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Vision is a hard problem. It seems decep-

tively easy only because humans 

come with extraordinarily good sub-

conscious vision logic built in. Com-

puters are not so lucky. 

 

  



 

  



 

 

Abstract 
 

In the modern age of information, there is a growing interest in improving interaction 

between humans and computers in an unremitting attempt to render it as seamless as the 

interaction between humans. In the core of this endeavor are the study of the human 

face and the focus of attention, determined by the eye gaze. The main objective of the 

current thesis is to develop accurate and reliable methods for extracting facial infor-

mation, localizing the positions of the eye centers and performing tracking of the eye 

gaze. Usually such systems are grounded upon various assumptions regarding the topol-

ogy of the features and the camera parameters or require dedicated hardware. In the re-

gard of ubiquitous computing, all the methods developed in the scope of the current 

thesis use images and videos acquired using standard cameras under natural illumination, 

without the requirement of any special setup and without imposing constraints to the 

user. The methods developed for the facial feature extraction involve the detection of the 

lips, the eyebrows and the eyelids. The accurate localization of the eye centers is also 

extensively studied, comprising the cornerstone on which the study of eye gaze is based. 

Based on the methods of the previous chapters a system for estimating gaze direction is 

developed, studying also the different parameters that affect its performance and propos-

ing the optimal setup. Finally, the gaze tracking system proposed is implemented in vari-

ous practical applications, demonstrating its capabilities and appropriateness for real life 

applications. All the individual methods proposed have been extensively evaluated in 

challenging databases and compared to their counterparts found in the literature. The 

results presented in this thesis indicate the performance superiority of the proposed 

methods and encourage further research on the field. 
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ɩʀʍʚʇʂʕʂ 
 

Ǒǲǥǫ Ǳǻǡǵǯǭǫǥ ǣǮǭǵǜ ǲǥǰ ǮǩǥǯǭǴǭǯǝǟǰ ǥ ǟǩǩǥǩǣǮǝǢǯǟǱǥ ǪǣǲǟǬǻ ǟǫǦǯǼǮǭǳ-ǳǮǭǩǭǡǧǱǲǜ 

ǠǯǝǱǨǣǲǟǧ Ǳǲǭ ǣǮǝǨǣǫǲǯǭ ǲǭǳ ǣǫǢǧǟǴǛǯǭǫǲǭǰ, Ǳǣ Ǫǧǟ ǮǯǭǱǮǚǦǣǧǟ ǫǟ ǳǩǭǮǭǧǥǦǭǻǫ ǢǧǣǮǟǴǛǰ ǭǧ 

ǭǮǭǝǣǰ Ǧǟ ǩǣǧǲǭǳǯǡǭǻǫ ǟǮǯǺǱǨǭǮǲǟ Ǩǟǧ ǴǳǱǧǨǚ, ǮǯǭǱǭǪǭǧǼǫǭǫǲǟǰ ǲǥǫ ǣǮǧǨǭǧǫǷǫǝǟ ǪǣǲǟǬǻ 

ǟǫǦǯǼǮǷǫ. Ǒǲǭǫ Ǯǳǯǜǫǟ ǟǳǲǜǰ ǲǥǰ ǮǯǭǱǮǚǦǣǧǟǰ ǠǯǝǱǨǣǲǟǧ ǥ ǪǣǩǛǲǥ ǲǭǳ ǮǯǭǱǼǮǭǳ ǨǟǦǼǰ 

Ǩǟǧ ǥ ǣǱǲǝǟǱǥ ǲǥǰ ǮǯǭǱǭǵǜǰ Ǯǭǳ ǨǟǦǭǯǝǤǣǲǟǧ ǟǮǺ ǲǥǫ ǨǟǲǣǻǦǳǫǱǥ ǲǭǳ ǠǩǛǪǪǟǲǭǰ. ǉǣǫǲǯǧǨǺ 

ǟǫǲǧǨǣǝǪǣǫǭ ǲǥǰ ǮǟǯǭǻǱǟǰ ǢǧǢǟǨǲǭǯǧǨǜǰ ǢǧǟǲǯǧǠǜǰ ǣǝǫǟǧ ǥ ǟǫǚǩǳǱǥ ǣǧǨǺǫǷǫ Ǩǟǧ Ǡǝǫǲǣǭ ǵǯǥ-

ǱǧǪǭǮǭǧǼǫǲǟǰ ǲǣǵǫǧǨǛǰ ǳǮǭǩǭǡǧǱǲǧǨǜǰ ǺǯǟǱǥǰ Ǫǣ ǱǲǺǵǭ ǲǭǫ ǣǫǲǭǮǧǱǪǺ ǲǷǫ ǵǟǯǟǨǲǥǯǧǱǲǧǨǼǫ 

ǱǥǪǣǝǷǫ ǲǭǳ ǮǯǭǱǼǮǭǳ, ǲǭǫ ǟǨǯǧǠǜ ǣǫǲǭǮǧǱǪǺ ǲǷǫ ǨǛǫǲǯǷǫ ǲǷǫ ǪǟǲǧǼǫ ǨǟǦǼǰ Ǩǟǧ ǲǥǰ Ǯǟ-

ǯǟǨǭǩǭǻǦǥǱǥǰ ǲǥǰ ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ ǠǩǛǪǪǟǲǭǰ. ǑǳǫǜǦǷǰ ǲǛǲǭǧǟ ǱǳǱǲǜǪǟǲǟ ǠǟǱǝǤǭǫǲǟǧ Ǳǣ 

ǮǟǯǟǢǭǵǛǰ ǱǵǣǲǧǨǚ Ǫǣ ǲǥǫ ǲǭǮǭǩǭǡǧǨǜ ǦǛǱǥ ǲǷǫ ǵǟǯǟǨǲǥǯǧǱǲǧǨǼǫ ǱǥǪǣǝǷǫ, ǲǧǰ ǮǟǯǟǪǛ-

ǲǯǭǳǰ ǲǥǰ ǨǚǪǣǯǟǰ, ǜ Ǳǣ ǵǯǜǱǥ ǣǬǣǧǢǧǨǣǳǪǛǫǭǳ ǳǩǧǨǭǻ (hardware). ƹǵǭǫǲǟǰ Ƿǰ ǱǲǺǵǭ Ǜǫǟ 

ǱǻǱǲǥǪǟ ǲǭ ǭǮǭǝǭ Ǧǟ ǪǮǭǯǣǝ ǫǟ ǩǣǧǲǭǳǯǡǣǝ ǨǟǦǭǩǧǨǚ, Ǫǥ ǮǟǯǣǪǠǟǲǧǨǚ, ǨǚǲǷ ǟǮǺ ǭǮǭǧǣǱǢǜ-

Ǯǭǲǣ ǱǳǫǦǜǨǣǰ Ǩǟǧ ǵǷǯǝǰ ǫǟ ǦǛǲǣǧ ǱǳǡǨǣǨǯǧǪǛǫǭǳǰ ǮǣǯǧǭǯǧǱǪǭǻǰ Ǳǲǭ ǵǯǜǱǲǥ, Ǻǩǣǰ ǭǧ Ǯǯǭ-

ǱǣǡǡǝǱǣǧǰ Ǯǭǳ ǟǫǟǮǲǻǵǦǥǨǟǫ Ǳǲǟ ǮǩǟǝǱǧǟ ǲǥǰ ǮǟǯǭǻǱǟǰ ǢǧǟǲǯǧǠǜǰ ǠǟǱǝǤǭǫǲǟǧ Ǳǲǥ ǵǯǜǱǥ 

Ǫǧǟǰ ǟǮǩǜǰ ǨǚǪǣǯǟǰ, ǨǚǲǷ ǟǮǺ ǨǟǫǭǫǧǨǛǰ ǱǳǫǦǜǨǣǰ ǴǷǲǧǱǪǭǻ. ǆ ǮǟǯǭǻǱǟ ǢǧǟǲǯǧǠǜ ǟǮǟǯǲǝ-

Ǥǣǲǟǧ ǟǮǺ ǲǛǱǱǣǯǟ ǨǣǴǚǩǟǧǟ, ǺǮǭǳ ǨǚǦǣ ǨǣǴǚǩǟǧǭ Ǜǵǣǧ Ƿǰ ǳǮǺǠǟǦǯǭ ǲǥ ǡǫǼǱǥ Ǩǟǧ ǲǧǰ ǲǣǵǫǧ-

ǨǛǰ Ǯǭǳ ǟǫǟǮǲǻǱǱǭǫǲǟǧ Ǳǲǟ ǮǯǭǥǡǭǻǪǣǫǟ ǨǣǴǚǩǟǧǟ; ǟǯǵǧǨǚ ǮǯǟǡǪǟǲǭǮǭǧǣǝǲǟǧ ǥ ǣǻǯǣǱǥ ǲǭǳ 

ǮǯǭǱǼǮǭǳ Ǩǟǧ ǭ ǣǫǲǭǮǧǱǪǺǰ ǲǷǫ ǵǟǯǟǨǲǥǯǧǱǲǧǨǼǫ ǱǥǪǣǝǷǫ ǲǭǳ. Ǒǲǥ ǱǳǫǛǵǣǧǟ ǣǫǲǭǮǝǤǭǫǲǟǧ 

ǲǟ ǨǛǫǲǯǟ ǲǷǫ ǪǟǲǧǼǫ Ǩǟǧ ǳǮǭǩǭǡǝǤǣǲǟǧ ǥ ǨǟǲǣǻǦǳǫǱǥ ǲǭǳ ǠǩǛǪǪǟǲǭǰ. ǒǛǩǭǰ ǭǧ ǲǣǵǫǧǨǛǰ Ǯǭǳ 

ǟǫǟǮǲǻǵǦǥǨǟǫ ǣǫǱǷǪǟǲǼǫǭǫǲǟǧ Ǳǣ ǮǯǟǡǪǟǲǧǨǛǰ ǣǴǟǯǪǭǡǛǰ.  

Ǒǲǭ Ǣǣǻǲǣǯǭ ǨǣǴǚǩǟǧǭ ǟǫǟǩǻǣǲǟǧ ǭ ǣǫǲǭǮǧǱǪǺǰ ǲǷǫ ǵǟǯǟǨǲǥǯǧǱǲǧǨǼǫ ǱǥǪǣǝǷǫ ǲǭǳ ǮǯǭǱǼ-

Ǯǭǳ. ǒǭ ǟǯǵǧǨǺ ǱǲǚǢǧǭ Ǳǲǭ ǭǮǭǝǭ ǠǟǱǝǤǭǫǲǟǧ Ǻǩǣǰ ǭǧ ǪǛǦǭǢǭǧ Ǯǭǳ ǟǨǭǩǭǳǦǭǻǫ ǣǝǫǟǧ ǥ ǣǻǯǣ-

Ǳǥ ǲǷǫ ǮǯǭǱǼǮǷǫ Ǳǣ Ǫǧǟ ǣǧǨǺǫǟ. ǏǯǟǡǪǟǲǭǮǭǧǣǝǲǟǧ Ǫǧǟ ǟǫǟǱǨǺǮǥǱǥ Ǳǲǧǰ ǨǳǯǧǺǲǣǯǣǰ Ǩǟǲǥ-

ǡǭǯǝǣǰ ǲǣǵǫǧǨǼǫ Ǯǭǳ ǵǯǥǱǧǪǭǮǭǧǭǻǫǲǟǧ ǡǧǟ ǲǭ ǱǨǭǮǺ ǟǳǲǺ Ǩǟǧ ǣǮǧǩǛǡǣǲǟǧ ǥ ǣǮǧǨǯǟǲǛǱǲǣǯǥ 

Ǯǭǳ ǣǝǫǟǧ ǥ ǪǛǦǭǢǭǰ Viola-Jones. ǆ ǪǛǦǭǢǭǰ ǟǳǲǜ ǣǮǧǩǛǵǦǥǨǣ ǩǺǡǷ ǲǥǰ ǳǶǥǩǜǰ ǟǮǭǲǣǩǣ-

ǱǪǟǲǧǨǺǲǥǲǟǰ ǲǥǰ Ǳǣ ǣǳǦǣǝǟ ǜ ǱǵǣǢǺǫ ǣǳǦǣǝǟ ǱǲǯǟǪǪǛǫǟ ǮǯǺǱǷǮǟ, ǲǥǰ ǲǟǵǻǲǥǲǟǰ ǣǫǲǭǮǧ-

ǱǪǭǻ ǨǟǦǼǰ Ǩǟǧ ǲǥǰ ǣǳǯǣǝǟǰ ǢǧǚǢǭǱǥǰ ǲǥǰ. ǎ ǣǫǲǭǮǧǱǪǺǰ ǲǷǫ ǵǟǯǟǨǲǥǯǧǱǲǧǨǼǫ ǱǥǪǣǝǷǫ ǲǭǳ 

ǮǯǭǱǼǮǭǳ ǵǷǯǝǤǣǲǟǧ Ǳǣ Ǣǳǭ ǣǳǯǣǝǣǰ Ǩǟǲǥǡǭǯǝǣǰ, Ǫǣ ǲǥǫ ǮǯǼǲǥ ǫǟ ǟǴǭǯǚ ǟǳǲǛǰ Ǯǭǳ ǠǟǱǝǤǭ-

ǫǲǟǧ Ǳǣ ǲǭǮǧǨǚ ǵǟǯǟǨǲǥǯǧǱǲǧǨǚ Ǩǟǧ ǲǥǫ Ǣǣǻǲǣǯǥ ǟǳǲǛǰ Ǯǭǳ ǠǟǱǝǤǭǫǲǟǧ Ǳǣ ǭǩǧǱǲǧǨǚ ǪǭǫǲǛǩǟ. 

Ǒǲǥǫ ǮǯǼǲǥ Ǩǟǲǥǡǭǯǝǟ ǨǚǦǣ ǵǟǯǟǨǲǥǯǧǱǲǧǨǺ ǱǥǪǣǝǭ ǲǭǳ ǮǯǭǱǼǮǭǳ ǣǫǲǭǮǝǤǣǲǟǧ ǬǣǵǷǯǧǱǲǚ, 

ǩǟǪǠǚǫǭǫǲǟǰ ǯǥǲǚ ǳǮõǭǶǧǫ ǲǟ ǲǭǮǧǨǚ ǵǟǯǟǨǲǥǯǧǱǲǧǨǚ  ǲǭǳ ǨǚǦǣ ǱǥǪǣǝǭǳ (ǱǵǜǪǟ, ǡǣǷǪǣǲǯǝǟ, 

ǡǷǫǝǣǰ, ǵǯǼǪǟ Ǩ.ǟ.). ǒǟ ǵǟǯǟǨǲǥǯǧǱǲǧǨǚ ǱǥǪǣǝǟ Ǯǭǳ ǣǫǲǭǮǝǤǭǫǲǟǧ ǨǟǦõ ǟǳǲǺǫ ǲǭǫ ǲǯǺǮǭ 

ǣǝǫǟǧ ǲǟ ǵǣǝǩǥ, ǲǟ ǴǯǻǢǧǟ Ǩǟǧ ǲǟ ǠǩǛǴǟǯǟ. ƼǱǭǫ ǟǴǭǯǚ ǲǭǫ ǣǫǲǭǮǧǱǪǺ ǲǷǫ ǵǣǧǩǧǼǫ Ǯǯǭǲǣǝǫǣ-

ǲǟǧ Ǫǧǟ ǲǣǵǫǧǨǜ ǥ ǭǮǭǝǟ ǠǟǱǝǤǣǲǟǧ Ǳǲǥǫ ǵǯǷǪǟǲǧǨǜ ǲǭǳǰ ǮǩǥǯǭǴǭǯǝǟ Ǩǟǧ ǮǯǟǡǪǟǲǭǮǭǧǣǝ 



 

 

ǲǪǥǪǟǲǭǮǭǝǥǱǥ Ǳǣ ǱǵǛǱǥ Ǫǣ ǲǭ ǳǮǺǩǭǧǮǭ ǮǯǺǱǷǮǭ. Ǒǟǫ ǟǮǭǲǛǩǣǱǪǟ ǣǬǚǡǭǫǲǟǧ ǲǛǱǱǣǯǟ 

ǵǟǯǟǨǲǥǯǧǱǲǧǨǚ ǱǥǪǣǝǟ ǲǟ ǭǮǭǝǟ ǟǮǭǲǣǩǭǻǫ ǲǟ ǟǨǯǟǝǟ ǱǥǪǣǝǟ ǲǷǫ ǵǣǧǩǧǼǫ Ǩǟǧ ǥ ǟǮǺǢǭǱǥ 

ǲǭǳ ǟǩǡǭǯǝǦǪǭǳ ǟǬǧǭǩǭǡǣǝǲǟǧ Ǳǣ Ǣǳǭ ǠǚǱǣǧǰ ǢǣǢǭǪǛǫǷǫ. ǀǨǭǩǭǻǦǷǰ ǟǫǟǩǻǭǫǲǟǧ ǭǧ ǲǣǵǫǧǨǛǰ 

ǡǧǟ ǲǭǫ ǣǫǲǭǮǧǱǪǺ ǲǷǫ ǴǯǳǢǧǼǫ ǨǟǦǼǰ Ǩǟǧ ǲǷǫ ǠǩǣǴǚǯǷǫ Ǩǟǧ ǮǟǯǭǳǱǧǚǤǭǫǲǟǧ ǣǫǢǣǧǨǲǧǨǚ 

ǟǮǭǲǣǩǛǱǪǟǲǟ. ǆ Ǣǣǻǲǣǯǥ Ǩǟǲǥǡǭǯǝǟ ǟǴǭǯǚ ǲǥǫ ǣǬǟǡǷǡǜ ǲǷǫ ǵǟǯǟǨǲǥǯǧǱǲǧǨǼǫ ǱǥǪǣǝǷǫ 

ǪǛǱǷ ǭǩǧǱǲǧǨǼǫ ǪǭǫǲǛǩǷǫ Ǩǟǧ ǵǯǥǱǧǪǭǮǭǧǭǻǫ ǲǭ Ǳǻǫǭǩǭ ǲǷǫ ǱǥǪǣǝǷǫ, ǱǳǪǮǣǯǧǩǟǪǠǟǫǭǪǛ-

ǫǭǳ ǲǷǫ ǱǵǣǲǧǨǼǫ ǲǭǳǰ ǦǛǱǣǷǫ. ǀǫǟǴǛǯǭǫǲǟǧ ǭǧ Ǯǧǭ ǢǧǟǢǣǢǭǪǛǫǣǰ ǪǛǦǭǢǭǧ Ǩǟǧ ǟǫǟǩǻǣǲǟǧ Ǳǣ 

ǠǚǦǭǰ ǥ ǪǛǦǭǢǭǰ ǲǷǫ Constrained Local Models (CLM), ǥ ǭǮǭǝǟ ǵǯǥǱǧǪǭǮǭǧǣǝǲǟǧ Ǩǟǧ Ǳǣ 

ǣǮǺǪǣǫǟ ǨǣǴǚǩǟǧǟ ǲǥǰ ǢǧǟǲǯǧǠǜǰ.  

Ǒǲǭ ǲǯǝǲǭ ǨǣǴǚǩǟǧǭ ǮǣǯǧǡǯǚǴǣǲǟǧ ǟǫǟǩǳǲǧǨǚ ǥ ǮǯǭǲǣǧǫǺǪǣǫǥ ǪǛǦǭǢǭǰ ǡǧǟ ǲǭǫ ǟǨǯǧǠǜ ǣǫǲǭ-

ǮǧǱǪǺ Ǩǟǧ ǲǥǫ ǮǟǯǟǨǭǩǭǻǦǥǱǥ ǲǷǫ ǨǛǫǲǯǷǫ ǲǷǫ ǪǟǲǧǼǫ. ǀǯǵǧǨǚ ǮǯǟǡǪǟǲǭǮǭǧǣǝǲǟǧ ǠǧǠǩǧǭ-

ǡǯǟǴǧǨǜ ǟǫǟǱǨǺǮǥǱǥ Ǳǣ ǮǟǯǺǪǭǧǣǰ ǪǣǦǺǢǭǳǰ ǭǧ ǭǮǭǝǣǰ ǵǯǥǱǧǪǭǮǭǧǭǻǫ Ǫǝǟ ǱǳǫǥǦǧǱǪǛǫǥ 

ǨǚǪǣǯǟ Ǩǟǧ ǴǳǱǧǨǺ ǴǷǲǧǱǪǺ. ǆ ǮǯǭǲǣǧǫǺǪǣǫǥ ǪǛǦǭǢǭǰ ǵǯǥǱǧǪǭǮǭǧǣǝ ǵǯǷǪǟǲǧǨǜ ǮǩǥǯǭǴǭ-

ǯǝǟ ǼǱǲǣ ǫǟ ǣǬǚǡǣǧ òǵǚǯǲǣǰ Ǫǟǲǧǭǻó Ǳǲǭǳǰ ǭǮǭǝǭǳǰ ǭǧ ǮǣǯǧǭǵǛǰ ǲǷǫ ǪǟǲǧǼǫ ǣǝǫǟǧ Ǯǧǭ Ǜǫǲǭǫǟ 

ǢǧǟǨǯǧǲǛǰ. ǀǨǭǩǭǻǦǷǰ ǣǴǟǯǪǺǤǣǲǟǧ Ǜǫǟǰ ǪǣǲǟǱǵǥǪǟǲǧǱǪǺǰ ǟǨǲǧǫǧǨǜǰ ǱǳǪǪǣǲǯǝǟǰ Ǳǲǭǳǰ 

òǵǚǯǲǣǰ Ǫǟǲǧǭǻó ǺǮǷǰ Ǩǟǧ Ǳǲǥǫ ǟǯǵǧǨǜ ǣǧǨǺǫǟ, ǭ ǭǮǭǝǭǰ Ǩǚǫǣǧ ǲǟ ǨǛǫǲǯǟ ǲǷǫ ǪǟǲǧǼǫ ǫǟ 

ǬǣǵǷǯǝǱǭǳǫ ǧǱǵǳǯǚ. ǎ ǟǩǡǺǯǧǦǪǭǰ ǣǫǲǭǮǧǱǪǭǻ ǲǷǫ ǨǛǫǲǯǷǫ ǲǷǫ ǪǟǲǧǼǫ ǭ ǭǮǭǝǭǰ ǟǮǭǲǣǩǣǝ 

Ǩǟǧ ǲǭǫ Ǯǳǯǜǫǟ ǲǥǰ ǮǟǯǭǻǱǟǰ ǣǯǡǟǱǝǟǰ ǮǟǯǭǳǱǧǚǤǣǧ ǟǳǬǥǪǛǫǥ ǟǮǺǢǭǱǥ Ǳǣ ǱǵǛǱǥ Ǫǣ ǲǭǳǰ 

ǳǮǚǯǵǭǫǲǣǰ ǟǩǡǺǯǧǦǪǭǳǰ Ǳǲǥ ǠǧǠǩǧǭǡǯǟǴǝǟ. ǆ ǟǮǺǢǭǱǥ ǲǥǰ ǪǣǦǺǢǭǳ ǢǭǨǧǪǚǤǣǲǟǧ Ǳǣ Ǣǧǟ-

ǴǭǯǣǲǧǨǛǰ ǣǳǯǛǷǰ ǢǧǟǦǛǱǧǪǣǰ ǠǚǱǣǧǰ ǢǣǢǭǪǛǫǷǫ Ǩǟǧ ǱǳǡǨǯǝǫǣǲǟǧ Ǫǣ ǟǫǲǝǱǲǭǧǵǣǰ ǪǣǦǺǢǭǳǰ. 

ǀǨǭǩǭǻǦǷǰ ǣǬǣǲǚǤǣǲǟǧ ǥ ǟǫǦǣǨǲǧǨǺǲǥǲǟ ǲǥǰ ǪǣǦǺǢǭǳ Ǳǣ ǪǣǲǟǠǭǩǛǰ ǲǭǳ ǮǯǭǱǟǫǟǲǭǩǧǱǪǭǻ 

ǲǭǳ ǨǣǴǟǩǧǭǻ ǨǟǦǼǰ Ǩǟǧ Ǳǣ ǢǧǟǴǭǯǣǲǧǨǛǰ ǱǳǫǦǜǨǣǰ ǴǷǲǧǱǪǭǻ. ƹǵǭǫǲǟǰ Ƿǰ ǢǣǢǭǪǛǫǭ ǲǟ ǨǛ-

ǫǲǯǟ ǲǷǫ ǪǟǲǧǼǫ Ǯǯǭǲǣǝǫǭǫǲǟǧ ǲǯǣǧǰ ǲǣǵǫǧǨǛǰ ǡǧǟ ǲǭǫ ǣǫǲǭǮǧǱǪǺ ǲǭǳ ǮǣǯǧǡǯǚǪǪǟǲǭǰ ǲǥǰ ǝǯǧ-

Ǣǟǰ Ǩǟǧ ǱǳǡǨǯǝǫǭǫǲǟǧ ǭǧ ǟǮǭǢǺǱǣǧǰ ǲǭǳǰ. ǒǛǩǭǰ, Ǫǣ ǱǨǭǮǺ ǲǥǫ ǣǨǪǣǲǚǩǩǣǳǱǥ ǲǥǰ ǵǯǭǫǧǨǜǰ 

ǮǩǥǯǭǴǭǯǝǟǰ Ǯǭǳ ǮǯǭǨǻǮǲǣǧ ǟǮǺ ǲǥǫ ǟǩǩǥǩǭǳǵǝǟ ǲǷǫ ǨǟǯǛ, Ǯǯǭǲǣǝǫǣǲǟǧ Ǫǧǟ ǪǛǦǭǢǭǰ Ǯǟǯǟ-

ǨǭǩǭǻǦǥǱǥǰ ǲǷǫ ǨǛǫǲǯǷǫ ǲǷǫ ǪǟǲǧǼǫ. ǂǧǟ ǲǭ ǱǨǭǮǺ ǟǳǲǺ ǵǯǥǱǧǪǭǮǭǧǭǻǫǲǟǧ Ǵǝǩǲǯǟ Kalman 

ǲǟ ǭǮǭǝǟ ǮǣǯǧǡǯǚǴǭǫǲǟǧ ǟǫǟǩǳǲǧǨǚ Ǩǟǧ ǯǳǦǪǝǤǭǫǲǟǧ ǭǧ ǢǧǚǴǭǯǭǧ ǮǟǯǚǪǣǲǯǭǧ. ǆ ǟǮǭǲǣǩǣ-

ǱǪǟǲǧǨǺǲǥǲǟ ǲǥǰ ǪǣǦǺǢǭǳ ǮǟǯǟǨǭǩǭǻǦǥǱǥǰ ǟǬǧǭǩǭǡǣǝǲǟǧ Ǳǣ ǢǧǟǦǛǱǧǪǣǰ ǠǚǱǣǧǰ ǢǣǢǭǪǛǫǷǫ 

Ǩǟǧ ǣǬǚǡǭǫǲǟǧ ǱǳǪǮǣǯǚǱǪǟǲǟ.     

Ǒǲǭ ǲǛǲǟǯǲǭ ǨǣǴǚǩǟǧǭ ǮǟǯǭǳǱǧǚǤǭǫǲǟǧ ǭǧ ǲǣǵǫǧǨǛǰ ǡǧǟ Ǫǥ ǣǮǣǪǠǟǲǧǨǜ ǮǟǯǟǨǭǩǭǻǦǥǱǥ ǲǥǰ 

ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ ǠǩǛǪǪǟǲǭǰ. ǀǯǵǧǨǚ ǡǝǫǣǲǟǧ ǟǫǟǴǭǯǚ Ǳǲǟ ǟǫǲǝǱǲǭǧǵǟ ǣǪǮǭǯǧǨǚ ǱǳǱǲǜǪǟǲǟ 

Ǯǭǳ ǵǯǥǱǧǪǭǮǭǧǭǻǫ ǣǬǣǧǢǧǨǣǳǪǛǫǭ ǣǬǭǮǩǧǱǪǺ Ǩǟǧ ǨǟǲǺǮǧǫ ǡǝǫǣǲǟǧ ǟǫǟǱǨǺǮǥǱǥ Ǳǲǥǫ ǟǫǲǝ-

Ǳǲǭǧǵǥ ǠǧǠǩǧǭǡǯǟǴǝǟ ǲǷǫ ǱǳǱǲǥǪǚǲǷǫ Ǯǭǳ ǠǟǱǝǤǭǫǲǟǧ Ǳǣ Ǫǧǟ ǨǚǪǣǯǟ Ǩǟǧ ǴǳǱǧǨǺ ǴǷǲǧǱǪǺ. ǆ 

ǟǯǵǧǲǣǨǲǭǫǧǨǜ ǲǭǳ ǱǳǱǲǜǪǟǲǭǰ Ǯǭǳ Ǯǯǭǲǣǝǫǣǲǟǧ ǢǧǟǵǷǯǝǤǣǧ ǲǟ ǱǥǪǣǝǟ ǲǭǳ ǮǯǭǱǼǮǭǳ Ǯǭǳ 

ǣǫǲǭǮǝǤǭǫǲǟǧ Ǳǣ Ǣǳǭ Ǩǟǲǥǡǭǯǝǣǰ; Ǳǣ ǨǧǫǭǻǪǣǫǟ Ǩǟǧ Ǳǣ ǱǲǟǦǣǯǚ. ǒǟ ǨǧǫǭǻǪǣǫǟ ǱǥǪǣǝǟ ǟǮǟǯǲǝ-

Ǥǭǫǲǟǧ ǟǮǺ ǲǟ ǨǛǫǲǯǟ ǲǷǫ ǪǟǲǧǼǫ Ǩǟǧ ǲǟ ǚǫǷ ǠǩǛǴǟǯǟ, ǭ ǣǫǲǭǮǧǱǪǺǰ ǲǷǫ ǭǮǭǝǷǫ ǮǣǯǧǡǯǚǴǣ-

ǲǟǧ Ǳǲǟ ǮǯǭǥǡǭǻǪǣǫǟ ǨǣǴǚǩǟǧǟ. ǒǟ ǱǲǟǦǣǯǚ ǱǥǪǣǝǟ ǟǴǭǯǭǻǫ ǱǥǪǣǝǟ ǮǚǫǷ Ǳǲǭ ǮǯǺǱǷǮǭ ǲǟ 

ǭǮǭǝǟ ǣǝǫǟǧ ǣǻǨǭǩǭ Ǩǟǧ ǟǬǧǺǮǧǱǲǭ ǫǟ ǮǟǯǟǨǭǩǭǳǦǥǦǭǻǫ Ǫǣ ǟǨǯǝǠǣǧǟ Ǳǲǥǫ ǟǩǩǥǩǭǳǵǝǟ ǲǷǫ 

ǨǟǯǛ ǩǺǡǷ ǲǥǰ ǣǪǴǚǫǧǱǥǰ ǲǭǳǰ Ǩǟǧ ǵǯǥǱǧǪǣǻǭǳǫ Ƿǰ ǱǥǪǣǝǟ ǟǫǟǴǭǯǚǰ. ǒǟ ǢǧǟǫǻǱǪǟǲǟ Ǯǭǳ 

ǱǵǥǪǟǲǝǤǭǫǲǟǧ ǪǣǲǟǬǻ ǲǷǫ ǱǲǟǦǣǯǼǫ Ǩǟǧ ǨǧǫǭǻǪǣǫǷǫ ǱǥǪǣǝǷǫ ǟǫǲǧǮǯǭǱǷǮǣǻǭǳǫ ǲǥǫ ǦǛǱǥ Ǩǟǧ 

ǨǝǫǥǱǥ ǲǭǳ Ǫǟǲǧǭǻ ǪǛǱǟ Ǳǲǥǫ ǨǺǡǵǥ. ǆ ǦǛǱǥ ǟǳǲǜ ǲǷǫ ǪǟǲǧǼǫ ǟǫǲǧǱǲǭǧǵǝǤǣǲǟǧ Ǳǲǧǰ Ǳǳǫǲǣ-

ǲǟǡǪǛǫǣǰ ǲǥǰ ǭǦǺǫǥǰ ǪǛǱǷ Ǫǧǟ ǢǧǟǢǧǨǟǱǝǟ ǠǟǦǪǭǫǺǪǥǱǥǰ. ǒǭ ǮǯǭǲǣǧǫǺǪǣǫǭ ǱǻǱǲǥǪǟ ǢǭǨǧ-

ǪǚǤǣǲǟǧ Ǳǣ Ǫǧǟ ǠǚǱǥ ǢǣǢǭǪǛǫǷǫ ǥ ǭǮǭǝǟ ǟǮǟǯǲǝǤǣǲǟǧ ǟǮǺ ǢǼǢǣǨǟ ǱǳǪǪǣǲǛǵǭǫǲǣǰ ǨǟǦǼǰ Ǩǟǧ 



 

ix 

Ǳǣ Ǣǻǭ ǣǳǯǛǷǰ ǢǧǟǦǛǱǧǪǣǰ ǠǚǱǣǧǰ ǢǣǢǭǪǛǫǷǫ. ǆ ǟǮǺǢǭǱǥ ǲǥǰ ǮǯǭǲǣǧǫǺǪǣǫǥǰ ǪǣǦǺǢǭǳ ǟǬǧǭ-

ǩǭǡǣǝǲǟǧ Ǳǣ ǱǵǛǱǥ Ǫǣ ǚǩǩǣǰ ǪǣǦǺǢǭǳǰ Ǳǲǥ ǠǧǠǩǧǭǡǯǟǴǝǟ Ǩǟǧ Ǫǣǩǣǲǚǲǟǧ Ǩǟǧ ǥ ǣǮǧǯǯǭǜ ǲǥǰ 

ǨǝǫǥǱǥǰ ǲǭǳ ǨǣǴǟǩǧǭǻ, ǲǥǰ ǦǛǱǥǰ ǲǥǰ ǨǚǪǣǯǟǰ, ǥ ǟǮǭǲǣǩǣǱǪǟǲǧǨǺǲǥǲǟ ǢǧǟǴǭǯǣǲǧǨǼǫ ǪǭǲǝǠǷǫ 

ǠǟǦǪǭǫǺǪǥǱǥǰ ǨǟǦǼǰ Ǩǟǧ ǥ ǟǮǭǲǣǩǣǱǪǟǲǧǨǺǲǥǲǟ ǲǥǰ ǵǯǜǱǥǰ ǲǷǫ ǵǟǯǟǨǲǥǯǧǱǲǧǨǼǫ ǱǥǪǣǝǷǫ 

ǲǷǫ ǠǩǣǴǚǯǷǫ. Ǒǲǥ ǱǳǫǛǵǣǧǟ ǮǯǟǡǪǟǲǭǮǭǧǣǝǲǟǧ ǟǫǚǩǳǱǥ ǲǥǰ ǣǳǟǧǱǦǥǱǝǟǰ ǲǭǳ ǱǳǱǲǜǪǟǲǭǰ, 

ǣǬǣǲǚǤǭǫǲǟǰ ǲǥ Ǡǟǯǻǲǥǲǟ ǲǷǫ ǮǟǯǟǡǺǫǲǷǫ ǲǥǰ ǮǭǩǳǷǫǳǪǧǨǜǰ ǱǳǫǚǯǲǥǱǥǰ ǥ ǭǮǭǝǟ ǵǯǥǱǧǪǭ-

Ǯǭǧǣǝǲǟǧ ǡǧǟ ǲǥǫ ǟǫǲǧǱǲǭǝǵǥǱǥ ǨǟǦǼǰ Ǩǟǧ ǲǭǫ ǠǟǦǪǺ ǲǥǰ. Ǒǲǭ ǲǣǩǣǳǲǟǝǭ ǪǛǯǭǰ ǱǳǤǥǲǭǻǫǲǟǧ 

ǣǨǲǣǫǼǰ ǢǧǟǴǭǯǣǲǧǨǭǝ Ǯǟǯǚǡǭǫǲǣǰ Ǯǭǳ ǨǟǦǭǯǝǤǭǳǫ ǲǥǫ ǟǨǯǝǠǣǧǟ ǲǭǳ ǱǳǱǲǜǪǟǲǭǰ Ǩǟǧ ǡǝǫǣǲǟǧ 

ǱǻǡǨǯǧǱǥ Ǫǣ ǚǩǩǟ ǮǟǯǺǪǭǧǟ ǱǳǱǲǜǪǟǲǟ Ǯǭǳ ǩǣǧǲǭǳǯǡǭǻǫ ǳǮǺ ǲǧǰ ǝǢǧǣǰ ǮǯǭǹǮǭǦǛǱǣǧǰ. 

