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Redeye artifact is the most prevalent problem in the flash 

photography, especially using compact cameras with built-in 

flash, which bothers both amateur and professional 

photographers. Hence, removing the affected redeye pixels has 

become an important skill. This thesis work presents a completely 

automatic and adaptive approach for the purpose of redeye 

detection and removal  

 

 

 

 

Advanced Computer Graphics Master Program 

ITN Department, Norrköping Campus 
© Sepideh Samadzadegan 

 



 

 

 

Abstract 

Redeye artifact is the most prevalent problem in the flash photography, especially using compact 

cameras with built-in flash, which bothers both amateur and professional photographers. Hence, 

removing the affected redeye pixels has become an important skill. This thesis work presents a 

completely automatic approach for the purpose of redeye detection and removal and it consists 

of two modules: detection and correction of the redeye pixels in an individual eye, detection of 

two red eyes in an individual face.This approach is considered as a combination of some of the 

previous attempts in the area of redeye removal together with some minor and major 

modifications and novel ideas. The detection procedure is based on the redness histogram 

analysis followed by two adaptive methods, general and specific approaches, in order to find a 

threshold point. The correction procedure is a four step algorithm which does not solely rely on 

the detected redeye pixels. It also applies some more pixel checking, such as enlarging the 

search area and neighborhood checking, to improve the reliability of the whole procedure by 

reducing the image degradation risk. The second module is based on a skin-likelihood detection 

algorithm. A completely novel  approach which is utilizing the Golden Ratio in order to segment 

the face area into some specific regions is implemented in the second module. The proposed 

method in this thesis work is applied on more than 40 sample images; by considering some 

requirements and constrains, the achieved results are satisfactory.  
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Part 1 Introduction 

1   Background 

Red eye is one of the most common problems associated with the flash photography. It is a 

reflection of a strong light, i.e. the camera flash, on the blood vessels in the retina through the 

pupil [1]. Figure 1 demonstrates this defect [2]. 

 

Figure 1. Redeye defect. 

While this defect is more prevalent in amateur shots using compact cameras with built-in flash, 

professional photographers are also bothered by this issue [3, 4]. Hence, fixing the redeye 

artifacts in photographs has become an important skill especially with the advent of digital 

technologies. Utilizing these methods, it is possible to acquire a digitized image either by digital 

photography or by scanning the traditional photos [4]. In general, the redeye removal process 

involves two steps; redeye detection method and redeye correction algorithm. There are some 

available multi-purpose or even ad hoc image processing applications for the purpose of redeye 

detection and removal. Most of these applications are semi-automatic, or manual which need the 

user intervention either by selecting a bounding box or by clicking on the redeye region. There 

are also some completely automatic approaches [4, 5, 6]; however most of them are more 

focused on the detection part rather than the correction procedure. Despite the different presented 

methods, the problem of removing redeye pixels from an image still is considered as a 

challenging issue [1]. 

1.1   Aim and problem formulation 

This thesis work has the aim of investigating and implementing a completely automatic redeye 

detection and removal algorithm based on the available and published works in this area. There 

are two important issues related to the redeye removal algorithms; one is the image degradation, 

which is the over or under-correcting of the detected redeye pixels, and the other is the non 

smooth correction and sharp transition between the corrected and uncorrected regions that may 

lead to even a worse image result. These two problems are illustrated in Figure 2 in a single view 

[7]. 
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Part 1 Introduction 

 

Figure 2. Image degradation. 

Therefore, the proposed method in this thesis work has paid much attention to both detection and 

correction steps in order to detect the redeye pixels properly and correct them in a visually 

pleasing manner. This method can be considered as a combination of some of the previous works 

together with some novel ideas. 

1.2   Delimitation 

The proposed method in this thesis work consists of two modules as follows: 

• Module 1: Detection and correction of the redeye pixels in an individual eye. 

• Module 2: Detection of two red eyes in an individual face. 

These modules have a bottom-up nature, i.e. the first module is the last one that must be applied 

on the image.  

Based on the above explanations, these modules apply some constraints in order to be able to 

properly detect and correct the defective redeye areas of the image. These delimitations are 

described as follows. 

The first module considers that there is a bounding box around the total area of the individual 

eye. Because of the bottom-up structure of the proposed method, this module assumes that the 

required bounding box is already generated by the second module. Another consideration is to 

have a non occluded eye
1
. 

Moreover, the size of the input image to the first module, or the dimension of the bounding box 

around the eye, is considered to be at least 40×40 pixels.  

The second module also requires to have a rectangle bounding box around any input individual 

face. This bounding box must surround a frontal and non tilted face image from the forehead to 

the chin and preferably without ears. While this algorithm may be able to detect the eyes' 

locations in a tilted face properly, there is no guarantee for all of the images representing a face 

with a specific orientation. 

                                                           
1
  The eye can be occluded by glasses, hair, etc.  
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1.3   Method 

The methods used in this thesis work are literature studies of the previous publications in the area 

of redeye detection and removal together with further investigation in order to come up with 

some new ideas. Finally, the proposed method is implemented using MATLAB.  
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Part 1 Theory 

2   Color imaging 

2.1   Color definition 

While everyone may know what color is, the definition of color introduces some challenges and 

difficulties. Even color scientists are not quite able to meet these challenges. The definition of 

color covers the vast and various areas such as observer vision and color perception. It also 

depends on two other terms: the Color Stimulus, and the Light Spectral Distribution. As the light 

is a spectrum of the electromagnetic signals, the Color Stimulus represents a range of reflected 

(not absorbed or transmitted) portion of the light wavelengths between about 380 and 450 nm 

that are perceivable by the human vision [8]. The following figure illustrates the division of an 

incident light to an object into three different portions: reflected, absorbed, and transmitted. The 

red arrow represents the reflected portion of the light which determines the perceived color of the 

object. 

 

Figure 3. Division of an incident light to an object into three different portions: reflected, 

absorbed, and transmitted.  

In general the Color Stimulus or simply the perceived color of an object (stimulus) does not 

cover the whole visible spectrum of the light source, while it represents only the reflected portion 

of the incident light. The following figure illustrates the whole visible spectrum of an incident 

light on an object together with the reflected portion of the light which determines the color 

stimulus [8]. 

 

                                                       (a)                                          (b) 

Figure 4. (a) Spectrum of an incident sunlight on an object, (b) reflected portion of the sunlight 

to the observer's eye as the color stimulus.  
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Based on the different kinds of light sources, the wavelengths of the Color Stimulus can be 

represented in various intensities. This is called the Light Spectral Distribution. Figure 5 

indicates two different Light Spectral Distributions from a same scene while under variant 

lightning conditions [9]. 

 

Figure 5. Two different Light Spectral Distributions from a same scene, but with variant light 

sources. 

While in the definition of the color the most important characteristics are the Color Stimulus and 

the Light Spectral Distribution, the size, shape, structure and surrounding area of the stimulus are 

also considered as effective parameters [10]. The following represents a definition of color by 

expert color scientists who write the International Lighting Vocabulary [10]. 

"Color: Attribute of visual perception consisting of any combination of chromatic and 

achromatic content. This attribute can be described by chromatic color names such as yellow, 

orange, brown, red, pink, green, blue, purple, etc., or by achromatic color names such as white, 

gray, black, etc., and qualified by bright, dim, light, dark, etc., or by combinations of such 

names" [10]. 

Moreover, they added the following statement to include the observer's visual system. 

"Note: Perceived color depends on the spectral distribution of the color stimulus, on the size, 

shape, structure, and surround of the stimulus area, on the state of adaptation of the observer's 

visual system, and on the observer's experience of the prevailing and similar situations of 

observation" [10]. 

2.2   Color spaces 

A large number of various color spaces exist. Most of them are just a linear transformation of the 

coordinates and they are established usually for specific purposes. As an instance, some of them 

are built for painting programs and some others are suitable for color perception [11].  

The following list represents some of the most common color spaces. Two of them, RGB and 

YCbCr color spaces, that are utilized in this thesis work, are explained later in sections 2.2.1 and 

2.2.2 in detail. 
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• RGB  color space 

• sRGB color space 

• CIE � ∗ � ∗ � ∗ color space 

• CIE � ∗ � ∗ � ∗ color space 

• YCbCr color space 

• CMY color space 

• HSI color space 

• HSV color space 

• Analog and digital color spaces 

2.2.1   RGB color space 

The RGB color space is produced based upon a unit cube with three axes, red, green, and blue as 

it is shown in Figures 6 and 7 [12, 13]. 

 

Figure 6. RGB color space.  
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Figure 7. RGB color space. 

Every point in this cube is represented by three components of �, G, and B ∈ [0, 1]. These three 

variables specify the amount of the intensity of the red, green and blue components related to 

every pixel on the screen [11]. 

The eight corners of this cube are correlated with blue, cyan, green, yellow, white, magenta, 

black and red colors. In Figure 6, the grayscale dashed line starts with white color representing (1,1,1) and ends to black color where all of the three components are equal to zero (0, 0, 0). 

 

2.2.2   YCbCr color space 

In the RGB color space, the R, G, and B components represent not only the color but also the 

luminance, while the aim of the YCbCr color space is to distinguish the chrominance from the 

luminance. YCbCr color space is a non-linear transformation of RGB signal and it is commonly 

used by television studios for video coding and compression. In YCbCr color space, Y denotes 

the luminance, Cb indicates the chromatic blue and Cr represents the chromatic red. The 

following equation indicates the transformation between the RGB color space and the YCrCb 

color space [14, 15]. 

� �����1 � = � 0.2990 0.5870 0.1140 0−0.16870.50000
−0.3313−0.41870

0.5000−0.08130
1281281 � • ��!"1�                       (Eq. 1) 

Figure 8 (a) and (b) illustrate the YCbCr color space and a comparison between this color space 

and the RGB color space respectively [16, 17]. 



 

 

Part 1 Theory 

                  (a)                                                     (b)

Figure 8. (a) YCbCr color space, (b) a 

color space. 

