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Abstract 
 

The UBIRIS.v2 dataset is a set of noisy colour iris images designed to simulate visible 

wavelength iris acquisition at-a-distance and on-the-move. This paper presents an 

examination of some of the characteristics that can impact the performance of iris 

recognition in the UBIRIS.v2 dataset. This dataset consists of iris images in the visible 

wavelength and was designed to be noisy. The quality and characteristics of these images are 

surveyed by examining seven different channels of information extracted from them: red, 

green, blue, intensity, value, lightness, and luminance. We present new quality metrics to 

assess the image characteristics with regard to focus, entropy, reflections, pupil constriction 

and pupillary boundary contrast. The results clearly suggest the existence of different 

characteristics for these channels and could be exploited for use in the design and evaluation 

of iris recognition systems. 
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1. Introduction 
 

The majority of iris recognition (IR) systems have used near-infrared illumination (NIR, 

700-900nm) [1] to sense the stroma of the iris rather than visible wavelength light. NIR has 

the advantage of not stimulating the melanin found within the stroma and thus reveals a 

clearer image of its structure. It also has other advantages including the following: It is 

undetectable to the human eye [2], has low scleral reflectance [1] and fewer corneal 

reflections [3] and is much less susceptible to ambient reflections in general. An example of 

this is shown in Figure 1. 

 

 
Figure 1. A Near-infrared iris image, CASIA [4] dataset 
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It also has some significant disadvantages, the most pertinent of which being the need for 

specialized cameras with NIR illumination. If IR is to become seamlessly ubiquitous and 

integrated into the daily lives of the general public, it must take advantage of technologies 

already in place. In particular, mobile phones containing cameras with up to 12 megapixel 

sensors [6] are currently available. The potential for these devices to be used as mobile 

personal IR systems is staggering and so the implications of using visible wavelength images 

for IR and their potential impact on image quality needs to be examined. 

To the casual observer the most striking differences between NIR and visible wavelength 

images is the iris colour. This is commonly represented as a blend of red, green and blue 

channels in the RGB colour space for example [5]. Other representations such as CMYK 

(Cyan, Magenta, Yellow, and Key) also exist. In this paper however, we have chosen to 

examine RGB. In this colour space each channel is a grayscale image representing the 

intensity values of that band of wavelengths, e.g., red is the band from approximately 630 to 

700 nm, green from 490 to 560 nm, and blue from 450 to 590 nm [6]. Figure 2, (a) through 

(c) show examples of these from the same image taken from the UBIRIS.v2 [7] dataset. 

Colour images are often converted to black and white images with a single value representing 

the overall intensity of each pixel. These grayscale channels can be calculated in a number of 

different ways and so we decided to include in our study a selection of these as can be seen in 

Figure 2, (d) through (g).  

 

 
Figure 2. Grayscale representations of an image from the UBIRIS.v2 [7] 

dataset in different channels: (a) Red, (b) Green, (c) Blue, (d) Intensity, (e) 
Value, (f) Lightness, and (g) Luminance. 

Iris colour is determined by the amount, and type, of melanin synthesised in the stroma [8]. 

Irides with low levels of melanin appear blue because the stroma itself reflects short 

wavelength blue light. The dominant form of melanin in the human iris is Eumelanin which 

has a brown to black hue. Pheomelanin, which is less common, has a yellow to red hue. Irides 

with no pigmentation appear red due to the colour of the underlying blood vessels. Brown is 

the dominant eye colour in humans worldwide [9]. However, in Iceland over 80% of the 

population have either blue or green irides [9,10]. 

Eumelanin is most fluorescent under visible wavelength light and this means more noise is 

included from specular reflections and shadows but it also allows a more detailed 

representation to be acquired [1]. In addition to this, under mobile, iris-on-the-move, 

conditions where the user is not expected to be an expert and the acquisition device may be a 

smart phone or other hand-held device, other forms of noise and distortion such as motion 

blur, occlusion by eyelids and eyelashes, and defocus will have impact. In these conditions, 

quality assessment of the acquired image will have a significant role to play in both 

optimizing the system to take best advantage of the acquired image and in providing feedback 

to the user on the acquisition process. UBIRIS.v2 [7] was designed, with this kind of scenario 
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in mind, to be a noisy dataset. An example of a particularly poor quality images can be seen 

in Figure 3. 