Ǒǲǭ ǮǛǪǮǲǭ ǨǣǴǚǩǟǧǭ ǮǟǯǭǳǱǧǚǤǭǫǲǟǧ ǭǧ ǣǴǟǯǪǭǡǛǰ Ǯǭǳ ǟǫǟǮǲǻǵǦǥǨǟǫ ǭǧ ǭǮǭǝǣǰ Ǜǵǭǳǫ Ƿǰ 

ǠǚǱǥ ǲǥǫ ǮǟǯǟǨǭǩǭǻǦǥǱǥ ǲǥǰ ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ ǠǩǛǪǪǟǲǭǰ. ǎǧ ǣǴǟǯǪǭǡǛǰ ǟǳǲǛǰ ǟǮǭǲǣǩǭǻǫ 

ǮǟǯǟǢǣǝǡǪǟǲǟ Ǳǲǟ ǭǮǭǝǟ ǭǧ ǮǯǭǱǣǡǡǝǱǣǧǰ Ǯǭǳ ǟǮǟǧǲǭǻǫ ǣǬǣǧǢǧǨǣǳǪǛǫǭ ǣǬǭǮǩǧǱǪǺ Ǣǣ ǪǮǭ-

ǯǭǻǫ ǫǟ ǣǴǟǯǪǭǱǲǭǻǫ.  ǆ ǮǯǼǲǥ ǣǴǟǯǪǭǡǜ ǠǟǱǝǤǣǲǟǧ Ǳǲǭǫ ǮǩǥǦǭǮǭǯǧǱǪǺ (crowdsourcing) 

ǲǥǰ ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ ǠǩǛǪǪǟǲǭǰ.  ǋǛǱǷ Ǫǧǟǰ ǮǩǟǲǴǺǯǪǟǰ ǮǩǥǦǭǮǭǯǧǱǪǭǻ ǨǟǲǟǡǯǚǴǣǲǟǧ 

Ǩǟǧ ǳǮǭǩǭǡǝǤǣǲǟǧ ǥ ǨǟǲǣǻǦǳǫǱǥ ǲǭǳ ǠǩǛǪǪǟǲǭǰ ǟǮǭǪǟǨǯǳǱǪǛǫǷǫ ǵǯǥǱǲǼǫ, ǭǧ ǭǮǭǝǭǧ ǵǯǥǱǧ-

ǪǭǮǭǧǭǻǫ ǲǥǫ ǮǯǭǱǷǮǧǨǜ ǲǭǳǰ web ǨǚǪǣǯǟ. ǆ ǮǯǭǲǣǧǫǺǪǣǫǥ ǟǯǵǧǲǣǨǲǭǫǧǨǜ ǲǭǳ ǱǳǱǲǜǪǟǲǭǰ 

ǵǷǯǝǤǣǲǟǧ Ǳǣ Ǣǻǭ ǪǛǯǥ, Ǳǲǥǫ Ǯǩǣǳǯǚ ǲǭǳ ǢǧǟǨǭǪǧǱǲǜ Ǩǟǧ Ǳǲǥǫ Ǯǩǣǳǯǚ ǲǭǳ ǵǯǜǱǲǥ. Ǒǲǥǫ 

Ǯǩǣǳǯǚ ǲǭǳ ǢǧǟǨǭǪǧǱǲǜ ǨǟǲǟǡǯǚǴǣǲǟǧ Ǩǟǧ ǟǫǟǩǻǣǲǟǧ ǲǭ Ǡǝǫǲǣǭ ǲǭǳ ǵǯǜǱǲǥ ǣǫǼ Ǳǲǥǫ Ǯǩǣǳǯǚ 

ǲǭǳ ǵǯǜǱǲǥ ǨǟǲǟǡǯǚǴǭǫǲǟǧ ǭǧ ǦǛǱǣǧǰ Ǳǲǥǫ ǭǦǺǫǥ Ǳǲǧǰ ǭǮǭǝǣǰ ǭ ǵǯǜǱǲǥǰ Ǯǟǲǚǣǧ ǲǭ ǨǭǳǪǮǝ 

ǲǭǳ ǮǭǫǲǧǨǧǭǻ. ǆ ǢǧǟǢǧǨǟǱǝǟ ǳǮǭǩǭǡǧǱǪǭǻ ǲǥǰ ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ ǠǩǛǪǪǟǲǭǰ ǡǝǫǣǲǟǧ Ǳǣ ǣǮǺ-

Ǫǣǫǭ ǵǯǺǫǭ ǵǯǥǱǧǪǭǮǭǧǼǫǲǟǰ ǲǭǫ ǟǩǡǺǯǧǦǪǭ Ǯǭǳ ǮǟǯǭǳǱǧǚǱǲǥǨǣ Ǳǲǭ ǮǯǭǥǡǭǻǪǣǫǭ ǨǣǴǚ-

ǩǟǧǭ. ǆ ǟǮǺǢǭǱǥ ǲǭǳ ǱǳǱǲǜǪǟǲǭǰ ǳǮǭǩǭǡǝǤǣǲǟǧ ǮǣǧǯǟǪǟǲǧǨǚ Ǩǟǧ ǣǬǚǡǭǫǲǟǧ ǱǳǪǮǣǯǚǱǪǟǲǟ. 

ǆ Ǣǣǻǲǣǯǥ ǣǴǟǯǪǭǡǜ ǟǴǭǯǚ ǲǥǫ ǱǳǱǵǛǲǧǱǥ ǲǥǰ ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ ǠǩǛǪǪǟǲǭǰ ǣǫǺǰ ǭǢǥǡǭǻ Ǫǣ 

ǲǭǫ ǣǫǲǭǮǧǱǪǺ ǲǷǫ ǮǯǭǮǭǯǣǳǺǪǣǫǷǫ ǭǵǥǪǚǲǷǫ, Ǫǣ ǱǨǭǮǺ ǲǥǫ ǟǮǭǴǳǡǜ Ǫǧǟǰ ǮǧǦǟǫǜǰ Ǳǻ-

ǡǨǯǭǳǱǥǰ. ƹǵǭǫǲǟǰ ǜǢǥ ǮǣǯǧǡǯǚǶǣǧ ǲǥǫ ǪǛǦǭǢǭ ǡǧǟ ǲǭǫ ǳǮǭǩǭǡǧǱǪǺ ǲǥǰ ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ 

ǠǩǛǪǪǟǲǭǰ, ǮǣǯǧǡǯǚǴǣǲǟǧ ǟǫǟǩǳǲǧǨǚ ǭ ǟǩǡǺǯǧǦǪǭǰ ǡǧǟ ǲǭǫ ǣǫǲǭǮǧǱǪǺ Ǩǟǧ ǮǟǯǟǨǭǩǭǻǦǥǱǥ 

ǲǷǫ ǮǯǭǮǭǯǣǳǺǪǣǫǷǫ ǭǵǥǪǚǲǷǫ. ǆ ǪǛǦǭǢǭǰ Ǯǭǳ ǟǫǟǮǲǻǵǦǥǨǣ ǠǟǱǝǤǣǲǟǧ Ǳǲǭǫ ǣǫǲǭǮǧǱǪǺ 

ǲǷǫ ǨǺǨǨǧǫǷǫ ǴǟǫǟǯǧǼǫ ǲǭǳ ǮǯǭǮǭǯǣǳǺǪǣǫǭǳ ǭǵǜǪǟǲǭǰ. ǆ ǮǟǯǟǨǭǩǭǻǦǥǱǥ ǲǭǳ ǭǵǜǪǟǲǭǰ 

ǣǨǪǣǲǟǩǩǣǻǣǲǟǧ ǲǥǫ ǵǯǭǫǧǨǜ ǟǩǩǥǩǭǳǵǝǟ Ǩǟǧ ǟǳǬǚǫǣǧ Ǫǣ ǟǳǲǺ ǲǭǫ ǲǯǺǮǭ ǱǥǪǟǫǲǧǨǚ ǲǥǫ ǟǮǺ-

ǢǭǱǥ ǲǥǰ ǪǣǦǺǢǭǳ ǣǫǲǭǮǧǱǪǭǻ. ǆ ǟǮǭǲǣǩǣǱǪǟǲǧǨǺǲǥǲǟ ǲǷǫ ǪǣǦǺǢǷǫ ǣǫǲǭǮǧǱǪǭǻ Ǩǟǧ Ǯǟǯǟ-

ǨǭǩǭǻǦǥǱǥǰ ǟǬǧǭǩǭǡǭǻǫǲǟǧ Ǳǣ ǠǚǱǣǧǰ ǢǣǢǭǪǛǫǷǫ Ǩǟǧ ǱǳǡǨǯǝǫǭǫǲǟǧ Ǫǣ ǟǫǲǝǱǲǭǧǵǣǰ ǪǣǦǺǢǭǳǰ, 

ǮǟǯǭǳǱǧǚǤǭǫǲǟǰ ǠǣǩǲǧǷǪǛǫǥ ǟǮǺǢǭǱǥ. ǆ ǲǯǝǲǥ ǣǴǟǯǪǭǡǜ Ǯǭǳ ǟǫǟǮǲǻǵǦǥǨǣ ǟǴǭǯǚ ǲǥǫ Ǯǩǥ-

ǨǲǯǭǩǺǡǥǱǥ Ǫǣ ǲǭ ǠǩǛǪǪǟ Ǳǣ ǨǧǫǥǲǛǰ ǱǳǱǨǣǳǛǰ. ǎ Ǩǻǯǧǭǰ ǱǲǺǵǭǰ ǣǝǫǟǧ ǥ ǢǧǣǳǨǺǩǳǫǱǥ ǟǫ-

ǦǯǼǮǷǫ Ǫǣ ǨǧǫǥǲǧǨǚ ǮǯǭǠǩǜǪǟǲǟ Ǯǭǳ Ǣǣǫ ǪǮǭǯǭǻǫ ǫǟ ǮǩǥǨǲǯǭǩǭǡǜǱǭǳǫ Ǫǣ ǲǭǳǰ ǱǳǪǠǟǲǧ-

Ǩǭǻǰ ǲǯǺǮǭǳǰ. ǏǣǯǧǡǯǚǴǣǲǟǧ ǥ ǪǛǦǭǢǭǰ ǳǮǭǩǭǡǧǱǪǭǻ ǲǥǰ ǨǟǲǣǻǦǳǫǱǥǰ ǲǭǳ ǠǩǛǪǪǟǲǭǰ ǥ 

ǭǮǭǝǟ ǮǯǭǱǟǯǪǺǱǲǥǨǣ ǡǧǟ ǨǧǫǥǲǛǰ ǱǳǱǨǣǳǛǰ, ǲǭ ǮǣǯǧǠǚǩǩǭǫ Ǫǣ ǲǭ ǭǮǭǝǭ ǟǩǩǥǩǣǮǧǢǯǚ ǭ 

ǵǯǜǱǲǥǰ Ǩǟǧ ǲǭ ǩǣǬǧǨǺ Ǯǭǳ ǵǯǥǱǧǪǭǮǭǧǣǝǲǟǧ. ǒǭ ǮǣǯǧǠǚǩǩǭǫ ǮǩǥǨǲǯǭǩǺǡǥǱǥǰ ǵǯǥǱǧǪǭǮǭǧǣǝ 

ǲǛǱǱǣǯǟ Ǫǣǡǚǩǟ ǨǭǳǪǮǧǚ Ǫǣ ǮǭǩǩǟǮǩǚ ǡǯǚǪǪǟǲǟ ǲǭ ǨǟǦǛǫǟ ǲǷǫ ǭǮǭǝǭǫ ǥ Ǳǣǧǯǚ Ǫǣ ǲǥǫ ǭ-

Ǯǭǝǟ Ǯǟǲǧǭǻǫǲǟǧ ǨǟǦǭǯǝǤǣǧ ǲǥ ǩǛǬǥ Ǯǭǳ Ǧǟ ǮǩǥǨǲǯǭǩǭǡǥǦǣǝ. ǒǛǩǭǰ ǟǫǟǩǻǣǲǟǧ ǥ ǟǮǺǢǭǱǥ ǲǭǳ 

ǱǳǱǲǜǪǟǲǭǰ Ǩǟǧ ǣǬǚǡǭǫǲǟǧ ǱǳǪǮǣǯǚǱǪǟǲǟ.  
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Chapter 1  

 

Introduction  
 

 

1.1 Introduction to  Human-Computer Interaction 

The tremendous progress of computer systems over the last decades and their infiltration 

in almost every aspect of the contemporary life has inevitably induced a growing interest 

in improving interaction between humans and computers. This emerging field of Human 

Computer Interaction (HCI) aims to make interaction with computers easier, more effi-

cient, more intuitive and seamless. Except from the traditional input devices such as key-

boards and mouses, different kinds of touch sensitive surfaces, pointing devices, sensors 

and microphones offer new modalities for interaction such as speech recognition, input 

by gestures or tangible sensors. Another input modality which is lately gaining momen-

tum is eye gaze. Gaze input has been solely used so far for accessibility systems, only 

recently starting to serve as an interaction method which can be combined with other 

input modalities. Eye gaze offers a convenient and natural means of interaction without 

the requirement of physical contact.  

Except from the different input modalities, there has recently been an increasing incen-

tive from researchers who study the physical and mental world of computer users to 

study the properties of interaction. This aims at developing interfaces that will allow user 

to interact in a similar manner that human interact with each other. A fundamental shift 

from the traditional input-output architecture is currently attempted; the traditional ma-

chine-centered interaction is shifted towards human-centered interaction. The ultimate 

goal is for computers to adapt to people rather than the opposite. The newest computer 

environments envisage adapting to userõs needs and preferences through customizable 

interface agents and intelligent interfaces that will recognize and respond appropriately to 

affective and cognitive phenomena. It has been shown that the more the behavior of an 

interface agent resembles the behavior of the user, the more spontaneous and unstrained 

the user appears. In the center of this attempt, drawing form human-human interaction, 

is the study of the human face and the eye gaze. This study is located at the intersection 

of different disciplines such as computer vision, artificial intelligence, HCI, psychology 
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and cognitive sciences.  While researchers in computer vision and artificial intelligence 

are working on developing more sophisticated algorithms to recognize, extract and inter-

pret facial information, HCI and cognitive scientists are investigating the processes and 

techniques in order to develop interfaces that will exploit the richness of information 

conveyed in the human face and gaze. 

The first pillar for advancing HCI to a higher level of sophistication is the study of the 

human face. This involves the extraction and recognition of facial features which will 

enable the understanding and interpretation of facial information. Expressions of the 

face are one of the most immediate and powerful means for human beings to communi-

cate their emotions and interests. Except from the affective state, facial expressions can 

be considered as a modality which offers information about the cognitive state of the 

user such as boredom, stress or other conversational signals. Movements of the mouth 

or the eyebrows during interaction can reveal the understanding level, agreement or in-

credulity. Another category of conversational signals are syntactic displays which are used 

to stress words or clauses; for example raising or lowering the eyebrows can be used to 

give emphasis or demonstrate ignorance of something [1]. Automated systems that will 

be able to make facial expression measurements and interpret them into meaningful in-

teractions will have an enormous impact on creating affective interfaces that are aware of 

their usersõ affective and cognitive state. 

The richness of information from the human face is by no means exhausted in the facial 

expressions; information from the lips and the eyes can also contribute as complemen-

tary input modalities to the multi-modal human-computer interface. The most prominent 

case is lip reading which can drastically improve speech recognition rates. The integration 

of visual with audio information is extremely useful in adverse acoustic environments, 

assisting in disambiguating among acoustically confusable speech elements. The useful-

ness of lip movements stems from the complementary nature of the acoustic signal, ren-

dering automatic speech recognition (ASR) more robust and unsusceptible to audio deg-

radation. The combination of lip movements with the audio information mimics the 

natural interaction between humans contributing towards a multimodal interface offering 

seamless communication.  

The second pillar for advanced HCI interfaces is the study of the eye gaze. The eye gaze, 

defined as the direction where a person is looking, has the potential to become in the 

near future an extremely useful and convenient input modality. The eyes move anyway 

during the interaction with computers so the goal is to òeconomizeó on interactions (par-

ticular hand-based interactions), facilitate them and also grasp information from the eye 

movements. Moreover gaze tracking interfaces have the potential of speeding up-

interactions as the movements of the eyes are quicker than traditional means of interac-

tion. Although existing systems using gaze input are much slower than the traditional 

keyboard input their fast evolution and the use in combination with other input provide 

great possibilities. Tracking of the eye gaze also provides useful information for context-

aware systems. In the simplest form gaze direction reveals where the attention of the user 

is or the activity of the user (e.g. reading), providing context-awareness.  



Introduction 

3 

Except from the use as an input modality, the investigation of eye gaze can also be a sig-

nificant source of information for understanding various aspects of the user such as in-

terest and intention. From very early in their life, infants learn to perceive face expres-

sions and gaze direction of their caregivers [2] in order to filter out significant scenes or 

events in their surroundings. Eye movements can provide useful cues about the process-

es by which the people understand visual input and integrate it with memory and 

knowledge. More sophisticated analysis could reveal the physical (e.g. fatigue) and emo-

tional condition of the user. For this reason eye tracking is exploited for adult or child 

psychology studies, driver awareness monitoring to improve traffic safety etc. 

Given the recent progress in multi-modal user interfaces composed of gaze, speech, ges-

ture, context and affect, it seems feasible to design interaction environments which do 

not impose themselves as computer environments but rather have a much more natural 

felling associated with them. 

 

1.2 Motivation 

"What if eye trackers could be downloaded and used im-

mediately with standard cameras connected to a computer, 

without the need for an expert to setup the system?" 

- D.W. Hansen et al [3] 

 

The above mentioned phrase is the epitome of non-invasive and accessible to all gaze 

tracking1. Gaze tracking òin the wildó is a highly sought after goal, given that most com-

puter devices such as mobile phones or laptops come with built-in cameras. The devel-

opment of a ubiquitous gaze tracking system using a standard camera without any other 

dedicated equipment could make gaze tracking accessible to the wide public, offering 

new possibilities and ameliorating the existing interaction with computers. The detection 

of facial features using only a standard camera also comprises an area of great interest 

and a lot of research has been done in this direction over the last years. A typical example 

is the increasing number of mobile phone applications that have emerged and exploit 

facial features to add 3D-graphics and visual effects to the face.  

                                                 

1 Eye tracking is the process of measuring either the point of gaze (where one is looking) or the 
motion of an eye relative to the head [4] Eye Tracking. Available: 
https://en.wikipedia.org/wiki/Eye_tracking. In the current work when referring to the term eye 
detection or eye localization we denote the detection of the position of the eye centers relative to the 
head, while eye tracking is the tracking of the detected eye centers throughout an image sequence. 
The term gaze tracking denotes the estimation of the point of gaze or gaze direction. An eye tracker 
is the device for measuring the point of gaze (an eye tracker performs gaze tracking and not eye 
tracking). The terms gaze tracking, gaze monitoring and gaze estimation are used interchangeably in the 
present document. 
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Despite the great progress in facial feature detection and gaze tracking using standard 

webcams, a lot of work remains to be done. Avoiding the use of dedicated hardware and 

special setups (e.g. IR light emitters for eye tracking and markers on the face for facial 

feature detection), makes the problem much more difficult and requires robust methods 

capable of handling changes in image quality, face movements and deformations. Both 

facial feature detection and gaze tracking are highly susceptible to movements of the 

face, which comprises one of the major challenges of the field.   

The ultimate objective is to build fast, accurate and reliable methods for facial features 

detection and gaze tracking without any special setup and without imposing constraints 

to the user. With the vision of ubiquitous computing, all the methods developed in the 

scope of the current work use images and videos acquired using standard digital video 

camcorders under natural illumination. 

 

1.3 Structure of the thesis 

In order to achieve gaze direction estimation which constitutes the main objective of the 

thesis, the problem must be divided into the following sub-components; face detection, 

extraction of facial features, localization and tracking of eye centers and tracking of gaze. 

Based on these sub-components, the thesis is structured in four corresponding parts, 

where each part requires the knowledge from the preceding parts: 

In Chapter 2 the procedure for extracting facial features in frontal and near-frontal faces 

is described. The initial step of face detection on which all preceding procedures depend 

on is first presented. A review of the basic categories of approaches and the most promi-

nent works in each category are described. Among the available face detection techniques 

examined, the Viola-Jones method was selected due to its high performance, prevalence 

and availability on almost all major programming platforms. The detection of facial fea-

tures on the detected faces is divided in two broad categories, namely local features-based 

methods and model-based methods. In the former category each facial point is explicitly 

extracted without drawing information from the holistic appearance of the face, their 

relative positions and form. The facial features which were detected using this technique 

are the lips, the eyebrows and the eyelids. The detection of the centers of the eyes and 

the irises is extensively analyzed in the following chapters. Regarding the detection of the 

lips, after the most typical techniques are revised, an approach using color information is 

described for segmenting the lip areas. Four keypoints representing the extreme points of 

the lips are computed and the performance of the proposed technique is evaluated on 

two databases. The approaches developed for the detection of the eyebrows and the de-

tection of the eyelids are subsequently detailed and some qualitative results are presented. 

In the latter category of model-based methods the ensemble of the facial points and their 

relative positions are considered. The most pronounced model-based techniques are re-

viewed and the Constrained Local Models (CLM) method which was used in many of 

our experiments is meticulously described. Finally for the specific method results are 

drawn. 
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In Chapter 3 the proposed approach for eye center localization and tracking is described 

analytically. At first the previous works in the area of eye localization using a single cam-

era under natural illumination are revised. The proposed method uses color information 

to build eye maps which highlight the iris region and radial symmetry to accurately pin-

point the eye centers. The steps for building the eye maps are explained and the fast radi-

al symmetry transform which comprises one of the core algorithms of our approach is 

detailed. The performance of the method proposed is evaluated in several publicly avail-

able databases and is compared with state-of-the-art algorithms for eye localization. Sub-

sequently, the resilience of the method with respect to pose and illumination variations is 

evaluated and the sensitivity analysis of the methodsõ parameters is performed. Given the 

position of the detected eye centers three different methods developed for estimating the 

contour of the irises are evaluated and compared. Finally the incorporation of eye center 

tracking in order to exploit the temporal information is examined. The Kalman filter 

tracking is described and the parameters tuned in the frames of the specific application 

are given. The efficiency of tracking is assessed publicly available databases and in the last 

paragraph conclusions are drawn.  

In Chapter 4 the problem of unobtrusive gaze monitoring is addressed. At first the exist-

ing commercially available technologies are briefly presented and the prerequisites for the 

optimal gaze tracking system are defined. A literature review of the related works using a 

single camera under natural illumination is subsequently presented. In the following par-

agraphs information pertaining to the field of view and the assumptions used in our 

model are given. The proposed system architecture separates the face proportions that 

are detected and tracked in two categories; moving points and anchor points.  The mov-

ing points are the eye centers and the upper eyelids, the detection of which is described 

in previous chapters. The anchor points concern arbitrary points on the face that are 

stable and used as reference points. The technique for defining them and tracking them 

throughout the frame sequence is described. Subsequently, the features extracted from 

the moving-anchor points pairs and their mapping into screen coordinates is presented. 

The experimental setup and the procedures used are then defined. The proposed system 

is evaluated on 12 test subjects, as well as on several publicly available gaze databases. 

The performance results of our system on the gaze databases are also compared against 

other approaches. The influence of different calibration configurations and different de-

grees of head movements are studied, as well as the effectiveness of the eyelid features. 

The sensitivity of the modelõs parameters is analyzed with respect to the weighting of the 

features, the effect of feature normalization and the performance of different regression 

models used for mapping the features into screen coordinates. In the final sections sev-

eral important aspects are discussed and the performance of other approaches in the 

same context using different restrictions and conditions is shown.  

In Chapter 5 the applications developed that exploit gaze tracking technologies are de-

scribed. All applications rely on a single, remotely located camera under unconstrained 

lighting conditions. The first application is gaze crowdsourcing; it involves the estimation 

of gaze direction of a user in a crowdsourcing context, using only their personal webcam. 

Previous works in the field are summarized and the proposed framework is described. 
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The framework is divided in the server side where the video is recorded and analyzed 

and in the user side which captures the positions on the screen on which the user is click-

ing. The crowdsourcing campaign is described with respect to the task that the users 

have to perform and the screening of the conditions of the userõs environment which 

determine the suitability for monitoring the gaze. The performance of the developed 

application is evaluated in terms of gaze accuracy and conclusions are derived. The sec-

ond application of gaze tracking is its correlation with preceding vehicle detection for 

collision avoidance. Having described the gaze tracking in the previous chapters, the 

method developed for vehicle detection and tracking is detailed. After reviewing the liter-

ature techniques reporting of preceding vehicle detection, the proposed method which 

relies on the detection of the vehicleõs rear lights is presented. The method for detecting 

the rear lights involves the segmentation of red objects, morphological processing of 

these objects and symmetry check. The experimental evaluation of the method measures 

the detection performance and comparison with other counterparts for vehicle detection. 

In the next chapter, temporal information is exploited in order to perform vehicle track-

ing and increase the robustness and consistency of the algorithm in a frame sequence. 

The improvement gained using tracking of the detected vehicles is evaluated in test da-

tasets. The third application involves typing in mobile devices using gaze. The motivation 

of the specific mobile application is introduced and the related works of gaze tracking in 

mobile devices are revised. Except from the gaze tracking implementation which was 

based on the procedure described in Chapter 4 the implementation of the typing inter-

face and the dictionary used is detailed. The typing interface employs large ôambiguousõ 

keys for typing and the dictionary presents important assets which render it suitable for 

the specific application. The particularities of the implementation of gaze tracking in a 

mobile device are subsequently presented. Finally, the system is qualitatively evaluated 

and concluding remarks are made. 

Finally, Chapter 6 draws conclusions, summarizes the contribution of the thesis and pro-

vides future research directions which may rely on the grounds of the current work. 
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Chapter 2  

 

Extraction of Facial Features 
 

2.1 Introduction  

Accurate facial feature detection (also known as face landmarking) is an important opera-

tion that makes face analysis feasible, revealing information about the emotional and 

cognitive state, the focus of attention and other characteristics of a person. It also consti-

tutes the basis for many other tasks such as face recognition, face registration, face ani-

mation, visual speech recognition and many more. Facial features detection and tracking 

is a popular research topic that has been pursued for over two decades, but it was not 

until recently that various approach have reached the level of sophistication needed in 

order to be robust and that processors are fast enough, making the building of commer-

cial applications possible. Despite the plethora of works, the problem of facial feature 

detection remains active, requiring increasingly robust algorithms in order to confront a 

number of confounding factors such as out-of-plane rotations, occlusions and different 

facial expressions. 

The term of facial features (or face landmarks) refers to facial points such as eye corners, 

tip of nose, end points of eyebrows and mouth corners, rather than entire facial compo-

nents (mouth, nose, eyebrows, chin etc). The facial features can be conveniently divided 

into primary and secondary, although their distinction is not always well defined. This 

distinction is based on their detection reliability and their importance in face analysis. 

Primary landmarks include the corners of the eyes, the corners of the mouth, the nose tip 

and the ends of the eyebrows while secondary landmarks comprise among others the 

nostrils, the chin contours and mid points on mouth, eyebrows and eyes.   

The categorization of facial detection techniques is based on the type of the information 

used and the methodology used. We roughly divide these techniques in two categories, 

local feature-based and model-based techniques. Local feature-based methods aim to find specific 

landmarks without considering holistic information and using only the information 

around each landmark. Model-based methods, also known as shape-based methods, con-

sider the whole face image and the ensemble of face landmarks which form a specific 

face shape. The face shape and appearance is learned from annotated training images. 



2.2 Face detection 

 

The techniques in the two categories are not mutually exclusive and they are often com-

bined to take advantage of the characteristics of both (hybrid approaches).  

 

2.2 Face detection 

One of the fundamental techniques that enable natural human-machine interaction is 

face detection. It comprises the cornerstone to all facial analysis algorithms, face recogni-

tion and authentication, emotion analysis, gender and age recognition, gaze tracking and 

many more. Similar to many computer vision problems, face detection is a visual task 

that humans can do effortlessly while for computers it comprises a highly sophisticated 

task and one of the most studied fields in the past few decades. The problem of face 

detection can be defined as the detection and localization of an unknown number of 

faces, given a still image or video frame. The solution to the face detection problem in-

volves segmentation, extraction and verification of faces (and possibly of facial features) 

in an uncontrolled environment under different poses and illumination conditions.  

It is very interesting to see that face detection techniques are increasingly ôinvadingõ real-

world applications and products. For instance, most digital cameras nowadays have built-

in face detectors which help the camera to perform auto-focus and auto-exposure. Digi-

tal management software and social networks have face detectors in order to help users 

tag and organize photo collections.    

The past decade significant progress has been made in the field of face detection. The 

seminal work of Viola and Jones in 2001 [5] comprises a landmark for face detection, 

making it feasible for real world applications, paving the way for its integration in com-

mercial consumer electronic products and services. Although hundreds of approaches 

have been reported ever since [6], reporting comparable or in many cases even better 

results, the Viola-Jones face detector remains among the state-of-the-art techniques for 

frontal face detection.  

 

2.2.1 Related Work 

Face detection techniques require a priori knowledge of the face characteristics and can be 

broadly organized into two categories distinguished by the way the face knowledge is 

utilized; feature-based and appearance-based [7]. The approaches in the first category make 

explicit use of the face characteristics and low level features are derived prior to 

knowledge-based analysis. In this category of techniques the face detection task is ac-

complished by manipulating distances, angles and area measurements of the visual fea-

tures derived from the images. The prominent properties of skin color and face geometry 

are most commonly exploited, while in many cases facial features (such as eyes, mouth 

etc) are extracted prior to detecting the whole face and are used to indicate the presence 

of a face. The second category of appearance-based methods takes advantage of the current 

advances in the field of pattern recognition and the exponential growth in computer pro-
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cessor speeds, treating the face detection problem as a general pattern recognition prob-

lem. Appearance-based methods incorporate face knowledge implicitly by using the intensi-

ty distribution or filter responses of the face area to train a system without feature deriva-

tion and analysis. 

Feature-based methods can be further divided in three sub-categories. The first sub-

category of techniques, which also precede other approaches, employs low level features. 