2.3   Color terminology 

2.3.1   Hue 

Hue is an attribute of the visual sensation according to 

yellow, green, blue, or the combination of two of them. Based upon the definition of the hue, the 

chromatic color and achromatic color can be more distinguishable.

color having a hue while the latter is a perception of color devoid of any hue 

2.3.2   Saturation 

Saturation represents the colorfulness of an area 

#�$���$%&'
2.3.3 Lightness 

Lightness is the perceived brightness of an area in comparison with similarly illuminated another 

area that appears to be white or high transmitting 

�%()$'*++
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(a)                                                     (b) 

YCbCr color space, (b) a comparison between the RGB color space and YCbCr 

is an attribute of the visual sensation according to which an area can be perceived as red, 

yellow, green, blue, or the combination of two of them. Based upon the definition of the hue, the 

chromatic color and achromatic color can be more distinguishable. The former is a perceived 

color having a hue while the latter is a perception of color devoid of any hue [10

colorfulness of an area judged in proportion to its brightness 

#�$���$%&' = ,-.-/01.23445/67892344                                (Eq. 2) 

Lightness is the perceived brightness of an area in comparison with similarly illuminated another 

area that appears to be white or high transmitting [10]. 

= 5/678923445/67892344	(;8693)                           (Eq. 3)                 

 

 

 

comparison between the RGB color space and YCbCr 

an area can be perceived as red, 

yellow, green, blue, or the combination of two of them. Based upon the definition of the hue, the 

The former is a perceived 

10]. 

in proportion to its brightness [10].  

Lightness is the perceived brightness of an area in comparison with similarly illuminated another 
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2.3.4   Chromaticity 

Chromaticity or chromatic intensity is the perceived intensity of a chromatic color and it is 

similar to saturation as an area with low chromaticity value seems to be not very colorful 

2.3.5   Luminance 

A certain color can be described by three parameters: hue, saturation and lightness. On the other 

hand, luminance can be considered as a measure to describe the amount of brightness of a color 

and it depends on all of the three factors of the color, hue, s

By adjusting the lightness value of a color, it can be perceived lighter or darker and the 

luminance also can be changed; however,

the luminance. That is because every hue na

Wheel, Figure 9, represents the pure hues with the saturation level of 100% and 

level of 50%. The corresponding

wheel and it is illustrated on the lef

The yellow has the highest luminance (93%) nearly as the completely white color while the blue 

hue has the lowest luminance (44%). 

Figure 9. Color wheel of 

As it is explained earlier, the luminance depends on all 

Therefore, for the hues with the luminance above 50%, 

of saturation. In contrast, for the 

the decrease of saturation [19]. In order to find the luminance one way is 

color image from the RGB color space to 

component in the YCbCr color space, indicates a grayscale image which is a representation of 

the luminance.      
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Chromaticity or chromatic intensity is the perceived intensity of a chromatic color and it is 

similar to saturation as an area with low chromaticity value seems to be not very colorful 

A certain color can be described by three parameters: hue, saturation and lightness. On the other 

hand, luminance can be considered as a measure to describe the amount of brightness of a color 

three factors of the color, hue, saturation, and lightness.

By adjusting the lightness value of a color, it can be perceived lighter or darker and the 

; however, the lightness is not the only parameter that can affect 

That is because every hue naturally has a luminance value.  

represents the pure hues with the saturation level of 100% and 

ing luminance wheel is generated based upon the indicated color 

is illustrated on the left side [19]. 

The yellow has the highest luminance (93%) nearly as the completely white color while the blue 

hue has the lowest luminance (44%).  

wheel of the pure hues and its corresponding luminance values

explained earlier, the luminance depends on all of the three components of 

luminance above 50%, the luminance decreases by the reduction 

the hues with the luminance below 50%, the luminance increases by 

In order to find the luminance one way is a transformation of

color image from the RGB color space to the YCbCr color space, using Eq. 1. The achieved Y 

color space, indicates a grayscale image which is a representation of 

Chromaticity or chromatic intensity is the perceived intensity of a chromatic color and it is 

similar to saturation as an area with low chromaticity value seems to be not very colorful [18]. 

A certain color can be described by three parameters: hue, saturation and lightness. On the other 

hand, luminance can be considered as a measure to describe the amount of brightness of a color 

aturation, and lightness. 

By adjusting the lightness value of a color, it can be perceived lighter or darker and the 

the lightness is not the only parameter that can affect 

represents the pure hues with the saturation level of 100% and the lightness 

luminance wheel is generated based upon the indicated color 

The yellow has the highest luminance (93%) nearly as the completely white color while the blue 

 

luminance values. 

three components of the color. 

luminance decreases by the reduction 

luminance increases by 

a transformation of the 

YCbCr color space, using Eq. 1. The achieved Y 

color space, indicates a grayscale image which is a representation of 
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3   Photography 

3.1   Redeye defect 

The redeye artifact is the most common and prevalent problem in the flash photography 

especially using compact cameras with inherently small angle between the flash and the lens [3]. 

While, this problem is often seen in amateur shots, it is also common in professional 

photography [20].  Figure 10 illustrates the redeye beacon that reflects back to the camera with 

the presence of the flash.  

 

Figure 10. Safe photography (< < >).  

 

The beacon is a cone that has the angle <. The apparent red color is caused by the reflection of 

the flash off the blood vessels when a strong and sudden light hits the eye. In this case the angle 

between the flash and the camera > is smaller than < [3, 20]. Figure 10 illustrates a situation 

when the flash photography is safe, < < >, while Figure 11 indicates a case when < > >; hence, 

the flash photography is not safe and may lead to the redeye defect. 

 

Figure 11. Non safe photography (< > >). 
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A common technique to mitigate the redeye defect is to utilize multiple flashes for the purpose of 

contracting the pupils before taking the final shot. Although this idea can reduce the redeye 

artifact, still it is not quite able to remove it completely. Moreover, multiple flashes consume a 

lot of power. Hence, fixing the redeye affected images using digital technologies has become an 

important skill. The digitized images can be captured directly by the digital cameras or by 

scanning the traditional photos [20].  All of the algorithms for removing the redeye artifacts from 

the digitized images can be divided into two parts: redeye detection and redeye correction. In 

section 6 a chronological review of the existing redeye removal methods is given. 

3.2   Redness definition 

In order to be able to distinguish the redeye pixels from the non redeye pixels, most of the redeye 

detection approaches define a non-standard color transformation. The result of this color 

transformation is a grayscale image known as redness map which contains redeye pixels as the 

bright spots.  The redness factor can be defined as an equation between the three components R, 

G, and B of any pixel of the image. This equation indicates the ratio between the energy of the 

red component R and the total energy of the pixel. Using redness map, the area of the pupil can 

be detected in a more precise way [20]. The following table indicates some of the current redness 

definitions based on the published works [20]. 

TABLE I. 

Some of the redness definitions. 

 

Authors Redness 

Held [21] � −@%'A!, "B 
Smolka et al. [22] � − @�CA!, "BD�  

Gasparini and Schettini [4] 
(4 × � − (! + ") − min	(!, ") − max	(!, "))/� 

 

4   Image processing 

4.1   Image definition 

An image is a way of recording and representing the information visually which is said to worth 

a thousand words [23]. The human brain is perfect in visual information processing, therefore by 

looking at an image or a picture many information is achievable without expressing any word. 

Digital or analog photography is a way of recoding data as images and it is familiar for the 

human brain because the data that it is recorded by the camera is similar to the one that human 
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eyes can receive. In  order to capture this information, both the human vision system and camera, 

need to look at a scene that is usually illuminated by a light source. The light interacts with the 

objects in the scene and some of it reaches to the observer. Finally, the received information is 

stored as variations of the color and the intensity of the detected light. Although the scene is 

three dimensional, the image or picture is always two dimensional [23]. 

4.1.1   8-bit RGB color image 

Every digital image consists of a number of pixels which can be considered as the multiplication 

of the image width by the image height. In the 8-bit RGB color images, each pixel involves three 

variables for the R, G, and B components. Each value occupies 8-bit in the system memory. 

Hence, the correspondent value for these variables can differ from 0 to 255, 256 variant cases. 

The combination of these three values represents each pixel color.  

4.1.2   8-bit grayscale image 

In the grayscale images, all of the three variables of R, G, and B have the same value in any 

pixel. This equality of the values of the three components in each pixel of the image makes it a 

grayscale image. The following figure illustrates an RGB color image together with its 

corresponding grayscale image. 

 

Figure 12. A color image and its corresponding grayscale image. 

4.2   Image processing definition 

In general, image processing covers a wide range of various techniques and algorithms in order 

to manipulate, alter, enhance, acquire, store, modify, correct, or analyze the images. Usually, 

physicists and photographers are experts of modifying images using chemical or optical 

equipments [24]. There are two forms of image processing: analog and digital. Section 4.3 

describes some of the required digital image processing techniques that are used in this thesis 

work. 
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4.3   Digital image processing techniques 

4.3.1   Histogram of a grayscale image 

The histogram of a grayscale image represents the frequency distribution of the grayscale values 

of that image. Histogram representation can be considered as a two dimensional table. By 

default, the x-axis indicates the number of entries which are 256 bins and labeled from 0 to 255, 

in the case of considering 8-bits for each pixel, while the y-axis denotes the frequencies.  

By looking at an image histogram, an observer can figure out the number of times that each gray 

level, from 0 to 255, has occurred in the grayscale image. The following is an illustration of a 

grayscale image together with its histogram. 

 

Figure 13. A grayscale image together with its histogram. 

Note: Utilizing different number of bits for each pixel, producing different number of bins is 

possible. Moreover, merging some bins together and generating fewer number of bins is 

applicable. 

4.3.2   Convolution 

Convolution is one of the most common linear operations in the signal and image processing. A 

simple definition of convolution is as follows [23]. 

((C, M) = ∑ ∑ )(O, P)Q(C − O, M − P)RS/DTUVWRS/DTR2/DTXVWR2/DT ,                 (Eq. 4) 

where m and n are the width and height of the convolution kernel that will be discussed later. The 

calculation of convolution over any pixel of  the image depends on the neighboring pixels and it 

can interpret as a weighted sum of gray values of  the neighboring pixels of any pixel in the 

image. Although it is not a requirement but it is more common to have the neighboring pixels as 

a symmetric matrix. Hence by considering the pixel at the center of its surroundings, the 

neighboring pixels must have an odd dimension, e.g. 3×3, 5×5, etc [23]. Based upon the 

dimension of the neighboring pixels, a matrix of coefficients, that the literatures usually denote 
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as convolution kernel, must be generated. These coefficients define the weighting factors that 

must multiply by the gray level values of the neighboring pixels. This generated convolution 

kernel must apply to the image in a way that the top-left corner coefficient value of the kernel 

must multiply by the gray level value of the bottom-right corner of the underlying pixel of the 

image [23]. The following figure illustrates an example of a 3×3 kernel and its underlying image 

pixels. 

