the brainstem 

control properties in cases when the eye goes 

through transitions between fast (saccades) and 

slow (fixation, pursuits) eye movements; 4) 

accurate initialization of the Kalman filter state 

vector at the beginning of each saccade; and 5) 

tertiary (fixation, pursuit, saccade) velocity-based 

eye movement classification with detection 

thresholds provided by neurological literature [6]. 

Our experimental results indicate that above 

mentioned additions improve the accuracy of 

prediction achieved by the OPKF model by 2-3%. 

This improvement in accuracy is supported by 

simulation results involving 21 subjects and three 

multimedia tests. It should be pointed out that the 

prediction model remains linear and can be used in 

an online system with real-time performance 

constraints.  

2 Human Visual System 

2.1 Control  

The eye globe rotates in its socket through the use 
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of six muscles. These six muscles are: medial and 

lateral recti, superior and inferior recti; superior 

and inferior oblique ï the muscles responsible for 

eye rotations around its primary axis of sight; and 

vertical eye movements. 

The brain sends a brainstem control signal to each 

muscle to direct the muscle to perform its work. A 

brainstem control signal is anatomically 

implemented as a neuronal discharge that is sent 

through a nerve to a muscle [12]. The frequency of 

this discharge determines the level of muscle 

innervation and results in a specific amount of 

work that a muscle performs.  

Each eye movement trajectory can be separated 

into horizontal and vertical components. The 

control signal for the horizontal component is 

generated by the premotor neurons in the pons and 

medulla [12] and primarily executed by the medial 

and the lateral recti muscles [6]. The rostral 

midbrain generates a brainstem control signal for 

the vertical eye movement component [12]. The 

vertical eye movement component is executed 

primarily by the superior, the inferior recti and the 

superior, the inferior oblique [6]. Muscle roles are 

more complex when secondary and tertiary muscle 

roles are considered, i.e., superior and inferior recti, 

superior and inferior obliques can participate in 

intrusion, extortion, depression, elevation, 

adduction, and abduction of an eye [6]. 

 During saccades, the brainstem control signal 

for each muscle resembles a 

pulse-step function. [12]. The eye 

position during the onset of a 

saccade and the saccadeôs 

amplitude and direction define 

pulse and step parameters of the 

control signal. Once the 

parameters of the brainstem 

control signal are calculated by 

the brain, the control signal is 

sent as a neuronal discharge at 

the calculated frequency.  

During eye fixations, neuronal 

discharge is performed at a 

constant rate that is linearly 

related to the eye position [12]. 

2.2 Oculomotor Plant 

Mechanical Model 

Horizontal Oculomotor Plant Mechanical Model 

(OPMM) is represented by the eye globe and two 

extraocular muscles ï lateral (LR) and medial (MR) 

recti. Each muscle can play the role of the agonist 

(AG) or the antagonist (ANT). The agonist muscle 

pulls the eye globe in the required direction, and 

the antagonist muscle resists the pull. Figure 1 

presents the OPMM diagram during rightward eye 

movements. Each individual extraocular muscle is 

represented by a set of separate components 

generating a specific force. These components 

include: 1) active state tension ,  modeled as 

an ideal force generator; 2) series elasticity 

, , and length-tension components 

,  modeled as ideal linear strings with 

coefficients  and 

; and 3) force velocity relationship 

components ,  characterized by damping 

coefficients , 

and the velocity of muscular 

contraction , . The actual force 

applied by lateral  and medial  recti to the 
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Figure 1. Oculomotor Plant Mechanical Model. 
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eye globe is a summation of all these forces. 

Passive elasticity components related to the eye 

globe tissues combined with passive elasticity of 

extraocular muscles generate force  and 

viscous elements of the orbital tissues generate 

force  Eye globe inertia is 

 More detailed 

description of the components presented above can 

be found in [8], [9]. 

Eye globe rotation occurs as a result of brainstem 

control signal generating active state tension inside 

of each muscle therefore allowing the contracting 

muscle to rotate the eye globe. The next subsection 

presents brainstem control signal equations for 

fixations and saccades. The neuronal control signal 

for pursuits is not presented in this paper. 

2.3 Brainstem Control Signal 

2.3.1 Fixations 

Scalar values for muscle forces ,  

presented in Figure 1 were measured during a 

strabismus surgery ï a type of surgery in which 

muscles are detached and then reattached to the 

eyeball to correct muscle dislocation. Using the 

values of those forces, Bahill [10] has proposed a 

linear relationship between the force that each 

muscle applies to the eye and the eye rotational 

position  in its socket:  

,  where  is the 

eye rotation measured in degrees.  is the 

absolute value of . We  propose changing the 

relationship between the antagonist force and the 

eye rotation to . This 

modification allows following the trend of the eye 

position-force relationship identified by Bahill, but 

allows avoiding negative brainstem control signal 

values for eye positions  up to . 

 (1) 

 (2) 

During a fixation state, the scalar values of active 

state tensions ,  are assumed to be same as 

the brainstem control signal  

 sent to the muscle. Knowing the scalar 

values for the force components inside of each 

muscle [8], [9] we have:  

 
(3) 

 
(4) 

where  and  are 

force coefficients of the series elasticity and length 

tension components. 

Solving the system of linear equations 

represented by (1), (2), (3), (4) we come up with 

the value of brainstem control signal during 

fixations: 

  

  

2.3.2 Saccades 

Each saccade is generated by a brainstem control 

signal that looks like a pulse step function [13]. 

This signal can be presented by the following 

equations: 

 

 

 

 

tname constants present time parameters for each 

type of muscle and action phase. t is the time 

elapsed from the beginning of the saccade. The 

OPMM developed in this paper uses the following 

time constants:  

 (5) 

is the amplitude of the saccade measured in 

degrees,  is the duration of the 

saccade, calculated by the formula proposed by 

Fioravanti and colleagues [14]. The relationship 

between saccade duration and the amplitude 

together with the main sequence relationship 

(relationship between saccade amplitude and the 

peak velocity) are representative characteristics of 

saccade eye movements [6]. 

The agonist and antagonist muscle related time 

constants can be found in [8], [9]. 

The parameters such as amplitude, saccade onset 