The segmentation of these features uses grayscale or color pixel properties. Initiatory 

works such as [8] uses edge information in order to trace the face outline. Edge-based 

techniques have also been used with the aim to extract facial features [9]. Color infor-

mation has been extensively used for the task of face detection, usually after transfor-

mation to different color spaces. Since the main variation in the skin appearance is due to 

luminance changes, normalized color spaces [10] or chrominance-only information from 

color spaces [11] is most often used. Many different color spaces have been used for the 

face detection task, including normalized RGB, HSV, YCbCr, YUV, CIE-xyz, L*a*b* 

and many more [7]. Upon availability of an image sequence, motion segmentation can be 

used [10]. Symmetry information which is a prominent characteristic in frontal and near-

frontal face images has also been exploited [12, 13]. The second sub-category involves 

higher level features which aim to address the ambiguity of low level features (e.g. in face 

detection using color segmentation background objects of similar color distribution may 

also be detected). These approaches are mostly based on face geometry or on the relative 

positions of the individual facial features. The pair of eyes is the most common feature 

searched for throughout the literature [14]. Other features include the nose, mouth and 

eyebrows [15], the outline of the head and the body [16]. The third sub-category employs 

active shape models which represent the physical appearance of the features. Once ini-

tialized within a close proximity to a feature, an active shape model interacts with the 

local features and deforms gradually to take the shape of the feature. One of the most 

popular types of active shape models are the active contour models or snakes which are 

commonly used to locate the head boundary [17]. The evolution of a snake is achieved 

by minimizing an internal and an external energy function and its evolution includes ei-

ther shrinking or expanding. The concept of snakes was improved by Yuille at al. [18] in 

order to increase its reliability by incorporating global information. The deformation 

mechanism of deformable templates involves the steepest gradient descent minimization 

of a combination of external energy of valley, edge, peak and image brightness. More 

recent research of deformable templates mainly intend to reduce the processing time, 

modify the template and consider different energy terms [19]. Finally, point distribution 

models, which are compact parameterized descriptors of the shape, based upon statistics, 

have been also used [20]. 

Pertaining to the appearance-based methods, the benchmark work of Viola and Jones[5, 21], 

is regarded as the most pronounced work in the field of face detection, motivating many 

researchers ever since. The main ideas in [5] which enabled the real time detection with 

high accuracy rates are the integral image, the classifier learning with AdaBoost and the 

cascade structure. They use Haar-like rectangular features which are simple yet provide 

very good performance for building frontal face detectors (Figure 2.1). Lienhart and 
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Maydt [22] generalized the Haar features of [5] by introducing 45o rotated rectangular 

features and center-surround features. Mita et al. [23] proposed joint Haar-like features 

which rely on the co-occurrence of multiple such features. The authors claimed that such 

features capture better the characteristics of the human face, rendering the detection 

more accurate. Jones and Viola [24] also introduced diagonal features which also give the 

potential to capture faces with different rotations. Another set of well-known features 

which are very effective for face detection tasks are Local Binary Patterns (LBP) [25]. 

Other techniques for appearance-based face detection rely on regional statistics such as his-

tograms. In the work of Levi et al. [26] local edge orientation histograms are used to 

compute the histogram of edges in sub-regions of the image. The orientation histograms 

are largely invariant to global illumination changes, and they are capable of capturing 

geometric properties of faces that are difficult to capture with linear edge filters such as 

Haar-like features. Other popular approaches include features such as histogram of ori-

ented gradients (HOG) [27] and filters such as Gabor, Laplacian or Gaussian [28].  

  

Figure 2.1 Illustration of Haar-like rectangular features 

Boosting learning algorithms combine many ôweakõ classifiers, each with moderate accu-

racy in order to reach the final decision [29] and comprise the most popular learning 

schemes for face detection. Many variations of the classic AdaBoost approach [5] have 

been reported including RealBoost [30],  GentleBoost [31], Boosting chains [32], Asym-

metric boosting [33] and multiple classifier boosting [34]. Except from boosting tech-

niques, other learning schemes, the most prominent of which being SVMs [35] and Neu-

ral networks [36] have been reported. SVMs are known as maximum margin classifiers as 

they maximize the geometric margin between different categories. Multi-view face detec-

tion using SVM classifiers have been explored in many works such as [37, 38], but it still 

remains unclear if SVM based face detectors can outperform those that learn through 

boosting.  A convolutional neural structure was proposed in [39], where problem-specific 

features are derived automatically from the training examples, without explicitly defining 

what kind of features to extract. Multi-view face detection using convolutional neural 

networks was also studied in [40], achieving performance similar to the ones using boost-

ing techniques. 

A detailed overview of face detection approaches can also be found in [7] (for works 

until 2001) and [6] (for later works). 
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2.2.2 Discussion - Conclusions 

Despite the swift progress in face detection methodologies, completely unconstrained 

face detection remains a challenging task, particularly due to significant pose and illumi-

nation variations [41] (Figure 2.2). Moreover, although the issue of false positive detec-

tions has been widely addressed in the literature, it still remains an active challenge.  

The modern face detectors mostly employ appearance-based methods and the problem of 

face detection is mostly focused in finding the most efficient features and classifiers as 

well as collecting a large amount of annotated data in order to train the classifiers. The 

Haar features used in the Viola-Jones face detector are very effective for frontal face 

detection but are less ideal for faces at arbitrary poses. More complex features, although 

they may increase the processing time, may be efficient for improving the detectorõs per-

formance and making it more unsusceptible to pose and illumination variations. Regard-

ing learning, except from boosting learning schemes, other learning algorithms such as 

SVM or convolutional neural networks can often perform equally well. Boosting tech-

niques such as multiple category boosting and multiple instances learning boosting could 

be helpful for reducing the accuracy required for labeled data while unsupervised or 

semi-supervised learning schemes could be very helpful for reducing the amount of work 

for data collection.  

 

Figure 2.2 Example of a real-world image containing faces under various pose and illumination conditions, 
presenting a significant number of false negatives and false positives 

Given the high detection rates in frontal face detection and its availability as an off-the-

shelf functionality in most programming platforms (e.g. in Matlab it is offered as a built-

in function while for many other programming languages it is available through the pop-

ular OpenCV library2). For this purpose the Viola-Jones face detector was used in all the 

experiments in the present work. 

 

                                                 

2http://opencv.org/ 

http://opencv.org/
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2.3 Local Features-based methods 

2.3.1 Introduction  

Local feature-based techniques find each facial point independently, without using in-

formation of the relative positions of the features, which form the face shape. Shape 

information may still be used but usually at a later stage for verification. Local feature-

based techniques are able to localize landmarks more accurately as they use specific a 

priori known properties of the specific areas and do not depend on the convergence of a 

full model. 

The techniques developed for extracting facial features (lip corners, eyebrows and eyelids 

points) are presented in the following paragraphs. The approach for detecting eye centers 

is extensively presented in Chapter 3. 

 

2.3.2 Lip detection 

Lip detection has attracted a lot of attention lately in the computer vision community. 

This increasing interest stems from the wide range of applications in which visual infor-

mation is an integral part of, or can improve the performance and robustness of the 

overall system. These applications include audio-visual speech recognition [42], lip syn-

chronization [43] and facial expression analysis [44]. Nevertheless, accurate and robust lip 

detection is a non-trivial task due to large variations caused by the high deformable level 

of lips, different lip color tone, illumination conditions, appearance of teeth and tongue, 

presence of facial hair and so forth. 

 

2.3.2.1 Related Work 

During the last years many techniques have been proposed to achieve lip detection. Edge 

information was one of the first methods used to achieve lip segmentation [44]. When 

there is no shape or smoothness constraint the segmentation can be often very rough 

and lip boundary edges can be very low in magnitude and overwhelmed by strong false 

edges. The works described in [45], [46] employ the thresholding based method to im-

plement lip segmentation. Since the threshold values are determined empirically, such 

methods are not essentially applicable for cases with complexion differences, appearance 

of moustache, and illumination variations. A large category of techniques referred to as 

model-based, build a model of the lips and its configurations are described by a set of 

model parameters. These techniques include snakes [47], active contour models [48], 

deformable templates [49] and several other parametric models [50]. The advantage of 

these techniques lies on the fact that important features are represented in a low-

dimensional parameter space; they are also invariant to rotation, scaling and illumination. 

Nevertheless, the construction of these models is often very challenging and a large train-

ing set is needed to cover the high variability range of lips. Moreover, the tuning of pa-
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rameters is usually very difficult to achieve and many of them require manual selection 

and initialization. Color provides additional information which proves to be very useful 

for segmenting the lip areas. Clustering methods such as fuzzy C-means [51] as well as 

statistical models e.g. Gaussian Mixture models (GMM) [52] have been widely used.  

 

2.3.2.2 An Unconstrained Method for Lip Detection in Color Images 

In this section we present an unconstrained system for lip detection using color infor-

mation. Unlike most lip detection systems which impose certain constraints on users 

[53], such as wearing a head mounted camera, painting the subjectõs lips or having to 

operate in highly controlled environment, thus precluding practical applications, our 

method only requires a simple low-cost camera. In order to overcome the problem of the 

high variability of lip shapes and color many methods employ large data sets for training 

[54], tuning of several parameters (sometimes very sensitive to initialization) [48], or time 

consuming pre-processing steps. In our system, we avoid such pre-processing tasks, thus 

rendering it more straightforward and independent of the database set. The only re-

quirement of our system lies on the way the lip segmentation problem is approached; the 

lip area must be chromatically distinguishable from the rest of the skin area, given that it 

is the one with the greater redness along the face.  

The proposed approach uses color segmentation in order to find an optimum partition 

of the given face image into lip and non-lip regions.  The partition is based on the color 

difference between the lip and non-lip regions and is independent of the particular inten-

sities. For this purpose, the image is transformed into the L*a*b* color space and then a 

combined technique of nearest neighbor color segmentation followed by a color-based 

k-means clustering with adaptive number of clusters is applied. Thereafter, binary mor-

phological processing is applied and the lip object detected is approached by a best-fit 

ellipse. Finally, the most important points of interest are extracted (Figure 2.3). 

Although k-means segmentation has already been tried out for this purpose, the results 

have not always been very satisfactory as the number of clusters had to be determined 

manually, affected by many factors as the visibility of teeth, facial hair, uneven illumina-

tion etc. This is the main reason why the current k-means approaches fail to operate fully 

automatically [55]. One of the novelties of our system lies on the fact that it utilizes k-

means clustering with an automatically adaptive number of clusters, whose performance 

and accuracy is improved by the use of nearest neighbor segmentation. Moreover, for the 

mouth corners, where color is unreliable because of dark areas, a corner detector for fine 

tuning was used. 
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Face Detection

k-means Clustering

Nearest Neighbour Color 

Segmentation

Morphological Processing 

and Ellipse Fit

Corner Detection

Keypoint Extraction

Input Image

Keypoints

 
Figure 2.3 Pipeline of the proposed lip detection algorithm 

 

Lip Segmentation  

In order to extract the visual features in the face image acquired from the previous step, 

an accurate extraction of the lip area is essential. In our approach we use color infor-

mation for segmenting the lip area, transforming the RGB face image into L*a*b* color 

space to increase the color contrast between lip and non-lip regions.  L*a*b* color space 

has the advantage of being a perceptually uniform color space, matching the perceived 

color difference with qualitative distance in color space. This makes up a very useful cue 

for the following clustering algorithm, which uses a Euclidean-liked similarity measure. 

In the L*a*b* color space luminance information (L component) is separated from the 

chrominance information (a*, b* components), which we utilized for the segmentation. 

Intensity variation due to uneven illumination has minimal effect on the chrominance 

components, a fact that is very useful for our application. 

Using color for locating lip regions and separating them from non-lip regions presents 

several problems. Although the color composition of human skin and lips differs surpris-

ingly little across individuals [11], [55], total intensity of the reflection varies over a wide 

range [54]. Color values also depend strongly on the camera, frame grabber and illumina-

tion. Gaussian mixture models obtained from training [55], or fixed proportions between 

color space components (i.e. between Cb and Cr [50], [11]) sometimes fail to overcome 

these issues. In our case, the clustering method used is an unsupervised learning method 
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where neither prior assumption about the underlying feature distribution nor training is 

needed [49]. 

Before applying the k-means clustering method, nearest neighbor segmentation in the 

L*a*b* color space was applied to the face image. It acts as an aid for the k-means algo-

rithm by discarding unwanted non-lips pixels and thus decreasing the k-means clusters to 

a number belonging to a limited values space (2-5 clusters). This fact increases segmenta-

tion accuracy and speed. The nearest neighbor algorithm classifies each pixel in the face 

image by calculating the Euclidean distance between that pixel and a color marker, using 

both the a*, b* chromatic components. Lip pixels have the feature of very high a* values 

(great redness) combined with low b* values (little greenness). We used two color mark-

ers for segmentation, made of the mean ten maximum a* values and mean ten minimum 

a* values, calculating also the correspondent b* values. The classification result contains 

all lip pixels and part of the skin region as seen in Figure 2.3 (second image). It also re-

duces the influence of factors such as facial hair and the visibility of teeth, which would 

require an additional number of clusters to be segmented into. 

The k-means clustering is applied starting with a number of clusters which is found ex-

perimentally to be the most common (4 clusters) and if necessary, adapting this number, 

until a relevant lip area size criterion is met. The criterion we have set involves the area of 

the cluster with the greatest a* mean value (lip area) to be within the range of ρȢυ  τ Ϸ 

of the whole face image. A slightly less than ρȢυϷ percentage lip area (πȢψϷ) when the 

number of clusters reaches the minimum (2 clusters), is acceptable (Figure 2.4). These 

threshold values stem from extensive experimental tests on the Caltech Image Database 

(CID) [56] and frontal and near frontal faces of GTAV face Database [57]. The mean 

area values and mean number of clusters for the 27 people in CID are shown in Figure 

2.4. 

 
Figure 2.4 Mean number of clusters and mean lip region for the people in Caltech faces database 

 

In Figure 2.5 the results of segmentation of the lip areas using the proposed approach for 

an image sequence of a talking person are presented.  

http://www.vision.caltech.edu/html-files/archive.html
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Figure 2.5 Lip segmentation results in a talking person image sequence 

 

Morphological Processing  

From the above lip segmentation procedure a binary image is created, containing the 

segmented region with the max a* value (lip region). After applying morphological clos-

ing (to fix possible shuttered objects) and connected component labeling, we picked the 

largest area object as the lips region. For each region, in order to calculate its features, we 

computed the ellipse that has the same second moments as the region. The parameters 

of the ellipse, i.e., the center of mass, the major and minor axis as well as their orientation 

were computed. 

A critical issue at this point is whether the picked object constitutes the whole lips area or 

just the lower lip, as lips area is often recognized as two separate objects. The criterion 

was based on the angle between the lines fitting the extreme left point ὒὩὪὸὼȟώ coordi-

nates with the middle upper ὓὭὨὟὴὼȟώ and the middle lower ὓὭὨὒέύὼȟώ coordi-

nates defined as 

 

 
ὥὲὫὰὩÔÁÎ

ά ά

ρ ά Ͻά
 

 

2.1 
 

where 

 

ά ᶯὒὩὪὸὼȟώȟὓὭὨὟὴὼȟώ  
 

ά ᶯὒὩὪὸὼȟώȟὓὭὨὒέύὼȟώ  
 

2.2 
 

 

If the angle calculated is less than 25o we assume that the lip area consisted of only the 

lower lip. If so, we incorporate in the lip area the object in the binary image which is 

above our lower lip object and met some distance and orientation requirements set, i.e. 

the Euclidean distance between the centers of mass cannot be greater than the length of 
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major axis divided by 2 and orientation must be about the same, with an allowed inclina-

tion of Ñ10o (Figure 2.6). 

 

 (a) (b) (c) 

Figure 2.6 Examples of three different angle cases. a) The detected object consists of just the lower lip 

(angle = 9o). b) The detected object comprises the whole lips area (angle = 43o). c) Borderline case, the 

detected object comprises the whole lips area (angle = 27o). 

 

Keypoint Detection  

The points of interest (keypoints) widely used for lip reading and other applications are 

shown in Figure 2.3 (last image). The upper and lower keypoints were found as the inter-

section points between the minor axis line and the upper and lower lip boundary, respec-

tively. Unlike the upper and lower keypoints, which are precisely detected from the color 

segmented lip object, the mouth corners (left and right keypoints) are more difficult to 

detect because of their location in dark areas, where chromatic information is not visible. 

In order to detect them, we used the extreme left and right points of the lip object as 

starting points and searched for corners in the proximity area using the Harris corner 

detector. The proximity areas, where corners are searched, are depicted in Figure 2.3 

(fifth image). From the corners detected in each side, we chose the one with the smallest 

Euclidean distance from the corresponding extreme object points as the left and right 

keypoints, respectively. If no corners are detected in either side, the corner strength 

threshold is automatically reduced until at least one corner is detected. In the case where 

only on the one side a keypoint is found, the corresponding keypoint on the other side 

was assumed using symmetry towards the minor axis. 

 

2.3.2.3 Experimental Results 

In order to test our algorithm we used 421 images of 27 different people on CID [56] 

and 848 frontal and near frontal face images of 44 different people on GTAV Face Da-

tabase [57] (the databases are described in detail in section 3.4.1). They were acquired 

under various lighting conditions without any particular make-up. Figure 2.7 shows rep-

resentative results of the proposed algorithm for different people. The yellow crosses 

denote the extreme right and left points of the lip region derived from the color segmen-

tation. The black dots are the final keypoints after the corner fine tuning process. We can 

observe that the keypoints fit very well to the corners of the mouth as well as to the up-

per and lower lip boundary (perfect detections). Moreover, the method is robust even in 

challenging cases such as non-uniform lightning, bearded speakers, low color contrast 

between lip and non-lip area, or if teeth are visible. It is also unaffected by the yaw, pitch 
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and roll angle as long as the lip region is visible. Our algorithm failed to extract accurate 

results in cases of heavily uneven illumination or when weak mouth corners were over-

whelmed by strong beard corners. 

 

(a) 

 

(b) 

Figure 2.7 Several results on various people from a) CID and b) GTAV face Database. The yellow crosses 
denote the mouth corners before the fine tuning process. 

Experimental results for the CID and GTAV databases are shown in Table 2.1. It is ob-

served that in both cases lip detection is over 96%. Acceptable detection denotes perfect 

detections including the cases where even though the keypoints are not placed accurately, 

the results are perceived as acceptable for lip reading purposes. For the GTAV database 

the detection figures are slightly higher. Since the proposed method does not contain 

complex and time consuming algorithms, it is very cost effective and with a proper 

C/C++ or hardware implementation, requirements of real time processing can be met. 

Database Failed Detection Perfect Detection Acceptable Detection 

CID 3.8% 94.3% 96.2% 

GTAV 2.5% 93.3% 97.5% 

Table 2.1 Lip detection results for the CID and GTAV databases 
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2.3.3 Eyebrows detection 

The detection of eyebrows is an integral part of facial expression recognition and can 

also assist in the detection of the remaining facial feature, being among the most promi-

nent facial features [58], [59]. Existing eyebrow detection algorithms in literature are 

mostly holistic, detecting the eyebrows along with the rest facial features as a whole (e.g. 

in [60]). Explicit, feature-based detection of eyebrows has also been studied with the 

most common approaches using skin color models [61], template matching [62], cluster-

ing methods [58] or edge based methods [63].  

The proposed eyebrow detection approach is based on integral projection functions in order 

to isolate the eyebrow region, followed by binarization and morphological processing of 

the image in order to derive the final eyebrow points. The three steps of the proposed 

algorithm involve pre-processing, eyebrow segmentation using integral functions and 

morphological processing. 

 

2.3.3.1 Pre-processing 

Having as starting point the localized eye center positions (described in Chapter 3) we 

heuristically define a rectangular Region of Interest (ROI) in which the eyebrows are 

searched. The dimensions of the ROI are calculated with respect to the detected face 

dimensions and are defined so as to contain the eyebrows even when they are displaced 

due to facial expressions or face pose. More specifically, the width of the eyebrow ROI 

are defined proportionally to the detected face dimensions as %ÙÅÂÒÏ×2/)7ÉÄÔÈ 

 &ÁÃÅ7ÉÄÔÈȾσ, while the height of the eyebrows ROI is calculated as 

%ÙÅÂÒÏ×2/)(ÅÉÇÈÔ  %ÙÅÂÒÏ×2/)7ÉÄÔÈȾς.  

 
 
 

 

 

(b) 

 

(c) 

 

(a) (d) 

Figure 2.8 Pre-processing steps for eyebrow segmentation. (a) Eyebrow ROIs, (b) right eyebrow sub image, 

(c) red componet of RGB color space and (d) contrast enhancement  
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The positions and dimensions of the eyebrows ROIs are shown in Figure 2.8(a) while the 

cropped ROI for the right eyebrow is shown in Figure 2.8(b). We keep only the red com-

ponent of the RGB image in which the maximum contrast between the skin area and the 

eyebrow area is observed (Figure 2.8(c)). In order to further accentuate the appearance of 

the eyebrow in the cropped ROI we enhance the contrast in the image using a sigmoid 

function (Figure 2.8(d)). 

 

2.3.3.2 Eyebrow Segmentation using Integral Functions  

With the goal of isolating the eyebrow area and discarding the rest of the areas in the 

image (which many correspond to hair, glasses, shadows or other visual artifacts), integral 

projection functions are used. The motivation of using integral projection functions stems from 

the appearance of the eyebrows which present a highly horizontal profile. Thus, a projec-

tion along this horizontal axis is expected to partition the region of the eyebrow. Howev-

er, as head rotations may change the orientation of the eyebrows on different directions 

rather than the horizontal one, the integral projection function used is generalized to detect 

projections on different angles. Suppose Ὅὼȟώ is the intensity of a pixel at the 

tion ὼȟώ, the integral projection along a direction sa denifed si aera ralugnatcer a rof ‮ 

 ὍὖὍȟ′ Ὅὼ ′ÃÏÓ‮ ὬÓÉÎώȟ‮ ′ÓÉÎ‮ ὬÃÏÓὬὨ‮

Ⱦ

Ⱦ

 
2.3 

 

 

where ὼȟώ  is the rectangle center ′ πȟρȟȣȟὡ, with ὡ being the width of the rec-

tangle and Ὄ represents the height of the rectangle or, equivalently the number of pixels 

to be integrated for each ′. The direction eht gnitcennoc enil eht fo noitanilcni eht si ‮ 

two detected eye centers, which represents the rotation of the head. In the computed 

projection graph (Figure 2.9(b)) the local maximum and minimum values are located. 

The position of the global maximum (largest peak) designates the position of the eye-

brow region. In order to isolate the eyebrow area we crop the eyebrow ROI between the 

positions of the local minima located in each side of the global maximum (between the 

depicted green lines in Figure 2.9(a)).   

 

 
 

 
 
 
 

 

(a)  (b) 

Figure 2.9 Projection of eyebrow along the horizontal axis 
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2.3.3.3 Morphological processing  

Given the grayscale image containing the isolated eyebrow area, we converted it to binary 

and further processed it in order to retain only the desirable eyebrow object. For the bi-

narization of the image we used the fast and efficient Otsuõs thresholding algorithm, as 

described below. 

 

Otsu thresholding for efficient bimodal image segmentation  

The problem of segmenting objects in the real world is often simplified into a bimodal 

segmentation task by reducing a grayscale image into a binary image. The most popular 

fully automatic method for selecting the optimal threshold is the Othuõs algorithm [64]. 

The algorithm assumes that the grayscale image contains two classes of pixels (fore-

ground and background pixels) following a bi-modal histogram and calculates the opti-

mum threshold separating the two classes so that their combined intra-class variance is 

minimal. The method begins by splitting the image pixels into two classes, ὅὰὥίίρ con-

taining the pixels with value less than or equal than a threshold ὸὬ and ὅὰὥίίς containing 

the pixels with value larger than ὸὬ, thus making their probability distributions equal to: 

 

ὅὰὥίίρ
ὴ

‫ ὸὬ
ȟȣȟ

ὴ

‫ ὸὬ
 

 

ὅὰὥίίς
ὴ

‫ ὸὬ
ȟȣȟ

ὴ

‫ ὸὬ
 

 

2.4 
 

 

where ‫ ὸὬ В ὴ and ‫ ὸὬ В ὴ. 

The intra-class variance is defined as the weighted sum of variances of the two classes, 

which is given by 

 
„ ὸὬ ‫ ὸὬ„ ὸὬ ‫ ὸὬ„ ὸὬ 

 
2.5 

 

 

where „ ὸὬ is the intra-class variance and „ ὸὬ, „ ὸὬ are the variances of the pixels 

below and above the threshold ὸὬ, respectively.  Otsu's method iteratively estimates the 

threshold ὸὬ until the intra-class variance is minimized (or the inter-class variance is max-

imized). 

 

 

After connected components labeling of the binary image in order to enumerate the bi-

nary objects, we keep only the largest object which corresponds to the eyebrow (Figure 

2.10(a)). Subsequently, we perform thinning of the object to a single line by obtaining the 

skeleton of the object, as in Figure 2.10(b). The result of the skeletonized binary image 
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overimposed on the original eyebrow image is shown in Figure 2.10(c). Finally, the eye-

brow is represented by three facial points (Figure 2.10(d)). 

    

(a) (b) (c) (d) 

Figure 2.10 Morphological operations and final result. (a) Binary image, (b) skeletomization (c) sceletonized 
image overimposed on original image and (d) final eyebrow points detected 

 

2.3.3.4 Experimental results 

The proposed eyebrow detection method was tested on several images of GTAV and 

MUCT databases (the databases are described in detail in section 3.4.1). The results on 

the tested images demonstrate promising results in detecting the eyebrows. The detection 

is more accurate when the eyebrows are un-occluded and fully visible. Representative 

results on the databases tested are shown in Figure 2.11(a)-(b). The most common cases 

of inaccurate detections involved occlusions of the eyebrows by hair (Figure 2.11(c) - two 

first images), glasses (Figure 2.11(c) - third image) or shadows.  

     

(a) 

     

(b) 

     

(c) 

Figure 2.11 Eyebrow detection results 
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Out-of-plane rotations of the head may also have an effect on accurately detecting the 

eyebrow points (Figure 2.11(c) - middle image). Moreover the presence of hair in the 

outer ends of the eyebrows may also cause the detection to be less accurate at this point, 

misdetecting the outer eyebrow point in the hair area, as in the first and last images of 

Figure 2.11(b). 

 

2.3.4 Eyelids detection 

The y-positions of the eyelids correspond to the horizontal boundaries between two ho-

mogeneous areas, i.e. the iris area and skin area. The x-position of the eyelids is regarded 

the same as those of the corresponding eye centers. Starting from the localized eye center 

(described in Chapter 3) we defined a rectangular eyelid ROI in which the eyelids are 

searched. The distance between the eyeball centers, also known as interoccular distance, 

is used as the reference distance, with respect to which we define the dimensions of the 

eyelid ROI. Assuming that the iris diameter roughly corresponds to 10% of the interoccu-

lar distance, the width and height of the eyelid ROI is defined as πȢρϽὨ  and πȢσϽὨ  

correspondingly (Ὠ  stands for the interocular distance); each vertical side is at a dis-

tance from the eye center so that only the iris area (not the sclera) is enclosed, thus con-

stituting a homogeneous area, and the distance of each horizontal side is πȢρυϽὨ  from 

the eye center, so that the eyelid boundary is certainly included, regardless of the eye state 

(Figure 2.12(a)). In order to detect the boundary of these distinct regions, integral projection 

functions are used. Image projection functions have been proven to be effective methods 

for extracting boundaries between different areas, representing the image by 1-

dimensional orthogonal projections usually along the vertical and horizontal axis [65], 

[66]. However, in view of the specific application, head rotations may change the bound-

ary orientation on other directions rather that the horizontal one. To this end, the inte-

gral projection function was generalized to detect projections on different angles and is 

given as in Eq 2.3. Given the search ROI for the eyelids, denoted hereafter as Ὅ ὼȟώ, we 

first performed gray-scale erosion with a rectangular structuring element ὄ to remove 

artifacts (e.g. glimpses), enhancing the homogeneity of the areas: 

 Ὅὼȟώ ὍṦὄ ὼȟώ 2.6 
 

 

The integral projection function of Eq 2.6 was computed for Ὅ with -anilcni eht gnieb ‮

tion of the line connecting the two detected eye centers, which represents the rotation of 

the head. Determining the derivative of the projection result, peak values are reported in 

the boundary between the two areas (Figure 2.12(c)).  

Subsequently, a gradient image is computed by performing convolution of the image 

with the vertical Prewitt operator. The resulting edge map Ὁ presents large values in areas 

of vertical abrupt changes of pixel intensity (Figure 2.12(d)). 
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The y-positions of the eyelids are computed as the positions of each of the two global 

maxima bilaterally of the eye center, in the cumulative result of the aforementioned Ὅ 

integral projection derivative and the edge map integral projection. The upper side max-

imum position is thus defined as 

 ώ ÁÒÇÍÁØ
ᶰ ȟȾ

‬ὍὖὍȟ′

‬′
ȿὍὖὉȟ′ȿ 2.7 

 

 

The lower side maximum position is calculated in a similar manner. 

 
(a)  (b)      (c) (d)         (e) 

Figure 2.12 Pictorial representation of the proposed eyelid detection. (a) Original eye image and the defined 
search ROI, (b) Dilated search ROI, (c) the integral projection of the original image along the vertical 

direction (blue dotted line) and its derivative (red line), (d) the computed edge map and (e) the final cumu-
lative result with the positions of the global maxima superimposed. 

 

The exact positions of the eyelids can be used to define eye opening, a feature that ma-

jorly contributes in increasing the accuracy of gaze estimation. This contribution of eyelid 

features will be analyzed in a latter section (see section 4.6.1.5). Although the perfor-

mance of the proposed technique was not explicitly measured on publicly available data-

bases, the experiments conducted demonstrate very accurate detections. 

 

2.4 Model-based methods 

Model-based methods consider the whole face and the ensemble of landmarks. They aim 

at estimating a quasi-dense set of facial features in an image or in each frame of a video 

stream. Model-based techniques for facial features extraction are the most commonly 

encountered in the literature. The most influential works involving 2D model-based faci-

al feature extraction works are subsequently presented; interested readers may refer to 

[67] for a more extensive literature review.  

 

2.4.1 Related Work 

The first studies on face landmarking used graph methods. Leung et al. [68] convolve the 

image with Gaussian filters at multiple orientations and scales. Each possible configura-

tion of landmarks resulting from that procedure is validated through random graph 
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matching. In the seminal study of Wiskot et al. [69], called elastic bunch graph matching 

(EBGM), a labeled graph is constructed where nodes are characterized by Gabor jets. 

The graph of the face is deformed towards the query face. The most prevalent tech-

niques for face landmarking use Active Shape Models (ASM) [70], Active Appearance 

Models (AAM) [71] and other variants. ASM represents faces as deformable shapes rep-

resented by a set of landmarks, found using feature detection methods. The face shape 

can only deform in controlled ways; the shape variations are learned using PCA from the 

training dataset. AAM impose shape and appearance constraints combined, while the 

variations in geometry and appearance from the mean face are learned by performing 

PCA. The AAM methods aim at adjusting the model parameters that minimize the dif-

ference between the model face and the query image. A shape optimized search algo-

rithm has been also proposed by Cristinacce et al. [72]. After locating the initial set of 

points using multiple landmark detectors, the estimated locations are improved by boost-

ed regression and a shape model is fitted to the updated landmark locations; this proce-

dure is repeated until convergence. An important improvement of the AAM technique 

developed by Cristinacce et al. [73], involves Constrained Local Models (CLM). In CLM, 

local templates for each landmark are combined with a specific geometrical configuration 

learned through PCA. An important contribution to the ASM methodology was per-

formed by Milborrow et al. [74, 75]. Their software called standard ASM (STASM) com-

prises one of the standards in the field, being publicly available3 and demonstrating high 

performances in comparative studies [67]. Zhu and Ranaman [76] merge local and global 

information via tree-connected patches covering the zones of interest on the face. The 

patches are formed from Histogram of Oriented Gradients information while global 

shape is represented using quadratic springs between local patches. 

The greater challenge of model-based approaches is their ability to locate the facial fea-

tures, given that relative distances between facial features vary between facial expression 

and across the population. By using the global appearance of the face, model-based 

methods have the advantage of being very robust in detecting the overall positions of the 

facial features. However, as the success of these methods depends on the convergence of 

a full model (i.e. by satisfying a minimization function or reaching a maximum number of 

iterations) they do not ensure localization of each feature with high precision. 

In the next chapter the CLM method, which was used in many of our experiments, is 

described in detail.  

2.4.2 Constrained Local Models (CLM) 

The Constrained Local Models (CLM), first introduced by Cristinance and Cootes [77], 

employ both shape and appearance information in order to pinpoint facial landmarks. 

The appearance information models how each specific facial point generally looks like, 

while the shape information is used to constrain the search of the features, given their 

arrangement on the face.  

                                                 

3http://www.milbo.users.sonic.net/stasm/ 

http://www.milbo.users.sonic.net/stasm/


2.4 Model-based methods 

 

The shape constraints refer to the spatial configuration of a set of facial points that cor-

respond to physically consistent locations on the human face such as eye corners, nos-

trils, eyebrow edges, etc. The facial geometry and the variation across humans are learned 

from training data and are used during search to constrain the positions of the facial 

landmarks. The appearance information is used in regions around each feature point, 

denoted as patches. Patch models contain local information in the vicinity of each feature 

point. 