 -1 0 +1       C  

-1 
-1 0 1 

     
72 53 60 

0 
-2 0 2 

    M 
76 56 65 

 +1 
-1 0 1 

     
88 78 82 

                                            (a)                                                                    (b) 

Figure 14. (a) A vertical Sobel filter
1
 kernel as a simple convolution kernel, (b) the underlying 

image pixels. 

Considering the convolution kernel as ) and the image as Q, the convolution calculations of the 

above kernel on the specified pixels is described as follows [23]. 

((C, M) = )(−1,−1). Q(C + 1, M + 1) + 

        )(0,−1). Q(C, M + 1) 	+ 

                                                                  )(1,−1). Q(C − 1, M + 1) + 

                                                                          )(−1,0). Q(C + 1, M) + 

                                                                                    )(0,0). Q(C, M) + 

                                                                             )(1,0). Q(C − 1, M) + 

                                                                   )(−1,1). Q(C + 1, M − 1) + 

                                                                             )(0,1). Q(C, M − 1) + 

                                                                         )(1,1). Q(C − 1, M − 1).            (Eq. 5) 

The above summations can be summarized as the Eq. 4 which represents the definition of the 

convolution [23]. 

                                                           
1
 The Sobel filter is a filter for detecting edges in an image. It is based on two vertical and horizontal convolution 

kernels which are responsible to approximate derivatives along x and y axis respectively. 
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The result of the convolution of the above defined kernel ) on the image Q is considered as a 

new image ( and represented as follows. 

-72 -53 12 53 60 

-220 -162 35 162 185 

-312 -243 40 243 272 

-252 -212 23 212 229 

-88 -78 6 78 82 

 

Figure 15. The result of the convolution of the kernel h on the image f. 

The convolution operation can be used in different applications; for instance it can be used to 

generate the discrete derivative of the input signal and produce its slope or first derivative as an 

output signal [25]. This process is utilized during the implementation phase of this thesis work 

when it is needed to generate the first derivate. 

4.3.3   Segmentation 

Segmentation is a way of interpreting and analyzing an image by dividing it into some parts of 

grouped pixels based on some specific attributes. The same group of pixels have the same or 

nearly the same attribute(s), while the distinct groups have different properties [23].  

4.3.3.1 Thresholding 

Thresholding is one way of segmentation which transforms a set of input data (image) which 

varies over a range to a set of output data which have only two different values. All of the pixels 

that their values are below the threshold point will get one same value in the output image and 

the rest of pixels which their values are equal or exceed the threshold point will get another same 

value in the output image. As the output data set (image) has only two values, thresholding is 

considered as a binary operation; therefore the output image is a kind of binary image. The 

following equation indicates the process of thresholding [23]. 

((C, M) = Y0,									Q(C, M) < Z,1,										Q(C, M) ≥ Z.\           (Eq. 6) 

Figure 16 demonstrates a grayscale image together with its thresholded image [26]. 
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Figure 16. A grayscale image together with its thresholded image. 

This technique is utilized in this thesis work as the initial step for the image histogram 

segmentation which will be discussed later. 

4.3.3.2   Pixel connectivity 

Considering any image as a form of a rectangle, it is possible to define two kinds of neighboring 

pixels for each pixel of the image. These neighboring pixels are called 4-neighborhood and 8-

neighborhood. The former consists of four pixels that are located at top, bottom, left, and right of 

the specified pixel in the image. The latter involves these four pixels together with four diagonal 

pixels. The following figure represents these definitions [23].  

  
4 

      
6 7 8 
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4 3 2 

                                            (a)                                                                    (b) 

Figure 17. (a) 4-neighborhood of a pixel, (B) 8-neighborhood of a pixel. 

As Nick Efford has explained [23], a 4-connected path of pixels from a pixel ]^ to another pixel ]2 is a sequence of pixels starting from ]^ and ending to ]2, {]^, ]D, ..., ]2}, where ]6_^ is a 4-

neighbour of ]6 for all % = 1, 2, … , ' − 1. The path is explained as to be 8-connected if ]6_^ be a 

8-neighbor of ]6. 
By considering 4-neighborhood and 8-neighborhood connectivity, it is possible to segment 

different parts and regions of an image based upon their connectivity. A set of pixels are defined 

to be a 4-connected region if there is at least one 4-connected path between any two pixels of that 

set. Similarly, a set of pixels can be interpreted as to be 8-connected if there is at least one 8-

connected path between any two selected pixels inside that area. The difference between 4-

connected and 8-connected regions are important. For instance, the following figure illustrates 

one 8-connected region of shaded pixels while it represents two 4-connected regions [23]. 
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Figure 18. A set of connected pixels. 

4.3.3.3   Labeling 

Labeling of a binary image is defined as assigning a unique value to the areas of an image that 

are connected. Based upon the 4-neighborhood or 8-neighborhood connectivity, the final result 

of the labeling process can be different [27]. The following figure illustrates a binary image 

together with the labeled images based on the 8-neighborhood and 4-neighborhood connectivity 

[27]. 

 

                       (a)                                               (b)                                               (c)         

Figure 19. (a) binary image, (b) 4-neighborhood labeled image, (c) 8-neighborhood labeled 

image. 

4.3.4   Morphological operations 

Morphological operations are non-linear operations that are dealing with the shape and 

morphology of the objects in a binary image. Usually, they are used after a segmentation process 

on an image in order to remove unwanted and remained artifacts such as noise, etc. 

Morphological operations scan the image with a small shape known as structuring element. The 

structuring element is a matrix of usually 0s and 1s. The dimension of this matrix represents the 

size of the structuring element and the pattern of 0s and 1s indicates its shape that can be cross, 
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square, circle (disc), etc. The following figure illustrates two 3×3 structuring elements. The left 

one represents a square structuring element while the right one is a cross-shaped structuring 

element. 

a1 1 111 11 11b                      a
0 1 010 11 10b 

                                                        (a)                                   (b) 

Figure 20. (a) A square structuring element, (b) a cross-shaped structuring element. 

The structuring element also have an origin that is one of the matrix elements. It is usually the 

center element but it can be any other elements or even outside of the structuring element. The 

structuring element lies on the binary image pixels and compares its elements with the 

underlying pixel values of the image. It works based upon the fit or hit procedures. The fit 

procedure checks if for all of the 1 elements of the structuring element, its corresponding image 

pixel value is also 1. The hit procedure evaluates if for at least one of the 1 elements of the 

structuring element, its underlying image pixel value is also 1. For both of these cases the image 

pixels which their corresponding structuring element's value is 0, is ignored [23]. The following 

figure illustrates the process of fit and hit, utilizing two structuring elements that are mentioned 

above (Figure 20), in a single view. 

 

Figure 21. A representation of the fit and hit process. 

The process of the morphological operations varies from one to another, but the final result of all 

of them is another binary image. In this thesis work two of them, erosion and dilation, are used 

which are described in sections 4.3.4.1 and 4.3.4.2 respectively. 

4.3.4.1   Erosion 

The erosion of an image Q with the structuring element + can be conducted as follows and 

denoted by Q ⊖ + [23]. 

((C, M) = d 1															%Q	+	Q%$+	Q,	0																&$)*�e%+*.f                       (Eq. 7) 

This process can be repeated for all of the image pixels which results in a binary output image. 

Erosion is a shrinking process and has the impact of enlarging the exist holes in the image as 
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well as making the gaps bigger.

removing small shapes, as well as 

depends on the shape and size of the structuring element. Larger structuring elements have more 

impact on the image [23]. 

The following figure illustrates an example of 

element [28]. 

Figure 22. Applying the erosion

element. 

4.3.4.2   Dilation 

The dilation of an image Q with the structuring element 

denoted by Q ⊕ + [23]. 

((C, M� � d

This process can be repeated for all of the image pixels 

Dilation is an enlarging process and has the impact of shrinking the exi

well as making the gaps smaller. The result of the dilation

the shape and size of the structuring element. Larger structuring elements have more impact on 

the image [23]. 

The following figure illustrates an example of 

element [28]. 
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. Therefore, it is useful for separating the objects in the image

removing small shapes, as well as detecting large morphologies. The result of the erosion process 

size of the structuring element. Larger structuring elements have more 

The following figure illustrates an example of the erosion process using a 3E3 square structuring 

rosion process on a binary image, using a 3E3 square structuring 

with the structuring element + can be conducted as follows and 

d 1															%Q	+	)%$+	Q,	0																&$)*�e%+*.
f                       (Eq. 8) 

This process can be repeated for all of the image pixels which results in a binary output image. 

enlarging process and has the impact of shrinking the exist holes in the image as 

well as making the gaps smaller. The result of the dilation, like the erosion process

the shape and size of the structuring element. Larger structuring elements have more impact on 

The following figure illustrates an example of the dilation process using a 3E3 square structuring 

ng the objects in the image, 

The result of the erosion process 

size of the structuring element. Larger structuring elements have more 

3 square structuring 

 

3 square structuring 

can be conducted as follows and 

a binary output image. 

holes in the image as 

the erosion process, depends on 

the shape and size of the structuring element. Larger structuring elements have more impact on 

3 square structuring 
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Figure 23. Applying the dilation process on a binary image, using a 3E3 square structuring 

element. 

4.3.5   Filtering 

An image can be defined in terms of spatial frequencies. In image processing, spatial frequency 

refers to how much rapidly the color or brightness attribute varies over the entire image. Images 

with gray levels changing slowly and smoothly can be considered as images with low spatial 

frequencies. In contrast, images with high spatial frequencies are the ones that have sudden 

variations of the gray levels, strong edges or textures, and fine details [23]. 

Based upon this definition, two different types of filters are defined: Low pass filters and high 

pass filters. A low pass filter is a filter that allows the low frequencies to pass unchanged while it 

removes the high frequencies. In contrast, high pass filters suppresses the low frequencies while 

passes high frequencies. As a result, the low pass filters can be utilized for reducing noise, 

smoothing or blurring the image while the high pass filters are useful for sharpening and making 

the noise more dominant. In order to do filtering a kernel must be defined and applied to the 

image pixels. 

4.3.5.1   Gaussian filter 

Low pas filtering or blurring can be done using a uniform kernel or a nonuniform kernel. A 

convolution kernel with all positive coefficients is an example for a low pass filter with uniform 

kernel. A common example of a low pass filter with nonuniform kernel is a Gaussian filter 

whose coefficients can be derived from a two dimensional Gaussian function as follows [23]. 