 

 
Figure 3. Poor quality visible wavelength imagse from the UBIRIS.v2 [7] 

dataset. Both have diffuse-source reflections obscuring part of the iris. There 
is almost no difference in contrast between the pupil and iris at the pupillary 
boundary of (a) and (b) shows high intensity regions on the skin which could 

misleadingly be detected as PSRs. 

In this article we continue the work of surveying the quality traits of the UBIRIS.v2 

dataset, which we began with a previous publication on point-source reflections [11]. In 

Section 2 we will discuss the channels of information extracted from the captured images and 

the quality metrics proposed and examined in this paper in more detail. This is followed by a 

description of the implementation of the study in Section 3. The results are represented in 

Section 4 and finally some conclusions and suggestions for further work are discussed in 

Section 5 

 

2. Channels and Quality Metrics 
 

What follows is a description of the methods used to extract the various channels from the 

images and the metrics used to evaluate the quality of those images. Where possible we 

applied these metrics globally, to the entire image, and locally, to the iris/pupil region only. 

With the exception of entropy, all metrics are in the range [   ] with 0 being worst and 1 

being best case. 

 

2.1. Intensity channels 
 

In addition to the red, R, green, G, and blue, B, channels extracted from the captured 

images, we examined four ways of encoding grayscale intensity channels: intensity (1)[5], 

value (2)[12], lightness (3)[13], and luminance (4)[14]. 

 

  (     )  ⁄  (1) 

     (     ) (2) 

  (   (     )     (     ))  ⁄  (3) 

                                 (4) 

 

2.2. Focus 
 

We used the method described by Daugman [15] to assess focus. It takes advantage of the 

fact that defocused images tend to have lower frequency content. Daugman describes an 
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    convolution kernel, shown in Figure 4, which acts as a band pass filter and can be used 

to assess focus.  

Essentially this kernel is convolved with the image which is then squared and accumulated 

in   before it is passed through (5), where   is the   value of the image chosen to exemplify 

half focus, to produce a normalized focus score  ( ) in the range [0,100]. For our purposes 

we prefer to keep the focus score (FS) in the range [0,1] and so use (6) instead. 
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Figure 4. Daugman’s     focus assessment kernel 

Kang and Park [16,17] and Wei et al. [18] proposed using other kernels for increased 

speed and sensitivity, however, we look here only at the kernel proposed by Daugman. 

 

2.3. Point-source reflections 
 

Specular reflections come in two forms: diffuse-source reflections, caused by scattered 

ambient light, and point-source reflections (PSRs), usually caused by highly localized sources 

such as desk lamps or overhead lighting [11]. With diffuse-source reflections the underlying 

image remains partially visible and the affected area can be quite large. PSRs are usually 

smaller high-intensity regions with semi-transparent borders. Figure 5 includes examples of 

both forms of specular reflection. 

 

 
Figure 5. This image from UBIRIS. v2 [7] shows three point-source 

reflections (a) and a diffuse-source reflection (b). 

Most detection methods use intensity thresholding to take advantage of the PSR's high 

intensity characteristic. Tan et al. [19] considered the brightest 5% of pixels in the image to be 
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PSRs. For Almeida [20] any pixel with an intensity value above 250 was designated as a PSR. 

Sankowski et al. [21] based their threshold      on equation (7). 

 

            (         ) (7) 

 

where   (   ),      is the average intensity of the image pixels and      is the average 

of the brightest 4% of image pixels. They then used dilation, to incorporate the semi-

transparent border, and connect neighbouring regions using closure. 

We can create a normalized metric from these using (8). 

 

     
    

     
⁄  (8) 

 

where      is our PSR measure,     is the total area in pixels of the PSRs and      is the 

area in pixels of the iris including the pupil. 

Global estimation of PSRs was found to be misleading as can be seen from Figure 3b. 

  

2.4. Entropy 

 

Shannon and Weaver [22] introduced (9), the equation of 1
st
 order entropy of a signal, as a 

measure of uncertainty in a signal. It can be thought of as how much information is conveyed 

by a signal. 