The general rationale of CLM is as follows: Once the local patches models are deployed 

in an unknown face, they search where each local feature is more likely to appear, how-

ever without going beyond positions that the shape model allows (without violating the 

shape constraints). To build the CLM model, a set of annotated training images are re-

quired in order to build the shape model and the local patches model. 

 

2.4.2.1 Shape model 

The shape model describes the allowed deformations of the facial points and is imple-

mented using linear subspace methods and more specifically for our case Principal Com-

ponent Analysis (PCA) [78].  

Before applying PCA, preprocessing of the training images is required. Given that the 

faces in the training set might appear on different positions in each image, have different 

scale and rotations, an alignment between them must be established prior to training in 

order to find the shape variations. The alignment process aims at removing the global 

rigid motion of the face, leaving only the shape variations.  

The alignment process is mathematically defined as finding the affine transformation 

matrix that brings into alignment any shape with a canonical shape. In order to derive the 

transformation matrix between any shape and the canonical shape at least three corre-

sponding points are needed. The alignment is measured as the least-squares distance be-

tween a transformed shape and the canonical shape. 

 

Affine transformations  

Geometric operations can be described mathematically as the process of transforming an 

input image ᴑὼȟώ into a new image ᴍὼȟώ  by modifying the coordinates of image 

pixels. In the case where both functions are linear combinations of ὼ and ώ the transfor-

mation is called affine transformation and is expressed as follows: 

ὼᴂ
ώᴂ
ρ

ὥ ὥ ὥ
ὦ ὦ ὦ
π π ρ

ὼ
ώ
ρ
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In affine transformations straight lines are mapped to straight lines, triangles to triangles 

and rectangles to parallelograms. The parallel lines remain parallel and the distance ratio 

between points on a straight line does not change. The most common geometrical opera-

tions are translation, rotation, scaling and shearing, as show in Table 2.2. 

Affine Transform Visual Example Transformation Matrix 

Translation 

 

ρ π π
π ρ π
ὸ ὸ ρ

 

Scale 

 

ί π π
π ί π

π π ρ

 

Rotation 

 

ÃÏÓ— ÓÉÎ— π
ÓÉÎ— ÃÏÓ— π
π π ρ

 

Shear 

 

ρ ίὬ π

ίὬ ρ π
π π ρ

 

Table 2.2 Basic affine transformations 

 

 

Once the training images are properly aligned, facial deformation modeling is used to 

derive a shape model that can accommodate variances across different people and differ-

ent expressions. Linear subspace methods have shown to be very efficient in capturing 

facial deformations, especially when the faces are mostly frontal or near-frontal. The idea 

of linear subspace methods is to find a lower dimensional space in which all face points 

lie (green dots in Figure 2.13). The subspace dimension should be selected so that it has 

the capacity to model all face shapes but not non-face shapes (red dots in Figure 2.13). 

PCA is used in our case in order to find the best low-dimensional subspace that models 

faces using a specific dataset.  



2.4 Model-based methods 

 

 
 

Figure 2.13 Linear subspace methods find a low-dimensional hyperplane which spans face shapes (green 
dots) and excludes non-face shapes (red dots).  

 

2.4.2.2 Local patch model 

The local patch models describe how the image around each feature point should look 

like. The template models are built using Support Vector Machines (SVM). For each fea-

ture point a linear SVM is trained in order to recognize the local patch. In order to build 

the CLM for each point we need to train them with positive and negative examples 

(patches). The positive examples are the local patches around the point for each image in 

the training set. The negative examples are randomly sampled patches which are close to 

the positive patches; in this way the model is better trained to find the actual position 

when placed at the vicinity of the specific facial point. The sizes of the patches around 

each point have a direct influence on the performance and the training and running time 

of the system. The size of the patches mainly depends on the image size and should be 

manually defined. A visual inspection of the different sizes as in Figure 2.14 can lend 

intuition into defining the optimal size.  

 
Figure 2.14 Three examples of patch images with different sizes.  

2.4.2.3 Search process 

After building the CLM model it can be used to find the facial landmarks, given a search 

image and an initial set of feature points. For each feature point the SVM built searches 

in the local regions of the initial points to obtain an SVM response. Each response image 

is then fit with a quadratic function and the best feature point is obtained by optimizing 

the quadratic function and the shape constraints. The aforementioned procedure is re-
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peated until convergence. The complete pipeline for the CLM algorithm is shown in Fig-

ure 2.15. 

 
Figure 2.15 Overview of the CLM pipeline 

 

One of the most influential factors for the successful convergence of the model is its 

initial position. A positioning of the face model close to the actual positions signifies an 

accurate convergence only within a few iterations. An inaccurate initial position of the 

model would lead to a suboptimal convergence near the initial locations. In view of this, 

in an attempt to position the model as correctly as possible, we first localize with accura-

cy the eye centers, as described in Chapter 3. Given the geometry of the human face, the 

distance of the mouth from the eyes level can be inferred relatively to the interocular 

distance (distance between the eyes), as in Figure 2.16.   

For the initial positioning the mean shape is used. Given the positions of the eye centers 

we are able to perform scaling, translation and rotations of the initial model. In this way 

we obtain an initial set of feature points. 

 
Figure 2.16 Face proportions in the mean human face 



2.4 Model-based methods 

 

For each feature point in the initial set we crop a patch and use the SVM to obtain a re-

sponse image. In this response image we fit a quadratic function by calculating the mini-

mum mean-square difference. Supposing דὼȟώ is the output response image from the 

SVM, we seek a quadratic curve in the form of 

 
ὼȟώ ὥὼ ὼ ὦώ ώ ὧ 

 
2.8 

 

 

where ὥȟὦȟὧ are the variables that need to be found in order to minimize  

 
‐ ὼȟώד ὼȟώ

ȟ

 

 

2.9 
 

In the final step of the CLM procedure we need to find the best feature point position by 

optimizing a joint function of the quadratic function and the shape constraints from the 

shape model. Assuming Ὥ ρȟςȟȣὲ feature points, for each point we obtain an SVM 

response ὼȟώ . The function that we want to minimize is given as 

 
Ὢὴ ὼȟώ ὑ

ὦ

‗
 

 

2.10 
 

where the second term is an estimate of the log-likelihood of the shape given parameters 

ὦ and the eigenvalues ‗ derived from the shape model. The parameter ὑ is a weighting 

factor used to determine the relative importance of good shape and high feature re-

sponses. The value of ὑ can be determined by computing the ratio of В ὼȟώ  and 

В  when applied to a verification set with annotated facial points. The optimization 

of Ὢὴ is performed using the Nelder-Meade algorithm [79]. 

 

2.4.3 Experiments 

One of the most burdensome factors for developing efficient facial features extraction 

techniques is collecting a large number of training data and manually annotating them. In 

our work the publicly available MUCT dataset (described in detail in section 3.4.1.2), 

consisting of 3755 faces with 76 manual landmarks was used. A collection of most pub-

licly available landmarked face databases can be found in [67]. 
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(a) 

    

    

(b) 

Figure 2.17 Results of facial features extraction using CLM for (a) images in MUCT database and (b) imag-
es acquired with a standard webcam. The green dots (top row) denote the initial positioning of the shape 

model and the yellow dots (botton row) the results of the CLM search after 2 iterations. 

 

Although obtaining quantitative results on the performance of the CLM method is be-

yond the scope of the current work, some quantitative results were derived in order to 

gain insights on the method and draw conclusions. In Figure 2.17 results from images in 

MUCT dataset as well as images acquired from a standard webcam are shown.  



2.5 Discussion - Conclusions 

 

The results indicate that when the initial set of points is located near the actual face 

points then the accuracy for the final points is high and the convergence is achieved only 

within a limited number of iterations. This is particularly evident in Figure 2.17 for the 

points being in the outline of the face. When the outline points are initialized far from 

their actual positions, the final CLM search fails to accurately converge. Further increas-

ing the number of iterations was proven experimentally not to improve the accuracy of 

the final converged points. On the contrary, points correctly located at the actual posi-

tions at the first few iterations, were likely to deviate from these positions in the subse-

quent iterations.  In general, points around the eyes (eye corners and eyelids), eyebrows, 

nose points (outline points and nostrils) as well as mouth corners are located with good 

accuracy.  

 

2.5 Discussion - Conclusions 

After the survey in facial features detection techniques, model-based methods are gener-

ally the most commonly used and specifically those that integrate landmark appearance 

information with a global shape constraint. However, when the aim is to detect specific 

facial points, local feature-based techniques prove to be more robust and work under 

more adverse conditions (out-of-plane rotations and illumination conditions). Moreover 

the model-based methods strongly depend on the training dataset and their performance 

may be strongly affected by the dataset on which they were trained on. Except from the 

detection of facial features, tracking them throughout a frame sequence constitutes a 

challenging problem of its own which requires to be further investigated [80]. 

The selection of specific points and their number in model-based approaches, is generally 

application specific. It has been proven that increasing the number of facial points im-

proves the overall accuracy as the separate measurement for each point can reinforce 

each other through their spatial dependencies. However, it has also been proven that the 

improvement in performance by increasing the number of points reaches a plateau be-

yond a number of points (around 100 points). Moreover, the increase of the number of 

points is directly linked to the increase of computational complexity, thus precluding real 

time implementations. The number of points which establishes a tradeoff between accu-

racy and complexity depends on the intended application. 

In conclusion, facial feature detection techniques have been extensively investigated the 

last three decades but research on the topic is still active. The problem of face landmark-

ing can be regarded as solved for frontal and near-frontal faces with mild facial expres-

sions and adequate resolution. Moreover requirements for real time are met for many of 

state-of-the-art algorithms (e.g. STASM). The problem needs to be further investigated 

for unconstrained conditions regarding pose and facial expressions. 
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Chapter 3  

 

Eye Center Localization 
 

3.1 Introduction  

Eyes represent the most distinctive features of the human face, while their position and 

movements are a significant source of information about the cognitive and affective state 

of human beings; eyes hold a key role in expressing interest, intention and attention. Pre-

cise eye center localization constitutes the cornerstone for gaze monitoring and can be 

applied in an ever increasing range of applications [81], gaining increasing attention from 

both the academic and commercial communities. 

Although many commercial, off-the-shelf products for eye detection and tracking are 

available in the market, they all require dedicated, high-priced hardware. The most com-

mon approaches in research and commercial systems use active infrared (IR) illumina-

tion, to obtain accurate eye location through corneal reflection [82], [83]. Other hardware 

approaches require the use of special equipment such as contact lenses, special helmets 

or glasses [84], [85], causing discomfort to the users and introducing limitations, thus 

rendering them cumbersome for everyday applications. Algorithmic, image-based ap-

proaches constitute nonintrusive techniques which can be incorporated in many applica-

tions where the use of extra dedicated hardware is impracticable. 

Despite active research in the field, eye center localization with high precision from 

completely unobtrusive and remotely located (i.e. not requiring special helmets, glasses or 

chin rests) image sensors, remains a very challenging task. Eyes present great variability in 

shape and color depending on eye state (open/closed or anything in between), iris direc-

tion, facial expression, head pose and ethnicity (Figure 3.1(a)). Occlusions caused by hair, 

glasses, reflections, shadows or pose (self-occlusions) make the localization process no-

tably difficult (Figure 3.1(b)). Furthermore, imaging conditions such as lighting, contrast, 

camera characteristics and further processing (e.g. compression) have a strong influence 

on how eyes appear in the image (Figure 3.1(c)). The localization process becomes even 

more challenging when dealing with low resolution images derived from inexpensive 

imaging devices such as webcams, mobile devices or pinhole cameras (Figure 3.1(d)). 

 



3.2 Related work 

 

     

(a) (b) 

    

(c) (d) 

  

Figure 3.1 Challenges of remotely located cameras under unconstrained conditions; (a) varying pos-
es/ethnicities/eye states, (b) occlusions of the eyes from hair or shadows, (c) adverse lighting condi-

tions/motion blur and (d) low image quality. 

 

The goal of the current work is to locate eye centers accurately and robustly for HCI 

applications, reporting accuracies comparable to the commercial hardware-based eye 

trackers, with the use of unobtrusive, remotely-located, inexpensive imaging devices (e.g. 

webcams). 

 

3.2 Related work 

Over the last decades, a great number of methods have been employed for the task of 

eye detection and tracking [86], [87]. Eye localization methods, working under natural 

illumination and using a single camera, can be coarsely divided into two broad categories: 

appearance-basedand feature-based. 

Appearance-based methods, also known as holistic or image-based methods, incorporate 

eye knowledge implicitly by using the intensity distribution or filter responses of the eye 

area and its surroundings to train a system, using example datasets. They generally require 

a large amount of training data and powerful nonlinear algorithms in order to learn the 

high variability of eyes. To this end, many machine learning algorithms have been em-

ployed, including neural networks [88], [89], Bayesian models [90], hidden Markov mod-

els (HMMs) [91], support vector machines [92] and Adaptive Boosting (adaboost) [93], 

[94]. Template matching has been used by Grauman et al. [95] to detect and track eyes by 

searching the image for the highest correlation with a moving template image. Though 

simple and straightforward, this method is prone to erroneous detections due to pose, 

facial expressions and other changes in the face appearance. Pentland et al. [96]were the 

first to extend the eigenface technique to describe facial features (i.e. eigeneyes, eigen-
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noses, eigenmouths). Subspace methods report better results when compared to template 

matching; nevertheless their performances are largely dependent on the training set and 

fail to localize eyes precisely. A prevalent method for eye localization is to employ a cas-

cade of boosted classifiers working with Haar features [94]. The main advantage of this 

approach is its high efficiency and computational speed. It suffers however from high 

false positive rates, and its discriminative capability may be limited in cases of challenging 

illumination conditions or pose variations. In a nutshell, although appearance-based 

methods can achieve remarkably high accuracy in detecting the eye area, they often fail to 

provide an accurate detection of the eye centers, a critical feature for gaze monitoring. 

Feature-based methods make explicit use of a priori eye knowledge in order to derive fea-

tures such as shape, geometry, color and symmetry. Geometrical information of edges 

has been widely used for eye detection [97], [98], also combined with several other cues 

[99]. For detailed modeling of the eye shape, parametric models and complex shape-

based methods have been employed. They achieve localization by constructing a generic 

eye model in which the eye is fitted through energy minimization; deformable-template 

models were proposed by Yuille et al. in [18] and widely used later on [100]. Despite the 

accuracy of these methods, they are computationally demanding, require high-resolution 

images and a close to the eye initialization. A number of methods have been employed in 

order to model the circular shape of the iris using the Hough transform [101], [102], 

however the circularity shape constraints renders the method applicable only to frontal 

or near frontal faces in high resolution images. In order to overcome these issues, ellipse 

fitting algorithms have been also proposed [103], [104]. Other popular techniques em-

ployed to localize the eye center by modeling the iris shape are the Starburst 

algorithm[105] and the IntegroDifferential Operator [106]. Hansen and Pece [107]also 

model the iris as an ellipse, fitting locally the ellipse to the image through an EM and 

RANSAC optimization scheme. The iris region is located in [108] using intensity differ-

ences between the center region and its neighboring regions using a contrast operator, 

and the detection accuracy is further enhanced using a Kalman tracker. Valenti et al. 

[109], [110], [111], [112] propose a technique based on isophote curvatures and a voting 

process for real-time eye center detection with high accuracy. The desired features of the 

eyes can be enhanced using several filter responses [113]. To this end, Gabor filters have 

attracted much popularity [114], [115].However, filtering methods yield coarse estimates 

of the eye and usually additional techniques for finer localization are used. The idea of 

projection functions has been studied by Zhou et al. [66] in order to locate exact iris cen-

ters. Experiments show that this method is sensitive to face orientation and lighting con-

ditions. Symmetry operators have also been investigated, usually in combination with 

other techniques, for the purpose of automated eye detection [116], [117], [118]. Finally, 

color models of the eye have received very little attention [86] and color information has 

been solely used in order to distinguish the eye regions from the rest of the skin area [11], 

[119], [120] or for tracking the eye region [121]. 

 



3.3 Eye Localization using color information and radial symmetry 

 

3.3 Eye Localization using color information and radial symmetry 

The proposed method is based on a synergy of color and radial symmetry to precisely 

and robustly localize eye centers. The use of color is based on the finding that the color 

distribution of the eye and particularly the iris is consistently different to its surroundings. 

Symmetry uses as a basis the inherent radially symmetric brightness patterns of the iris 

and the pupil. The main contribution of the proposed method is the use of color infor-

mation for accurately localizing eye centers rather than for defining the rough areas of 

the eye regions, which constitutes what was studied so far in the literature. The proposed 

method substantially differs to existing approaches as it uses chrominance information to 

build eye maps which distinguish and enhance the circular shape of the iris, leading to a 

highly radially symmetric pattern. The effectiveness of using color information is sup-

ported by a statistical analysis of the color distribution of the skin, the eye areas and the 

irises. The novel eye map built contributes to a cumulative radial symmetry transform 

with the original eye region, demonstrating high accuracy even in lower resolution imag-

es. 

The proposed eye center localization system is summarized as follows: once a face is 

detected in a given image, regions containing the eyes are defined. Color information is 

used to build an eye map which emphasizes the iris area. Subsequently, a radial symmetry 

transform is applied both to the eye map and the original eye image. The cumulative re-

sult of the transforms indicates the precise positions of the eye centers. A detailed de-

scription of the different stages of the algorithm is given below. 

 

3.3.1 Face Detection and Eye Region Definition 

The detection of faces in a given image is carried out using the real-time face detector 

proposed by Viola and Jones [21]. Based upon an ensemble of boosted cascade detectors 

working with Haar features, it represents the state-of-the-art method in face detection. 

Within each detected face a Region of Interest (ROI) containing each of the eyes is defined 

based on face geometry. The dimensions of the ROIs are amply specified so as to contain 

the whole eye regions even when reaching the detection limits of the face detector, re-

garding the in-plane and out-of-plane rotations [21]. Therefore, the width and height of 

the eye regions are determined as %ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ  &ÁÃÅ7ÉÄÔÈȾσ and 

%ÙÅ2ÅÇÉÏÎ(ÅÉÇÈÔ  &ÁÃÅ(ÅÉÇÈÔȾτ. Subsequently, the proposed procedure is applied to 

each of the cropped eye ROIs in order to localize the exact positions of each eye center. 

 

3.3.2 Eye Map Construction 

3.3.2.1 Skin Color Model 

The modeling of the human skin color requires an appropriate color space in which skin 

can be discriminated from any other area in the image, following a certain distribution in 
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the color space. The YCbCr color space has been extensively used in the literature for 

modelling the skin regions [11], [122], presenting significant advantages compared to 

other color spaces [11], [123]. In YCbCr the luminance information (Y) is decoupled 

from the chrominance information (Cb,Cr), while the skin color distribution constitutes a 

compact, well defined cluster in the color space (Figure 3.2). 

 

   

(a) (b) (c) 

Figure 3.2 Skin tone model (depicted with red dots) in the YCbCr color space (the blue dots represent the 
reproducible color on a monitor), as displayed in [11]. (a) The skin tone model in YCbCr space, (b) its 

projection in Cb-Cr subspace and(c) its projection in Cb/Y -Cr/Y subspace. 

 

The luminance information is not useful for discriminating skin regions since it is highly 

dependent on the lighting conditions and thus it is most often discarded. In contrast, 

chrominance information can efficiently model the skin ôtoneõ and separate skin from 

non-skin regions. The chrominance of different skin types (e.g. black, white, yellow) 

share very similar Cb and Cr values, rendering the model suitable for covering all human 

races. The perceived difference of the skin tone across different races is mainly due to 

the luminance, which is also evident from Figure 3.3, where people with different skin 

tones share very similar chrominance distributions.  

    
 

 

 

 

 

 

 

 

Figure 3.3 Images of people with various skin colors and the corresponding images containing only chro-
minace information. The chrominace information is derived from Cb and Cr components combined as in 

eq. 3.1. The images are best viewed in color.  



3.3 Eye Localization using color information and radial symmetry 

 

The decoupling of the luminance information also makes the skin modeling more resili-

ent to different lighting conditions and uneven illumination. An additional reason for 

selecting the YCbCr color space is that existing image and video compression standards 

are based on it, thus rendering the proposed method faster when applied on such kind of 

compressed images. 

 

3.3.2.2 Eye Regions Color Model 

With the goal of distinguishing the eye regions (i.e. sclera, iris and pupil) from the sur-

rounding skin area and to accentuate the appearance of the iris, we build eye maps using 

the YCbCr color space components. Although the contrast in the luminance component 

between the eye regions and the surrounding skin may be poor in many cases, their color 

distribution in the chrominance components is notably different. The EyeMapC is de-

rived from the chrominance components of the YCbCr color space, building on the fact 

that the color distribution of the eye regions is significantly different than the surround-

ing skin area, exhibiting high Cb values combined with low Cr values. The information in 

the two chrominance channels is combined to form the EyeMapC as follows: 

 ὉώὩὓὥὴὅ
ρ

σ
ὅὦ ὅὶ ὅὦȾὅὶ 
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Where Cb and Cr are normalized to the range πȟρ and Cr denotes the complement of Cr 

(i.e. 1- Cr). Large values on the eye map are observed at the positions of the eye regions 

and eyebrows where the color difference from the skin pixels is maximized. In Figure 3.4 

the color distribution of the skin andthe eye regions in the YCbCr color space is depicted. 

The experimental setup for obtaining the color distributions are presented in the next 

paragraph. Although the samples used to build the color distributions originate from 

subjects with different skin tones and under different lighting conditions, the skin clus-

ters, as well as the eyes cluster demonstrate great compactness inside the color space. By 

illustrating the normal probability density functions (pdf) of the skin and the eyes in the 

EyeMapC component (Figure 3.4(e)) we obtain distributions presenting a limited overlap. 

This form of the distributions indicates that the non-linear combination of the chromi-

nance information in eq. constitutes a methodical way to enhance the separability be-

tween the skin and the eye regions. 

 

Construction of color models  

In view of building statistical color models for the eye regions and the irises, experiments 

were performed using the MUCT database [124]. The MUCT database was selected as it 

provides great diversity in illumination conditions and subjectsõ ethnicity. Moreover, it is 

meticulously landmarked and thus different facial regions can be accurately pinpointed. 

To build the color model of the eyes we first transformed the image in the YCbCr color 
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space and extracted the points located inside the polygons that enclose both eye regions. 

From these points the mean value for each of the YCbCr channels was calculated. In a 

corresponding manner, in order to build the skin model, the skin patch under and be-

tween the eyes was considered (surrounding skin area) and the mean value was calculat-

ed. As a result, 3755 values, one for each image in the database, were collected to build 

each of the models. 

In order to model the tone distribution of the irises, only the iris region out of the delin-

eated eye region was retained, discarding the sclera regions (the white parts of the eye). 

The resulting color models for the eye areas and the irises are presented in Figure 3.4 and 

Figure 3.5, respectively. 

 

   
(a) (b) (c) 

 

  
(d) (e) 

Figure 3.4 Eye regions color distribution (depicted with green dots) compared to skin color distribution 
(depicted with red dots) in the YCbCr color space. (a) The color distributions in the YCbCr space, (b) its 

projection in the Cb-Cr subspace, (c) its projection in the Cb/Y -Cr/Y subspace, (d) multivariate Gaussian 
pdf in the Cb-Cr subspace and (e) the Gaussian pdf of the skin and eye regions in the EyeMapC transformed 

component. 

 

   
(a) (b) (c) 
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(d) (e) (f) 

Figure 3.5 Iris regions color distribution (depicted with cyan dots) compared to eye regions color distribu-
tion (depicted with green dots) and to skin color distribution (depicted with red dots) in the YCbCr color 
space. (a) The color distributions in the YCbCr space, (b) its projection in the Cb-Cr subspace, (c) its pro-
jection in the Cb/Y -Cr/Y subspace. The Gaussian pdf of the irises and the skin are illustrated in (d) the 
luminance (Y) component, (e) the EyeMapC component and (f) the EyeMapC component divided by the 

luminance (Y). 

 

3.3.2.3 Iris Color Model 

The irises constitute the most distinct regions in both the luminance component and 

chrominance derived (EyeMapC) component. Regarding their appearance in the lumi-

nance component, they present significantly lower brightness values than the sclera and 

the skin areas, as illustrated in Figure 3.5(d). Correspondingly, in the EyeMapC compo-

nent, the irises are among the brightest pixels (Figure 3.5(e)). The division of the Eye-

MapC with the Y component makes the irises more prominent and distinguishable from 

the other surrounding areas, further narrowing down the overlap between the distribu-

tions, as shown in Figure 3.5(f). The use of morphological operations (erosion/dilation) 

further accentuates the irisesõ darker appearance in the Y component and the brighter 

appearance in the EyeMap Ccomponent . Moreover, the round shape of the structuring 

elements enhances the circular structure of the irises, facilitating the forthcoming radial 

symmetry transform. The new EyeMapI is derived as: 

 
ὉώὩὓὥὴὍ

ὉώὩὓὥὴὅṥὄρ

ὣṦὄς ‏
 

 

3.2 

 

where ṥ and Ṧ denote gray-scale dilation and erosion, respectively. ὄρ and ὄς are flat, 

circular structuring elements with radii being proportional to the size of the iris: 

 
ὄρὙὥὨὍὶὭίὙὥὨȾς 

 

ὄςὙὥὨὄρὙὥὨȾς 
3.3 

 

where 

 
ὍὶὭίὙὥὨὉώὩὙὩὫὭέὲὡὭὨὸὬȾρπ 

 
3.4 
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The size of the iris has little variation across humans [125] and its approximate size can 

be inferred from the size of the detected face (and therefore the size of the eye regions). 

In the aforementioned formulations, coarse estimations of the iris radius and thus ὄρ 

and ὄς radii are adequate, as small deviations in the estimations do not have a noticeable 

influence in the outcome. A correction factor ‏ is adopted to suppress very large values 

caused by null or very small denominator values. A small static number would suffice; 

yet, experimental tests exhibited improved results when a dynamic, data driven value of ‏ 

is used: 

 
‏ άὩὥὲὣṦὄς 

 
3.5 

 

Figure 3.6 depicts the stages for the construction of the eye maps. The resulting EyeMapI 

illustrates that the iris area is the most prominent region in the image. The use of the eye 

maps also gives emphasis to the circular pattern of the iris regions and serves as a great 

assist in cases when the iris reaches its shape limits due to occlusions by the eyelids or in 

the presence of other visual artifacts.  

 

Figure 3.6 Construction of the proposed EyeMapI 

 

3.3.3 Radial Symmetry Transform 

People are selective when processing visual information, because some points are more 

interesting or contain more information than others. As human beings we tend to pay 

more attention to these points, in terms of priority and processing time; for example 

when looking at a person we pay more attention to their face than the rest of the body 

and within the face we concentrate more on the eyes and the mouth. These points in 

computer vision are called points of interest and their automatic detection comprises an 

important topic. The eyes are the most distinctive features in the human face and among 

the most important points of interest that we concentrate on. The highly radial symmetric 

profile of eyes can be exploited for their accurate localization using radial symmetry op-

erators. In our approach, a fast and highly efficient radial symmetry transform is used, 

first introduced by Loy and Zelinsky in [126]. The transform relies on a gradient-based 

interest operator that works by considering the contribution of each pixel to the sym-
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metry of pixels around it. The algorithm is designed for grayscale images which are 

scanned for symmetrical shapes of various radii, in a user-defined set of radii ὔ. The 

transform that we used in our experiments is based on the original fast radial symmetry 

transform in [126], appropriately tailored in order to meet the specificities of the current 

application while the selection of parameters was rendered fully automatic. The outline 

of the fast radial transform is presented in Figure 3.7.  

 

Figure 3.7 Block diagram of radial symmetry transform computation 

 

At first, the gradient is calculated using a 3x3 Sobel operator. For each pixel ὴ in the gra-

dient image, an affected pixel ὴ  is determined. This affected pixel is defined as the pixel that 

the gradient vector Ὣὴis pointing to, of distance ὲ away from ὴ. As the change of the 

direction of the gradient is from brighter to darker areas, the transform detects only dark 

regions of radial symmetry. The coordinates of the affected pixels are calculated by 

 

 
ὴ ὴ ὶέόὲὨ

Ὣὴ

ᴁὫὴᴁ
ὲ 
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where round denotes the rounding of each vector to the nearest integer and ᴁϽᴁ  the Eu-

clidean norm. 

 

Figure 3.8 The location of the affected pixel ὴ (red square) by the gradient element Ὣὴ(blue square) for 

a range of ὲ ς. The dotted circle shows all the pixels that can be affected at the same radius. 
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For each radius ὲ, an orientation projection image ὕand a magnitude projection image 

ὓ  are created.These images, initially zero, increase their values foreach affected pixel as 

follows: 

 
ὕ ὴ ὕ ὴ ρ 

 
3.7 

   

 ὓ ὴ ὓ ὴ ᴁὫὴᴁ 3.8 
 

The radial symmetry contribution at a radius ὲ is derived by combining the magnitude 

projection image ὓ with the orientation projection image ὕ  and convolving them with 

a two-dimensional Gaussian kernel ὃ  

 

 
Ὓ ὓ Ͻὕ ὃz  

 3.9 

where ὥ is the radial strictness parameter and ὃ  is a two-dimensional Gausian kelnel 

with ‘ ςὲ and „ ὲȾς. The Gaussian kernel is used to spread the influence of the 

affected pixels.  

Finally, the contributions for every ὲ in a set of radii ὔ are averaged in order to form the 

final result: 

 Ὓ
ρ

ȿὔȿ
Ὓ

ᶰ

 3.10 

 

The definition of the transform contains a number of parameters that need to be appro-

priately defined. These are the radial strictness parameter ὥ and the set of radii ὔ which 

defines the range of radially symmetric features to be detected. In view of the specific eye 

localization application, a low radial strictness parameter (ὥ = 1) proves to be the most 

judicious choice as it also gives emphasis to less radially symmetric features. The choice 

of the parameter is justified in view of the fact that the iris always preserves some level of 

symmetry, regardless of the eye state. The set of radii ὔ ὲ ȟὲ  was calculated 

based on the estimated iris size. The minimum radii is defined as ὲ ὍὶὭίὙὥὨȾςand 

the maximum as ὲ υϽὍὶὭίὙὥὨ. A visualization of the different stages using the 

radial symmetry transform in a face image is shown in Figure 3.9. 
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Original Image 
 

 
Gradient Magnitude 

 

ὓ  
 

   
 

ὕ  
 

 

ὓ Ͻὕ  
 

 

Ὓ 

Figure 3.9 Example images yielded when applying the radial transform at a face image for ὲ ς and 

ὥ ρ. All the images except from the original image are pseudocolored to better visualize the results. 

 

One of the main assets of the specific radial symmetry transform is that the contribution 

of each significant pixel (in terms of gradient magnitude) is computed over a single pass 

over the image for a specific radius. Thus the radial symmetry transform is very computa-

tionally efficient, depending linearly on the size of the image and the number of radii i.e. 

it is of order ὕὑὔ where ὑ is the number of pixels and ὔ is the number of the radii 

for which the transform is computed. This time complexity reported is significantly low-

er compared to other symmetry operators [126], allowing real time implementation, even 

for images of higher resolution. 

In order to speed up calculations, the transform can be refined in two ways; by using a 

sparse set of radii ὔ and by ignoring small gradients when calculating ὓ  and ὕ . The 

result of using a sparser set of non-continuous integer values constitutes a very good 

approximation to the output obtained in the case where all the continuous ranges from 

ὲ  to ὲ  were considered. This refinement is extremely useful when attempting to 

detect points of interest that have an unknown size in the image. However, in our case as 

the size of the circular pattern of the eye that we are trying to detect can be approximate-

ly inferred by the size of the detected face, we utilize the full range, as defined above, in 

order to yield the most accurate result. The second refinement involves ignoring gradi-

ents with small magnitude in the gradient image. The reasoning behind this is that gradi-

ent elements with small magnitudes have less reliable orientations, correspond to very 

weak edges in the image and are prone to noise and thus can be ignored as non-
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significant. Small gradients can be ignored by introducing a user-defined gradient thresh-

old, increasing the speed of the transform. 

 

3.3.4 Combining Radial Symmetry Transform with the Eye Maps 

The final step for localizing the eye centers involves adding the individual results of ap-

plying the radial transform to the luminance (Y) component of the eye image and to the 

calculated EyeMapI. The position of the maximum value of the cumulative result indi-

cates the localized eye center  

 
ὼȟώ ὥὶὫάὥὼὛ Ὓ  

 
3.11 

whereὼȟώ  denotes the estimated eye center coordinates and ὛϽ the radial symmetry 

transform outputsof the luminance component and the EyeMapI, respectively. A pictorial 

overview of the complete eye localization system is illustrated in Figure 3.10. 

 

Figure 3.10 Overview of the proposed eye localization algorithm. For clarity purposes, the images showing 
the radial symmetry transform results are pseudocolored. 