)�C, M) = *C] hW(ij_kj)Dlj m                   (Eq. 9) 

The amount of n has a direct impact on the blurring of the image as larger values of n produce 

more blurring. 

The following figure illustrates a two dimensional Gaussian function and its blurring result on an 

image [29, 30]. 
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                         (a)                                                  (b)                                               (c)    

Figure 24. (a) A two dimensional Gaussian function, (b) the original image, (c) the blured image. 

5   The Golden Ratio - Phi (Φ) 

As it is stated in [31, 32], Phi (Φ = 1.6180339887498945...) is an irrational number which has 

fascinated mathematicians and artists in the ancient Greece for more than 2500 years. This 

mathematic constant is the answer of many unusual mathematical proportions and it is 

achievable via the following equation [31].  

Φ � ^_√q
D � 1, 6180339887498945...                 (Eq. 10) 

Based upon this constant a specific concept known as Golden Section, Golden Ratio, Golden 

Mean, or Divine Proportion is defined.  

Golden Section is based on a line division into two segments with a specific ratio as follows [32]. 

 

r � " E s,  and  " � � E s 

Figure 25. The Golden Section of a line. 

As it is demonstrated above, the ratio of the line A to the line B is the same as the ratio of the line 

B to the line C. This ratio is defined as Phi (Φ = 1.6180339887498945...) which can be derived 

through geometry, mathematics, and numerical series (Fibonacci series) [32]. 

The result of these infinite divisions based on the number Phi appears in various areas such as: 

the proportions of the human body and face, the proportions of many animals, plants, DNA, solar 

system, art and architecture, music, population growth, etc [32]. 

The Golden Section is used in this thesis work for the division of the natural human face into 

some specific segments. This procedure is described in detail in section 7.2.3.    
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6   Previous works 

The aim of this section is to do a chronological review on the previous works in the area of 

redeye detection and removal. In general, the whole process can be divided into two sections or 

modules: redeye detection and redeye correction. 

Currently, there are many image processing software applications in the market that are utilized 

for removing redeye artifacts. Most of them are semi-automatic or manual and need the user 

intervention by clicking on the redeye or drawing a bounding box around the redeye region. Also 

there are completely automatic tools developed by big companies such as Hewlett Packard, 

Kodak, Nikon, Fuji, etc, a common problem with these applications is a poor segmentation 

process which leads to darkening the eyelid area if redeye pixels is chosen too aggressively, or 

leaving some redeye pixels without any correction if the redeye region is detected too 

conservatively [20]. There are also some other problems that are more common in the redeye 

correction modules, for example removing the glint which is the specular reflection of the flash 

in the eye. Another important issue is an abrupt transition between the corrected and uncorrected 

regions of the image that leads to visually unpleasing result. Figure 26 and 27 illustrate the two 

problems of over-correcting and under-correcting of the redeye regions respectively [33]. 

 

                                     (a)                                                                         (b) 

Figure 26. (a) The original image with the redeye artifact, (b) the over-corrected image. 

 

                                      (a)                                                                        (b) 

Figure 27. (a) The original image with the redeye artifact, (b) the under-corrected image. 
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In general there are two main approaches for detecting the red eye pixels. In the first approach, 

which is more common, firstly the search area is reduced by either manually drawing a bounding 

box around the redeye region or by utilizing some face, skin, and eye detection algorithms.  The 

redeye pixels are seek later within the selected region [20]. The following flowchart is a 

representation of this approach [20]. 

 

Figure 28. The possible modules for the reduction of the redeye search space. 

In the second approach, the redeye pixels are chosen directly by scanning the whole image 

without any reduction of the search space. Thereafter, among the preliminary selected redeye 

pixels the ones which are located in the face bounding box must be selected in order to mitigate 

the number of false positives. The following figure illustrates this process [20]. 
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Figure 29. A flowchart representing the process of direct search for the redeye in the entire 

image. 

In both cases, the selected redeye pixels are passed through another step known as verification 

module. This module processes the preliminary redeye pixels based upon some parameters such 

as color, geometry, presence of skin, glint, etc. and verifies that whether if they belong to the eye 

regions in the image. The following figure indicates this process [20]. 

 

Figure 30. The redeye detection and verification modules. 

Patti et al., [34] have proposed a semi-automatic method for the red eye detection and correction 

that needs the user intervention to draw a bounding box around the redeye region. Thereafter, the 

algorithm can perform the automatic calculations in order to find the red eye pixels inside the 

bounding box and finally correct the offending pixels. The red eye correction procedure of this 

method is a simple red eye color correction where all the detected red eye pixels are replaced by 

a gray value of 0.8 of their luminance value. This factor is experimentally determined that yields 

a natural correction of the defective pixels [34].      

Gaubatz and Ulichney [24] have proposed a method which consists of three steps that are face 

detection, redeye detection and finally redeye correction. In this method, the redeye correction is 

defined as desaturating the detected redeye pixels proportional to their correspondent redness 

value for the purpose of correcting the defects in a more visually pleasing manner. 

Another method for the redeye detection and correction is performed by Schettini et al. [6]. Their 

approach is based on 5 steps which are image color correction, skin detection, face detection, 

redeye detection and finally redeye removal. This algorithm applies a method for finding the red 

eye pixels based on defining the redness factor as follows [6]. 

�*t'*++ � �4 E � − �! + "� − min�!, ") − max	(!, "))/� , (Eq. 11) 

�*t'*++ = �*t'*++D × (�*t'*++ > 0)                                            (Eq. 12) 
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By defining the redness factor the original image is converted to a grayscale image where the 

redeye pixels are highlighted. In order to reduce the number of false hits, this method utilizes 

some geometrical constrains such as the percentage ratio of the detected red eye area to the 

whole area of the face. The final step in this method is the correction of the detected red eye 

pixels to a monochrome color. This algorithm applies the following equation on all of the three 

channels �, !,  and " of each offending pixel [6]. 

�23; = �-.u × (1 − v�+P4S--98) + v�+P4S--98 × �Sw8  (Eq. 13) 

The coordinate of the monochrome pixel are �23;, !23;, and "23; which are evaluated based 

upon the average values of (! + ")	that are denoted by �Sw8, !Sw8, and "Sw8. A smoothing 

mask v�+P4S--98 is also used to avoid unnatural transition between the corrected and 

uncorrected regions [6]. 

Another work is done by Smolka et al. [22]. This method is based on the skin color detection 

using segmentation algorithms, thresholding, morphological operations together with conversion 

of the color image into a gray-scale one in order to highlight the red eye regions as bright spots. 

The regions which are detected as skin color regions and have a bright intensity in the gray-scale 

image are marked as red eye pixels. Among the preliminary detected redeye pixels, the area of 

the pupil is explored by assuming a circular shape for the pupil and applying some kind of 

annular filters to detect the circular shape areas. The final step is a simple red eye correction 

which substitutes the detected pupil pixel's intensity with an intensity equal to the mean value of 

G, and B.  

Another approach is performed by Luo et al., [35] which is composed of two sections that are 

redeye detection and redeye correction. The redeye detection part consists of three steps: initial 

candidate detection, single eye verification, and pairing verification. Unlike the method that is 

described in [24] which is based on the eye and face detection, this algorithm uses some simpler 

features and classifiers. In this approach, the initial candidate detection module is designed to 

find all of the possible red oval regions. The single eye verification module corresponds to the 

eye detection which removes the false alarms such as a red flower in the image, and the pairing 

verification module detects different faces in the image by grouping the detected eyes into some 

pairs that each represents an individual face. Finally, the correction step is described as firstly 

generating a mask in order to specify red eye pixels and thereafter desaturating and darkening 

them.  

Zhang et al., [36] have presented a completely automatic method for the red eye detection and 

removal together with an one-click manual approach for the purpose of detecting any remaining 

red eye area that is missed by automatic method. In the automatic detection stage, firstly a series 

of algorithms are utilized to find the preliminary red eye regions and thereafter an eye classifier 

is adapted to verify the candidate red eye regions. Finally, a color correction method which 
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consists of the contrast and brightness adjustment is employed in order to remove the detected 

red eye pixels from the image. 

While most of the previous approaches have paid more attention to the redeye detection part, 

Ulichney and Gaubatz [3] have more focused on the correction procedure. They have designed a 

perceptual test in order to estimate the average target luminance that the red eye pixels must be 

lowered to during the correction step. While most of the other approaches simply desaturating 

the detected red eye pixels that lead to a gray but light region, this method has the aim of 

lowering the luminance of  the corrected red eye pixels to an average target luminance to finalize 

the correction step in a visually pleasing manner.  

Another work in the area of redeye removal is performed by Gasparini and Schettini [4]. They 

have proposed an automatic approach for the redeye detection and correction of the images from 

unknown origin, i.e. images which are captured with unknown imaging systems under unknown 

lighting conditions, such as images that are received from others by cell phones or e-mails or 

images that are downloaded from the web. This method combines two face detection algorithms 

in order to improve the final result of detecting the face regions in the image. After detecting the 

most likelihood facial regions in the image, redeye is searched only within this area using a 

definition of redness as follows [4]. 

�*t'*++ � �4 E � − �! + "� − min�!, ") − max	(!, "))/�  (Eq. 14) 

Seeking the detected facial regions for the red eyes based upon the high values of redness and 

applying some geometrical constraints has a result of detecting the most probable red eye pixels 

in the image. Finally a correction process is performed on the redeye detected pixels, substituting 

the pixel color with a monochrome pixel by applying the Eq. 13 for every three channels R, G, 

and B [4, 6].  

The last reviewed approach is a work by Willamowski and Csurka [5]. They have defined a 

probabilistic approach which is based on the probability map. As this method utilizes the 

probability map, it is more suitable for the correction of pixels that are strongly affected by the 

flash and have a high redness value which leads to the high probability values; although, this 

approach still has significant correction results for the lower probabilities. Unlike many other 

approaches [6, 24], this method does not rely on the face detection algorithms, therefore it is 

suitable for finding the red eyes which are located within non-frontal, tilted or occluded faces.  

