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ABSTRACT 

Fingerprint detection is one of the primary methods for 

identifying individuals. Gray Level Co-occurrence Matrix 

(GLCM) is the oldest and prominent statistical textual feature 

extraction method applied in many fields for texture analysis. 

GLCM holds the distribution of co-occurring intensity 

patterns at a given offset over a given image. However, 

images occupy excessive space in storage by its original sizes. 

Thus, Discrete Wavelet Transform (DWT) based compression 

has become popular especially for reducing the size of the 

fingerprint images. It is important to investigate whether 

GLCM-based classification can be utilized efficiently on 

DWT-compressed fingerprint images. In this paper, we 

analyze the performance of GLCM-based classification on 

DWT-compressed fingerprint images. We performed 

satisfying simulations for different levels of DWT-

compressed images. Simulation results identify that 

classification performance sharply decreases by the increase 

of DWT-compression level. Besides, instead of utilizing all 

Haralick features, it is recognized that eight of them are the 

most prominent ones that affect the accuracy performance of 

the classification.   
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1. INTRODUCTION 
Biometrics refers to the human specific behavioral and 

physiological characteristics belonging to a person which are 

distinctive of the other individuals and used for the personal 

identification [1-2]. A biometric system includes many 

distinctive personal biological characteristics such as iris, 

fingerprint, voice, signature or face recognition that are 

utilized for personal identification. Since biological features 

are unique and thus more reliable than traditional methods 

during individual identification, such systems are more useful 

and suitable than conventional procedures. 

Biometrics refers to the human specific behavioral and 

physiological characteristics belonging to a person which are 

distinctive of the other individuals and used for the personal 

identification [1-2]. A biometric system includes many 

distinctive personal biological characteristics such as iris, 

fingerprint, voice, signature or face recognition that are 

utilized for personal identification. Since biological features 

are unique and thus more reliable than traditional methods 

during individual identification, such systems are more useful 

and suitable than conventional procedures.  

Biometric systems are now commonly used in different parts 

of everyday life such as building access and computer login. 

Fingerprint detection is one of the most prevalent methods for 

personal identification within all biometric systems [3]. 

Throughout the world, fingerprint recognition is accepted by a 

large part of the population because of its fast, secure, and 

easy way of personal identification. 

Fingerprints are the inherent parts of humans and unique for 

each individual. Even twins have different fingerprints. Using 

the patterns found on the finger tips, fingerprint biometric 

data is captured. As with every technology, using fingerprint 

for biometrics has its own advantages and disadvantages. Age 

of the user, dryness and wetness of the finger, temporary or 

permanent cuts on the finger, or dirt on the fingerprint scanner 

all cause the fingerprints to have weak patterns of ridge and 

valleys that can degrade the performance of a fingerprint 

biometric system. The mentioned issues lead to poor 

recognition rates in fingerprint identification system and users 

would have trouble with the system’s authentication process. 

Furthermore, as discussed before there can be artificial 

fingers, which threaten system’s security. For creating 

artificial fingers, a copy of the real fingerprint is required 

which can be obtained when the victim is touching objects 

like glasses and can be replicated in gelatin. For making the 

systems secure against artificial fingers, liveliness detection 

can be used. Liveliness detection searches for certain 

attributes, which can only be found on the live fingers such as 

the pulse in the fingertip. However, individuals have different 

heart rate, which can be different from time to time. Besides, 

users need to keep their fingers on the sensor without moving 

for few seconds to detect the fingertip pulse. However, there 

are artificial fingers called wafer thin artificial fingers that can 

fool such a system by producing pulse.  

Typically, fingerprints consist of ridge and valley patterns on 

the tips of human fingers. Thanks to their uniqueness and 

continuity, the use of fingerprints is considered as one of the 

most reliable methods of personal verification. Due to the 

reasons such as maintaining the public order as is proper, law 

enforcement requirements and increasing interest of civilian 

application developers, automated fingerprint verification 

systems have become globally prevalent and been extensively 

examined by the researchers and communities [4]. As a result, 

fingerprint recognition is today being increasingly used in 

diverse number of applications such as access control or 

online identification [5]. Structure-based classification of 

fingerprint images grooves local images [6, 8] to classify. In 

the fifth class to separate classification accuracy report rate 

(with 18% rejection) is 90% and the source [7] to classify the 

four classes is 91.5%. A change in the classification of 

syntactic grammar fingerprint and hence their classification 

[9, 11] are used. Good accuracy report [10] was in the 

classification of five classes (with 20% rejection) of 95.6%. 

In this paper, we perform a comprehensive performance 

analysis of GLCM-based classification over DWT 

compressed images. During DWT, Daubechies wavelets are 

applied. First-level of wavelet transformation is utilized and 
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subsequently the GLCMs are generated from the resulting 

DWT images. We use 8 global features for feature extraction. 

Seven diverse images of each individual are used for training 

process. 

The organization of the paper is as follows. Section II 

introduces some preliminary information about GLCM-based 

feature extraction as well as the methodology and 

calculations. Section III presents the results and discussions 

among them. Finally, Section IV concludes the article.  