 

3.4 Experimental Results 

3.4.1 Test Datasets 

A large number of face datasets exist in the literature which are used for the purpose of 

eye localization. These face datasets present a wide variety of different conditions (e.g. 

illumination, image background), image resolutions, head poses, facial expressions and 

occlusions. Moreover, the conditions under which the databases were constructed de-

pended on the purpose which they are intended to serve, such as eye localization, eye 

tracking, facial features detection, tracking of gaze etc. The selection of specific face da-

tabases for the evaluation of the proposed eye localization algorithm was based on some 
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criteria that we defined. The first criteria was that the databases used should be publicly 

available and distributed free of charge; the main advantage of these databases is that a 

larger number of results are reported for them. As the proposed method relies on color 

information for accurately localizing eye centers, the second precondition was that the 

databases should contain color images. Moreover, one of the most important assets of 

the proposed algorithm is its performance in low resolution images, and thus databases 

that contain images of low resolution were also selected for evaluation. Finally, in order 

to test the resilience and robustness of our algorithm to adverse conditions some of the 

most ôdifficultõ databases (in terms of illumination conditions, occlusions etc) were also 

selected. The face databases used are described in the following paragraphs. 

 

3.4.1.1 GTAV Database 

The GTAV face database4 [57] contains low resolution color images (320 x 240 pixels) 

with strong pose and illumination variations. It includes a total of 44 people with 27 pic-

tures per person, which correspond to different pose views (πЈȟσπЈȟτυЈȟφπЈȟωπЈ 

yaw angles) under three different illuminations (environment or natural light, strong light 

source from an angle of τυЈ, and an almost frontal mid-strong light source). Further-

more, additional frontal view pictures with different occlusions and facial expression 

variations are included. Under these circumstances, the GTAV dataset is regarded as one 

of the most challenging databases. Example images of different people with different 

pose, illumination and facial expressions are illustrated in Figure 3.11. Of all the images 

in the database, 713 images (of all 44 persons) were considered for the evaluation of our 

algorithm; images where the face detector failed to detect the face due to extreme poses 

were excluded (i.e. all images with yaw angles of φπЈȟωπЈ, as well as some images 

with yaw angle of τυЈ, where one of the eyes was completely occluded). Images con-

taining detected faces in which eyes were completely hidden (by sunglasses or hands), 

were also manually removed. 

 

 
 

 
 

 
 

(a) 
 

(b) 

Figure 3.11 Examples of people in GTAV Database with (a) different pose views and (b) different illumi-
nations (top row) and facial expressions (bottom row) 

                                                 

4https://gtav.upc.edu/research-areas/face-database 

https://gtav.upc.edu/research-areas/face-database
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3.4.1.2 MUCT  Database 

The MUCT face database5 [124] consists of 3755 color images (640 x 480 pixels) of faces 

from people belonging to a wide variety of age and ethnicities, under varying lighting 

conditions (Figure 3.12(a)). The images were acquired using five webcams, arranged at 

different positions relatively to the subject; eyes are always visible from all positions, yet 

there is a considerable variation in face poses (Figure 3.12(b)). An analysis of the data-

base ranks it among the most òdifficultó publicly available, landmarked databases of faces 

[124], containing images with severe occlusions from glasses and reflections, various eye 

states and head poses. Images where the Viola-Jones face detector failed to locate the 

face correctly (54 images, corresponding to a ρȢτϷ fail percentage), were excluded from 

the experiments. 

  

(a) (b) 

Figure 3.12 (a) Sample images from the MUCT database and (b) the five camera views of one subject. 

 

3.4.1.3 ColorFeret Database 

The color FERET database of facial imagery6 [127] contains 11,338 images of 994 sub-

jects. The imagesõ resolution is 512 x 768 pixels. For the purposes of our experiments 

and in order to conduct comparisons with other methods, only the frontal face (fa) and 

alternate frontal face (fb) partitions of the database were considered, resulting in a total 

of 2636 color images from all subjects. The subjects belong to a wide range of ages and 

races while most of them are photographed wearing glasses. Some sample images of the 

color FERET database are illustrated in Figure 3.13. 

 

                                                 

5http://www.milbo.org/muct/ 
6http://www.nist.gov/itl/iad/ig/colorferet.cfm 

http://www.milbo.org/muct/
http://www.nist.gov/itl/iad/ig/colorferet.cfm
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Figure 3.13 Sample images from the color FERET database 

 

3.4.1.4 BUHP Database 

The BUHP database7 [128] consists of 45 video sequences of 200 frames each (approxi-

mately seven seconds), where 5 subjects (Figure 3.14) perform free head motion includ-

ing translations and both in-plane and out-of-plane rotations. The videos are acquired 

under uniform illumination, in a standard office environment and the eyes are always 

visible, except for some minor self occlusions. The images in the video sequences have a 

resolution of 320 x 240 pixels and the head occupies between 20 and 50 percent of the 

total frame area. The faces were not detected in 692 frames, corresponding to χȢχϷ of 

the database, mainly caused by extreme head poses surpassing the working range of the 

face detector. 

     

Figure 3.14 Sample snapshots of the 5 subjects in the BUHP database 

 

3.4.1.5 Caltech Face Database 

The Caltech face database8 [56] comprises of color images of higher resolution (896 x 

592 pixels). It contains 450 face images of 27 people under various facial expressions and 

lighting conditions (Figure 3.15). The cases where the face detector failed to correctly 

find the positions of the faces were excluded (15 images). The Caltech face database was 

manually annotated in order to define the ground truth for the left and right eye centers. 

    

Figure 3.15 Sample images from the Caltech face database 

 

                                                 

7ftp://csr.bu.edu/headtracking/ 
8http://www.vision.caltech.edu/html-files/archive.html 

ftp://csr.bu.edu/headtracking/
http://www.vision.caltech.edu/html-files/archive.html
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3.4.1.6 BioID  Database 

The BioID face database9 [129] consists of 1,521 grayscale images of 23 different subjects 

and has been taken in different locations and at different times of the day (i.e., uncon-

trolled illumination). The size of each image is 384 x 288 pixels. Besides changes in illu-

mination, the positions of the subjects change both in scale and pose. Furthermore, in 

several samples of the database the subjects are wearing glasses, while in some instances 

the eyes are closed, turned away from the camera, or completely hidden by strong high-

lights on the glasses. Due to these conditions, the BioID database is considered a diffi-

cult and realistic database. A ground truth of the left and right eye centers is provided 

with the database. From the 1,521 images of the database, 52 images were excluded due 

to unsuccessful face detection. Although the BioID database contains grayscale images 

(while our method works with color images), it was included in our experiments as it 

comprises the most popular database for eye detection. Some images from the database 

are shown in Figure 3.16 Images form the BioID database. 

     
 

     

Figure 3.16 Images form the BioID database 

 

3.4.1.7 Gi4E Database 

The Gi4E database10 is a public database of images for iris center and eye corner detec-
tion. The database consists of a set of 1339 images acquired with a standard webcam 
(800ĭ600 pixels), corresponding to 103 different subjects and 13 images each. Every set 
of 13 images consists of 12 images in which the user gazes at different points in the 
screen and another image in which the userõs eyes are closed. The positions of the irises 
and the corners are manually annotated. In Figure 3.17 some sample images taken from 
the database are illustrated. 

     

Figure 3.17 Sample images from the Gi4E database 

                                                 

9https://www.bioid.com/About/BioID-Face-Database 
10http://gi4e.unavarra.es/databases/gi4e/ 

https://www.bioid.com/About/BioID-Face-Database
http://gi4e.unavarra.es/databases/gi4e/
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3.4.1.8 Talking Face 

The Talking Face video11 [130] consists of 5000 frames (576 x 720 pixels) taken from a 

person engaged in a natural conversation. The data set has also been tracked with an 

AAM using a 68 point model. The annotation scheme is shown in Figure 3.18. Although 

the annotation was performed semi-automatically, it has been checked visually and is 

generally sufficiently accurate to represent the facial movements during the sequence. 

The main purpose of the database is to evaluate how tracking improves the eye localiza-

tion procedure in a controlled indoor environment, simulating an office or a home work-

station. The main challenges for eye localization on the Talking Face video stem from the 

unconstrained head motion and eye closures. 

  

Figure 3.18 Example images from the talking face database as well as the 68 amually annotated points on 
the face. 

 

3.4.1.9 Other Databases 

Several other publicly available database have been reported in the literature; however 

they were not used for evaluating our algorithm as most of them are not widely used for 

the task of eye localization, they are not landmarked with the positions of the eye centers, 

they contain monocular (grayscale) images or contain high resolution color images and 

thus are not as challenging as the ones used. A collection of the most popular face da-

tasets can be currently found at http://web.mit.edu/emeyers/www/face_databases.html 

while a collection of the datasets containing manual annotations can be found at 

http://lrs.icg.tugraz.at/research/aflw/.  

 

3.4.2 Performance Measures 

The measure employed in order to evaluate the accuracy of the proposed eye center lo-

calization method is the normalized error, first introduced by Jesorsky et al. [131]. This 

normalized error ‭, also denoted as worst eye error, considers from both eyes the detec-

tion with the greatest deviation from the true eye center and is formulated as: 

 ‭
άὥὼὅ ὅ ȟὅ ὅ

ᴁὅ ὅᴁ
 

 

3.12 

where ὅȾ are the localized by the proposed method left and right eye centers and ὅȾ 

stand for the manually labeled left and right eye centers, respectively. The ᴁὅ ὅᴁ 

                                                 

11http://www -prima.inrialpes.fr/FGnet/data/01-TalkingFace/talking_face.html 

http://web.mit.edu/emeyers/www/face_databases.html
http://lrs.icg.tugraz.at/research/aflw/
http://www-prima.inrialpes.fr/FGnet/data/01-TalkingFace/talking_face.html
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term represents the interoccular distance (distance between eye centers), and is used as a 

reference valuefor normalizing the localization error.  

Upon calculation of the normalized error ‭for each image, the accuracy of the algorithm 

was expressed as the number of the normalized errors that fell below an assigned thresh-

old, divided by the total number of images in the database. The worst eye error indicates 

that both eyes are detected below the assigned error threshold. The thresholds used for 

our tests were ‭ πȢςυ which roughly corresponds to the distance between the eye cen-

ter and the eye corners, ‭ πȢρ which corresponds to the diameter of the iris and 

‭ πȢπυ which corresponds to the pupil area (precise localization), as shown in Figure 

3.19. 

 

 
Figure 3.19 Worst eye error thresholds. Concentric circles denote error thresholds of ‭ πȢπυ (yellow), 

‭ πȢρ (green) and ‭ πȢςυ (blue). 

 

3.4.3 Color Radial Symmetry Method 

Except from the proposed method which considers the cumulative radial transform re-

sult in both the original and the EyeMapI image, we also examined the scenario where 

the radial symmetry transform is performed only on the EyeMapI image (i.e. considering 

only the Ὓ  component in 3.11), denoted hereafter as Color Radial Symmetry (Col-

orRS). ColorRS is examined as an alternative solution, permitting a different tradeoff 

between performance and computational complexity. In particular, it generally achieves 

slightly lower accuracy rates, yet the processing time is reduced. A choice of the most 

appropriate method can be application specific. 

 

3.4.4 Comparison with the State of the Art 

The evaluation of the proposed eye localization system yielded precise detections of eye 

centers in all the databases tested. Our method performs remarkably well in challenging 

illumination conditions, out-of-plane rotations, in the presence of glasses and partial oc-
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clusions by hair, reflections or shadows (Figure 3.20 Eye center localization results in (a) 

GTAV, (b) MUCT and (c) color FERET databases. Yellow dots/crosses indicate the 

localized eye centers). It is also resilient to the eye state, as long as the eyes are not com-

pletely occluded by the eyelids. The proposed system failed to extract accurate results 

only in cases when the eyes were entirely closed or in extreme cases of uneven illumina-

tion and occlusions (Figure 3.21).  

      

      

(a) 

      

      

(b) 

      

      

(c) 

Figure 3.20 Eye center localization results in (a) GTAV, (b) MUCT and (c) color FERET databases. Yel-

low dots/crosses indicate the localized eye centers 

 

    

    

Figure 3.21 Examples of inaccurate eye center localization in GTAV, MUCT and color FERET databases 
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The results of the proposed system were compared against state-of-the-art methods for 

accurate center detection in the literature. Radial symmetry transform is used in [118] for 

fine localization of the eye centers, in coarse eye regions defined in advance, using Gabor 

filter responses. Although the parameters of the radial symmetry transform are not ex-

plicitly defined, a simulation using a wide range of values yielded an upper detection 

boundary for this approach. Timm et al. [98] propose a gradient-based eye localization 

approach utilizing a simple objective function, consisting of dot products. Although their 

method does not yield superior accuracy for precise detection (‭ πȢπυ), it is reported to 

have the best average performance over all values of ‭. The method of Valenti et al. 

[109], [110], [111], [112] which relies on isophote curvatures, reports a considerable im-

provement in accurately locating eye centers when compared to other state-of-the-art-

methods. For databases where the accuracy results were not explicitly reported in their 

work (i.e. for GTAV and MUCT databases), a publicly available implementation12 of 

their basic algorithm using the optimal parameters (obtained through grid search), was 

used for comparison. 

 

GTAV database 

Table 3.1 presents the performance of the proposed method against state-of-the-art 

methods in the GTAV face database. We observe that in the low-resolution and ôdiffi-

cultõ images of the specific database, the proposed method achieved significant im-

provement in performance over the rest of the approaches examined for high precision 

localization (‭ πȢπυ), as well as for detection within the iris area (‭ πȢρ) and for 

coarser detection of the eye area (‭ πȢςυ). The large discrepancies between different 

methods for accurate localization (‭ πȢπυ) can be attributed to the low resolution of 

images; small deviations of a few pixels from the actual center can result in significant 

change of the overall performance. 

Method 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

Proposed Method 87.1 % 96.8 % 99.1 % 

ColorRS 82.4 % 96.0 % 98.4 % 

Timm et al. [98] 74.3 % 93.1 % 96.0 % 

Yang et al. [118] 76.8 % 91.8 % 98.6 % 

Valenti et al. [109] 61.4 % 75.5 % 91.9 % 

Table 3.1 Accuracy vs normalized error in the GTAV database 

                                                 

12https://staff.fnwi.uva.nl/r.valenti/index.php?content=EyeAPI 

https://staff.fnwi.uva.nl/r.valenti/index.php?content=EyeAPI
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MUCT database 

In Table 3.2 the superior accuracy of the proposed method for high precision localiza-

tion in MUCT face database is shown. Regarding coarser detections of the iris, the pro-

posed method also achieved superior rates than the rest of the methods examined. Like-

wise, while ColorRS achieved superior results than most methods for precise detection, 

its performance was somewhat reduced compared to the proposed method. The main 

strength of the proposed method and the ColorRS method is their performance for very 

precise localization (‭ πȢπυ) ; the proposed method excelled by at least ρρȢσ Ϸ, while 

the ColorRS method outperformed the rest of the approaches by at least ψȢρ Ϸ. 

Method 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

Proposed Method 92.9 % 97.2 % 99.0 % 

ColorRS 89.7 % 93.6 % 97.0 % 

Timm et al. [98] 78.6 % 94.9 % 98.6 % 

Yang et al. [118] 81.6 % 89.5 % 94.5 % 

Valenti et al. [109] 63.1 % 76.7 % 94.1 % 

Table 3.2 Accuracy vs normalized error in the MUCT database 

 

Color FERET database 

The performance of the proposed algorithm in the color FERET database, also com-

pared with state-of-the-art methods in the literature is displayed in Table 3.3. Three addi-

tional methods, mentioned in section 3.2, were also considered for comparing the per-

formance. The proposed method demonstrates higher localization rates than the rest of 

the methods, in all the examined cases.  

Method 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

Proposed Method 79.6 % 98.3 % 99.6 % 

ColorRS 76.8 % 98.2 % 99.6 % 

Valenti et al. [111] 74.4 % 96.3 % 99.2 % 

Yang et al. [118] 74.6 % 96.6 % 98.7 % 

Timm et al. [98] 72.6 % 97.1 % 99.2 % 

Campadelli et al. [92] 67.7 % 89.5 % 96.4 % 

Duffner et al. [132] 79.0 %* 97.0 %* 99.0 %* 

Kim et al. [115] 91.8 % (‭ πȢπχ)** 

Table 3.3 Accuracy vs normalized error in the color FERET database 
* Average normalized error 

** Proposed method (‭ πȢπχ): 96.2 % 

 



Eye Center Localization 

55 

Although the color FERET database contains higher resolution image, without pose 

variations and with good illumination conditions, the rates for precise localization are 

reduced compared to the previously examined, more òchallengingó databases. This phe-

nomenon is attributed to the ground truth being sometimes unreliable, as also reported 

in [32]; in most cases the eyes are annotated anywhere within the iris area and not in their 

true center. As a result, in most of the cases where the algorithm ôfailsõ to accurately de-

tect the eye center, the localization is more accurate than the manual annotation. This 

also gives reasoning for the discrepancy between localizations for ‭ πȢπυ and ‭ πȢρ 

( ςπϷ), which is observed for all the different methods. In the current dataset, the good 

performance of the proposed algorithm can be mostly witnessed for localizations within 

the iris area, with the failure cases occurring when the eyes are obscured to a great degree 

due to reflections from the glasses or are totally closed. 

 

BUHP database 

The performance of the proposed method in the low resolution color images of the 

BUHP database is shown inTable 3.4. The proposed method presents superior accura-

cies compared to the ones obtained using the methods of Timm et al. [98] and Yang et 

al. [118] as well as to the accuracies reported by Valenti et al. in [110] using both their 

original method and their method robustified by using head pose cues. The ColorRS 

method performs slightly worse for very accurate localizations, presenting comparable 

performance to the second best method. For detections within the iris area the proposed 

methods share the best performance among the rest of the systems tested, while for 

coarser detection within the eye area the method of Valenti et al.[110] incorporating pose 

information has a slight edge. 

Method 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

Proposed Method 62.5 % 89.7 % 95.4 % 

ColorRS 59.7 % 89.6 % 95.8 % 

Timm et al. [98] 60.0 % 88.9 % 96.1 % 

Yang et al. [118] 46.7 % 72.6 % 91.7 % 

Valenti et al. [110] w/pose 31.9 % 77.3 % 96.7 % 

Valenti et al. [110] w/o 
pose 

40.6 % 61.7 % 77.7 % 

Table 3.4 Accuracy vs normalized error in the BUHP database 

 

Gi4E Database 

The proposed methodõs performance in Gi4E database is shown in Table 3.5. Instead of 

the measuring the accuracy for ‭ πȢρ and ‭ πȢςυ, a new measure is defined in the 

specific database, denoted as Global Accuracy. The Global accuracy is an average of the 

performance for different ‭ and is given as: 
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 ὋὰέὦὥὰὃὧὧόὶὥὧώὃὧὧȢ ὃὧὧȢ ὃὧὧȢȾσ 3.3 

   
Drawing from Table 3.5, the proposed method outperforms all the different methods 

reported on the database. The comparison of different methods can be also found online 

at the database leaderboard13. 

Method 
Accuracy 

‭ πȢπυ Global Accuracy 

Proposed Method 98.5 % 90.1 % 

ColorRS 96.3 % 87.6 % 

Timm et al. [98] 96.1 % 86.1 % 

Villanueva et al. [133] 90.6 % 79.4 % 

Table 3.5 Accuracy vs normalized error in the Gi4E database 

 

Caltech database 

Table 3.6 presents the accuracy of the proposed method in the images of Caltech face 

database. In this case, due to higher resolution and absence of occlusions, the proposed 

method achieves almost perfect localization in every case. 

Method 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

Proposed Method 99.8 % 100 % 100 % 

ColorRS 98.9 % 99.5 % 100 % 

Yang et al. [118] 98.2 % 98.4 % 99.1 % 

Valenti et al. [109] 89.8 % 98.6 % 99.9 % 

Timm et al. [98] 89.4 % 98.9 % 99.8 % 

Table 3.6 Accuracy vs normalized error in the Caltech faces database 

 

BioID database 

The BioID database is not the most suitable database for evaluating the proposed algo-

rithm (as it contains grayscale images while our method is designed to work optimally in 

color images), however, being the most popular database for eye detection, we tested our 

algorithm using a modified version that does not use color information. This evaluation 

was carried out in order to get an estimation of the performance of our system in BioID. 

The modified version of the proposed method does not use the eye maps derived from 

color information but only the luminance component (obtained by considering only the 

Ὓ component in 3-8). The results for our method (denoted as LuminanceRS), are shown 

in Table 3.7 Accuracy vs Normalized Error in the BioID database along with most of the 

                                                 

13http://gi4e.unavarra.es/gi4e/leaderboard.asp 

http://gi4e.unavarra.es/gi4e/leaderboard.asp
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eye detection methods reported on that database. We can observe that for an allowed 

error of ‭ πȢπυ, LuminanceRS demonstrates the highest accuracy along with the 

MICs+SIFT method proposed in [111]. Regarding coarser detection, LuminanceRS per-

forms comparably to the best methods. To the best of our knowledge, the complete 

proposed algorithm using also color information outperforms the LuminanceRS in all the 

experiments that we conducted, and thus, if we were confronted with the corresponding 

color images, an even higher performance would be expected. 

Method 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

LuminanceRS 86.0 % 92.0 % 98.8 % 

Valenti et al. [111] 86.1 % 91.7 % 97.9 % 

Asteriadis et al.[97] 74.0 % 81.7 % 97.4 % 

Jesorsky et al. [131] 40.0 % 79.0 % 91.8 % 

Campadelli et al. [92] 62.0 % 85.2 % 96.1 % 

Kim et al. [115] n/a 96.4 % 98.8 % 

Bai et al. [134] 37.0 % 64.0 % 96.0 % 

Cristinacce et al. 
[135] 

56.0 % 96.0 % 98.0 % 

Turkan et al. [136] 19.0 % 73.7 % 99.5 % 

Hamouz et al. [137] 59.0 % 77.0 % 93.0 % 

Niu et al. [138] 75.0 % 93.0 % 98.0 % 

Timm et al. [98] 82.5 % 93.4 % 98.0 % 

Kroon et al. [139] 65.0 % 87.0 % 98.8 % 

Asadifard et al. [140] 47.0 % 86.0 % 96.0 % 

Table 3.7 Accuracy vs Normalized Error in the BioID database 

 

3.4.5 Pose and Illumination Invariance 

To quantitatively evaluate the robustness of the proposed method to pose and lighting 

variations we employed the GTAV and MUCT databases, appropriately segregated into 

subsets of different poses and illuminations. When referring to pose, solely out of plane 

rotations were considered (headõs yaw and pitch angles), on the grounds that in-plane 

rotations of the face (roll angles) have absolutely no effect on the performance of the 

proposed method (on condition that the eye ROIs contain the eyes). In GTAV database, 

three lighting subsets were created (natural light, strong light source from an angle of τυЈ 

and an almost frontal mid-strong light source) which, in turn, were each split into five 

subsets of different poses (πЈȟσπЈȟτυЈ yaw angles). Each different subset contains 

images from all 44 subjects of the database, including also the cases where the face detec-

tor failed (reaching its detection limits regarding out of plane rotation), to which the faces 

were manually annotated. The results for each illumination and pose variation are report-

ed in Table 3.8. To gain better understanding of how the pose influences localization 

performance, instead of considering the worst eye, we obtained the accuracy for each eye 

separately (Left/Right).  
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Pose 
I llumination  

Natural Strong τυÁ Frontal mid-strong 

τυÁ 88.6 / 45.5 % 90.9 / 54.6 % 73.3 / 40.0 % 

σπÁ 95.5 / 81.8 % 90.9 / 90.9 % 88.9 / 77.8 % 

πÁ 97.7 / 95.5 % 100 / 95.5 % 97.8 / 97.8 % 

σπÁ 86.4 / 90.9 % 84.1 / 93.2 % 82.2 / 91.1 % 

τυÁ 59.1 / 81.8 % 52.3 / 65.9 % 66.7 / 77.8 % 

Table 3.8 Effect of change in pose and illumination in GTAV database for Left/Right eye and ‭ πȢπυ 

 

The best accuracy is reported for the frontal mid-strong illumination with neutral pose 

(see Table 3.8), which usually resembles the case of photo shooting in a controlled envi-

ronment. The average performance was almost equal for the natural (uniform) lighting 

and frontal mid-strong lighting, where phenomena like uneven or low contrast illumina-

tion and shadows are usually less observed. With regard to the pose variations, the pro-

posed method retained very competent performance, regardless of the pose. The accura-

cy of the proposed method inevitably decreased for greater poses, but mainly for the eyes 

at the opposite side of the face as only a part of the eye and its surrounding area re-

mained visible. The noticeably lower accuracies of the eyes in the opposite side, at the 

extreme cases of τυЈare attributed to the great degree of self-occlusion from the face 

(in most cases that eye is not visible at all), hence eye localization is rendered obsolete. 

Regarding the MUCT database, given that each subject was photographed with two or 

three random lighting setups from a total of 10 different lighting setups, only subsets 

with regard to pose were created. The arrangement of 5 cameras, as described in [124], 

allowed the categorization of all subjects in 5 pose categories, each containing 751 imag-

es: neutral pose (πЈ), ςπЈ and σψЈ yaw angles, ςρЈ and ςςЈpitch angles.  

Pose 
Illumination  

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

πÁ 94.0 % 97.6 % 99.1 % 

ςςÁ ώὥύ 93.7 % 97.7 % 99.6 % 

σψÁ ώὥύ 90.3 % 95.4 % 98.2 % 

ςςÁ ὴὭὸὧὬ 94.9 % 98.8 % 99.6 % 

ςρÁ ὴὭὸὧὬ 91.5 % 96.3 % 98.3 % 

Table 3.9 Pose invariance in the MUCT database for different accuracies 

 

Drawing on the results of Table 3.9, the difference in the proposed methodõs perfor-

mance was marginal for the ςπЈand somewhat reduced for σψЈyaw angles. Pitch an-

gles did not affect the performance significantly; when the head was slightly tilted back-

wards (ςςЈpitch angle) we obtained the best performance -even over the neutral pose -, 

while in the case where it was tilted forward ςρЈpitch angle) a slightly lower perfor-

mance was reported. A closer examination of this decrease in performance for bigger 
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yaw and pitch angles yielded the following: in the neutral case, the irises are positioned 

directly towards the camera, getting the best visibility possible. As the angle was increas-

ing, a smaller segment of the eyes was visible; eyelashes distorted or obscured the shape 

and appearance of the iris, whereas the nose (for yaw angles) and eyebrow structure (for 

pitch angles), which protrudes with regard to the eye socket, often caused shading ef-

fects. 

 

3.5 Parameters Sensitivity Analysis 

In order to obtain a deeper understanding of how the various parameters affect the per-

formance of the proposed system and discover room for improvement, we performed a 

sensitivity analysis of all its different parameters. The experiments were conducted using 

the MUCT database; we chose the MUCT database as it contains a great number of im-

ages (3755 images), presenting great heterogeneity regarding illuminations, ethnicities, 

occlusions etc and thus can yield very representative results. 

Regarding the parameters %ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ %27 and %ÙÅ2ÅÇÉÏÎ(ÅÉÇÈÔ ὉὙὌ, only 

the former is used as a reference value on which the ὄρὙὥὨ, ὲ  and  ὲ  rely; the 

%ÙÅ2ÅÇÉÏÎ(ÅÉÇÈÔ is given as a fixed proportion of the %ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ and the only 

presupposition is that it is big enough to contain the eyes, even for bigger rotation angles. 

In order to evaluate the influence of variations of %ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ in the performance 

of the proposed method we perform experiments with different sizes of 

%ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ, keeping all the other parameters as they are. The performance of the 

algorithm for different eye region sizes, ranging from the largest possible (each eye region 

is half the face or ὉὙὡ ὊὥὧὩὡὭὨὸὬȾς) to the smallest possible (the eyes are marginally 

included inside the eye regions or ὉὙὡ ὊὥὧὩὡὭὨὸὬȾτ) are shown in Table 3.10. Indic-

atively, in order to have an estimation of the interval in pixels, given that a mean face size 

in MUCT is 200 pixels the %ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ in the experiments spans from 50 pixels 

(ὉὙὡ ὊὥὧὩὡὭὨὸὬȾτ) to 100 pixels (ὉὙὡ ὊὥὧὩὡὭὨὸὬȾς).  

ὉὙὡ  
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

ὊὡȾς 90.1 % 96.4 % 98.4 % 

ὊὡȾςȢςυ 91.2 % 96.5 % 98.5 % 

ὊὡȾςȢυ 92.4 % 96.8 % 98.8 % 

ὊὡȾςȢχυ 92.9 % 97.2 % 99.0 % 

ὊὡȾσ 93.0 % 97.1 % 99.0 % 

ὊὡȾσȢςυ 92.8 % 96.8 % 99.1 % 

ὊὡȾσȢυ 92.3 % 96.7 % 99.1 % 

ὊὡȾσȢχυ 92.0 % 96.6 % 98.9 % 

ὊὡȾτ 91.3 % 96.4 % 98.5 % 

Table 3.10 Sensitivity analysis of the %ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ %27 with respect to the detected 

ὊὥὧὩὡὭὨὸὬ Ὂὡ 
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As observed from the results, variations around the chosen value of ὉὙὡ

ὊὥὧὩὡὭὨὸὬȾσ, do not have a noticeable effect on the method's accuracy. This signifies 

that variations in the dimensions of the detected face and thus the size of the eye region 

do not have a noteworthy influence in the system's performance. The performance starts 

to deteriorate for very large or very small eye regions but again not very significantly. 

By examining different values of the radial strictness parameter ‌ we can conclude that 

the selection of the lowest value of ‌ π yields the best results as it also makes less ra-

dially symmetric objects standout (Table 3.11). The selection of the specific value gives 

good results even when the eyes reach their limits regarding their circular pattern, e.g. in 

the case when the eyes are almost closed or they are found in extreme positions inside 

the eye socket. 

ὥ 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

ὥ π 92.9 % 97.2 % 99.0 % 

ὥ ρ 90.7 % 94.9 % 97.9 % 

ὥ ς 86.8 % 91.3 % 96.0 % 

Table 3.11 Sensitivity analysis of the Radial Strictness Parameter ὥ 

 

In order to define the radius of the structuring elements ὄρὙὥὨ and ὄςὙὥὨ we chose a 

dynamic value which depends on the size of the iris and thus on the size of the 

%ÙÅ2ÅÇÉÏÎ7ÉÄÔÈ (ὍὶὭίὙὥὨ ὍὙ is an intermediate parameter used which is firmly defined 

as ὍὶὭίὙὥὨὉώὩὙὩὫὭέὲὡὭὨὸὬȾρπ). In order to justify our claim that only a rough esti-

mation of the size of the structuring elements is adequate, we ran experiments for differ-

ent sizes of ὄρὙὥὨ (ὄςὙὥὨ is given as a constant proportion of ὄρὙὥὨ). As can be 

drawn from the results in Table 3.12, variations of the radius around the chosen value of 

ὍὶὭίὙὥὨȾς provoke very small differences in performance. 

ὄρὙὥὨ 
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

ὍὙȾρȢπ 90.7 % 95.5 % 98.0 % 

ὍὙȾρȢς 91.5 % 96.0 % 98.3 % 

ὍὙȾρȢτ 92.0 % 96.4 % 98.6 % 

ὍὙȾρȢφ 92.3 % 96.6 % 98.7 % 

ὍὙȾρȢψ 92.8 % 97.0 % 98.9 % 

ὍὙȾςȢπ 92.9 % 97.2 % 99.0 % 

ὍὙȾςȢς 92.8 % 97.2 % 99.0 % 

ὍὙȾςȢτ 92.8 % 97.2 % 99.0 % 

Table 3.12 Sensitivity analysis of ὄρὙὥὨ with respect to the ὍὶὭίὙὥὨ ὍὙ 
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The last parameters that are dynamically defined are the minimum radius ὲ  and max-

imum radius ὲ  which determine the set of radii used for the radial symmetry trans-

form. Drawing on the results of Table 3.13 about the minimum radius ὲ , the best 

results are reported for values around ὍὙȾς. As we reach the borderline case of ὍὙȾρ, the 

performance starts to drop significantly because important radii (the ones which are close 

to the borders of the iris and thus have the greatest contribution for finding its center) 

are not taken into account. Regarding the maximum radius ὲ , it is observed from 

Table 3.14 that the larger the set of radii, the better the performance that is reported. 

However, the value ofυϽὍὙ can be regarded as a turning point beyond which the per-

formance reaches a plateau, while the complexity majorly increases. Indicatively, in a 

typical image of the MUCT database if the ὍὶὭίὙὥὨ corresponds to 7 pixels the radii 

from ὲ ȟὲ ὍὙȾςȟὍὙϽυ  is the interval τȟσυ while with ὲ ψϽὍὙ,  the 

interval becomes τȟυφ,  which requires almost twice the number of calculations. Given 

that the complexity linearly increases with the number of the additional radii, while the 

performance is marginally improved after the turning point, the value of υϽὍὙ can be 

selected as the optimal tradeoff between performance and complexity. 