The drawback of this method is that it may detect some pixels as red eye candidates which are 

not truly belongs to a real eye region.  This approach consists of three main steps which are 

candidate detection, candidate classification and finally correction step. In the first step most of 

the pixels, which have the high probability of belonging to the red eye regions, are detected. This 

detection is based upon the color information and also the shape characteristics. The color 

information can be achieved by individual pixel features and the shape characteristics can be 

extracted by neighboring pixel features. The result of this step is producing a probability map 
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dedicating each pixel a probability value. In the second step the preliminary detected pixels are 

classified into red eye pixels, background error, or face error in order to reduce the number of 

false positives. Finally those pixels which are identified as belonging to the red eye regions of 

the image are corrected. This approach only modifies the red component of the red eye pixel 

base on its corresponding probability value xas follows [5]. 

�23; � �1 − ]) ∗ �-.u + x ∗ (! + ")/2        (Eq. 15) 

Most of the discussed approaches have paid much attention to the detection step while there are 

few methods [3] that are more focused on the correction part. In general, There are some 

important criteria that must be considered during the process of redeye correction in order to 

accomplish a natural correction of the redeye pixels.  The most important ones are as follows 

[20]. 

• Preserving the glint which makes the eye more natural. 

• Avoiding the abrupt transitions between the corrected and uncorrected regions. 

• Correcting of both red eyes (if two red eyes are detected in a single face) with the same 

color and intensity. 

Any current or future redeye correction algorithm must pay attention to these criteria in order to 

produce a visually pleasing color correction result.   

During the previous sections some basic required knowledge together with a chronological 

review of the previous works in the area of redeye detection and correction are presented. In the 

next part of this thesis report we have the aim of explaining our own implemented redeye 

detection and correction algorithm which is based upon some of the previous works together 

with some novel ideas. 
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7   Stepwise modules 

In this section we explain our own implemented algorithm for the redeye detection and removal.  

The proposed method has a stepwise nature and consists of two individual but cooperative 

modules. It starts from the first module which is designed for the purpose of detecting and 

correcting the redeye pixels within a restricted search area, a rectangle bounding box around the 

eye. The algorithm continues with the second module in order to detect and correct two red eyes 

in a face. In the second module the search area is defined as a rectangle bounding box containing 

the area of the face from the forehead to the chin and preferably without ears. Utilizing these two 

modules, the algorithm is able to detect and correct a red eye individually or two red eyes in a 

face by considering some conditions and limitations. Another required module(s) are considered 

as the future work because of the lack of time. The above introduced modules have a bottom-up 

structure, i.e. the first module is the last one that must be applied on the image, and are discussed 

in more detail in the sections  7.1, and 7.2 respectively.   

7.1   First module: Detection and correction of the redeye pixels in an             

        individual eye   

 
As stated previously, the first module is designed to detect and correct the red eye pixels for an 

individual eye. This module considers some specific conditions that are explained in the 

following section. 

7.1.1   Conditions 

The algorithm that is implemented in the first module considers some specific conditions for the 

detection and correction of the red eye pixels located in an individual eye. The search space for 

this algorithm is restricted to a rectangle bounding box around the eye. Based upon the bottom-

up structure of the two mentioned modules, this algorithm assumes that the required bounding 

box around the eye is already prepared by the second module that will be discussed later in 

section 7.2.  The size of this bounding box is also assumed to be at least a 40×40 pixels. 
Moreover, it is assumed that the eye is not occluded by glasses, hair, etc. 

7.1.2   Redeye detection 

The first stage of the first module is dedicated to detecting the redeye pixels. This procedure 

itself is divided into two steps that are discussed in detail in sections 7.1.2.1 and 7.1.2.2. 

7.1.2.1   Step 1: Adaptive approach 

The method that is presented for the first module is an adaptive approach which consists of two 

different algorithms in order to detect the redeye pixels in a rectangle search area around the eye. 

These two distinct algorithms are named as general and specific approaches and both utilize the 

RGB color space. Based upon the kind of the redeye image, the algorithm itself automatically 
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switch between these two approaches and select the most suitable one to detect the affected 

redeye pixels. These two algorithms are described in detail in sections 7.1.2.1.a and 7.1.2.1.b. 

7.1.2.1.a   General approach 

As it is explained earlier, in order to distinguish the red eye pixels from the non redeye pixels, 

usually a non-standard color transformation is needed to convert the RGB color image into a 

grayscale one which indicates the redeye pixels as bright spots [20]. This grayscale image is 

defined as a two dimensional redness map with the height and width equal to the height and 

width of the original image. The redness map relates different values to the original image pixels. 

These values are extracted from an equation between the three components R, G, and B. Each 

value indicates the ratio between the energy of the red component R and the total energy of the 

corresponding pixel. In this thesis work, three different definitions of redness [4, 18, 22], as it is 

illustrated in Table I, are examined on a number of images in order to choose the best one that is 

able to represent the redeye pixels as strong bright spots with a significant difference from the 

non redeye pixels. The following figure illustrates the acquired grayscale images based on the 

above stated redness equations. 

 

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

Figure 31. (a) The original RGB image [37], (b) The grayscale image acquired by the redness 

definition defined in [18], (c) the grayscale image acquired by the redness definition defined in 

[22], (d) the grayscale image acquired by the redness definition defined in [4]. 

Based upon the evaluation of these equations and the achieved results, the author decided to 

utilize the definition of the redness based on the work done by  Gasparini and Schettini [4]. This 

redness equation is described as follows [4]. 

������� = (4 × 
 − (� + �� − min	(�, �� − max	(�, ���/
 (Eq. 16)  

Acquiring the grayscale image based on the above redness equation, a threshold point must be 

defined in order to select the redeye pixels from the non redeye pixels. The result of the 

thresholding process is a binary image representing the detected redeye pixels as the white color, 

scalar value of 1, and the rest of the pixels with the black color, scalar value of 0. 

The thresholding process is defined as finding the highest peak of the grayscale image histogram 

or its corresponding derivative histogram, as the first step. The derivative of the grayscale image 
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histogram is more useful because it indicates the peaks much better than the grayscale image 

histogram itself. The following figure illustrates the original and the grayscale image, the redness 

histogram and its corresponding derivative histogram that is acquired using a convolution kernel 

of [-0.1 0.1] on the grayscale image histogram. As it is explained in [25], applying the 

convolution on an input signal, the discrete first derivative is achievable.   

 

   (a)             (b) 

 

                                     (c)                                                                          (d) 

Figure 32. (a) Original redeye image, (b) grayscale image, (c) redness histogram, (d) redness first 

derivative histogram. 

As it is obvious the highest peak of the redness histogram or its first derivative histogram 

represents the skin like pixels around the eye. There is also a second highest peak which consists 

of the pixels from the sclera and iris area. In order to find the second highest peak a parameter, 

named cof, which is 0.2 of the highest peak is defined as follows. 

��� = 0.2 × ℎ� ℎ��!	"�#$  (Eq. 17) 



 

31 

 

Part 2 Implementation 

All of the redness values which are higher than cof and have the higher index, in comparison 

with the index of the highest peak, are considered as the probable second highest peak. Finally, 

among these values the highest one is selected as the second highest peak. The coefficient 0.2 is 

explored experimentally based on the different sample red eye images.   

In order to find the threshold point, another parameter, named diff, is defined and calculated as 

the 33% of the difference between the highest redness value and the redness value of the second 

highest peak. The following equation represents this factor. 

���� =                                                                                                                               (Eq. 18) 
            (ℎ� ℎ��!	�������	%#&'� − !ℎ�	�������	%#&'�	��	!ℎ�	������	ℎ� ℎ��!	"�#$� × 33%  
The threshold point is calculated as the point achieved by the summation of the diff factor with 

the redness value of the second highest peak. This point is denoted as a point where the second 

highest peak is fell down. The factor diff is explored experimentally based on the different 

sample red eye images. The following figure illustrates the acquired threshold point.  

 

Figure 33. The threshold point. 

All of the grayscale image pixels whose redness values are higher than the threshold point are 

selected and assigned with the scalar value of 1 to represent the white color while the rest of the 

pixels are assigned with the scalar value of 0 indicating the black color. The result of this 

assignment is a binary image distinguishing redeye pixels from the non redeye pixels. The 

following figure illustrates this binary image. 
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Figure 34. The binary image. 

The general approach is useful for most of the images that are affected with the flash 

photography. In these images the redeye area (pupil) of the eye is quite apparent and 

distinguishable from the color of the iris. While, there are some images with high redness values 

in which the red pixels are not only located in the pupil area but also spread in the iris as a large 

extent. Therefore, the redeye pixels are not solely limited to the pixels located in the pupil. In 

these cases, using the general approach in order to find the redeye pixels leads to an inaccurate 

threshold point and therewith an improper binary image. The following figure illustrates an 

example of these kind of images together with the grayscale and binary image that are acquired 

based upon the general approach.   

 

                            (a)                                             (b)                                           (c)   

Figure 35. (a) original image [38], (b) grayscale image, (c) binary image. 

In order to find an accurate threshold point and a proper binary image, another method, specific 

approach, is presented and described in detail in the following section. 

7.1.2.1.b   Specific approach 

This method is specified for the flash photography affected images which have high redness 

values with the widespread redeye pixels located in the pupil and iris area. In this method the 

definition of the redness is the same as the general method with a slight difference as follows. 

������� = max	(1.5, (4 × 
 − (� + �� − min	(�, �� − max	(�, ���/
�, (Eq. 19) 
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where the redness value of 1.5 is estimated experimentally by evaluating different sample 

images. 

Based upon the above definition, only the redness values which are higher than or equal to 1.5 

are considered as the preliminary redeye pixels. Thereafter, this algorithm finds the highest peak 

of the redness first derivative histogram. Moreover, it seeks for the two minimum values of the 

redness, ,��1 and ,��2. The index of the first one (,��1) is lower than the index of the highest 
peak while the index of the second one (,��2) is higher than the index of the highest peak. 
Briefly, it finds the minimum values of the redness which are located before and after the highest 

peak with respect to the x-axis of the redness first derivative histogram. Figure 36 illustrates the 

above explanations in a single view. 

These two minimum values are less than or equal to the highest peak plus a very small 

proportion of it which is named as Epsilon and has the following value. 

                                                   -"��&�� = ./0.123	415678888                         (Eq. 20) 

The definition of Epsilon is for the purpose of ignoring the small fluctuations in the redness first 

derivative histogram that may lead to finding an inaccurate threshold point. 

