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Abstract. This paper presents a biometric recognition based on the iris of a 
human eye using gray-level co-occurrence matrix (GLCM). A new approach of 
GLCM, called 3D-GLCM, which is expanded from the original 2D-GLCM is 
proposed and used to extract the iris features. The experimental results show 
that the proposed approach gains an encouraging performance on the UBIRIS 
iris database. The recognition rate up to 99.65% can be achieved. 
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1   Introduction 

Biometrics [1] refers to automatic identity authentication of a person on a basis of 
one’s unique physiological or behavioral characteristics and is inherently more suit-
able for discriminating between an authorized person and an impostor than traditional 
methods. To date, many biometric features, including fingerprint, hand geometry or 
palmprint, face, and iris [2]-[10], have been studied. In recent years, the human iris 
keeps receiving growing interest due to its high uniqueness, high permanence, and 
high circumvention. 

The iris, a kind of physiological biometric feature with genetic independence, con-
tains extremely information-rich physical structure and unique texture patterns, and 
thus is highly complex enough to be used as a biometric signature [2]. Statistical 
analysis of faker and authentic scores reveals that irises have an exceptionally high 
degree-of-freedom up to 266 (much more than fingerprint, showing about 78) [2], and 
thus are the most mathematically unique feature of the human body. The highly ran-
domized appearance of the iris makes its use as a biometric well recognized. 

Compared with other biometric features such as hand and fingerprint, iris patterns 
are more stable and reliable. Each person's irises are unique, and they are stable with 
age [2]. In addition, several studies have shown that normal variations in coloring and 
structure of the tissues of an iris are so multitudinous that no two irises are ever alike - 
not even our own or identical twins [2]. As a result, the human iris promises to deliver 
a high level of uniqueness to authentication applications that other biometrics cannot 
match. Furthermore, iris recognition systems can be non-invasive to their end-users. 
In this paper, we investigate and design an automatic biometric iris recognition sys-
tem using the three-dimensional gray level co-occurrence matrix (3D-GLCM) for the 
discriminating texture features. 
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2   Related Work 

Nowadays, iris has a high potential in becoming the focus of a very new biometric 
means of authentication. In 1993, Daugman developed a successful system by using 
the 2D Gabor wavelet transform [2]. In this system, the visible texture of a person's 
iris in a real-time video image is encoded into a compact sequence of multi-scale 
quadrature 2D Gabor wavelet coefficients, which most significant bits consist of a 
256-byte “iris code.” In 1996, Wildes et al. developed a prototype system based on an 
automatic iris recognition that uses a very computationally demanding image registra-
tion technique [3]. This system exploits normalized correlation over small tiles within 
the Laplacian pyramid bands as a goodness of match measure. Boles and Boashash 
[4] proposed an iris identification in which zero-crossing of the wavelet transform at 
various resolution levels is calculated over concentric circles on the iris, and the re-
sulting 1D signals are compared with the model features using different dissimilarity 
functions. Zhu et al. [5] proposed an algorithm for global iris texture feature extrac-
tion using multi-channel Gabor filtering and wavelet transform. The mean and stan-
dard deviation of each sub-image at different resolution levels are extracted as the 
features. Subsequently, Ma et al. [6] modified the work in [5] by using a bank of cir-
cular symmetric filters to extract much more local texture information. The work in 
[7] also used wavelet multi-resolution analysis based on Gabor filtering for iris  
feature extraction. Lim et al. [8] used wavelet transform to make a feature vector 
compact and efficient. In summary, all of the previous studies are based upon the 
multi-resolution analysis technique. Recently, Monro et al. [9] proposed a DCT-based 
iris recognition that the differences of DCT coefficients of overlapped angular patches 
from normalized iris images are encoded. Thornton et al. [10] presented a Bayesian 
framework for iris pattern matching that experience in-plane nonlinear deformations. 

The original gray level co-occurrence matrix (GLCM) [11] proposed by Haralick 
et al. in 1973, one of the most known texture analysis methods, estimates image prop-
erties related to second-order statistics. It is based on counting the order of co-
occurrence of brightness value of pixels pairs at a certain distance and a direction, and 
successfully applied to some works in image processing and biometrics. The texture 
analysis based on the GLCM method was proposed to measure the texture features 
created from a natural image for classification [12], segmentation [13] and retrieval 
[14]. The GLCM technique has also applied to biometrics, such as fingerprint [15], 
face [16], signature [17] and iris [18]-[21]. The GLCM methods used in iris recogni-
tion are two-dimensional. In this paper, a novel 3D approach modified from 2D ver-
sion was designed and then applied to extract the iris features more efficiently. 