ὲ  
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

ὍὙȾρȢπ 79.4 % 96.2 % 99.0 % 

ὍὙȾρȢυ 91.5 % 97.3 % 99.2 % 

ὍὙȾςȢπ 92.9 % 97.2 % 99.0 % 

ὍὙȾςȢυ 92.1 % 96.2 % 98.4 % 

ὍὙȾσȢπ 91.4 % 95.6 % 97.8 % 

Table 3.13 Sensitivity analysis of the minimum radius ὲ  with respect to the ὍὶὭίὙὥὨ ὍὙ 

 

ὲ  
Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

ςϽὍὙ 89.4 % 92.7 % 95.2% 

σϽὍὙ 91.6 % 95.3 % 97.3 % 

τϽὍὙ 92.5 % 96.6 % 98.5 % 

υϽὍὙ 92.9 % 97.2 % 99.0 % 

φϽὍὙ 93.0 % 97.3 % 99.1 % 

χϽὍὙ 93.0 % 97.3 % 99.1 % 

ψϽὍὙ 93.0 % 97.3 % 99.2 % 

Table 3.14 Sensitivity analysis of the minimum radius ὲ  with respect to the ὍὶὭίὙὥὨ ὍὙ 

 

3.6 Iris Contour Estimation 

Given the detected center of the eye (which is actually the center of the iris) we can use 

further processing in order to define the contour of the iris. The accurate detection of 

the iris contour can assist towards more accurate gaze estimation and can be exploited to 
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get information about the eye state (i.e. level of opening of the eye) or blink. The main 

challenge of detecting the iris contour reliably is the partial occlusions of the iris by the 

upper and lower eyelids. Because of this inherent difficulty, many iris contour detection 

systems lack the ability to distinguish between the iris contour and eyelid contour [141].  

In order to estimate the contour we exploit the radial symmetry transform used. In an 

eye image the most abrupt changes of intensity, which as a result produce the most 

prominent edges in the gradient image, are located at the boundary between the sclera 

(the white part of the eye) and the iris. Moreover, the orientation of these edges is to-

wards the center of the eye. When applying the radial symmetry transform, these ôstrongõ 

edges in the gradient image have the most significant contribution in ôaffectingõ the pixels 

in the center of the eye (Figure 3.22). Motivated by this, the idea is from all the radii con-

sidered in the radial symmetry transform to define which radius had the most prominent 

contribution to the detected eye center.  

 

Figure 3.22 The orientation of the pixels located at the boundary between the sclera and the iris towards 
the eye center 

 

In order to estimate this radius which has the most prominent contribution to the de-

tected eye center, which corresponds to the radius of the iris, we investigate two different 

methods.  

 

3.6.1 Method 1 ɀ Affecting-Affected pairs 

Concurrently with the radial symmetry transform in the grayscale component we create 

two matrices containing the affected pixels and affecting pixels. The affecting pixels are all the 

pixels ὴ in the gradient image (see section 3.3.3) that are above a user-defined threshold: 

 
ὴ ὴᴁὫὴᴁ ὸὬὶὩίὬ 

 
3.4 

 

As described in section 3.3.3, the affected pixels are defined the pixel that the gradient 

vector of an affecting pixel Ὣὴ  is pointing to, of distance ὲ away from 

ὴ . The coordinates of the affected pixels are given as in eq. 3.6. 
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In this way two matrices are created for each radius ὲ, the affecting pixels matrix and the 

affected pixels matrix, containing the indices (coordinates) of each affecting pixel and affected 

pixel. The affecting pixels matrix is of size ὓ ρ where ὓ is the number of affecting pixels 

while the affected pixels matrix is of size ὓ ὔwhere ὓ is the number of affecting pixels 

(same with the number of affected pixels) and ὔ is the set of radii. In this way, for each 

radius, a pair of affecting-affected matrices is created (the affecting pixels matrix is the same for 

all radii). Given that each affecting pixel is affecting a single affected pixel (also see Figure 

3.8), the two matrices have the same number of elements in corresponding order (i.e. the 

first affecting pixel in the matrix is affecting the first affected pixel in the affected pixels matrix 

and so on).  

Once the eye center is detected (eq. 3.10) we define as selected affected pixels the affected pixels 

which are located closely around the center (within a radius of 2 pixels). For each selected 

affected pixel, the corresponding affecting pixels are searched for, for all the radii ὔ. An ex-

ample of the selected affecting pixels which affect the detected eye center is shown in Figure 

3.23. We can observe that most affecting pixels are located at the iris boundary. Given these 

selected affecting pixels, our goal is to find the radius ὲ for which contains most of the selected 

affecting pixels.  

 

Figure 3.23 The selected affecting pixels (blue dots) which affect the detected eye center (red cross) 

 

For each of the selected affecting pixels, we compute the Euclidian distance from the detect-

ed eye center. For the example depicted in Figure 3.23, the histogram of all the distances 

is computed in Figure 3.24. As expected, the majority of the distances are gathered 

around the value which corresponds to the iris radius (ρς ὴὭὼὩὰί). In order to distin-

guish between distances that correspond to the iris radius and outliers, we use k-means 

clustering to automatically separate them into two clusters.  

To initialize the centers of the two clusters which separate the distances in two catego-

ries, namely, iris radii and outliers, we assign for the first group the estimated iris radius 

(as in eq. 3.4) and for the second group the maximum distance. 
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Figure 3.24 Histogram of the distances of the selected affecting pixels from the detected eye center 

 

Optimally, once the k-means algorithm converges, the first group should contain values 

close to the actual iris rad. In the current example, the resulting distances which result 

from the k-means algorithm, as well as the corresponding locations of the affecting pixels 

which correspond to these distances are depicted in Figure 3.25. Having the coordinates 

of the affecting pixels belonging to the first category, we seek a methodical way to derive 

from them a single value which corresponds to the radius of the iris. For this purpose 

three different sub-methods have been evaluated, described in the following paragraphs. 

 
 

(a) (b) 

Figure 3.25 (a) The histogram of the distances clustered in two categories and (b) the affecting pixels belong-
ing to the first category 

 

3.6.1.1 Circle fitting 

Having obtained the affecting pixels which are mainly found at the boundary of the iris, a 

circle can be fitted. To this end we have chosen the circle fitting algorithm of [142]; the 

algorithm fits a circle to the given points by minimizing the geometric error (sum of 

squared distances from the points to the fitted circle) using non-linear least squares. Ex-

cept from the fitted circleõs radius, the eye center coordinates can be redefined as the 

fitted circleõs center coordinates. However, given that not all the entirety of the points 

used for fitting belong to the actual iris boundary, the fitting is not always satisfactory 

and usually the estimated fitted circleõs center is less accurate than the eye center derived 
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from the proposed eye localization algorithm (as will be shown in section 3.6.3). The 

result of the circle fitting in the above-used example is shown in Figure 3.26. This circle 

fitting method will be also denoted hereafter as AAP-CF (Affecting Affected Pairs ð 

Circle Fitting); 

 

Figure 3.26 Fitted circle to the affecting pixels 

 

3.6.1.2 Mean Value  

Given the distances of the points that belong to the first group which correspond to the 

iris radius, we compute a single value by computing the mean of these distances. In the 

absence of outliers which could negatively influence the result, this simple and straight-

forward approach yields very accurate results.  

A variation of this method involves computing the radius of the iris for both eyes simul-

taneously. On the presumption that the irises in both have the same radii (although im-

age-wise the irises may appear to have slightly different sizes due to different states of 

each individual eye or other occlusions) we consider the aggregate of the affecting pixels 

and the respective distances for both eyes. Having the distances from both the eyes, the 

mean value is computed. For our experiments, the two methods described in this para-

graph will be denoted as AAP-M1 and AAP-M2 respectively. 

 

3.6.2 Method 2 ɀ Intermediate Planes 

The second technique for finding the most prominent contribution to the eye center 

(which normally corresponds to the iris radius), is by storing all the intermediate planes 

for each radius ὲ. Beginning from eq. 3.8, we define the intermediate variable Ὂ which is 

defined as: 

 
Ὂ ὓ Ͻὕ  

 3.5 
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which constitutes the combination of the magnitude projection image ὓ  and the orien-

tation projection image ὕ , before convolving with the Gaussian kernel which serves for 

spreading the area of influence of each affected pixel.  

The main idea is, given the detected centerõs coordinates, to examine which of the inter-

mediate planes ╕  presents the largest values at the specific coordinates: 

 

 
ÁÒÇÍÁØ
ᶰ

╕ ὼȟώ  
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where ὼȟώ  are the detected centerõs coordinates and ὲᶰὔ ὲ ȟὲ . In or-

der to further improve the robustness, except from the detected eye center coordinates 

we also consider the adjacent pixels around the detected eye center (in a radius of 2 pix-

els).  

Finally, the results are further improved if we consider simultaneously the values for both 

eyes detected. In this respect eq. 3.6 becomes  

 
ÁÒÇÍÁØ
ᶰ

╕ ὼ Ὥȟώ Ὥ ╕ ὼ Ὥȟώ Ὥ  
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where ὲᶰὔ ὲ ȟὲ . The two sub-methods of the òIntermediate Planesó meth-

ods are denoted in the experiments as IP-1 and IP-2 respectively. 

 

3.6.3 Experiments 

Given the two methods for defining the iris radius and their variations, we eventually 

obtain five different techniques that we evaluate on the Caltech face database. The Cal-

tech face database was manually annotated to obtain the iris radius for all the images in 

the database. In order to measure the performance of the different methods the error 

between the detected and the estimated iris radius was computed, with respect to the 

ôreferenceõ interoccular distance (distance between the manually annotated left and right 

eye centers): 

 
‭
ȿὙ Ὑ ȿ

ᴁὅ ὅᴁ
 

 
3.8 

 

The results for the different methods are depicted in Table 3.15. We observe that the 

AAP-CF method presents the greatest error while the IP-2 reports the best performance. 
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The error for the AAP-CF is mainly attributed to the outlier points which are not elimi-

nated by the k-means procedure and influence negatively the circle fitting, rendering it 

inaccurate in some cases. A very important observation is also that for the same method, 

when considering both eyes, the results are improved in every case.  The results for a 

sample image for all different methods described, is shown in Figure 3.27. 

Method 
Error 

Left Eye Right Eye 

AAP-CF ρȢπω ρȢχρ Ϸ ρȢπυ ρȢςρ Ϸ 

AAP-M1 πȢωψ ρȢρψ Ϸ πȢωψ ρȢπυ Ϸ 

AAP-M2 πȢως πȢωχ Ϸ πȢως πȢωχϷ 

IP-1 πȢψψ πȢωψ Ϸ πȢωψ ρȢρρ Ϸ 

IP-2 πȢψψ ρȢπς Ϸ πȢψψ ρȢπςϷ 

Table 3.15 Error (mean Ñ standard deviation) of the irises radius estimation for the different methods 
proposed 

 

   

(a) (b) (c) 

  

 

(d) (e)  

Figure 3.27 Results of different methods for a sample image of Caltech database. (a) AAP-CF, (b) AAP-
M1, (c) AAP-M2, (d) IP-1, (e) IP-2 

 

3.7 Eye Center Tracking 

As the appearance of the same target in an image sequence is continuously affected by 

changes in lighting, occlusions, camera imperfections etc. and the target is difficult to 

observe in every frame, the exploitation of temporal information can be a major benefit. 

Tracking is performed in order to smooth the eye detection noise by taking advantage of 

the continuity of the motion between successive frames.  

 

3.7.1 Related Work 

Eye tracking approaches throughout the literature can be broadly divided in three differ-

ent categories according to the representation of the target to be tracked; these are point 
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tracking, kernel tracking and contour tracking. Hybrid methods combining two or more of 

these categories have also been reported. All the reported methods involve eye tracking 

using a single camera under natural lighting conditions. 

In point tracking the eyes detected in consecutive frames are represented by points and the 

association of the points is based on the previous object state which can include object 

position and motion. This approach requires detection of the eye in every frame. The 

tracking of points is a complicated problem, especially in the presence of occlusions and 

misdetections. Overall, point correspondence methods can be divided into two broad 

categories, namely, deterministic and statistical methods. The deterministic approaches use 

qualitative motion heuristics to constrain the correspondence of the consecutive points 

detected in every frame. On the other hand, probabilistic methods explicitly take the ob-

ject measurement and take uncertainties into account to establish correspondence be-

tween detected points. Kim et al in [108] locate the iris region using a contrast operator 

to intensity differences between the center region and its neighboring region, and the 

detection accuracy is further enhanced using a Kalman tracker. Hansen et al. [6] employ 

an active-contour method to track the iris. It is based on a combination of a particle filter 

and the EM algorithm. The method is robust against the changes of lighting condition 

and camera defocusing. 

In kernel tracking the eyesõ shape and appearance are modeled. The eyes, which are repre-

sented as primitive object regions are tracked by computing the motion in consecutive 

frames. The object motion is in the form of a parametric transformation such as affine 

transformation and translation. A real time tracking scheme using a mean-shift color 

tracker and an Active Appearance model of the model is proposed in [143]. Tian et al. 

[144] propose a method of tracking the eye locations, detecting the eye states, and esti-

mating its parameters. They develop a dual-state eye model and use it to detect whether 

an eye is open or closed.  

In contour tracking approaches the eyes are tracked using shape matching. The shape to be 

tracked is usually a circle or an ellipse and tracking is performed by estimating the object 

region in each frame. This method can essentially be considered as object segmentation 

applied in the temporal domain using the priors generated from the previous frames. 

Hansen and Pece [107] also model the iris as an ellipse, fitting locally the ellipse to the 

image through an EM and RANSAC optimization scheme. Their method allows for mul-

tiple hypotheses tracking using a particle filter. In the work of Wu et al. [141], the iris 

contour is tracked in a 3D eye model in order to estimate gaze direction. The paper in 

[145] describes a sophisticated method to estimate the gaze direction by tracking the iris 

contours. However, their implementation requires a calibrated camera and zoom lens. In 

general contour tracking approaches as well as kernel tracking approaches require images of 

higher resolution in order to yield a good performance. 
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3.7.2 Kalman Filter 

The Kalman filter [146], [147] is a recursive, adaptive filter that estimates the state of a 

dynamic system from a series of (noisy) measurements, by minimizing the mean of the 

squared error. The implementation of the Kalman filter is fast and efficient, requiring 

only the tracking estimate of the previous frame. The target to be tracked is the position 

of the eye center (x coordinate, y coordinate). The procedure described below is applied 

to each one of the eye centers, separately. The Kalman filter estimates a tracking process 

by using a recursive method, as shown in Figure 3.28: the process state is first predicted 

(time update equations) and then feedback is obtained in the form of measurements 

(measurement update equations). 

 

Figure 3.28 Overview of the Kalman filter equations 

 

The time update equations project forward in time the state vector ὼand state error co-

variance matrix ὖ , to obtain a priori predictions for the next time step (predictor equa-

tions). The predicted position is the expected measurement, given all the previous meas-

urements. The state transition matrix ὃ is derived from the theory of motion under con-

stant acceleration while ὗ determines the process noise covariance. 

The measurement update equations are responsible for incorporating the new measurement 

into the a priori prediction in order to obtain an improved estimate (correction equations). 

The Kalman gain ὑ reflects the relative importance of the prediction ὼ  to the state 

measurement ὼ.The matrix that relates the state space with the measurementspace is 

denoted as Ὄ while Ὑ is the measurement noisecovariance matrix. The Kalman gain is 

used to update the prediction ὼ, given the measurement ᾀ. The final step is to obtain 

the a posteriori error covariance estimate ὖ. 
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3.7.3 Kalman Filter Implementation 

This section presents a more detailed view on the specificities for the implementation of 

the Kalman filter and the various parameters that needed to be tuned. At the first frame, 

the tracker was initialized with the positions of the eye centers detected and reinitialized 

with every new face detection, following a failure to locate faces in the image. The state 

matrix ὼ has four components, namely, the position of the eye center in the x and y axis, 

as well as the velocity in the two axis (the acceleration is regarded as constant). Given 

that only that x and y coordinates of each target (eye) are observed, the measurement 

matrix Ὄ is: 

Ὄ
ρ π π π
π ρ π π

 

 

The state transition matrix ὃ, derived from the theory of motion under constant accelera-

tion, is given as: 

ὃ

ρ π ρ π
π ρ π ρ
π π ρ π
π π π ρ

 

The measurement noise covariance parameter Ὑ practically determines the sensitivity of 

the tracker to the measurement updates. Higher values of Ὑ mean less weighting on the 

current measurement and more on the predicted state derived from the previous esti-

mates, thus resulting in a smoother movement between successive frames. Lower values 

of Ὑ mean heavier weighting on the current measurement, resulting in a more responsive 

tracker. Due to the nature of the target to be tracked, a relatively low value of πȢρ was 

assigned to Ὑ, ensuring that the tracker is responsive enough to follow the abrupt 

movements of the eyes. The determination of the process noise covariance matrix ὗ is 

generally more difficult as we typically do not have the ability to directly observe the pro-

cess we are estimating. A relatively simple model process model with ôenough uncertain-

tyõ can produce acceptable results and thus the identical matrix was assigned to ὗ. 

 

3.7.4 Proposed Eye Tracking System 

In the scope of the current eye tracking application, tracking assists and improves the 

detection accuracy in two occasions, namely, in cases of sparse false eye detections and in 

cases that eyes are completely closed, as described in the following paragraphs. 

 

3.7.4.1 False Positives 

False positives signify the cases of sporadic erroneous detections, occurring when the 

circular eye pattern is seriously altered by several (exogenous) factors such as highlights 
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or shadows, abrupt changes of illumination and head motion. As a consequence, other 

facial locations such as eyebrows and eye corners have more prominent radial symmetry 

values. To tackle this, an approach which considers all the locations of high radial sym-

metry and chooses among them, is proposed. 

In each iteration of the Kalman filter, after the execution of the time update (ôpredictõ) equa-

tions, rather than using the coordinates derived from eq. 3.11 (location of the global 

maximum in the final transformed image) as the current measurement ᾀ, we considered 

all the locations of the local maxima as candidate eye centers. Given these candidate eye centers, 

we established a technique for choosing one of those to serve as the current measure-

ment ᾀ for the Kalman update process. The optimal choice would then be the candidate 

eye center which presents large radial symmetry value combined with a small distance 

from the Kalman predicted location ὼ . Given these two components of ôvalueõ and 

ôdistanceõ we seek a combination scheme which can achieve the optimal tradeoff by max-

imizing the former and minimizing the latter. A pictorial example of the described prob-

lem is shown in Figure 3.29.  

 

Figure 3.29 An example showing the tradeoff that needs to be established between the ôvalueõ and ôdis-
tanceõ components. The green circle denotes the ôpredictedõ by the Kalman filter eye center position while 
the red peaks are the local maxima (candidate eye centers) derived from the proposed algorithm. The values of 

the local maxima as well as the distances from the Kalman predicted position are also shown. 

 

In order to optimally calculate this tradeoff, a ôconfidenceõ value ὧ was assigned to each 

candidate eye center, based on the weighted SUM combination rule, which constitutes a 

linear method, defined as 

 ὧ ύ Ͻὴ ύ Ͻὴ ȟ    Ὥ ρȟȣȟὔ 3.9 
 

where ὔ is the number of the candidate eye centers, ὴ  and ὴ  represent each compo-

nentõs score, formulated as a pseudoprobability. The contribution of each individual 

component to the overall decision, was adjusted by using suitable weights ύ  and ύ , 

which add up to 1. Because of the heterogeneity of the values in the two components, 

they were formed as pseudoprobabilities by normalization to the πȟρ interval. 



3.7 Eye Center Tracking 

 

Regarding the ôdistanceõ component, the normalized Euclidean distance of each possible 

center against the Kalman filter prediction ὼwas calculated as: 

 ὴ ρ
Ὠὼ ȟὼ

Ὠ
ȟ    Ὥ ρȟȣȟὔ 3.20 

 

where ὨϽ denotes the Euclidean distance between each candidate eye center and the Kal-

man filter prediction, ὔ is the number of candidate eye centers and Ὠ  is the inter-

occular distance (used as a reference distance), as calculated in the previous frame. 

Regarding the ôvalueõ component, normalization was performed using the difference 

against the maximum value, and was calculated as: 

 ὴ
ὠ

ὠ
ȟ    Ὥ ρȟȣȟὔ 3.210 

 

where ὔ is the number of the candidate eye centers, ὠis the value that the radial symmetry 

transform yields at the location of each candidate eye center and ὠ  is the global max-

imum of the radial symmetry transform. The ad hoc normalization measures defined 

above, were chosen over the most commonly used ones [148], presenting superior effi-

ciency. The weighting of each component can be tuned according to the specificities of 

each database in order to achieve optimal results. However, an equal weighting scheme 

reports satisfactory results, as will be shown below. 

 

3.7.4.2 Closed Eyes 

Closed eyes signify the cases when the eyes are completely occluded by the eyelids and it 

is no longer possible to detect them using the current approach. Similarly to the false 

positive case, the positions of maximum radial symmetry values are located away from 

the actual eye areas, displacing the tracker and making it more challenging to recover to 

the eye centers when the eyes reopen. In this respect, we exploited the Kalmanõs ability 

to predict in order to infer which the most likely position of the eye area is in the suc-

ceeding frame. As long as the eyes remain closed the Kalman filter only ôpredictsõ, with-

out executing the measurement update equations (ôcorrectingõ). A significant decrease of the 

maximum radial symmetry value in two consecutive frames, in both eye ROIs served as 

the criterion to indicate that the eyes are closed. In each iteration, a threshold value was 

set to 80% of the maximum value in the previous frame. Below that threshold the Kal-

man filter ôpredictsõ (runs only the time update step) for each frame, until the maximum 

radial symmetry value exceeds the assigned threshold. Given that eye closures usually 

occur for a limited number of frames, in the course of which head movements are con-

strained to a certain motion pattern initiated in the previous frames, eyes centers are 

tracked with high precision. 
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3.7.5 Experimental Results 

To consistently evaluate the improvement in performance using tracking, several tracking 

schemes were assessed in BUHP and Talking Face databases. The performance of the 

proposed detection method (Without Tracking) was compared against the basic Kalman 

filter approach (KF), the modified Kalman filter approach including the tradeoff measure 

which compensates for the false positives (KF + FP) and, finally, the latter including the 

Kalman filter prediction which assists in the case of closed eyes (KF + FP + CE), as de-

scribed in section 3.7.4. For BUHP database the tracking results for worst eye prediction 

are presented in Table 3.16. 

Tracking  
Method 

Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

Without tracking  58.3 % 84.5 % 93.6 % 

KF 58.2 % 84.5 % 93.7 % 

KF + FP 59.6 % 86.9 % 96.0 % 

KF + FP + CE 59.7 % 87.0 % 96.0 % 

Table 3.16 Tracking results in BUHP database 

 

An average improvement of ςȢυ Ϸ was observed for all normalized errors examined, 

with the contribution of the tracker being more pronounced for coarse localization with-

in the iris and eye areas (‭ πȢρ and ‭ πȢςυ). Measuring the per video performance for 

all 45 videos of the database for ‭ πȢρ, a mean improvement of σȢφ Ϸ was reported. 

The performance of the basic Kalman filter was almost similar to the detection-only ap-

proach, whereas, the contribution of incorporating the tradeoff measure (KF + FP) was 

more significant. The proposed KF + FP + CE approach is only marginally surpassing 

KF + FP, as BUHP database contains negligible cases of closed eyes. An example of suc-

cessful eye centers tracking in an image sequence of BUHP database is illustrated in Fig-

ure 3.30. 

Tracking  
Method 

Accuracy 

‭ πȢπυ ‭ πȢρ ‭ πȢςυ 

Without tracking  95.3 % 95.7 % 98.0 % 

KF 95.3 % 95.7 % 98.0 % 

KF + FP 95.5 % 95.9 % 99.8 % 

KF + FP + CE 98.0 % 98.4 % 99.6 % 

Table 3.17 Tracking results in Talking Faces database 

 

The tracking results for the Talking Faces database are illustrated in Table 3.17. The av-

erage improvement for all normalized errors reached almost σϷ. As before, the perfor-

mance of the basic Kalman filter was almost similar to the detection only approach, while 

the improvement using KF+ FP approach was minimal. This is attributed to the fact that 

the Talking face images are of higher resolution and thus the number of false positives is 
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limited. The issue of closed eyes was efficiently tackled using the proposed approach, as 

reflected in the KF + FP + CE accuracy. The main cases of failure were observed when 

eyes remained closed for a notable number of consecutive frames, in combination with 

large head movements; when past a certain point, the Kalman filter was unable to pro-

duce realistic predictions. 

   

   

   

   

Figure 3.30 Example of tracking results in BUHP database. The yellow cross and the green circle indicate 
the detection and the tracking results, respectively 

 

The results reported in Table 3.16 and Table 3.17 and were produced using optimal sta-

tionary weights ύ  and ύ , obtained through grid search. An examination of the 

effect of different weights is shown in Table 3.18. The lower weight of ύ π corre-

sponds to the basic Kalman filtering including prediction (KF + CE), setting a lower 

accuracy boundary. However, as the ύ  weighting increases towards its maximum 

value, a well defined accuracy boundary cannot be determined. A certain level of atten-

tion is required when defining proper weights for the ôvalueõ and ôdistanceõ components, 

as inappropriate choices may lead to deteriorated results. An equal weighting scheme 

demonstrates suboptimal but satisfactory results for both databases. For the Talking Face 

database, the limited number of false positives made the accuracy almost insusceptible to 

the weighting.  
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 ύ  

Database 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 

BUHP 84.5 
% 

85.0 
% 

85.4 
% 

85.7 
% 

86.0 
% 

86.3 
% 

87.0 
% 

85.9 
% 

83.3 
% 

77.9 
% 

75.5 
% 

Talking 
Face 

98.2 
% 

98.2 
% 

98.2 
% 

98.2 
% 

98.3 
% 

98.4 
% 

98.3 
% 

97.6 
% 

97.0 
% 

78.6 
% 

54.7 
% 

Table 3.18 Effect of different weighting in BUHP and Talking Face databases for ‭ πȢρ. The value of 

ύ  is calculated as ρ ύ  

 

In conclusion, regarding the improvement obtained by incorporating the tracking mod-

ule, our experiments showed that it has an overall positive effect on the localization accu-

racy. It should be also noted that the upper limit in the accuracy of eye localization was 

almost reached using detection only and thus the margin for improvement using tracking 

is limited. The main contribution of tracking was the elimination of sporadic erroneous 

detections due to changes in several exogenous factors and the preservation of the detec-

tion continuity in the cases where the eyes were closed. A diligent analysis of the results 

revealed an inherent limitation of the tracking module: when the localization in the first 

frame (during the initialization of the tracker) was incorrect, it caused the error to propa-

gate to the following frames, until the correct eye position was found again with great 

certainty (high radial symmetry value at the true eye position). However, in practice, the 

propagation of erroneous detections did not persist for more than a few frames. 

 

3.8 Discussion - Conclusions 

The primary asset of the proposed system is its performance in low resolution images. 

The main reasoning behind this is that radially symmetric patterns are always preserved 

to a certain degree, regardless of the image resolution. Color information is also a trait 

that is preserved in images of lower resolution, greatly enhancing the performance of the 

proposed system. The GTAV and the BUHP are representative examples of databases 

containing low resolution images. Indicatively, in GTAV the iris diameters correspond 

approximately to 8 pixels and for precise localization (‭ πȢπυ) to be successful, the 

detected center should be located within a radius of 2 pixels from the manually annotated 

eye center. Experiments have shown that a total shift of a few pixels (1-2 pixels) for all 

the eye center positions was able to reduce the systemõs accuracy for ‭ πȢπυ almost to 

half. Respectively, in the BUHP database the iris diameters roughly correspond to 6 pix-

els which allows a detection distance of 1-2 pixels from the true eye center for precise 

localization. In databases comprising of higher resolution images where no severe occlu-

sions are present, the proposed method is capable of achieving almost perfect localiza-

tion. 

One of the most important observations derived from the current research is that, alt-

hough rarely considered in literature, color comprises a very useful cue for accurate local-

ization. The use of color information allows the system to cope well with the presence of 
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illumination artifacts or shadows and cases where the iris is not the only dominant ele-

ment in the eye image. These artifacts cannot be easily distinguished in a grayscale image 

as they can present the same intensity distribution as the iris or change the appearance of 

the iris (e.g. in the case of shadow), reducing the localization performance. Moreover, 

color information has proven to be very helpful in cases where the iris is merely visible 

and the circular shape reaches its limit, such as eye closure in a big degree or extreme 

positions of the eye in the eye socket. The color distribution generally constitutes a fea-

ture resilient to illumination conditions, pose and most appearance changes. It is worth 

mentioning that the method presented by Yang et al. [118] makes use of a quite similar 

radial symmetry transform but without incorporating any color information, achieving 

significantly lower accuracies. On the contrary, when utilizing the same radial symmetry 

transform solely on the eye map derived from color (ColorRS), instead of the grayscale 

image, the results were remarkably improved. This observation provides supporting evi-

dence on the importance of the contribution of color information in future research. 

The proposed system constitutes a non-intrusive method based solely on a single low-

cost camera. It combines simplicity with high precision, providing accurate localization, 

robustly tackling challenging scenarios of partial occlusions, illumination and pose varia-

tions. A comparison with existing systems demonstrated a significant improvement in 

performance, especially for very accurate eye center localization. Given the high accuracy 

rates achieved by the proposed method, we believe that our system can represent a very 

promising low-cost alternative for everyday HCI applications. 
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Chapter 4  

 

Gaze Tracking 
 

4.1 Introduction  

Along with speech, eye gaze comprises the most natural and comfortable means for hu-

man-computer interaction, giving rise to the ever-growing interest to develop systems 

that take advantage of gaze tracking technologies. Eye gaze is defined as the direction of 

a person's line of sight, revealing a person's focus of attention. It comprises a significant 

source of information about the cognitive and affective state of human beings, providing 

implicit cues of intention and interest. As a control input, in conjunction with the stand-

ard input methods, gaze can greatly increase efficiency and usability. Gaze monitoring 

can be applied in a wide range of applications, including non-glasses type 3D technolo-

gies [108], monitoring of drivers attention and vigilance [149], [150], [151], visual atten-

tion analysis (e.g. for marketing purposes [152]), interactive gaze-based interfaces for 

disabled people [153], diagnostic purposes [154], [155] and attentive HCI interfaces [156], 

[157] (Figure 4.1). 

   

(a) (b) 

  

(c) (d) 

Figure 4.1 Applications of gaze tracking: (a) non-glasses type 3D technologies, (b) monitoring of driverõs 
attention and vigilance, (c) visual attention analysis and (d) interactive gaze-based interfaces for disabled 

people. 
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Despite active research in the field, ubiquitous gaze tracking is beyond the grasp of the 

current systems. The vast majority of research in academia and industry is directed to-

wards gaze tracking using active light sources, i.e. infrared (IR) illumination, achieving 

high accuracy rates [158], [159]. Hitherto, numerous commercial products making use of 

this well known approach are already on the market14 (Figure 4.2). However, active light 

approaches require dedicated hardware equipment which is usually high priced and the 

intrusiveness of which is controversial. Moreover, as they usually require a controlled 

environment to prevent undesired reflections in the eyes, their applicability during day 

time is precluded. Other common approaches employ 3D techniques [160] (using multi-

ple cameras or depth sensors) and wearable devices such as helmets or glasses [161], be-

ing cumbersome for the users (Figure 4.3). Universal gaze tracking from completely un-

obtrusive, refmotely located low-cost sensors (e.g. web-cams) still remains one of the 

most sought-after goals among researchers.  

  
Figure 4.2 Commercial IR gaze trackers 

 

  

Figure 4.3 Gaze tracking using wearable devices 

 

Although web-cam based gaze trackers have so far demonstrated inferior performance 

compared to active light approaches, they are apt in applications where accuracy can be 

traded off for low cost, simplicity and flexibility. The desired attributes of web-cam based 

gaze trackers, can be summarized as follows:  

¶ Estimate gaze with fairly high accuracy, rendering it suitable for most gaze track-

ing applications. 

                                                 

14http://wiki.cogain.org/index.php/Eye_Trackers 

http://wiki.cogain.org/index.php/Eye_Trackers
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¶ Present minimal intrusiveness and obstruction, given that only a single camera is 

required. Not requiring any special equipment, gaze tracking is not bound to a 

specific ad hoc computer specialized for this purpose but can run universally.  

¶ Straightforward and flexible setup. The procedure should be autonomous (no 

expectation of manual initialization), any camera available can be used and should 

be free from the need to zoom into the eyes or perform any other special actions. 

¶ Work under different illumination conditions and also be independent of the 

special characteristics of each subject. 

¶ Function for lower resolution cameras, thus constituting a low-cost approach, of-

fering the capability for real time processing. 

 

4.2 Related Work 

The problem of gaze estimation is an active research topic with several recent publica-

tions [86], the overwhelming majority of which are using hardware-based approaches (i.e. 

IR light sources, high-resolution cameras, multiple cameras and wearable equipment). 

The focus of the current overview is on approaches working under natural illumination, 

using a single, remotely located camera. 

The current subset of gaze estimation methods, can be subdivided into two broad cate-

gories, i.e. feature based and appearance-based methods [86]. 

Feature-based methods use computer vision techniques to extract and track local eye fea-

tures such as eye centers, corners and contours. The extracted features can be used to 

derive feature vectors which can be directly related to gaze. According to the approach 

used for relating the image features with gaze direction, feature-based methods can be fur-

ther divided to geometric (or model based) and interpolation based (or regression based). 

Geometric methods [151], [162], [163], [164]  compute directly the gaze direction from 

the image features based on a geometric model of the eye, while interpolation based 

methods [103], [165], [166], [167], [168], [169] built a mapping function between them, 

using parametric (e.g. polynomial) or non-parametric forms (e.g. neural networks). 