Based on the above explanations and the definition of Epsilon, theses two minimum values 

(,��1 and ,��2) can be defined as follows. 
           (,��1 ≤ ℎ� ℎ��!	"�#$ + -"��&��� and                   (Eq. 21) (����:	��	!ℎ�	,��1 < ����:	��	!ℎ�	ℎ� ℎ��!	"�#$� 

 

             (,��2 ≤ ℎ� ℎ��!	"�#$ + -"��&��) and                    (Eq. 22) 
 (����:	��	!ℎ�	,��2 > ����:	��	!ℎ�	ℎ� ℎ��!	"�#$� 

The indices are considered with respect to the x-axis. Figure 36 is a representation of these 

definitions. 

As another step this algorithm calculates two distances. The first one is the distance between the 

two acquired minimum values.  The other distance is the distance between the highest value of 

the redness and the value of the minimum peak which is located after the highest peak (,��2). 
These two distances are named as �1 and  �2 respectively. The following diagram illustrates the 
above explanations. 
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Figure 36. The illustration of the highest peak, min1, min2, highest redness value, d1, and d2. 

Finally, the threshold point is calculated as the middle point of the distance �2 if the following 
equation is satisfied; otherwise the threshold point is calculated based on the general approach. 

                                                                      �2 > 1.5 × �1                         (Eq. 23) 
The following figure illustrates a redeye image together with its achieved binary image and the 

calculated threshold point based on the specific approach. 

 

                                                       (a)                                         (b) 

 

   (c) 

Figure 37. (a) the original redeye image, (b) the binary image, (c) the threshold point which is 

located in the redness first derivative histogram. 
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After calculating the threshold point either by the aim of the general or specific approach, there 

are some more operations that must be performed in order to detect and correct the redeye pixels 

properly. These operations are discussed in the following section in detail.  

7.1.2.2   Step 2: Other required operations 

This section consists of all of the additional operations that are required in the first module in 

order to detect the redeye pixels properly. After finding the threshold point, three important tasks 

are required to be done for the purpose of detecting the redeye region precisely. These tasks are 

eroding, labeling and dilating the acquired binary image to remove the unwanted detected areas 

and therewith reduce the number of false positives. These operations must be taken respectively 

to separate the detected objects, remove small shapes, label the remained areas, and finally 

shrink the gaps. The dilation and erosion are done with a disk-shaped structuring element. 

During the labeling step, two largest labeled areas are selected and compared according to their 

average redness values. The one with the higher redness value is kept and the other is omitted. 

This comparison must be done when the division of the two largest areas are less than 2. The 

scalar value 2 is estimated experimentally based on the evaluated sample images. This process is 

useful for the purpose of not selecting the eyelid areas instead of the pupil region by mistake. 

The following figure demonstrates a red eye image together with its binary, eroded, labeled, and 

dilated images. 

 

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

Figure 38. (a) original red eye image [39], (b) binary image, (c) eroded image, (d) labeled image, 

(e) dilated image (redeye detected region). 

7.1.3   Redeye correction 

This section has the aim of correcting the detected redeye pixels in a visually pleasing manner 

and it consists of four steps that are discussed through sections 7.1.3.1 to 7.1.3.4. 

7.1.3.1   Step 1: Initial redeye correction 

In the first step all of the detected redeye pixels, according to the final dilated image (Figure 38 

(e)), are color corrected by modifying only the red component R of the pixels using the redeye 

correction equation that is described by Willamowski and Csurka [5] as follows. 


=1> = (1 − ?� ∗ 
ABC + ? ∗ (� + ��/2               (Eq. 24) 
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In the above equation, ? is a representation of each pixel's probability as belonging to the redeye 
region. In this thesis work, the author used the redness definition and its corresponding achieved 

values (grayscale image) as the probability values. The pixels with high redness value, the bright 

spots in the grayscale image, have the highest probability of belonging to the redeye area. As the 

above equation indicates, only the red component is modified and the two other components G, 

and B are remained unchanged. 

This method utilizes the definition of the redness from the general or specific approach based 

upon the one that is used during the process of finding the threshold point.  

During this step, the minimum and maximum values of the x-axis (j), and y-axis (i) according to 

the detected redeye region must be explored. In order to do this, four parameters named as ,��/, ,#:/, ,��D, and ,#:D are defined and initialized as follows. 
 ,��/ = maximum number of pixels in the direction of y-axis.                  (Eq. 25) 

              ,#:/ = 1.                                                                                                    (Eq. 26) 
  ,��D = maximum number of pixels in the direction of x-axis.                  (Eq. 27) 

              ,#:D = 1.                                                                                                    (Eq. 28) 
 

Thereafter, the whole binary image (Figure 38 (e)) is scanned. For any pixel with the value of 1, 

the above mentioned parameters must be checked with the pixel coordinates to update the 

minimum and maximum values in both x and y directions. By considering the pixel coordinates 

as (i, j), the following four conditions must be checked. 

 

if � < ,��/, then ,��/ = �.                                                                        (Eq. 29)      
if � > ,#:/, then ,#:/ = i.                                                                        (Eq. 30)  
if E < ,��D, then ,��D = E.                                                                        (Eq. 31) 
if E > ,#:D, then ,#:D = E.                                                                       (Eq. 32) 

 

By this way after scanning the whole image and updating the minimum and maximum values, 

based upon the coordinates of any pixel with the value of 1 in the binary image, the final 

minimum and maximum values in both x and y directions are achieved. All of the detected 

redeye pixels are located in a rectangle restricted between these minimum and maximum values 

of i and j. These values can be considered as the vertices of the rectangle. 

The following figure illustrates an original redeye image together with the generated rectangle 

area around the pupil and the final corrected image based on this step.  
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                                                         (a)                                   (b)    

 

                                                                             (c) 

Figure 39. (a) original red eye image, (b) rectangle area around the pupil, (c) corrected redeye 

pixels. 

During the procedure of this step, a two dimensional matrix, named as Map, that has the 

dimension equal to the width and height of the image is also generated and initially assigned to 

zero. If a pixel is decided to be corrected, its corresponding pixel value in the Map matrix is set 

to 1. The extracted minimum and maximum values and also the generated matrix Map are 

utilized later in the three remaining steps of the redeye correction procedure.    

7.1.3.2   Step 2: Seeking for undetected redeye pixels in a rectangle search area 

As it is obvious in the Figure 39 (c), the correction process still needs some more manipulation. 

In general, all of the redeye detection methods have some errors to find the redeye pixels. Some 

of them lead to over-detection of the redeye region while some others have a result of under-

detection of the defective pixels. The implemented red eye detection method in this thesis work 

is considered to have the under-correction error. Hence, after the first step of the color correction 

of the detected redeye pixels, the three remaining steps have the aim of enlarging the search area 

and correct the undetected but red eye affected pixels. Eventually, applying these steps on the 

first corrected image lead to an enhanced red eye correction.  
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In the step 2 of the redeye correction, the pre-generated rectangle around the redeye region is 

considered as the search area. As a rectangle-shaped object may have two different and not 

necessarily equal edges, the two edges of the rectangle, �1 and  �2, are calculated as the 
distances between the vertices of the rectangle. By considering Figure 40, these two edges are 

achievable via the following calculations. 

�1 = F(,#:/ −,��/�G + (,��D −,��D�G = ,#:/ −,��/               (Eq. 33) 
              �2 = F(,��/ −,��/�G + (,#:D −,��D�G =	,#:D −,��D               (Eq. 34) 

 

Figure 40. An illustration of the rectangle search area around the redeye region. 

Based upon these two distances, two radius, 
#��1, and 
#��2, are calculated as follows. 
                                    
#��1 = C7G     , and      
#��2 = CGG                 (Eq. 35)                            

Where 
#��1 is the radius of the enclosed circle and also the half of the minor axis of the 
enclosed ellipse. On the other hand, 
#��2 is the half of the major axis of the mentioned ellipse. 
Many of the pixels located in the area of the circle and ellipse are detected as the redeye pixels 

through the detection process while there is still some defective pixels enclosed in these areas 

that are not detected. Therefore, in this step all of the pixels "(�, E� whose distance to the center 
of the circle or ellipse (#, H�, is less than or equal to the 
#��1 are supposed to be redeye pixels. 
Similarly, all of the pixels whose distance to the center is less than or equal to 
#��2 while 
bigger than 
#��1, are also suspicious as belonging to the red eye region. The calculation of the 
distance between each pixel to the center and also the above mentioned conditions, named as 

initial conditions, are described as follows. 

                                                    ���!#��� = F(� − #�G + (E − H�G                     (Eq. 36) 
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       I��!�#&	J����!����:	 L���!#��� ≤ 
#��1,																																												�����!#��� ≤ 
#��2,			#��			���!#��� > 
#��1	 M                 (Eq. 37)              
All of the pixels that satisfy these criteria are checked by their redness values. If their 

corresponding redness values are higher than the threshold point, they are selected as pixels that 

belong to the redeye region; Hence, they are corrected as before. Moreover, as it is seen in the 

Figure 39 (c), there are some pixels whose colors are in the range of the violet color. These 

pixels are not selected by the thresholding process; hence a criteria must be defined in order to 

select them. The violet color happens when the combination of the red and blue components is 

dominant than the green component. In order to find these pixels the following violet conditions 

are defined.  

                        N��&�!	J����!����:	 O
 > 0.1	 × �,				#��			� > �,				��� > 0.1 × 
,											#��							
 > �M	                      (Eq. 38) 
All of the pixels that satisfy both initial and violet conditions (Eq. 37 and 38) are considered as 

the violet colored pixels and are corrected as before. 

Note: All of the new detected pixels in step 2 must be checked by their corresponding value 

stored in the matrix Map. The value 1 indicates that the pixel is already corrected, while The 0 

value represents that the pixel was not modified before; hence it requires a color correction. 

As in the previous step, by correcting any new pixel its related value in the matrix Map is also 

modified to 1.  

The following figure illustrates a rectangle search area on an original red eye image together 

with its corrected image. 

 

                                     (a)                                                              (b) 

Figure 41. (a) Rectangle search area around the expected red eye region, (b) corrected image. 
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7.1.3.3   Step 3: Extension of the rectangle search area 

This step is quite similar to the previous step. The only difference is that the rectangle search 

area is enlarged to some number of pixels from all of the four directions, left, right, bottom, and 

top. This means that the two distances �1 and �2 are summed by a factor named as extension 
and defined as follows.  

��,#����� = �',H��	��	�,# �	"�:�&� − �',H��	��	������!��	"�:�&�            (Eq. 39) 
�:!������ = P(��,#����� × 0.0089�/400S                                                              (Eq. 40) 

This factor is estimated experimentally based on the sample images. 