 

 ( )   ∑ (  )     (  )

 

   

 (9) 

 

where   is a grayscale image,  (  ) is the probability that a pixel in   will have the value 

  .  
We looked at both the global (where   was the entire image) and local (where   covered 

the iris region only) entropy of the image. 

 

2.5. Iris and Pupil Dimensions 
 

Iris and pupil dimensions can impact segmentation and IR performance. Proenca and 

Alexander [23] found that reducing iris area to 30% of the size of the unwrapped image 

significantly impacts error rates. Daugman [15] found that irides of 70 pixels radius minimum 

should be used for IR in NIR. 

We therefore propose (10) as a measure for iris diameter quality. 

 

   
  

    
 (10) 

 

where    is the diameter of the iris and       or effectively double the minimum radius 

suggested by Daugman.     has the range [0,1) with anything greater than 0.5 having more 

than the minimum suggested diameter. 

Wyatt [24] states that the human iris has an approximate diameter of 12 mm and that pupil 

diameter can vary from 1.5 – 7.5 mm or 12 – 60% of iris diameter. This is usually 
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compensated for using Daugman‟s rubber sheet model [25] in which the Cartesian 

coordinates of the iris are converted to a form of dimensionless polar coordinate system. 

However Ma et al. [26] found that 10.7% of false non-matches in their experiments 

involved images with excessive pupil dilation. For Hollingsworth et al. [27-29] performance 

was degraded when there was a disparity between pupil dilations but also between images of 

similar dilation as the dilation increased. Thornton et al. [30] used (11) to measure pupil 

dilation and show that dilation is not perfectly linear along the radial direction and so dilation 

can cause pattern deformation. 

 

       
  
  

 (11) 

 

where    is the pupil radius and    is the iris radius. 

Lili and Mei [31] use a similar method to assess pupil dilation (12) or more precisely pupil 

constriction C. The smaller C is the more dilated the iris. 

 

    
  

  
 (12) 

 

where    is the pupil radius and    is the iris radius. This is the measure we used for our 

quality assessment. 

 

2.6. Pupillary Boundary Contrast 
 

In unconstrained systems illumination may vary wildly and in visible wavelength systems 

subjects with dark irides have very low contrast at the pupil boundary [32]. This is well 

illustrated in Figure 3 and Error! Reference source not found.. Mottalli et al. [33] measured 

contrast across the pupillary boundary and used this as an indication of image focus.  

We propose using pupillary boundary contrast as a measure of how easily the pupil can be 

segmented from the rest of the image. Given the boundary in polar form (13) we use the 

metric    given in (14) and illustrated in Figure 6. 

 

 (   )   (                   ) (13) 

 

   (
 

 
∑(     )

 

)    ⁄  
(14) 

 

where I is the grayscale image, (     ) are the centre coordinates of the pupil,   is the 

radius of the pupil,   is the number of samples of  ,     (     ) and      (     ). 
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Figure 6. In this image (a) is the pupillary boundary, (b) and (c) are circles    

pixel radius from (a). Pupil Boundary Contrast is the average difference 
between opposing pairs (d) of pixels in (b) and (c) divided by the maximum 

value possible. 

3. Implementation 
 

Initial attempts to segment the dataset were made using the method developed by Masek 

and Kovesi [34]. However, this failed to segment the majority of the images correctly. In 

particular, it had trouble identifying the pupil in images where the pupillary boundary contrast 

was low. 

For this reason we decided to create a ground truth by segmenting the images manually. In 

images where the boundary of the iris or pupil could not be discerned completely the 

boundary in question was assumed to be circular and segmented based on whatever boundary 

information was available. In some extreme cases neither the pupil nor irises were 

distinguishable. These were designated as Out-of-Iris images. 

In total 11,104 images were segmented and the ground truth data we produced is available 

on request for academic use. 

 

4. Results 
 

4.1. Global Focus Scores 
 

We first looked at global focus scores    in each of the seven channels. The results are 

shown in Figure 7 as histograms of the focus scores for each channel. It can be seen that for 

the red, blue, green, value and luminance channels the    trends were quite similar.  
 