Torricelli et al. [165] use image processing algorithms to extract and track the eye features 

and perform mapping with gaze direction using neural networks. In [103], Zhu et al. de-

tect and track eye centers and corners using subpixel accuracy and a linear interpolation 

model for inferring gaze coordinates. The works in [162], [164] use geometric models 

which rely upon facial feature tracking for estimating head pose and eye orientation. The 

feature vectors between eye centers and eye corners are used in [167], [168], [170] to de-

rive gaze estimation through 2D interpolation mapping. A comparison between a com-

mon polynomial mapping function and a geometric model is performed in [171], giving a 

slight edge to the latter. Ishikawa et al. [151] use Active Appearance Models (AAM) to 

detect and track facial points and employ an edge-based algorithm for iris refinement. 
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They subsequently employ geometric models to derive gaze direction combining head 

pose and eyeball orientation. Authors in [172] also use AAM for iris and eyelid tracking 

in order to derive gaze information. The gaze angle is geometrically defined combining 

head pose and eyes position information. In the work of Salam et al. [173] the head pose 

is derived using a 2.5D global AAM, while a multi-texture AAM is used for iris localiza-

tion. The contribution of each eye to the final gaze direction is weighted depending on 

the detected face orientation. In general, global appearance-based methods are very ro-

bust in detecting the overall rough positions of the facial features. However, as they de-

pend on the convergence of the full model (i.e. by satisfying a minimization function or 

reaching a maximum number of iterations), they do not ensure localization of each fea-

ture with high precision, thereby adversely affecting the gaze estimation accuracy. Chen 

and Ji in [163] also use a geometric model to localize facial points, manually extract pupil 

centers and build a 3D gaze estimation model, tailored with person-specific eye parame-

ters. Heyman et al. [174] track the 3D pose of the head using Canonical Correlation 

Analysis and extract the positions of the irises using blob detection and 4-connected 

component labeling. Valenti et al. in [166] employ their eye detection approach based on 

isocenters, to also detect eye corners which are used as anchor points for gaze estimation. 

Given the vectors between the detected eye centers and eye corners they perform 2D 

linear mapping to screen coordinates. Their work is extended in [112] where pose estima-

tion and eye localization algorithms are combined so that they complement each other, 

thus increasing the systemõs performance. In their work in [175] they combine eye gaze 

information derived from their proposed eye gaze tracker and a commercial gaze tracker 

with saliency maps (probability maps representing the likelihood of receiving eye fixa-

tions). Shape modeling of the iris methods have been often employed, many of which 

exploit the fact that when the iris orientation changes, the shape of the iris appears to 

deform from circular to elliptical. However, for such shape modeling approaches, higher 

resolution images are required. In [176], [177] the gaze direction is inferred by estimating 

the shape of the iris through ellipse fitting. Active contour tracking using particle filters is 

used in [107] to built a generic system, working on various setups and conditions, inves-

tigating also the lower bound calibration requirements. 

Appearance-based or holistic approaches incorporate eye information implicitly by using 

the intensity distribution or filter responses of the eye area. They usually classify gaze 

according to the appearance of the eye area for each direction. The systems described in 

[178], [179], [180], [181], [182] learn the gaze direction by modeling the corresponding 

eye appearance. In the work of Schneider et al. [182] several regression techniques are 

evaluated, modeling the appearance of the eyes (in terms of features such as Histogram 

of Oriented Gradients, Local Binary Patters etc) when gazing at different directions, in 

order to build a calibration-free system. Hansen et al. [121] use an active appearance 

model of the eye using shape and texture properties to be used with an eye typing inter-

face. Saliency information of the displayed images is aggregated with an appearance 

based gaze estimator in [183]. The main drawback of holistic approaches is that the ap-

pearance of the eyes is significantly affected by the head pose and usually only a limited 

number of discrete eye directions are modeled. These limitations can preclude their use 

in many applications, giving rise to the more prevalent use of feature-based approaches. 
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4.3 Background 

4.3.1 Field of View 

According to studies on the human visual field [184], while staring straight ahead keeping 

the head fixed, there is approximately a horizontal vision span of ρψπ (ωπ on each side) 

and a vertical span of ρςπ (υπ υυ looking above and φπ χπ looking below). 

However, the visual field where both eyes are used together, referred to as binocular or 

3D field of view, is quite narrower. The binocular field of view spans at φπ on each side 

on the horizontal direction, ςυ up and συ down on the vertical direction [184]. Con-

sidering that the approximate distance from the subject to the computer screen is 50cm 

and given the screen size for the specific experiment, the angle span required is τπ hori-

zontally and ςς vertically (Figure 4.4), computed as: 

 — ς ÁÒÃÔÁÎ
ὡ

ςὈ
 4.1 

 
 

  

 ‰ ς ÁÒÃÔÁÎ
Ὄ

ςὈ
 4.2 

 

where ὡ and Ὄ denote the width and height of the screen and Ὀ the distance of the user 

from the screen. The computed visual angles indicate that the eyes do not need to move 

to extreme positions and thus the head rests in a comfortable position, without the urge 

to move throughout the experiment. 

  

(a) (b) 

Figure 4.4 (a) Horizontal and (b) Vertical field of view 

 

From an eye physiology perspective, high-acuity vision which corresponds to υȢυ of the 

visual angle is owing to the fovea, a cone-concentrated area in the retina. In the center of 

the fovea lies the foveola, a rod-free area responsible for the highest visual acuity in the eye 

which corresponds to ͯ ρȢχ ςof the visual field. Within this range everything can be 

seen with the highest acuity without requiring any saccade, thus the angle ςcan be re-

garded as a good accuracy benchmark for gaze tracking systems. 



4.4 Proposed System Architecture 

 

4.3.2 Model Assumptions 

A personõs gaze is determined by the combination of head pose (position and orienta-

tion) and the orientation of the eyeball [185]. Head pose determines the direction of gaze 

in a coarse scale while the orientation of the eyeballs provides information for fine gaze 

direction. In the general case, when fixating at a specific target, first the head moves to a 

comfortable position before the eyes are oriented towards it, since extreme eyeball orien-

tation angles cause user discomfort.  

Head pose invariance in gaze estimation either requires special hardware configurations 

(such as helmets, glasses etc) or prior knowledge of the camera parameters and geometry. 

Head pose estimation using monocular information and no special lighting still remains a 

challenging research topic [186], requiring complex, computationally demanding algo-

rithms for modeling. Inaccurate estimations of head pose may trigger much larger errors 

in final gaze estimation, reducing the systemõs overall accuracy and robustness. In view of 

this, information of head pose in gaze models is more commonly incorporated implicitly 

through the mapping function. When looking at a computer screen from a typical view-

ing distance (~50cm), there is no need for the head to be displaced in order to reach a 

comfortable position since the eyes do not reach extreme orientation angles, even when 

fixating near the screen borders. Taking the aforementioned facts into consideration, in 

the work described in the present chapter we introduce the simplification to discard head 

pose information and regard the head as stable throughout the eye tracking session. Giv-

en that minor head movements do not have a noticeable influence on the outcome, the 

head does not have to be fixated. 

 

4.4 Proposed System Architecture 

In this chapter a feature-based gaze tracking system is proposed, based on a single web-

cam under natural lighting. The proposed gaze estimation pipeline is depicted in Figure 

4.5.  

 

Figure 4.5 Overview of the gaze estimation model 
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During the calibration phase, a set of known points on the screen are displayed to the 

user. Upon gaze fixation at each point, an image is captured. The goal of the calibration 

procedure is for the computer to learn how the eyes look like (in terms of features) so as 

to derive a mapping function between the image data and screen coordinates. At the test-

ing phase, the inverse procedure is followed; given the (unknown) image data and the 

regression model built, the system is predicting how the extracted test image features are 

translated into screen coordinates. Initially, the information of the sensory device is 

transformed from pixel level to a higher representation level, where specific facial charac-

teristics are recognized i.e. the location of the face and the positions of the eye centers 

and the eyelids. Subsequently, the distance vectors between the located moving points 

and stable facial points (anchor points) are utilized to form the feature space, while a 

regression model is finally applied to derive a mapping function between features and the 

corresponding screen coordinates. 

 

4.4.1 Moving Points 

4.4.1.1 Detection of Eye Centers 

The high-precision localization of eye centers constitutes the cornerstone for successfully 

tracking the gaze, and is inextricably linked to the overall system accuracy. To this end, 

the algorithm for accurate eye center localization described in Section 3.3 is used. The 

proposed eye localization algorithm is appropriate for gaze tracking applications as it 

accurately detects the centers of the irises even when they reach their circular shape limits 

(i.e. due to occlusions by the eyelids when looking at the bottom of the screen or when 

reaching extreme positions inside the eye socket). The capability of the eye localization 

algorithm to accurately detect iris centers in gaze tracking applications is also evident 

from its performance in GI4E gaze database (reported in Section 3.4.4), which contains 

103 subjects gazing at different positions of a screen. The accuracy for very precise local-

ization (normalized error ‭ πȢπυ) reaches 98.54%, which is appropriate for gaze track-

ing. 

 

4.4.1.2 Detection of Eyelids 

The positions of the eyelids (upper and lower) provide information about the degree of 

eye opening [187] and greatly contribute in defining the gaze along the vertical axis. The 

algorithm for detecting the y-positions of the eyelids is described in section 2.3.4. 

 

4.4.2 Anchor Points 

The appearance of the moving points, notably the eyes, alters considerably throughout 

the frame sequence, depending on their orientation, occlusion by the eyelids etc. and are 

difficult to track based on appearance trackers. Therefore, their localization on every 
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frame is crucial and tracking can only assist in ensuring their spatial continuity in the 

temporal dimension (i.e. throughout the frame sequence). Unlike moving points, anchor 

points donõt need to be specific (their role is to serve as reference points) and can be 

arbitrarily chosen at any face location. The most common approaches [103], [167], [166] 

consider inner and outer eye points as anchor points, detected in every frame. Aiming to 

a low computational cost, we do not regard explicit facial points as anchor points, but 

rather points that have the same appearance in every frame and are easy to locate and 

track (i.e. located in highly textured places where edges are present). Contrary to moving 

points, because the chosen anchor points exhibit very similar appearance throughout the 

frame sequence, they comprise very robust features to track. Using appearance based 

tracking approach rather than a detection in every frame approach, high precision detec-

tions are achieved. Instead of tracking isolated points, we consider the most efficient 

alternative of tracking an image patch and consider as anchor point its center coordi-

nates. The patch contains the inner eye corners and eyebrow edges, therefore comprising 

a highly-textured area containing edges which are easy to track robustly. The patch to be 

tracked is initialized only once at the beginning of the image sequence: considering the 

captured frame which corresponds to the first calibration image, and having as starting 

points the detected eye centers, we define the dimensions and position of the patch with 

respect to the interoccular distance as in Figure 4.6. Another benefit of the proposed 

approach is that the absolute positions of the anchor points have no effect on the sys-

temõs precision, meaning that the only prerequisite is the targets to be tracked consistent-

ly in every frame. Thereby, the current approach is insusceptible to appearance variations 

across different subjects (e.g. wearing eyeglass frames which occlude eye corners). The 

method utilized for tracking the image patch (reference image) is a variation of the well 

established Lukas-Kanade algorithm [188]. 

 

4.4.2.1 Lucas-Kanade inverse affine transform 

Let us denote the pixels' coordinates of the reference image Ὑ● as ● ὼȟώ  with 

ὭȟὮ ρȟςȟȣȟὔ where ὔ is the total number of pixels. Supposing that we aim to align the 

template (reference) image Ὑ●  to an input image ᴑ●, the minimization criterion 

could be defined as follows: 

 ÁÒÇÍÉÎᴑὡ ′ȟ● Ὑ●

ȟ

 4.3 

 

with7 ′ȟØ being the resulted image after warping and ′ the corresponding parameters. 

However, finding the solution of the equation is not an easy problem, since the ᴑ●,  

intensity values are nonlinear, meaning that these intensity values are unrelated to the 

pixel coordinates. The original Lucas-Kanade algorithm [188] solves this problem using 

an iterative procedure. First, the algorithm updates an estimate of warp parameters ′ and 

then, considering these parameters known, it iteratively solves for increments ɝ′ the 

equation 
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 ÁÒÇÍÉÎᴑὡ ′ ɝ′ȟ● Ὑ●

ȟ

 4.4 

 

and finally updates the warp parameters ′ ′  Ў′. This procedure is repeated until 

convergence, i.e. the difference between two successive parameter updates is below a 

predefined threshold (Ў′ ‐). The computational complexity per iteration of such an 

algorithm is ὕ”ὔ ”  with ” being the number of the warp parameters. Motivated 

by this, authors in [189] proposed a more efficient algorithm, named inverse composi-

tional algorithm, to reduce computational complexity by equivalently minimizing an in-

verted version of eq. 4.4 

 ÁÒÇÍÉÎᴑὡ ɝ′ȟ● Ὑὡ ′ȟ●

ȟ

 4.5 

 

and then updating the current warp as ὡ ′ȟ● ὡ ὡ ′ȟ●ȟ●. The solution of this 

optimization problem could be defined as 

 ɝ′ Ὄ Ὑɳ
‬ὡ

‬′
ᴑὡ ′ȟ● Ὑ●  4.6 

 

where Ὄ is the Hessian matrix with ᴑ replaced by Ὑ: 

 Ὄ Ὑɳ
‬ὡ

‬′
Ὑɳ
‬ὡ

‬′
 4.7 

 

The above mentioned eq. 4.7 is independent of the warp parameters ′, and as a result it 

can be pre-calculated before iterations, which greatly improves efficiency compared to 

the Lucas-Kanade original algorithm where it is calculated in each iteration. Therefore, 

the computational complexity is reduced to ὕ”ὔ ”  per iteration, added to the com-

plexity ὕ”ὔ  of the precomputation step, which is calculated only once. 

 

4.4.3 Feature Extraction 

The movement of the eyes inside the eye socket is represented using distance feature 

vectors. In order to precisely represent gaze, the feature vectors require consistent and 

accurate localization of the points that move and contribute to gaze direction, i.e. eye 

centers and eyelids (which determine eye opening), and the anchor points which consti-

tute stable face locations serving as reference points throughout the image sequence (so 

that we are able to measure distance vectors independently of the position of the face). 

Given the assumption of independence of gaze estimation in the two axis, two separate 
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feature vectors are constructed for each direction. The feature vectors are formed as hor-

izontal and vertical distances between moving and anchor points. The redundancy of 

information stemming from considering information from both eyes (as opposed to ap-

proaches using only a single eye for gaze tracking, e.g. [190]) are a major enhancement 

for the systemõs accuracy and robustness. The information from the two separate sources 

(eyes) is combined at feature level, by creating an aggregate vector. 

Regarding the horizontal direction, three features are computed: the distance between the 

x-coordinates of each of the eye centers and the ipsilateral anchor point, as well as the 

distance of one of the eye centers and the anchor point at the opposite side (Figure 4.6). 

The respective distance for the remaining eye center and its opposite anchor point is 

redundant as it occurs as a linear combination of the foregoing distances, thus is not used 

as an additional feature. In the vertical direction, except from the eye centersõ y-

coordinates, the y-position of the eyelids constitutes a significant source of information. 

The opening of the eye is primarily determined by the position of the upper eyelid rather 

that the lower eyelid, whose contribution can be regarded as negligible for the purposes 

of gaze tracking. Therefore the feature vector for the vertical direction is comprised of 

four features, namely, the distances between the y-coordinates of each of the eye centers 

and the respective anchor points, as well as the distance between the upper eyelids and 

the anchor points (Figure 4.6). The addition of extra features stemming from the posi-

tion of the lower eyelid was proven experimentally not to improve overall accuracy (sec-

tion 4.6.1.5), incurring also the drawback of requiring a larger number of training images 

for building a regression model. 

 

Figure 4.6 Detected facial points and the extracted features. The moving points are indicated with the 
yellow cross(iris center) and the green crosses(eyelids). The blue rectangle denotes the image patch which is 

tracked throughout the image sequence and from which the anchor point (blue asterisk) is derived. The 
extracted features are depicted as red arrows. 

 

4.4.4 Interpolation Model 

Given the image data - screen positions correspondences, a mapping function between 

them is established. Second-order polynomial equations are most commonly used for 2D 

mapping of image data to the screen plane, using except from the linear terms, squared 
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terms and interactions between them [167]. The non-linear terms are in general useful for 

correcting curved distortions and obtaining smoother scaling along the screen. However, 

non-linear terms of the mapping function may introduce errors; when approaching the 

screen borders the squared terms become quite large and as a result, small head move-

ments or errors during the calibration procedure evoke much larger errors on screen 

coordinate estimations. Moreover, as the number of coefficients of the mapping function 

that need to be computed enlarges, so is the number of training (calibration) examples 

required. The requirement of keeping the training sessions as fast and straightforward as 

possible (so as not to evoke fatigue to the user) is more important than introducing more 

terms with dubious improvement in accuracy [191]. Therefore linear regression was em-

ployed for deriving the mapping function. Given that gaze estimation is calculated inde-

pendently along the two axis, two mapping functions are derived. 

 

4.5 Experimental Setup 

This section describes the experimental setups performed to evaluate the performance of 

the proposed gaze estimation system. In general, the quality of gaze estimation deter-

mines its appropriateness for different gaze interaction applications. The concept of 

ôqualityõ in gaze tracking is not well established, lacking also standard norms for measur-

ing it. Several measures are lately gaining consensus [192], being the most commonly 

encountered in literature. In this study, accuracy (also known as offset) is used as evalua-

tion metric. Accuracy refers to the spatial deviation between the actual and the measured 

fixation point on the screen (gaze direction). It is usually measured on a sample to sample 

basis and it is averaged to characterize the overall performance. Except from the mean, 

accuracy is also calculated in terms of standard deviation of the gaze error. Accuracy is 

initially measured in pixel accuracy; given the screen dimensions and resolution as well as 

the distance of the user from the screen, it can also be expressed in spatial accuracy (cm 

or mm) and, most commonly, in visual degrees. 

 

4.5.1 Test Dataset creation 

The absence of a publicly available database which could support the realization of the 

entity of the above mentioned experiments has led us to the construction of a new da-

taset. It consists of twelve (12) male and female users, with and without glasses, under 

uncontrolled, natural lighting conditions. For the needs of the dataset, the participants 

were asked to place themselves in a comfortable position in an approximate distance of 

υͯπὧά from the computer screen. The dimensions of the screen are συρωȢυ ὧά while 

the resolution was set to ρωςπρπψπ pixels. The web-cam used had the standard reso-

lution of φτπτψπ pixels. Given these specifications, the face region roughly corre-

sponded to ςυπςυπ pixels with the iris radius being ωͯ pixels.  
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In order to obtain the optimal configuration scenario regarding the calibration setup and 

camera placement extensive experiments with 4 of the participants were performed. Us-

ing the optimal configuration scenario derived, the accuracy of the proposed system was 

measured for all the participants of the dataset. 

 

4.5.1.1 Calibration and Testing Phase 

During the calibration phase, the participants were asked to look at several known points 

which appeared successively on the screen. The arrangement and number of points de-

pended on the calibration scheme, varying from 5 to 16. After fixating at one point the 

users pressed any button to proceed to the next point. The image which corresponded to 

the specific fixation was captured and the subsequent point appeared. The captured im-

ages correspond to fixations of the user on known locations on the screen, serving as the 

training data from which the coefficients of the mapping functions are derived. The time 

to complete the current calibration phase was very limited, only lasting for a few seconds, 

making the procedure effortless for the participants. 

During the testing phase, the participants were asked to look at 111 points which ap-

peared successively on the screen and followed the patterns as in Figure 4.12 (red dots). 

The known locations of the points served as the ground truth in order to measure accu-

racy by determining the displacement between the estimated and actual gaze positions. 

 

4.5.1.2 Description of different calibration configurations 

The first experiment investigated the influence of the number of calibration points as 

well as their arrangement on screen. Another parameter examined was the position of the 

camera i.e. above and below the screen. The number of calibration points reported in the 

literature spans the range from 3 to 25 points, depending on each systemõs specifications 

and required accuracy [193]. In this work, 5 different calibration setups were examined. 

In the first setup, 5 points were presented to the user at each of the four corners of the 

screen and in the center of the screen, which correspond to points 1, 3, 5, 7, 9 in Figure 

4.7(a). Given the 3-feature vector for the horizontal and 4-feature vector for the vertical 

direction, this number of points is the borderline case for deriving the mapping function 

coefficients. In the second setup the same number of points, plus the twice-counted cen-

ter point, were presented to the users at a different arrangement, following a ôcrossõ pat-

tern, as shown in Figure 4.7(b) (points 1, 3, 5, 6, 8, 10). The most typical scenario of 9 

points, as shown in Figure 4.7 (a), and in the proposed different arrangement (Figure 4.7 

(b)) comprises the third and fourth setup, respectively. Finally, a 16 point scenario 

(Figure 4.7 (c)) was evaluated. In the setups which follow the proposed ôcrossõ pattern, 

the middle point is counted twice to ease eye movement continuity; these arrangements 

are denoted hereafter as 5+ and 9+ respectively.  
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(a) (b) (c) 

Figure 4.7 The positions and arrangement of calibration points for different scenarios; (a) 9 points (b) 9+ 
points (c) 16 points 

 

The proposed ôcrossõ arrangement of points intends to separate the eye movements in 

the horizontal and vertical dimensions, so that the mapping coefficients are calculated 

independently. As opposed to the standard scenarios where the horizontal and vertical 

eye movements are correlated to each other (Figure 4.8(a)), the proposed arrangement 

separates them in horizontal-only and vertical-only movements, as shown in Figure 

4.8(b).  

  

(a) (b) 

Figure 4.8 Appearance of eyes during calibration in (a) 5 points scenario and (b) 5+ points scenario. 

 

To study how the position of the camera affects the proposed systemõs performance, 

experiments with the two most common setups were conducted. In the first setup the 

camera was placed at the top of the screen, at approximately the same level as the eyes of 

the user, while in the second the camera was positioned below the screen (Figure 4.9). 

  

(a) (b) 

Figure 4.9 Indicative images produced by placing the camera (a) above screen and (b) below screen. 



4.5 Experimental Setup 

 

4.5.1.3 Influence of head movements 

The effect of head movements in the performance of the proposed gaze estimation was 

investigated in three different experiments. In the first one the head was kept fixed using 

a chin rest. In the second the movement of the head was constrained, i.e. the user was 

asked to keep his head still during the experiment. The last case involved unconstrained 

head movement; the user was asked to move his head naturally. The fixed head case was 

only examined to establish the lower borders of the proposed system. It cannot be used 

in our system as it lists among the approaches using dedicated equipment (chin rest) in 

addition to being cumbersome and uncomfortable for the user. The parameter of num-

ber and arrangement of calibration points was also included in order to be further inves-

tigated. 

 

4.5.2 Public Test Datasets 

Aiming to systematically evaluate the proposed gaze tracking systemõs performance in 

reference databases, giving also the potential for direct comparison with other counter-

parts, two publicly available databases were considered. Some other, recently emerged 

gaze datasets are also presented. 

 

4.5.2.1 Columbia Gaze Database 

The Columbia gaze dataset was recently published by Smith et al. [194]. It contains 5880 

high-resolution images of 56 subjects that look at 21 gaze points on a χ σ grid for dif-

ferent head poses (πȟρυȟσπ yaw angles). Example images from the Columbia 

Gaze dataset are shown in Figure 4.10. The Columbia dataset was chosen for our evalua-

tion as it provides a reasonable amount of gaze directions and subjects; the subjects are 

ethnically diverse and 21 of them wear glasses. Given the amount of gaze direction ar-

ranged on a grid we were able to evaluate the performance on the database using four 

different training - testing schemes. These involved leave-o15ne (gaze point)-out cross 

validation and splitting in training -testing sets; training with 9 points (arranged as in Fig-

ure 4.7(a)), training with 5 points (corner points and middle point) and training with 5 

points at cross arrangement, using the remainder of the points in each case as the testing 

set. 

    

Figure 4.10 Sample images from Columbia Gaze database 

                                                 

15 https://www.uni-ulm.de/in/neuroinformatik/mitarbeiter/g-layher/image-databases.html 
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4.5.2.2 UUlm Head Pose and Gaze Database 

The UUlm Head Pose and Gaze Database (UulmHPG) contains images of 20 subjects in 

various combinations of head poses and eye gazes (Figure 4.11). For each subject, images 

which correspond to 9 horizontal (πȟρυ) and 3 vertical gaze directions (πȟςπ) for 

different head poses (ranging from πto ωπwith a step of ρπ for the yaw angle and 

πȟςπ elevation for the pitch angle) are captured. From the different image resolutions 

provided in the database, the ψππφππ resolution which corresponds to the resolution 

of a standard web-cam was used. With the purpose of being in accordance with the other 

methods which report results on the same database, three subjects were considered (3, 

12, 16), for head rotations restricted to σπȟσπ and gaze angles restricted to 

τπȟτπ. 

     

Figure 4.11 Sample images from UulmHPG database 

 

4.5.2.3 Other Gaze Databases 

In this paragraph, several other publicly available gaze datasets are presented (so that 

interested readers can have a more complete picture). These database were not used in 

our experiments either because they were unsuitable for the proposed approach (e.g. 

containing only cropped regions of the eyes) or because no gaze tracking results were 

reported on them. These include the following : 

¶ Multi-view Gaze Dataset (http://www.hci.iis.u-tokyo.ac.jp/datasets/) 

¶ CVC Eye-Tracking Database (http://mv.cvc.uab.es/projects/eye-

tracker/cvceyetrackerdb) 

¶ HPEG Database [195] (http://www.image.ece.ntua.gr/~stiast/HPEG/) 

 

4.6 Experimental Results 

4.6.1 Optimal configuration scenario 

4.6.1.1 Evaluation of different calibration configurations 

The obtained average accuracy (across the 4 participants) using the different calibration 

setups and camera positions are shown in Table 4.1, with the accuracy measured in pixel, 

distance and angle units, along each axis. Regarding the number of calibration points in 

the typical arrangement (5, 9 and 16), we observe that the two later present almost similar 

results, outperforming the borderline case of 5 points. One of the most significant ob-

servations is that the results of the setups using the proposed arrangement (5+ and 9+) 

http://www.hci.iis.u-tokyo.ac.jp/datasets/
http://mv.cvc.uab.es/projects/eye-tracker/cvceyetrackerdb
http://mv.cvc.uab.es/projects/eye-tracker/cvceyetrackerdb
http://www.image.ece.ntua.gr/~stiast/HPEG/
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excel over the typical arrangements in every case. The separation of eye movements in 

each of the axis proves to better calculate the coefficients of the mapping function, thus 

granting superior system performance. 

Calib 
Camera Above Screen Camera Below Screen 

X Y X Y 

5 
ρστρπρὴὼ 
ςȢττ ρȢψτὧά 
ςȢχω ςȢρρ 

ρυςρςχὴὼ 
ςȢχτ ςȢςωὧά 
σȢρτ ςȢφσ 

ρυτρσφὴὼ 
ςȢψπ ςȢτψὧά 
σȢςρ ςȢψτ 

σρχςπφὴὼ 
υȢχσ σȢχςὧά 
φȢυτ τȢςφ 

5+ 
ρςρωςὴὼ 
ςȢςρ ρȢφψὧά 
ςȢυσ ρȢως 

ψχ ψπὴὼ 
ρȢυχ ρȢττὧά 
ρȢψπ ρȢφφ 

ωτ χφὴὼ 
ρȢχρ ρȢσωὧά 
ρȢωφ ρȢυω 

ρφρρσωὴὼ 
ςȢωπ ςȢυρὧά 
σȢσς ςȢψχ 

9 
ρπχψχὴὼ 
ρȢωφ ρȢυψὧά 
ςȢςτ ρȢψρ 

ψυ χςὴὼ 
ρȢυς ρȢσπὧά 
ρȢχυ ρȢτω 

ωφ χπὴὼ 
ρȢχυ ρȢςχὧά 
ςȢπρ ρȢτφ 

ρττρσσὴὼ 
ςȢφπ ςȢσωὧά 
ςȢωψ ςȢχτ 

9+ 
ωτ ψρὴὼ 
ρȢχς ρȢχχὧά 
ρȢωχ ρȢφω 

χχ φσὴὼ 
ρȢσω ρȢρσὧά 
ρȢυω ρȢσπ 

ωπ χυὴὼ 
ρȢφτ ρȢσχὧά 
ρȢψψ ρȢυχ 

ρςπρπψὴὼ 
ςȢρχ ρȢωυὧά 
ςȢτω ςȢςσ 

16 
ωχ χωὴὼ 
ρȢχχ ρȢτσὧά 
ςȢπσ ρȢφτ 

ψπ φσὴὼ 
ρȢττ ρȢρτὧά 
ρȢφυ ρȢσρ 

ψφ χσὴὼ 
ρȢυφ ρȢσσὧά 
ρȢχω ρȢυς 

ωυ ψπὴὼ 
ρȢχς ρȢτυὧά 
ρȢωχ ρȢφφ 

Table 4.1 Accuracy results (mean Ñ standard deviation) for different calibration scenarios and camera 
positions (above and below screen) for the 4 test subjects. The results are expressed in pixel, distance and 

angle units in the horizontal (X) and vertical (Y) dimensions 

 

Pertaining to the influence of camera position several observations can be made. In the 

horizontal direction accuracy results are more or less the same, presenting marginal dif-

ferences. Conversely, the performance in the vertical dimension when the camera is lo-

cated below the screen, is significantly worse, falling behind in accuracy by almost a half. 

This difference is attributed to the perspective from which the moving points are viewed. 

Although a larger fraction of the eye is always visible from that position, the movements 

of the eyes and the eyelids appear to be much more subtle. These very limited move-

ments in the vertical direction cause small errors in detection to be translated in much 

larger errors in the final position estimate. In practice, the displacement of the eyelids is 

so imperceptible that the features related to them do not contribute but minimally to the 

final result. The proposed methodõs performance for above-screen placed cameras com-

prises a significant asset, given that laptops with built-in cameras commonly present this 

configuration. 

 

4.6.1.2 Influence of head movements 

This section studies the results of the influence of head movements in the accuracy of 

the system, examining three different cases, as described in section 4.5.1.3. Drawing from 

the results in Table 4.2, we observe that small head movements i.e. out-of-plane rotations 

and translations do not have a great impact on the systemõs performance. The perfor-
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mance starts to deteriorate at the point where the head starts moving freely, given that 

head pose information is not considered. 

Calib 
Fixed Head Constrained Movement Free Movement 

X Y X Y X Y 

5 ςȢτρ ρȢχπ ρȢρφ πȢχρ ςȢχω ςȢρρ σȢρτ ςȢφσ ψȢχυ υȢσσ τȢψς σȢυρ 

5+ ρȢωυ ρȢτρ ρȢςς πȢωτ ςȢυσ ρȢως ρȢψπ ρȢφφ υȢφς τȢςτ τȢρφ ςȢχτ 

9 ςȢπυ ρȢυχ ρȢρφ πȢωχ ςȢςτ ρȢψρ ρȢχυ ρȢτω χȢψρ τȢψπ υȢτω τȢσπ 

9+ ρȢχτ ρȢσχ ρȢρς πȢωρ ρȢωχ ρȢφω ρȢυω ρȢσπ τȢψπ σȢχυ σȢχω ςȢσς 

16 ρȢχρ ρȢςς ρȢπχ πȢχω ςȢπσ ρȢφτ ρȢφυ ρȢσρ τȢπχ σȢυσ σȢπρ ςȢτχ 

Table 4.2 Accuracy results in terms of angular deviations (mean standard deviation) for different head 

movement constraints and different calibration setups for the 4 test subjects. 

 

In the fixed head case we observe only a slight improvement in performance over the 

constrained movement case; this can be attributed to the system reaching its borderline 

in accuracy, due to noise in detection of the moving points and tracking of the anchor 

points. The accuracy of the proposed system is bound by the number of pixels that the 

eye is allowed to move inside the eye socket. This allowed displacement (in terms of pix-

els) depends in turn on the resolution of the camera and the distance of the user from 

the camera. Considering the specific experimental setup, a close examination of the fea-

ture vectors reveals a permissible movement of the eye center inside the eye socket of 

 ͯψ ρπ pixels in the horizontal direction and  ͯτ υ pixels in the vertical direction. 

The fact that limited movements of a few pixels are mapped on high resolution screen 

coordinates demonstrates that minor misplacement of detections can trigger much larger 

errors in the final gaze estimation. Increasing the resolution or positioning oneõs head 

closer to the camera can be a straightforward manner for improving accuracy. The results 

for the free head movement scenario are just indicative of the systemõs accuracy for un-

constrained movements, as they greatly depend on the level of head movements; greater 

head movements can lead to a further reduction in the systemõs performance. 

  

Figure 4.12 Estimated and actual gaze positions for the scenario of 9+ points and camera placed 
above the screen for subject 1 in the dataset. The red dots depict the 111 points used for testing. 

 

Pertaining to the number and arrangement of calibration points, we observe that the 9+ 

points scenario demonstrates the best overall performance. From the aforementioned 

parameters studied, those that yielded the optimal results were considered for conducting 



4.6 Experimental Results 

 

experiments on all the subjects of the dataset. Those involve the 9+ points setup with the 

camera positioned on top of screen and keeping the head movement constrained. A vis-

ualization of the results for subject 1 and using the optimal configuration scenario is 

shown in Figure 4.12. 

 

4.6.1.3 Evaluation on the test dataset 

The results across all the subjects in the dataset for the optimal configuration scenario 

are depicted in Figure 4.13. The mean accuracy and mean standard deviation results were 

computed by averaging the measurements for all the users. The proposed system yields a 

mean accuracy ςȢσφ ςȢρρ in the X direction and ρȢψπ ρȢτυ in the Y direction. 