3   System Overview and Pre-processing 

3.1   System Overview 

The proposed framework consists of three modules: image pre-processing, feature 
extraction, and recognition modules, as shown in Fig. 1. First, the iris image pre-
processing (IIP) module employs some image processing algorithms to demarcate the 
region of interest (i.e., iris zone) from the input image containing an eye. It performs 
three major tasks including iris localization, iris segmentation and coordinate  
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transformation, and enhancement for the input iris image. Next, the feature extraction 
(IFE) module produces a newly designed three-dimensional gray level co-occurrence 
matrix (3D-GLCM), gathers static properties features, and applies appropriate coding 
methods on these features to generate the iris feature code. Finally, the minimum 
distance classifier according to Euclidean distance metric is employed in the iris pat-
tern recognition (IPR) module. 

 

Fig. 1. Structure diagram of the proposed iris recognition system 

3.2   Pre-processing Module 

Input image does contain not only useful information from iris zone but also useless 
data derived from the surrounding eye region. Before extracting the features of an iris, 
the input image must be pre-processed to localize, segment and enhance the region of 
interest (i.e., iris zone). The system normalizes the iris region to overcome the prob-
lem of a change in camera-to-eye distance and pupil’s size variation derived from 
illumination. Furthermore, the brightness is not uniformly distributed due to non-
uniform illumination; the system must be capable of removing the effect and further 
enhancing the iris image for the following feature extraction. Hence, the image pre-
processing module is composed of three units: iris localization, iris segmentation and 
coordinate transform, and enhancement units, as shown in Fig. 2. 

 

Fig. 2. Pre-processing module 
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A. Iris Localization Unit 
In this unit, we must first determine the useful part (i.e., iris) from an input image. 
The iris is an annular region between the pupil and the sclera. The inner and outer 
boundaries of an iris can be treated as non-concentric circles approximately. In order 
to make the iris localization efficient, the system performs an operation of enhancing 
principal edges and blurring useless edges on the copied and down-sample image 
instead of the original one. Following that, the system estimates the center coordinates 
of the iris first. Since the iris typically is darker than the Sclera and its gray level dis-
tribution has a small variance, the system uses Extended-Minima (EM) morphology 
operator [23]. EM transform is the regional minima of the H-minima transform. H-
Minima transform suppresses all minima in the intensity image which depth is less 
than a scalar. Regional minima are connected with components of pixels with the 
same intensity value which external boundary pixels all have a greater value than a 
scalar. We use 8-connected neighborhoods in this process. By choosing an appropri-
ate scalar in EM transform, a perfect edge of outer boundary is gotten. The value of 
threshold is decided according to the histogram. 

Because of inside of iris of pupil, we use a radius 1.2 times as large as outer circle 
radius to set a ROI area. We regard it as the pupil and search the range (see Fig. 4(a)). 
Since the pupil typically is darker than the iris and its gray level distribution has a 
small variance, the system uses a 30×30 mean filter (see Fig. 4(d)) to find the location 
which has the minimum mean value in the image. This location is considered as an 
internal point of the iris region, namely the fitting point. Then the system can deter-
mine a certain region starting from the fitting point using the iris localization proce-
dure. Since there are obvious intensity differences around each boundary, a proper 
edge detection method can be applied to find the edge points in this region, and 
evaluate the exact circle parameters (including the inner and outer boundaries of iris) 
for all possible point triplets of the edge points. 

 

 

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

Fig. 3. (a) Original image, (b) image histogram, (c) EM transform, (d) exact outer edge, (e) iris 
edge and (f) outer localized image 

      

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

Fig. 4. (a) Set ROI. (b) ROI image. (c) Remove the luminous point. (d) 30×30 mean filter. (e) 
Exact inner edge. (f) Iris localized image. 
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According to Euclidean geometry, by calculating two perpendicular bisectors of 
any edge point triplet, the system can easily obtain the crossover point of two perpen-
dicular bisectors. We select the center point as the most frequently crossed point. 
After finding the central points of two circles, we determine the inner radius and the 
outer radius of the iris by computing the distances between the central points and the 
inner edge points, and outer edge points, respectively. Eventually, an iris zone can be 
located by these parameters, as shown in Fig. 4(f). 