The following figure illustrates this extension from all of the four directions.  

 

Figure 42. An extended rectangle search area around the expected redeye region. 

As described in step 2, all of the detected new pixels must be color corrected as before if their 

corresponding value in the matrix Map is equal to zero. Moreover, after the color correction the 

zero value must be updated to 1.  

The following figure demonstrates the extended rectangle search area on an original red eye 

image together with its corrected image. 
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                                  (a)                                                                   (b) 

Figure 43. (a) Extended rectangle search area around the expected red eye region, (b) corrected 

image. 

Steps 2 and 3 play a significant role in the process of redeye correction as many undetected 

redeye pixels are explored and corrected through these steps. The following figure compares the 

final acquired binary image from the step one with the binary image produced by step 3. This 

comparison is a good representation of the importance of these two steps. 

 

                                        (a)                                                                     (b) 

Figure 44. A comparison between the generated binary images by (a) step 1 and (b) and step 3.  

Applying step 3 on the red eye region, the result is a visually pleasing redeye correction in most 

of the images. The following step is designed for the further checking and its achieved result 

does not have that much difference from the acquired result of step 3 in many cases. Hence, in 

order to make a tradeoff between the efficiency and the computation time, step 4 can be omitted 
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from the whole process of correcting the redeye pixels. however, it is implemented in this thesis 

work and described in the following section.  

7.1.3.4   Step 4: 8-neighborhood checking 

This step can be considered as the final step of the redeye correction which is designed for the 

further checking and it is based on the 8-neighborhood connectivity of any corrected pixel. For 

any corrected pixel, i.e. a pixel with the corresponding value of 1 in the matrix Map,  all of its 8 

neighbor pixels are checked. If a neighbor pixel is explored as an uncorrected pixel, then its 

redness value must be compared to the threshold value. The pixel with a redness value higher 

than the threshold is considered as a pixel belonging to the red eye region. By detecting any new 

redeye pixel, the color correction procedure is applied as before. Moreover, its corresponding 

value in the matrix Map is updated to 1. A counter is defined in this step in order to update the 

number of corrected and uncorrected redeye pixels. At the beginning, the counter has a value 

equal to the number of corrected pixels, i.e. the total number of pixels which their corresponding 

value in the matrix Map is 1. During the process of 8-neighborhood checking for any pixel, some 

new redeye pixels may be detected. For any new detection the number of counter increases by 

one element. On the other hand, by finishing the process of 8-neighborhood checking for any 

corrected pixel, the number of counter decreases by one element. This increment and decrement 

continues until the number of the counter becomes zero. In that case, there is no more remained 

corrected pixel without processing the 8-neighobrhood checking. The following figure is a 

representation of this process.    

        

  1 1 1 1   

 1 1 1 1 1 1  

 1 1 1 1 1 1  

 1 1 1 1 1 1  

 1 1 1 1 1 1  

  1 1 1 1   

        

 

Figure 45. The process of 8-neighborhood checking of the corrected redeye pixels. Different 

colors represent different checking. 

7.1.3.5   Gaussian filter: blurring procedure 

The whole process of the redeye correction is followed by a blurring procedure using a Gaussian 

filter with a 4 × 4 kernel size and a standard deviation of 5. This Gaussian filter is generated 
using FSPECIAL function of MATLAB. The following is the template of this function. HSIZE 

corresponds to the size of the kernel and SIGMA refers to the standard deviation (T) according to 
the following equation. 
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                                        H = FSPECIAL('gaussian',HSIZE,SIGMA);                              (Eq. 41) 

                                                         ℎ(:, U� = �:" VW(XYZ[Y�G\Y ]                                            (Eq. 42) 
The result of FSPECIAL, denoted by H, is a Gaussian low pass filter. This blurring process must 

be done in order to smooth the corrected areas and make a natural transition between the 

corrected and uncorrected regions. It must be mentioned that in the blurring process only the area 

of the detected redeye pixels, according to the final achieved binary image (Figure 44 (b)), must 

be blurred. In order to do this the following four steps must be performed. 

1. Blurring the whole redeye corrected image. 

2. Multiplying the totally blurred and corrected redeye image by the final achieved binary 

image. 

3. Multiplying the un-blurred but corrected redeye image by the inverse of the final 

achieved binary image. 

4. Adding steps 2 and 3 together in order to acquire the final image result. 

The above introduced steps are summarized as the following equation. 

   ^��#&	�,# �	���'&! =                                                                                                    (Eq. 43) 
                                          H��#�U	�,# � × !�!#&&U	H&'����	#��	������!��	����U�	�,# � +                             
                                        (1 − H��#�U	�,# �� × '� − H&'����	H'!	������!��	����U�	�,# � 
 

As the binary image has the two values of 0 and 1, utilizing Eq. 43 has a result of blurring only 

the redeye detected region of the corrected redeye image where the binary image pixels have the 

value of 1. The following figure demonstrates a redeye corrected image together with the totally 

blurred and corrected redeye image, the achieved binary image representing the detected redeye 

pixels, and the final redeye corrected but partially blurred image result. In figure 45 (d) only the 

redeye corrected pixels are blurred.   

 

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

Figure 45. Blurring process: (a) un-blurred but corrected redeye image, (b) totally blurred and 

corrected redeye image, (c) binary image representing the redeye detected region (white pixels), 

(d) final image result (partially blurred and corrected redeye pixels).   

 

The following figure illustrates another example of a redeye corrected image together with its 

partially blurred and corrected image result, utilizing a Gaussian filter with 4 × 4 kernel size and 
a standard deviation of 5. 

 

 

                                               (a) Before                                (b) After 

Figure 46. (a) Corrected redeye image without applying the Gaussian filter (un-blurred image), 

(b) corrected redeye image after applying the Gaussian filter (blurred image). In this image only 

the detected redeye region is blurred. 

Changing the standard deviation (T) value and the size of the kernel, the final blurred results are 
different. Higher values of T and larger kernels make the image smoother. The following figure 
demonstrates a comparison between two redeye corrected and blurred images; (a) utilizing the 

4×4 kernel size with T = 5, and (b) utilizing the 7×7 kernel size with T = 10. 
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                           (a) 4×4 kernel and T	= 5                            (b) 7×7 kernel and T	= 10 
Figure 47. Redeye corrected and blurred images using different kernel sizes and T values. 

The result of applying higher value of T and larger kernel is more apparent in images with the 
lower resolution and fewer number of pixels. In many cases utilizing the higher value of T and 
larger kernel make the result even worse and unnatural. Moreover, in some cases the glint may 

become dark as the result of high blurring. In order to get the visually pleasing results for the 

majority of sample images, the kernel size of 4×4 and the standard deviation (T) value of 5 is 
utilized in this thesis work. 

7.1.4   Evaluation and results 

The implemented algorithm is applied to more than 40 sample images. By considering the pre-

defined conditions and constraints, the achieved result is satisfactory. The following figure 

demonstrates some of the sample original redeye images together with their corresponding 

corrected image [37, 38, 2], [40]-[42], [39],  [43]-[55]. 
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Figure 48. Some of the original redeye sample images together with their corrected image. 

7.2   Second module: Detection of the two red eyes in an individual face 

This module has the goal of detecting two red eyes in an individual face and correct them using 

the first module. The approach used in this module has two steps. The first step is based on a 

skin color detection method presented in [15, 56, 57]. The second step utilizes the golden ratio 

(Phi) in order to divide the face and find the most probable area where the eyes are located. 

Using this technique and its combination with a skin detector is a novel approach in the area of 

eye detection that needs to be more focused for the further improvements. The current version 

requires some specific conditions and has some limitations that are discussed in section 7.2.1.  

7.2.1   Conditions 

The second module has the consideration of having a rectangle bounding box around an 

individual face which surrounds the face from the forehead to the chin and without ears. 

Moreover, this approach assumes that the input image is a frontal face with no tilting or specific 

orientation. In other cases, this algorithm may lead to a correct result but there is no guaranty for 

all of the images that do not satisfy the above conditions.  
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7.2.2  Step 1: Skin color detection 

As described before, this step has the aim of detecting the most likelihood skin regions. In order 

to do this it is required to transform the color image from the RGB color space to the YCbCr 

color space [15, 56, 57]. This transformation is due to removing the luminance (Y) from the 

chrominance. The three components of the RGB color space indicate not only the color but also 

the luminance that can vary over the human faces with some changes in the ambient light. 

Hence, it is not considered as a reliable factor for the skin detection algorithms [57]. In order to 

transform the RGB color space to the YCbCr color space the following equation is utilized. 

            _J̀HJ�1 a = _ 0.2990 0.5870 0.1140 0−0.16870.50000
−0.3313−0.41870

0.5000−0.08130
1281281 a • _
��1a               (Eq. 44) 

Although it seems that the skin color of different people differ in a wide range, experiments 

indicate that the skin color differences are much less in color than in brightness [57]. In general, 

the skin color distribution is clustered in the chromatic color space and has the form of a 

Gaussian model. Hence, by considering the above transformation any pixel is expected to have a  

chromatic pair of (Cb,Cr). Therefore, the pixel's probability of belonging to the skin region can 

be computed using the following equation [15, 56]. 

                     ?(JH, J�� = exp	(−0.5(: − ,�gJW7(: − ,��,                     (Eq. 45) 
where , is the mean vector, J is the covariance matrix, and : is the chromatic vector of any 
pixel of the input image. These factors are defined as follows. 

                                                        : = (JH, J��g                                                    (Eq. 46) 
                                                        , = -(:� = (JHhhhh, J�hhh�                                        (Eq. 47) 
                                                       JHhhhh = 7i∑ JH/i/k7                                                   (Eq. 48) 

                                                       J�hhh = 7i∑ J�/i/k7                                                    (Eq. 49) 

                                                       J = lTmnmn TmnmoTmomn Tmomop                                           (Eq. 50) 
The result of the ?(JH, J�� is a grayscale image known as skin-likelihood image whose values 
represent the probability of pixels as belonging to the skin regions. In this image the skin regions 

are indicated as brighter parts of the image [56]. The following figure illustrates a frontal face 

image together with its skin-likelihood image [41]. 
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                                                        (a)                                   (b) 

Figure 49. (a) A frontal face image, (b) The skin-likelihood image. 