Measured in pixel displacement, this error corresponds to 113 pixels in the horizontal 

direction and 87 pixels in the vertical direction. Expressed as error percentage, they cor-

respond to errors of 5.9% and 8.1% in the respective axis. The relatively large values of 

standard deviations observed are expected in the context of gaze tracking (e.g. see [165], 

[112]). The differences in performance between the test subjects are mainly attributed to 

the degree of head movements during the experiment. The presence of glasses (in sub-

jects 3, 4 and 11) did not have an unfavorable effect on the systemõs performance, since 

no reflections from the lens were present. Moreover, different eye color (subjects 4 and 

10) did not hinder the precise localization of eye centers. The average error reported 

demonstrates that the proposed gaze tracking approach is appropriate for most gaze in-

teraction applications, provided that, as explained in section 4.3.1, in a visual field of 

 ͯρȢχ ς everything can be seen without requiring a saccade. 

 
Figure 4.13 Accuracy for all subjects in the test dataset. 

 

4.6.1.4 Evaluation on publicly available databases 

The results of the proposed gaze tracking system for the Columbia gaze dataset are 

shown in Table 4.3. The different training schemes i.e. leave-one-out cross validation and 
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splitting in training/testing sets with 9 training points exhibit very similar performances. 

The 5 point calibration scenario with the points located in the corners presents subordi-

nate accuracy compared to the 5 points in the cross arrangement scenario, which is in 

line with the findings of section 4.6.1.1. 

Train/Test 

▫ yaw angle ▫ yaw angle ▫ yaw angle 

X Y X Y X Y 

Leave-one-out 
Cross Validation 

ρȢτρ
ρȢωψ 

ρȢστ
ρȢψρ 

ρȢχρ
ςȢχς 

ρȢσσ
ρȢωπ 

ρȢυς
ςȢρφ 

ρȢρφ
ρȢφπ 

9 point training 
ρȢυυ
ςȢπρ 

ρȢτυ
ςȢςυ 

ρȢψτ
ςȢσυ 

ρȢτσ
ςȢρχ 

ρȢχυ
ςȢσχ 

ρȢςς
ρȢχτ 

5 point training 
(corner points) 

ςȢςυ
σȢςπ 

τȢστ
υȢφρ 

σȢσπ
τȢτρ 

τȢςφ
υȢτω 

ςȢφω
σȢφφ 

σȢχω
υȢςτ 

5 point training 
(cross arranged) 

ςȢρπ
ςȢψω 

σȢσυ
τȢχς 

ςȢφυ
σȢωφ 

τȢπς
υȢψς 

ςȢςς
ςȢψχ 

σȢχς
υȢψυ 

Table 4.3 Accuracy results in terms of angular deviations (mean Ñ standard deviation) for Columbia gaze 
dataset 

 

Given that the database was only recently published, Schneider et al. [182] are the only 

authors to report results on Columbia gaze dataset. Using an appearance based approach 

and evaluating many feature descriptors and dimensionality reduction techniques they 

achieve at best σȢυσaccuracy for frontal-only faces. However, as their approach is per-

son independent, their results cannot be directly compared to the proposed methodõs 

results. 

The performance of the proposed gaze tracking algorithm was evaluated in UulmHPG 

database and compared with the approaches of Heyman et al. [174] and Salam et al. 

[173]. As can be drawn from the results in Table 4.4 the proposed method presents lower 

performance to the rest of the methods for gaze accuracy in frontal faces and compara-

ble performance for gaze accuracy in the case of rotated faces. However, both the meth-

ods of [174] and [173] consider pose information for estimating the final gaze position 

while our method draws information only from the eye positions. In the scenario where 

the pose information was also taken into consideration (which at this point is beyond the 

scope of the current paper), much improved results would be expected. This is also evi-

dent by examining the case where the training and testing of the proposed method takes 

place separately for each pose, with the proposed system presenting ρȢτς ρȢσυtotal 

gaze accuracy, ρȢπυ πȢωπ gaze accuracy for frontal faces and ρȢυψ ρȢτψ for rotat-

ed faces. This performance reported is indicative of the results that the proposed system 

would yield if the head pose was flawlessly compensated. 

 

 

 



4.7 Parameters Sensitivity analysis 

 

Method 
Gaze Accuracy 

Total Frontal Face Facial Rotation 

Proposed Method χȢυσ χȢρψ φȢωυ ψȢφχ χȢχψ φȢυρ 

Heyman [174] υȢφτ σȢωυ σȢτυ ςȢππ χȢψυ υȢωπᶻ 

Salam [173] χȢπχ υȢψυ υȢππ σȢψπ χȢψυ φȢςυᶻ 

Table 4.4 Comparison of different methods in the UulmHPG database 
* the value is estimated from authorõs graph 

 

4.6.1.5 Effectiveness of eyelid features 

In order to evaluate the effectiveness of eyelid-based features, we performed tests on the 

above mentioned datasets. At first, we examined the mean vertical accuracy for the 12 

subjects in the created dataset and the mean vertical accuracy for different poses and 

subjects in Columbia gaze dataset. The UulmHPG database was not considered in the 

current experiment as it contains very few images which correspond to vertical gaze di-

rections for each of the subjects. The gaze accuracy was examined in our experiments in 

three cases: using only upper eyelid features, using both upper and lower eyelid features 

and without using any eyelid features. The results are shown in Table 4.5. At this point, 

aiming to provide a statistical basis among the two feature vectors for interpreting the 

accuracy results, the Wilcoxon signed-rank test was applied to reject the null hypothesis 

that the regression model using the two distinct feature vectors performed equally well 

on the whole collection of data sets. The null hypothesis was rejected with the Wilcoxon 

statistic being smaller than the critical value for a two-tailed test at the significance level 

of 0.05 (ὴ  πȢπυ). 

Dataset Upper Eyelids Both Eyelids Without Eyelids 

12 subjects ρȢψπ ρȢτπ ςȢωψ ςȢφσ ςȢρω ρȢψρ 

Columbia Gaze  ρȢςψ ρȢφτ ρȢσσ ρȢφχ ρȢτπ ρȢωχ 

Table 4.5 Influence of eyelid features in vertical gaze accuracy rates (mean Ñ standard deviation) 

 

The gaze accuracy results demonstrate that, as also mentioned in section 4.4.3, upper 

eyelid information has a considerable influence on the vertical gaze accuracy. Contrari-

wise, lower eyelid features usually have a negative impact on performance, introducing 

noise in the feature vector, in addition to increasing dimensionality. 

 

4.7 Parameters Sensitivity analysis 

In this section we study the contribution of each feature that we used for gaze estima-

tion, in terms of relative weighting. Moreover, we evaluate the effectiveness of feature 

normalization as well as different regression models of higher polynomial degrees. 
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4.7.1 Feature weighting 

The relative weights were computed as the weight of each individual coefficient divided 

by the total coefficients weight, after performing feature normalization using the z-score 

(feature normalization allows for better interpretation of the importance of the coeffi-

cients; without normalization, the coefficients of interaction terms can be misleading). It 

should be noted that z-score normalization does not affect the system's performance (as 

also shown later on the same section). The results for each subject as well as the total 

weights are shown in Table 4.6.  

Sub-
ject 

wx1 wx2 wx3 wy1 wy2 wy3 wy4 

1 50.8% 21.3% 27.9% 8.9% 53.4% 34.0% 3.7% 

2 37.5% 32.1% 30.4% 18.3% 9.0% 36.2% 36.5% 

3 31.3% 43.6% 25.1% 46.1% 23.9% 15.0% 15.0% 

4 45.4% 24.6% 30.0% 34.1% 43.5% 11.8% 10.6% 

5 39.0% 33.7% 27.3% 42.4% 27.2% 7.3% 23.1% 

6 38.5% 29.0% 32.5% 54.7% 22.4% 15.3% 7.6% 

7 27.1% 48.3% 24.6% 25.4% 35.3% 21.6% 17.7% 

8 37.2% 25.3% 37.5% 39.8% 29.9% 13.3% 17.0% 

9 40.6% 22.2% 37.2% 28.9% 31.8% 30.2% 9.1% 

10 30.0% 38.1% 31.9% 20.1% 17.5% 28.8% 33.6% 

11 34.1% 31.8% 34.1% 42.2% 32.3% 10.5% 15.0% 

12 33.4% 26.5% 40.1% 29.0% 31.2% 15.4% 24.4% 

Aver-
age 

37.1Ñ6.6
% 

31.4Ñ8.4
% 

34.2Ñ4.4
% 

30.9Ñ13.8
% 

29.8Ñ11.5
% 

20.0Ñ9.9
% 

18.5Ñ10.3
% 

Table 4.6 Coefficient weights for each feature (3 in the horizontal and 4 in the vertical direc-
tion)for all test subjects 

 

Drawing from Table 4.6 we observe that the coefficient weights of the horizontal linear 

regression models, are almost equal for each feature. Pertaining to the coefficients 

weights of the vertical linear regression models the two first features (which correspond 

to the distance of the eye centers from the anchor points) are most significant than the 

last two features (which correspond to the distance of the eyelid position from the an-

chor points), being however also important. We also observe that the distribution of the 

coefficient weights for the vertical linear regression models present more fluctuations 

among subjects -as also witnessed by the standard deviation- and are not always in line 

with the mean weights (e.g. for subjects 2 and 10 the last two coefficients are much more 

important than the first two). This fact provides supporting evidence of their importance 

to the overall system's performance. 



4.7 Parameters Sensitivity analysis 

 

4.7.2 Feature normalization 

Pertaining to feature normalization, although various normalization techniques were ex-

amined, they did not affect the model predictions. The standard z-score normalization 

and min-max normalization had no effect on the accuracy results. The normalization was 

only needed to make interpretation of the coefficients from the regression easier; after 

normalization, big coefficients correspond to important predictors (features) and small 

coefficients to unimportant predictors. The z-score normalization was thus only used for 

deriving the relative weights.  

A different normalization scheme was also examined, where each feature was normalized 

by dividing it with a standard reference distance, namely, the distance between the an-

chor points. The results for this scenario are shown in Table 4.7. 

Subject 
Without normalization N0rmalization wrt reference disatnce 

X Y X Y 

1 ρȢωυ ρȢυς ρȢρψ πȢψτ ςȢπυ ρȢψσ ρȢρψ πȢψσ 

2 ρȢχχ ρȢτχ ρȢςς πȢως ςȢρς ρȢφψ ρȢςσ πȢως 

3 ςȢφτ ςȢρρ ρȢτχ ρȢρρ ςȢυτ ρȢχω ρȢτφ ρȢρρ 

4 ςȢπψ ρȢφρ ςȢσφ ρȢχπ ςȢρφ ρȢχψ ςȢσυ ρȢχς 

5 ςȢυω ςȢσς ρȢχρ ρȢςψ σȢςς σȢςπ ρȢψπ ρȢσς 

6  ςȢσψ ςȢςπ ςȢσχ ςȢπχ σȢωσ σȢρσ ςȢτρ ςȢρς 

7 ςȢπρ ρȢχω ρȢρψ πȢωσ ρȢωψ ρȢχσ ρȢρχ πȢωσ 

8 σȢπς ςȢςρ ρȢφω ρȢσυ τȢυυ σȢψς ρȢφρ ρȢςω 

9 ςȢττ ςȢπρ ςȢπχ ρȢωψ ςȢτσ ρȢωω ςȢρυ ςȢπρ 

10 σȢςς σȢπσ ςȢυς ςȢπρ σȢυυ σȢςσ ςȢυρ ςȢρρ 

11 ςȢυς ςȢσω ρȢωυ ρȢχφ ςȢυπ ςȢσχ ρȢωψ ρȢχψ 

12 ρȢωπ ρȢχτ ρȢψψ ρȢσσ ςȢςρ ρȢωρ ρȢωω ρȢτυ 

Mean ςȢσψ ςȢπψ ρȢψπ ρȢτφ ςȢχχ ςȢσψ ρȢψς ρȢτχ 

Table 4.7 Accuracy results (mean Ñ standard deviation) for all subjects without normalization and with 
normalization using the distance between the anchor points as reference distance 

 

As observed from the table, a slight improvement in performance is reported for some 

users and a reduction in performance is reported for some others, making the final bal-

ance negative for using this normalization technique. In the cases where the accuracy 

rates increase, the improvement is only marginal. 
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4.7.3 Regression models 

Except from linear regression, we evaluated the system's performance using polynomial 

regression of higher degrees and interactions between terms.  

Subject 

h ~ 1+x1+x2+x3 
v ~ 1+y1+y2+y3+y4 

h ~ 1+x1+x2+x3+x1x3 
v ~ 1+y1+y2+y3+y4+y1y2 

X Y X Y 

1 ρȢωυ ρȢυς ρȢρψ πȢψτ ςȢπρ ρȢυυ ρȢςπ πȢωυ 

2 ρȢχχ ρȢτχ ρȢςς πȢως ρȢφρ ρȢτρ ρȢςχ ρȢππ 

3 ςȢφτ ςȢρρ ρȢτχ ρȢρρ ςȢφς ςȢρρ ρȢτυ ρȢρσ 

4 ςȢπψ ρȢφρ ςȢσφ ρȢχπ ρȢωυ ρȢυχ σȢςχ ςȢςυ 

5 ςȢυω ςȢσς ρȢχρ ρȢςψ ςȢτψ ςȢρτ ρȢχυ ρȢσφ 

6  ςȢσψ ςȢςπ ςȢσχ ςȢπχ ςȢττ ςȢςπ ςȢτς ςȢπτ 

7 ςȢπρ ρȢχω ρȢρψ πȢωσ σȢφφ ςȢτς σȢφπ σȢτχ 

8 σȢπς ςȢςρ ρȢφω ρȢσυ σȢπω ςȢςς ρȢφπ ρȢρχ 

9 ςȢττ ςȢπρ ςȢπχ ρȢωψ ςȢυς ςȢρπ ςȢρυ ςȢπς 

10 σȢςς σȢπσ ςȢυς ςȢπρ σȢυτ σȢρρ ςȢψφ ςȢτσ 

11 ςȢυς ςȢσω ρȢωυ ρȢχφ ςȢυπ ςȢσφ ρȢωφ ρȢχψ 

12 ρȢωπ ρȢχτ ρȢψψ ρȢσσ ρȢωσ ρȢψπ ρȢψχ ρȢσσ 

Subject 

h ~ 1+x1+x2+x3+x12+x32 
v ~ 1+y1+y2+y3+y4+y12+y22 

h ~ 1+x1+x2+x3+x12+x32+x1x3 
v ~ 1+y1+y2+y3+y4+y12+y22+y1y2 

X Y X Y 

1 ςȢχυ ςȢσχ ρȢυσ ρȢςρ ςȢψσ ςȢπρ ρȢψχ ρȢυυ 

2 ςȢρς ρȢχυ ρȢψχ ρȢχρ ςȢυς ςȢςρ ςȢπρ ρȢφω 

3 φȢπς υȢσχ τȢπω σȢψφ τȢψτ τȢχφ σȢσχ σȢτω 

4 σȢςψ ςȢχφ ςȢφσ ςȢτω φȢτχ φȢφω σȢσσ σȢυχ 

5 σȢχπ σȢφχ σȢσψ ςȢφυ υȢσψ τȢωτ σȢχτ σȢρπ 

6 τȢωω τȢωπ τȢπτ σȢπτ υȢφτ τȢχω τȢςτ σȢψσ 

7 φȢφψ υȢσφ φȢσς υȢχω υȢωφ τȢσς υȢφψ υȢρψ 

8 σȢσρ ςȢςς ρȢφυ ρȢςτ σȢστ ςȢςχ ρȢφφ ρȢςφ 

9 ςȢωψ ςȢψφ σȢπτ ςȢφψ σȢφτ σȢυρ σȢπω ςȢωω 

10 τȢτφ τȢσς τȢπω σȢωπ τȢωσ τȢφφ τȢτς σȢχυ 

11 υȢπς τȢψυ τȢχυ σȢχφ υȢψχ υȢψτ υȢσφ υȢρω 

12 ςȢφς ςȢτυ ςȢπψ ρȢψφ τȢρψ τȢπρ σȢυχ σȢτψ 

Table 4.8 Accuracy results for all subjects using different polynomial mapping functions 



4.8 Discussion 

 

Given the limited number of training examples which in turn limits the number of terms 

that can be used, we added interactions and higher degrees of the terms having the most 

significant contribution (as derived from section 4.7.1). The results are shown in Table 

4.8. 

As can be shown from the table, adding more terms did not have a favorable effect on 

the system's performance. Only in the second column of the first row of Table 4.8 where 

an interaction between the most significant terms was added the results are slightly better 

for some subjects. A larger number of terms, as in the first and second column of the 

second row of Table 4.8, cannot be properly trained, thus giving much worse results. In 

general, we can conclude that the limited number of training examples are not adequate 

to train a high order regression model, which is in agreement with Cerrolaza et al. in 

[191]. In the work of Cerrolaza et al. [191], when features comprising of distance vectors 

are used (as opposed to the case of simple features which include basic and elliptical fea-

tures as absolute positions) higher order functions present almost similar performance 

with first order expressions. Their experiments also imply that the use of the most com-

plete mathematical expressions does not enhance accuracy; the average error is almost 

constant and independent of the number of terms. Increasing the number of training 

examples (the most straightforward way of doing this without reducing the user's com-

fort is to acquire multiple snapshots for each calibration point) would allow us to also 

evaluate higher order polynomials and other regression techniques (such as SVM regres-

sion) and is left as a direction for future research. 

 

4.8 Discussion 

The proposed gaze estimation system (categorized under 2D interpolation-based meth-

ods) presents the advantage of straightforward implementation, without requiring camera 

calibration (i.e. finding the cameraõs intrinsic and extrinsic parameters). Eye physiology, 

optical properties and geometry are indirectly modeled through the mapping function; 

there is no need to explicitly define them. Moreover, the proposed framework does not 

depend on anthropometric assumptions which are burdensome to compute and may 

often introduce additional errors to the system; in addition, differences across humans or 

special vision conditions (such as strabismus) are implicitly modeled in the mapping 

function, without affecting the systemõs performance. While in model-based approaches 

the requirement of high resolution images for building geometric models is an impedi-

ment, our system maintains a good level of performance even for images of lower resolu-

tion. One limitation of the proposed method is that it does not handle pose changes well, 

yet it retains its performance under small head movements.  

As the experiments of the proposed gaze estimation system revealed, the most influential 

factor which may greatly affect accuracy is the movement of the head. The impact on the 

performance is analogous to the level of head movements. Addressing the problem of 

head pose invariance in gaze estimation constitutes an extensive research issue which 

cannot be easily resolved. Inaccurate estimations of head pose may in fact deteriorate the 
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performance instead of alleviating the influence of head movements. A more practical 

solution for compensating for head pose would be to provide visual feedback of the es-

timations to the user in real time. Currently, the users perform the entire experiment 

without receiving any cues regarding the estimated gaze positions; the incorporation of 

real time visual feedback in the final application is believed be a great asset in compensat-

ing for the pose and increasing the overall accuracy.  

Changes in illumination conditions are among the most common issues from which gaze 

trackers suffer. Gaze trackers that depend on appearance are usually more prone to er-

rors due to their dependency on the texture and the intensity distribution of the training 

data. Regardless of the illumination intensity and type, as long as the contrast of the eye 

area is adequate, our eye localization and anchor point tracker can consistently yield cor-

rect detections, thus not perturbing the final gaze estimation accuracy. 

Despite of the number of gaze tracking approaches in the literature, a direct comparison 

between reported accuracies is most of the times not feasible. This is attributed to the 

fact that standard databases for evaluating gaze are not yet well established and research-

ers usually have to construct anew data sets for the specific needs of their experiments. 

Moreover, the accuracy results are bounded by the experimental setup (calibration pro-

cedure, number of calibration points etc.) and also heavily depend on the equipment 

used, the distance of the users from the camera and the degree of head movements. Ex-

cept from the direct comparison results reported in section 4.6.1.4, we present the results 

reported for approaches in the same context (using natural lighting and a single camera 

setup) in Table 4.9. 

Method 
Accuracy Average Head Movement Dataset Subject # 

X Y 

Torricelli [165] ρȢχ ςȢτ Constrained 9 subjects 

Chen [163] ρȢψ ςȢπ Fixed N/A  

Ishikawa [151] σȢς Free 3 subjects 

Valenti [112] ρȢω ςȢς Free 11 subjects 

Asteriadis [196] τȢρ Free 8 subjects 

Sesma [167] ςȢτ ςȢς Constrained 4 subjects 

Yamazoe [164] υȢσ χȢχ Free 5 subjects 

Baek [168] ςȢτ Constrained 6 subjects 

Alnajar [180] τȢσ Free 15 subjects 

Sugano [181] σȢυ Fixed 7 subjects 

Table 4.9 Accuracy results in terms of angular deviations for different gaze tracking methods in the litera-
ture 

 

Drawing from the different approaches used, we can conclude that the proposed system 

achieves comparable accuracy in the horizontal direction to the best accuracies reported 

and performs better at estimating gaze in the vertical direction. 

 



4.9 Conclusions 

 

4.9 Conclusions 

The proposed system aims to improve accuracy, robustness, universality and usability in 

gaze tracking under natural conditions. By working in the natural lighting spectrum, spe-

cialized equipment requirements are eliminated, rendering the system suitable for univer-

sal use in any application and using any type of cameras. The exponential growth of mo-

bile, hand-held devices which embody very specific hardware and software capabilities 

further favors the development of such kind of approaches.  

The proposed gaze tracking system extracts facial points in order to derive gaze-related 

features which are subsequently mapped into screen coordinates using interpolation. The 

calibration procedure is effortless for the users and the system works fully automatically 

without requiring any user intervention. The results obtained after conducting a number 

of different experiments reveal that a different arrangement of calibration points in a 

ôcrossõ pattern, gives a slight edge compared to traditional setups. The main asset of the 

proposed system is its accuracy in gaze estimations along the vertical direction, which is 

mainly attributed to the additional features providing information about the position of 

the eyelids. Moreover, the salient tracking of anchor points instead of detecting them in 

every frame contributes in increasing the systemõs accuracy and robustness. 
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Chapter 5  

 

Gaze Tracking Applications 
 

5.1 Introduction  

The technology that allows users to control devices with their eyes has been around for 

more than three decades. Since their first tentative debut in the early 1980s several users 

have been able to benefit from that emerging technology. Even though eye tracking sys-

tems provided a life-changing advancement for a small fraction of people with motor 

disabilities (such as spiral injuries, muscular dystrophy, amyotrophic lateral sclerosis etc), 

their never achieved to spread commercially in the wide public. The reason behind that is 

that technology was not enough small, fast or affordable for standard computers. Eye 

trackers required dedicated, high priced hardware and software. As the eye tracking tech-

nology improves, these systems become more accurate, less invasive and less expensive, 

paving the way of the implementation of eye tracking technology in devices of everyday 

use. Another reason behind the slow progress of eye tracking technology is that control-

ling devices using the mouse or fingers instead of the gaze is much easier and practical 

for able-bodied users. However, gaze sensing technology can act complementary to tradi-

tional input methods, providing enhanced capabilities and rendering the interaction more 

natural and seamless. 

In this chapter the implementation of gaze tracking in several applications is presented. 

In the current applications, gaze tracking relies on a single camera such as a mobile 

phone camera or a webcam, without the use of any other equipment. The applications 

studied, which will be subsequently presented in detail, are the following: 

1. Gaze crowdsourcing  

2. Correlating driver gaze with preceding vehicle detection for collision avoidance 

3. Typing with the eyes in mobile devices 
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5.2 Gaze Crowdsourcing   

Visual attention constitutes a very important feature of the human visual system (HVS). 

Every day when watching videos, images or browsing the Internet, people are confronted 

with more information than they are able to process and analyze only part of the infor-

mation in front of them [197]. Therefore, the understanding of how people scan images 

or videos is of high interest [198] because of the variety of possible applications ranging 

from perceptual coding to layout optimization of websites. In parallel, crowdsourcing has 

become a particularly hot topic to scale subjective experiments to a large crowd in terms 

of numbers of test participants [199], because it enables recruiting up to a few hundred 

test participants with a large diversity in terms of nationalities, social background, age, etc 

[200] within a few hours at low costs. It further allows performing the evaluation in the 

environment the test participants are used to (out of the lab). The ability to reach a high 

number of participants behaving naturally can be a great added value of crowdsourcing 

and can contribute to visual attention studies. However, due to the uncontrolled and 

unsupervised environment, new challenges arise while conducting subjective user studies 

which are significantly differing from those in traditional lab environments [201]. 

In an attempt to bridge these two fields an approach for enabling crowdsourced eye 

tracking experiments is presented. The proposed approach is able to perform eye track-

ing experiment using standard hardware and implements best practices for subjective 

crowdsourcing tests. The ultimate goal is to provide a new way of measurements on us-

er's experience in a subjective experiment conducted in a crowdsourcing context, which 

go beyond self-reported methods and provide new information such as visual attention 

and interest. 

 

5.2.1 Related Work 

In the proposed context of crowdsourcing, previous methods were proposed to estimate 

visual attention using self-reported methods [202]. The test participants were asked to 

watch a video, which was followed by the presentation of a table of letters which ap-

peared very briefly. Test participants needed then to report which letter they saw more 

clearly. This approach is interesting, but can only be used sporadically. Moreover, the 

questions asked during the test interrupted the flow of the experiment, affecting the par-

ticipant's immersion into the task. In a non-intrusive manner, the regular input facilities 

(i.e. mouse pointer or cursor) have been used to estimate the user's gaze for determining 

user intention and salient components of the web pages [203]. However, user inputs do 

not necessarily reflect user's activity or non-activity: a moving or a stationary mouse does 

not fully capture the participant's attention to the task. Jiang et al [204] recorded viewing 

behavior using a mouse-contigent paradigm; they demonstrated the connection the 

mouse tracking saliency maps and eye tracking saliency maps. However, mouse and eye 

patterns are different among individual subjects and mouse movements are much slower 

than eye movements.   



Gaze Tracking Applications 

105 

Going beyond traditional self-reported measurements in the crowdsourcing context, the 

most indicative previous works considered the evolution of facial response while looking 

a video [205]. Test participants were recorded, and key feature points of usersõ faces were 

measured to study participants' emotions. More recently, Xu et al. [206] introduced a 

webcam-based gaze tracking system that is able to work in the crowdsourcing context. 

Using a gaming protocol design, they obtain saliency maps which are very similar to the 

ones obtained in a traditional lab setting. However they only evaluate the eye tracking 

accuracy in lab conditions and provide crowdsourcing results in terms of saliency maps. 

Moreover they impose a number of constraints to the workers including having a high-

resolution webcam, supporting their head in order to remain still throughout the experi-

ment and having controlled lighting conditions. Their research results are promising to-

wards collecting large scale eye tracking data under various types of visual stimuli. 

 
Figure 5.1 General overview of the framework 

 

5.2.2 Framework 

The proposed framework involves two separate parts, illustrated in high level in Figure 

5.1: a client and a server side. Logically the operations are divided into capturing & syn-

chronization and gaze estimation (post-processing). During the capturing & synchroniza-



5.2 Gaze Crowdsourcing 

 

tion, on the client side, the test participants use their personal computer and regular web 

browser to access a web page where the face recording is done while multimedia content 

is presented to them. The participants are recorded using the webcam of their personal 

computer. The captured video is streamed to a distant server using WebRTC. On the 

server side, the video is stored into a file. The location of every mouse click within the 

page is also transmitted to the server and recorded in the database. To perform these 

operations, the server is based on different web technologies such as Javascript, Rails and 

PHP components running on an Apache HTTP server. 

 

5.2.2.1 Capture and synchronization of data streams 

On the user side, there are two tasks done by the framework; (1) the capturing of the two 

kinds of input, namely, the click events - including the temporal and location information 

of the clicks within the webpage - and the video of the user's face, and (2) provisioning 

both inputs with synchronization information used later on in gaze estimation. This user 

side part of the framework is targeted for a large range of devices. The main requirement 

on the user device is the availability of used streaming technology WebRTC, which is 

currently available on most computers and Android-based mobile devices. 

 
Figure 5.2 Recording user session 

 

All the information, i.e. the captured video and click inputs, is transmitted to the server 

side of the eye tracker framework. Since both of these inputs are recorded and transmit-

ted independently, they need to be synchronized later on. To this end, a method based 

on tags was developed; whenever the user clicks, the mouse event is captured, then a 

dedicated marker is added to the corresponding video frame showing the face of the test 

participant at this moment. Figure 5.2 sums up the capture process: the user is interacting 

with the test interface, while his face is being recorded. The events triggered by user's 

actions on the interface (e.g. mouse clicks) are reported into the event log and into the 
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video stream from the webcam for synchronization. Figure 5.2 also demonstrates the 

higher temporal resolution of eye tracking based gaze estimation compared to click event 

based methods. When monitoring just the click events, the gaze can be estimated only 

during user interaction.  

 

5.2.2.2 Gaze Estimation 

Once both the video of the face of the test participant and the click inputs are received 

on the server side, the gaze estimation is done via post-processing in an offline manner. 

The direction of the gaze is estimated by modeling the movement of the eyes inside the 

eye socket. The algorithm for gaze estimation is similar to the one previously described in 

detail in 4.4. 

In order to derive the mapping between eye positions and the respective location on the 

screen a calibration session is required. The calibration is based on the assumption that 

test participants are looking at the GUI object that they are clicking. From the moment 

of the click, it is then possible to identify the relationship between eye position and loca-

tions on the user's screen. During the calibration only a certain amount of eye position ð 

screen coordinates correspondences are known. However, fixation points between the 

known points can be estimated by the means of regression. Given enough reliable sam-

ples from the different marked key frames, the fixation points within the whole screen 

can be interpolated. 

The mapping between the image data (in terms of features) and screen coordinates of 

user fixations is derived using regression with a linear model, as depicted in Figure 5.3(a). 

Drawing from Figure 4, it can be observed that the proposed linear model is appropriate 

considering the ratio of data over noise. Once the regression coefficients are calculated, 

the linear model can be applied to estimate the fixations given the unknown image data 

converted in terms of features. Figure 5.3(b) depicts this part of the fixation estimation 

process: the training is performed using the red points and the fixation estimation is done 

for the blue points. Indicatively, if we consider all the points circled in the Figure 5.3(b), 

once the regression is performed on the three red points corresponding to click events, 

finding the fixations corresponding to the blue points is based on the linear model 

trained on the red points. This simplifies the problem of gaze estimation to interpolating 

every fixation between known key points. Based on this, a continuous calibration be-

tween eye position and click position during the entire length of the experiment is possi-

ble. 
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(a) (b) 

Figure 5.3 (a)Training of the linear model between eye position and click position and (b) Estimation of 
fixations using the pre-trained linear model. 

 

5.2.2.3 Scalability and robustness 

The event and video capturing implementation is logically separated from the ôcontent 

applicationõ that users are interacting with during the tests. The application independent 

capturing allows using the framework easily with various web applications that are ac-

cessed via an Internet browser, such as Google Chrome. Additional information collect-

ed from content application may though facilitate the analysis though, especially in com-

plex tasks. 

Except from the displacement of the eyes, the movements of the head also contributes in 

deriving the direction of gaze. Head pose invariance in gaze estimation either requires 

special hardware configurations (such as helmets, glasses etc) or prior knowledge of the 

camera parameters and geometry, being impracticable in the context of crowdsourcing. 

In the proposed approach, information of head pose is only implicitly incorporated 

through the mapping function. Given that minor head movements do not have a notice-

able influence on the outcome, the only condition is that the head movements are con-

strained.  

To compensate the inaccuracies caused by head movements, an analysis method involv-

ing use of sliding window is envisaged, as depicted in Figure 5.4. Considering only the 

"fresh enough" samples to re-calibrate the system may prove to be successful to enhance 

the prediction performance. 
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Figure 5.4 Gaze interpolation using a sliding window based on different kind of input for calibration. 

 

5.2.3 Experiments 

5.2.3.1 Crowdsourcing campaigns 

In order to evaluate the performance of the proposed framework, two crowdsourcing 

campaigns were conducted; a preliminary experiment involving volunteer online testers 

and a paid crowdsourcing campaign, carried out using the Microworkers platform16. The 

structure of both campaigns was the same and it is described in next section. In the first 

preliminary experiment 8 participants (collaborators and acquaintances) voluntarily com-

pleted the test, providing also feedback for improving and fine tuning the experiment. 

The second crowdsourcing experiment was carried out using the Microworkers 

crowdsourcing platform, which provided the functions to hire the test users and approve 

the work executed. The campaign was available globally for Microworkers users, and 

each user was rewarded with 1 USD after providing the required proof. Out of the 30 

workers, the input provided by 20 of them was meaningful for our experiments. The 

excluded videos included cases where the gaze tracking algorithm failed to provide relia-

ble results due to very large head movements (2 cases), movement of the head out of the 

image (2 cases), bad illumination conditions (3 cases) and strong reflections from glasses 

whic completely occluded the eyes (3 cases). 

 

5.2.3.2 Description of the task 

The experiment was divided into two parts (Figure 5.5). Testers browsed to the webpage 

of the test environment, using a WebRTC compatible web browser (i.e. Google 

                                                 

16https://microworkers.com/ 

https://microworkers.com/























































