B. Iris Segmentation and Coordinate Transform Unit 
The localized iris zone demarcated from the human eye is transformed from rectangu-
lar into polar coordinate systems so as to facilitate the following feature extraction 
module. When acquiring the human eye image, the iris zone images may be in differ-
ent sizes (outer and inner boundaries of iris) due to the variations of camera-to-eye 
distance and/or environmental illumination. The variations will change the patterns of 
iris texture to some extent. To solve this problem, it is necessary to compensate for 
the iris deformation. Daugman's system uses radial scaling to compensate for overall 
size as well as a simple model of pupil variation based on linear stretching [2]. This 
scaling serves to map Cartesian image coordinates to dimensionless polar image co-
ordinates. In addition, eyelids and eyelashes generally obscure the upper limbus of the 
iris, so the procedure needs to cut out the obscured area. The system generates a rec-
tangular iris image of a fixed size by linear interpolation. The size of iris image is 
512×128. 

4   The Proposed Method 

4.1   Two-Dimensional Gray Level Co-occurrence Matrix (2D-GLCM) 

Co-occurrence matrix, proposed by Haralick et al. in 1973 [11], is based on counting 
the order of co-occurrence of brightness value of pixels pairs at certain distance and 
direction, which can be described in the following equation: 
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where θ and d are the direction and distance between two pixels in images, N is the 
number of elements in the set, and I is an image with the dimension M1×M2 and the 
range of brightness value N of the processing space. The direction θ is quantized to 
four directions: horizontal, diagonal, vertical, and anti-diagonal (corresponding to 0°, 
45°, 90° and 135°, respectively). Traditionally, Haralick's feature vectors [11] are 
computed from the co-occurrence matrices. Specifically, the features of CON, HOM, 
ASM, H, and COR were usually used for texture analysis. 

4.2   Three-Dimensional Gray Level Co-occurrence Matrix (3D-GLCM) 

A. 3D-GLCM Generation 
The edge structures in iris images are often the most important features for pattern 
recognition and clear at a variety of scales. To capture the spatial details of an image, 
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it is advantageous to make use of co-occurrence matrix. Since the 2D-GLCM is un-
able to fully represent the texture features of the space domain images, we propose a 
new approach of GLCM, called 3D-GLCM, which is expanded from the original 2D-
GLCM and thus can strengthen and demonstrate the texture features of the space 
domain images. It can be described in the following equation:  
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Fig. 5(a) shows the spatial pixel relation where R is the referenced pixel, N1 is the 1st 
neighbour, and N2 is the 2nd. The structure of 3D-GLCM is shown in Fig. 5(b). 

      

(a)                                                (b) 

Fig. 5. (a) Spatial pixel relation. (b) Structure of 3D-GLCM. 

B. Feature Extraction using 3D-GLCM Feature Indexes 
By modifying the original 2D-GLCM feature indexes, we design the corresponding 
new 3D-GLCM feature indexes. These new mathematical operators are listed below. 
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C. Feature Extraction via Projection 
Since we cannot obtain good recognition results by using the 3D-GLCM feature in-
dexes to compute the features of texture, we introduced the projection method in 
which the 3D co-occurrence matrix is projected to three 2D planes for computing the 
feature vectors. The proposed 3D-GLCM projection method consists of several steps, 
as shown in Fig. 6. First, we segment the iris image into n blocks and compute  
3D-GLCM for each of the image blocks. Next, we project the 3D-GLCM into three 
2D planes and compute the feature vectors from each of these 2D planes using the 2D 
feature indexes. 

4 features

Block iris image

3D-GLCM3D-GLCM 3D-GLCM 3D-GLCM

Projection Compute
feature vectors Mean

 

Fig. 6. Feature extraction 

4.3   Pattern Recognition Module 

In this module, the feature code vector extracted from the claimant iris image is com-
pared against those of the enrolled feature code vectors in our iris database. Here for 
simplicity, we adopt the mean vector as the prototype of each pattern class in the 
enrollment phase and utilize the minimum distance classifier to check the approach in 
the recognition phase. When the feature code vector is compared, we calculate the 
normalized Euclidean distance D of feature vectors g

1
 and g

2
, which is defined as 
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where m denotes the position of restructured signal and rad correction of the rotation 
effect of the input image. Both minimum distance classifiers are normalized to [0, 1]. 

5   Experimental Results 

To evaluate the performance of the proposed human iris recognition system, we 
implemented and tested the proposed schemes on the UBIRIS iris image database 
[22]. The database comprises 1,205 iris images captured from 241 different eyes 
(hence, 241 classes). 