 
Figure 7. Global Focus Histograms (X-axis: global focus score; Y-axis: 

number of images) 
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However, lightness and particularly intensity channels seem to have degraded    scores. 

This is most likely caused by the averaging effect of conversion to these channels. This can 

be seen clearly in Figure 8. 

 

 
Figure 8. The channels shown here are Red (a), Value (b) and Intensity (c). 

The averaging effect of conversion from RGB to value or intensity can be seen 
clearly.  

 

4.2. Local point-source Reflection 
 

As previously stated, we found global PSR measurements to be deceptive due to 

significant amounts of reflection from the sclera and skin as shown in Error! Reference 

source not found.. So we concentrate here on local PSR scores. As can be seen from Figure 

9, the red, green and blue channels have similar scores. Value seems to fare best with almost 

all of its images scoring           . Lightness and luminance also have most images with 

          , while the intensity channel seems to suffer the most with scores going below 

        . 

 
Figure 9. Local Point-source Reflection Histograms (X-axis: local PSR score; 

Y-axis: number of images) 

 

4.3. Entropy 
 

With global entropy, Figure 10, again the red, blue, green, value and luminance channels 

all seem to behave similarly with red, value and luminance having slightly higher entropy 

scores. Intensity and lightness both have more spread out scores with almost all of intensity‟s 

scores lower than the main group of channels. 
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Figure 10. Global Entropy Histograms (X-axis: number of entropy bits; Y-

axis: number of images) 

Local entropy scores are slightly lower than their global counterparts. Intensity and 

lightness again buck the trend by having lower and less spread out scores, although still lower 

than the other channels.  

 

 
Figure 11. Local Entropy Histograms (X-axis: number of entropy bits; Y-axis: 

number of images) 

 

4.4. Iris and Pupil Dimensions 
 

We first looked at the distributions of pupil and iris diameters. Figure 12 shows the actual 

diameters in pixels while Figure 13 shows the normalized iris diameter,   , and the pupil 

constriction, C.  
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Figure 12. Pupil Diameter Histogram and Iris Diameter Histogram  (X-axis: 

diameter in pixels; Y-axis: number of images) 

The majority of pupils were less than 50 pixels in diameter and those indicated as zero in 

Figure 12 were from either Out-of-Iris images or images in which the pupillary boundary 

contrast was so low that it was impossible to segment. 

The iris diameters were mostly below the suggested value       as can be seen from 

both Figure 12 and Figure 13. In both cases, images with scores of zero were Out-of-Iris 

images. Most images had constriction values above 0.6. Those images in which C=1 are 

either Out-of-Iris images or images in which the pupillary boundary contrast extremely low.  

 

 
Figure 13. Normalized Iris Diameters and Constriction Ratio Histograms (X-

axis: metric score; Y-axis: number of images) 

Although the constriction scores are reasonable the diameter scores suggest that for the 

vast majority of images there may not be not enough iris content for accurate recognition. 
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4.5. Pupillary Boundary Contrast 
 

As expected the pupillary boundary contrast scores were all consistently low with few 

images achieving scores higher than 0.1. The red and value channels seem to have done 

slightly better than the other channels with more images with        . The blue channel 

had the worst scores with 71% of images scoring        . 
 

 
Figure 14. Pupillary Boundary Contrast Histograms (X-axis: pupillary 

boundary contrast score; Y-axis: number of images) 

 

5. Conclusions 
 

The UBIRIS.v2 dataset is challenging for IR for many reasons. In this paper we examined 

a selection of possible factors which may impact IR performance. We introduce new metrics 

for evaluating the iris area affected by point-source reflections, iris diameter and pupillary 

boundary contrast. We also examined focus, entropy and constriction using measures found in 

the literature. These metrics were evaluated using seven different channels (red, blue, green, 

intensity, value, lightness and luminance). 

From our preliminary investigations no linear law was found between these metrics‟ scores 

and segmentation or recognition evaluation. However they suggest that further work on the 

fusion of these metrics to produce a scalar value for the assessment of image quality for IR 

and the impact of these covariates on the main methods used for the extraction of features for 

IR could lead to increased accuracy and usability of IR, particularly with on-the-move and at-

a-distance systems. 
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