As Figure 49 illustrates, the skin-likelihood part of an image is where the skin pixels are brighter 

than other parts. Hence, the eyes and mouth are indicated as black regions. In contrast, the 

inverse of the skin-likelihood image is an image with the bright areas dedicated to the location of 

the eyes and mouth. There are also some other regions that may appear bright such as hair, 

nostril, or even some parts of the face skin because of the reflection of the ambient light. These 

regions must be removed from the inverse skin-likelihood image in order to reduce the number 

of candidate eye regions. Therefore, a factor of brightness with the value of 0.99 is defined. In 

the inverse skin-likelihood image, all of the pixels which have a value higher than 0.99 is 

selected and assigned an alternative value of 1, while the rest of the pixels are set to 0. This 

process yields to a binary image with fewer candidate regions. Figure 50 demonstrates the 

inverse of the skin-likelihood image together with the generated binary image.    

 

                                                          (a)                                  (b) 

Figure 50. (a) The inverse of the skin-likelihood image, (b) the generated binary image based on 

the brightness factor. 
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This process is followed by an erosion in order to remove the small objects, a dilation to fill the 

small gaps and finally a labeling procedure. The following figure indicates these steps. 

 

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

Figure 51. (a) Initial binary image, (b) eroded binary image, (c) dilated binary image, (d) labeled 

image. 

7.2.3  Step 2: The Golden Ratio (Phi) and  face proportions 

In order to select the red eye regions between the different labeled parts of the Figure 51 (d), a 

further step must be taken. This step is based on the proportions of the human face and the 

Golden Ratio (Phi) as the head has the form of a golden rectangle [32]. Moreover this rule is also 

satisfied between different facial components. The following figure illustrates the golden ratio 

between the facial components [32]. 

 

Figure 52. Golden Ratio between different facial components.  
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Figure 52 indicates the Golden Ratio in the face utilizing different line colors and sizes. The 

following figure represents their relations in a brief view, where the blue line is a golden section 

of the white line. The yellow line is the golden section of the blue line. The green line is the 

golden section of the yellow line, and finally the magenta line is the golden section of the green 

line [32]. 

 

Figure 53. The relations between the Golden Ratios of the different facial components.  

As it was described earlier, one of the conditions of this module is to have a frontal face image 

with a rectangle bounding box from the forehead to the chin and preferably without ears. This 

condition is set for the purpose of having a golden rectangle of the face as the first step of the 

further process. 

The following figure illustrates the division of the face into some parts based on the above 

golden ratios and also the proportions of the face. 

 

                                   (a)                                                                 (b) 

Figure 54. Division of the face into some parts based on the (a) golden ratio, and (b) face 

proportions. The second image (b) is a face division made by Leonardo da Vincis [31]. 
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As described before, the face is surrounded with a golden rectangle with eyes at the midpoint 

[32]. In Figure 54 (a), the dotted line indicates the middle of the rectangle where the eyes 

probably are located. The red line is a golden section of the gray line. Similarly, the yellow and 

green lines are the golden sections of the blue line. Based on the marginal latitudinal distances, 

which are the 
7q of the face width, and the calculated yellow line and its extension with the same 

size from the middle dotted line towards the forehead, the four dashed lines are generated. The 

enclosed area of these dashed lines is the most likelihood region that the eyes, in a frontal and 

completely vertical face, are located. Hence, the search area can be reduced to this region. For 

the purpose of detecting eyes in the tilted faces or the faces which do not satisfy the golden ratio 

completely, the initial search area is extended from the four directions, left, right, bottom, and 

top. The marginal extension from the two sides of the left and right is considered as 
778 of the face 

width. The bottom and top extensions are calculated as the 
7r of the distance between the nostril 

to the mouth. These extension measurements are explored experimentally based on the sample 

images. The following figure illustrates the initial and the extended search area. 

 

                                 (a)                                                           (b) 

 Figure 55. (a) The initial search area, (b) the extended search area.  

Applying this method on the labeled image represented by figure 51 (d), the following result is 

achieved. 
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                                                    (a)                                (b) 

Figure 56. Detected region of the eyes: (a) the binary image, (b) the labeled image. 

While in the above example there are exactly two detected regions, in some cases the number of 

regions can be more than two. In general, this algorithm selects the two largest areas as the eye 

regions. In order to be able to correct the detected eye regions, a rectangle bounding box around 

each eye is required. This bounding box must be chosen in a way that it satisfies the required 

bounding box of the first module which is a rectangle with at least 40×40 pixels. These 
bounding boxes are generated with respect to the minimum and maximum values of x and y axis 

for each eye. These values are the rectangles' vertices.  

The following figure demonstrates these two generated bounding boxes.  

 

Figure 57. Rectangle bounding boxes around the eye regions. 

Once these bounding boxes are generated, two sub images named as Left and Right, from the 

enclosed areas of the original image, are produced. These images necessarily do not have the 

same size. The following figure represents the two acquired Left and Right images.  
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                                                              (a)           (b) 

Figure 58. The two generated sub images: (a) Left sub image, (b) Right sub image. 

For each of the sub images, the first module is called to apply the process of the redeye detection 

and correction. The following figure demonstrates the redeye corrected images. 

 

                                                              (a)            (b) 

Figure 59. The redeye corrected images: (a) Left sub image, (b) Right sub image. 

Correcting both of the sub images, a replacing process is needed. This procedure is responsible 

to replace all of the pixels of the Left and Right sub images, including both of the corrected and 

uncorrected pixels, to their corresponding pixels of the original image. The following figure 

illustrates the original image together with its redeye corrected image using module 2 followed 

by module 1. 

 

                                                   (a)                               (b) 

Figure 60. (a) Original redeye image, (b) redeye corrected image. 

7.2.4   Evaluation and results 

In order to evaluate the proposed eye detection method in a face, a lot of frontal faces with the 

predefined conditions are examined. The achieved results are in most of the cases visually 

pleasing redeye corrected image. An important aspect of this algorithm is acquiring the good 

results without imposing heavy computations on the utilized system. Figure 61 represents some 
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of the examples including the original redeye images together with their corrected image 

utilizing this approach [44, 45, 54, 55, 58, 59 ]. 
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Figure 61. Some of the original redeye images together with their corrected image. 
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As stated before, this algorithm requires a rectangle bounding box around the face from the 

forehead to the chin and without ears. However, it cannot guarantee to properly correct all of the 

images without satisfying this condition, there are some examples that are sufficiently corrected 

using this method. The following figure is an example of this case [46]. 

 

                                           (a)                                                 (b) 

Figure 62. (a) An original redeye image without satisfying the required bounding box around the 

face, (b) the properly corrected redeye image.        

While there are appropriate corrected redeye images, there are some problems associated with 

this algorithm. The most dominant one is that in this approach each eye is corrected separately 

without any negotiation with another eye. The result sometimes can lead to two corrected eyes 

with slightly different strength.  

This problem also may happen when there is only one redeye in the face. In that case the 

correction step considers the defective eye individually; hence the final result may not be 

visually pleasing because of the minor or major differences between the eyes' color  and/or 

strength. This problem is more apparent for the bright color eyes.  

Furthermore, The orientation of the head can make another problem and lead to a not properly 

correction or even detection of the redeye pixels. Figure 63 is an example of this case that 

represents the worst result in comparison with the completely frontal faces. The achieved result 

in this figure represents that only right eye is nearly detected and corrected, while the left eye is 

not detected at all.  

Solving these issues are considered as the future work because of the lack of time. 
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                                      (a)                                                           (b) 

figure 63. (a) Original redeye image representing a tilted head, (b) not properly detected and 

corrected image. 
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8   Conclusion and future work 

In this thesis work a completely automatic and adaptive modular approach for the purpose of 

detection and correction of the redeye pixels in the digitized frontal face photographs is 

presented. While most of the previous works in this area are more focused on the detection part, 

in this thesis work both the detection and correction of the redeye pixels are considered as 

important; hence, the proposed method is significantly dedicated to both of them. While the 

detection of two eyes in a face is explored, four different steps are utilized for the correction of 

the redeye pixels in order to reduce the problem of image degradation, under or over-correcting 

of the redeye region, and sharp transitions between the corrected and uncorrected areas. This 

work does not solely rely on the detected redeye pixels, while during the correction procedure it 

expands the search area and seeks for undetected but redeye affected pixels. Moreover, the 

algorithm examines the probability of the neighboring pixels as belonging to the redeye region, 

which decreases the problem of image degradation. Furthermore, by applying a Gaussian filter,  

a soft transition between the corrected and uncorrected pixels is acquired. While this work can be 

considered as a combination of the previous works, some novel methods and ideas are utilized to 

improve the whole process of the redeye removal. Applying four different steps for the 

correction of the redeye pixels, as it was previously explained in detail, and utilizing the Golden 

Ratio for the face segmentation are such examples. 

As the future work there are some predicted steps that must be taken in order to accomplish and 

improve the proposed approach. The following list represents some of them. 

• Investigating and implementing a third module in order to detect different faces in the 

input image. 

• An artificially insertion of the glint in the eye in the case of its absence. 

• Removing the constraint of having only a frontal face with no orientation or tilting. This 

can be done by making some improvements in the second module based on the 

calculation of the angle between the face and the vertical axis. 

• Making a negotiation between the detected redeye regions of the two eyes in a face in 

order to correct them with the same strength. 

• Correcting the detected red eye region of an eye based on the color and intensity of 

another non-red eye in the same face. This case may happen if only one red eye exists in 

the face that is the one affected by the flash photography. 

The proposed method was applied to more than 40 sample images. The achieved results, based 

on the pre-defined requirements and constraints, are satisfactory. Tables II - IV represent a 

comparison between the number of image pixels and the required operating time based on the 

proposed algorithms, utilizing the Intel® ������ i5 processor. According to these tables, the 

running time has a direct relation with the number of image pixels, as the highest calculation 

time is associated with the largest image. 
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TABLE II. 

First module: redeye correction in an individual eye. 

 

Image Pixels Running Time (sec) 

41×61 0.2170 

84×113 0.2731 

154×236 0.3734 

386×470 0.6498 

377×517 0.7362 

 

TABLE III. 

Second module: Only detection of the two red eyes in an individual face. 

 

Image Pixels Running Time (sec) 

216×145 0.9322 

191×189 0.9489 

297×197 1.0812 

419×355 1.7478 

991×655 4.8725 

 

TABLE IV. 

Second module: Both detection and correction of the two red eyes in an individual face. 

 

Image Pixels Running Time (sec) 

216×145 1.3571 

191×189 1.4078 

297×197 1.4930 

419×355 2.1818 

991×655 5.4577 
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