5.1   Results of Image Pre-processing 

We check the accuracy of the boundaries (including pupil, iris, and lower eyelid) 
subjectively and the proposed system obtains the success rate of 87.22% (1,051  
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images) from 1,205 images in the experiments for the pre-processing module. It is 
worth noting that the two main causes of failure come from occlusion by eyelids and 
non-uniform illumination. Among those 1,051 images obtained successfully from the 
image pre-processing module, we select 975 images (195 classes) out of them for 
testing (enrollment and recognition). We train the system by selecting 3 images as the 
training images set for each person from the authorized users in the enrollment phase. 
Hence, there are 390 images for testing. 

5.2   Results of the 2D-GLCM Method 

In this experiment, we test the recognition performance for the 2D-GLCM. To obtain a 
threshold for separating FRR and FAR, we perform two tests: one is for false rejection 
test and the other is for false acceptance rate test. For the case of FRR, we can obtain 
the distribution of non-matching distance between the unknown classes and the regis-
tered classes. For the case of FAR, we also obtain the distribution of non-matching 
between the unknown classes for impostors and the registered classes. Fig. 7(a) shows 
the distributions of the above two experiments. In this figure, the x-axis and y-axis 
indicate the degree of distance and the number of data, respectively. Fig. 7(b) shows 
the plot of the variation of FRR and FAR according to the distribution of non-matching 
distance by selecting a proper distance threshold. When we set the threshold to be 
0.1117, the system obtains the recognition performance of about EER=1.55%. And 
when the FAR is set to be 0%, the system can obtain FRR=21.79% at a threshold of 
0.04. As a result of the bad performance of FAR, we adopt our proposed approaches to 
improve further. 

       

(a)                                                       (b) 

Fig. 7. The results of the 2D-GLCM method 

5.3   Results of the 3D-GLCM Method 

In this experiment, we test the performance for the 3D-GLCM method. The distribu-
tion of non-matching distance for FRR and FAR experiments is shown in Fig. 8(a). 
Fig. 8(b) shows the plot of the variation of FRR and FAR in the DM method by se-
lecting a proper distance threshold. By selecting the threshold of 0.1217, the system 
obtains the system performance of EER=1.13%. Similarly, if the FAR is set to be 0%, 
the system can obtain FRR=8.72% at a threshold of 0.061. In particular, if we use a 
code vector of 192 bytes instead of 64 bytes, the recognition performance of the pro-
posed system will be reduced to 0.35% only. The experimental results show that the 
proposed system performs well. 
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  (a)                                                     (b) 

Fig. 8. The results of the 3D-GLCM method 

Finally, we make a summary of the experimental results in Table 1. We may ob-
serve that 3D-GLCM methods have more superior performance than the 2D-GLCM 
method in the results. On the other hand, the 3D-GLCM method can perform superi-
orly in the case of FAR=0%. Consequently, the 3D-GLCM method provides a securer 
system than the 2D-GLCM methods. 

Table 1. Identification accuracy of the GDC, DM, and CFDM methods 

Mode IFE Module Size of Features RA (%) AA (%) AF (%) RF (%) 

 Projection 256 bytes 0.51 99.49 0.51 99.49 

 Projection 192 bytes 0.35 99.65 0.35 99.65 

 Projection 128 bytes 0.59 99.41 0.59 99.41 

EER Projection 64 bytes 1.13 98.87 1.13 98.87 

 3D-GLCM 64 bytes 5.17 94.83 5.17 94.83 

 2D-GLCM 128 bytes 1.28 98.72 1.28 98.72 

 2D-GLCM 64 bytes 1.55 98.45 1.55 98.45 

 Projection 256 bytes 5.38 94.62 0 100 

 Projection 192 bytes 5.64 94.36 0 100 

 Projection 128 bytes 8.97 91.03 0 100 

FAR = 0% Projection 64 bytes 8.72 91.28 0 100 

 3D-GLCM 64 bytes 90.77 9.23 0 100 

 2D-GLCM 128 bytes 16.15 83.85 0 100 

 2D-GLCM 64 bytes 21.79 78.21 0 100 

6   Conclusion 

In this paper, a personal identification with iris recognition using three-dimensional 
gray level co-occurrence matrix has been proposed. We use two different methods, 
including 2D-GLCM and 3D-GLCM, in the feature extraction. The 3D-GLCM 
method can obtain a good recognition rate. The experimental result shows that the 
proposed iris recognition is suitable for the environment at high security level. 
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