2. PRELIMINARIES AND 

METHODOLOGY 
In this section, fundamental knowledge about the methods 

applied in the study is introduced. As previously mentioned, 

we analyze the classification performance of GLCM-based 

classification over DWT compressed images. Transformation 

is performed using Daubechies wavelets. One-level of 

wavelet transformation is utilized and subsequently the gray-

level co-occurrence matrix (GLCM) is generated from the 

resulting DWT images. Eight Haralick features are extracted 

from the GLCMs and used for feature extraction. Seven 

images of each individual are used for training process. 

2.1 Discrete Wavelet Transform 

In mathematics, a wavelet  


 is a square integral function of 

the Hilbert space )(2 RL  , usually oscillating and zero mean, 

chosen as an analytical tool and reconstruction multi- ladder.  

Wavelets are usually found in families consisting of a mother 

wavelet and all of this images by the elements of a subgroup 

   group of affine transformations of 
nR . This defines a 

wavelet family )),(( *

, RRss     from the 

mother wavelet: 

 

                                                                                              (1) 

By extension, the families of functions on sub manifolds of 
nR  invariant under a group of locally isomorphic to the 

group affine transformation can also be described as wavelet 

families. The Daubechies wavelet transformation is shown in 

Figure 1. In this figure the red curve shows the wavelet 

coefficient and the blue color shows the scaling function. This 

curve is used for 4-tap Daubechies wavelet which is used for 

implementation in this paper.
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Fig 1: Example of Daubechies wavelet transform. 

2.2 Gray-Level Co-occurrence matrix 
GLCM, which is introduced firstly by Haralick [12], is one of 

the oldest and prominent statistical textual feature extraction 

methods [13] applied in many fields [14-17] for texture 

analysis. GLCM is the matrix that holds the distribution of co-

occurring intensity patterns at a given offset over a given 

image. Second-order statistical (Haralick) features are 

extracted to analyze the texture of the image, which can 

subsequently be used for classification tasks [18]. 

GLCM incorporates the spatial relationships of intensity 

values with each other as well as their occurrence quantities. 

Let f is an image whose intensity values vary in the interval 

[0, L-1]. Each element of GLCM indicates the number of 

times that the pixel pair (zi, zj) occurred in f with orientation 

Q. The orientation represented with Q eventually represents a 

displacement vector d=(dx,dy | dx=dy=dg) where dg is the 

number of gaps between the pixels of interest. For the 

situation of adjacency dg=0. Orientation can also be 

represented with two parameters as the distance d that the 

intensities zi, zj  apart from each other with angle α [19-20]. d 

can take values between 0 and L-2 theoretically. Orientation 

of the pixel pattern can be at four different directions as 0°, 

45°, 90° and 135° that α can take. That is, each image can 

have four different GLCMs for each angle (0°, 45°, 90° and 

135°) for a specific d. The size of a GLCM depends on the 

discrete intensity values in the image. If the intensity values 

of the image vary in the interval [0, L-1] then the size of the 

GLCM becomes (L-1)×(L-1). An example of configuration of 

the four GLCM matrixes (GLCM0°, GLCM45°, GLCM90°, 

GLCM135°) of an image f for d=0 is demonstrated in Figure 

2. 

 

 

 

Fig 2: GLCM construction based on a (a) test image along 

four possible directions (b) 0° (c) 45° (d) 90° and (e) 135° 

with a distance d =0. 

2.3 Haralick Features 
Haralick [21] proposed 14 features that can be extracted from 

the abovementioned GLCMα° matrices.  Haralick claimed that 

each of these 14 features gives hints about some textual 

characteristics of an image. The Haralick features are given 

below: 
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Moment 
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Sum Average f6 =   ipx+y(i)
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2Ng

i=2
  

Sum Entropy f8 = − px+y (i) log px+y (i) 
2Ng

i=2
  

Entropy f9 =  −  p(i, j) log p(i, j) ji   

Difference 

Variance 
f10 = variance of px−y   

Difference 

Entropy 
f11 = − px−y(i) log px−y (i) 

Ng−1

i=2
  

Information 

Measures of 

Correlation 

f12 =  
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max  HX, HY 
 

f13 =  (1 − exp[−2.0 HXY2

− HXY ])1 2  

HXY =  −  p(i, j) log p(i, j)ji   

Maximal 

Correlation 

Coefficient 

Q i, j =  
p i,k p(j,k)

px  i py (k)k   

f14

= (Second Largest Eigenvalue of Q)1 2  

 

2.4 Euclidean norm 
For i = (i1, i2,..., in) and j = (j1, j2,..., jn) are two points 

in Euclidean n-space, the Euclidean distance d from i to j, or 

from j to i is given by the Pythagorean formula: 

22
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The position of a point in an Euclidean n-space is 

an Euclidean vector. Euclidean norm, Euclidean length, 

or magnitude of a vector measures the length of the vector: 

 

             (3) 

where the last equation involves the dot product. 

 

3. IMPLEMENTATION RESULTS AND 

DISCUSSIONS 
The performance analysis is tested on the IIIT-D SLF 

fingerprint database [22]. An example of a fingerprint image 

for an individual is shown in Figure 3. 

The utilized database consists of 256x256 RGB coloured 

images. All RGB images are converted to grey scale format to 

be compatible with the co-occurrence matrix in the pre-

processing stage.  

 

Fig 3: Sample fingerprint data. 

The flowchart of the first analysis operation is shown in 

Figure 4. As shown in the corresponding flowchart, DWT of 

the images is performed for feature extraction, which is 

subsequently followed by Euclidean Distance-based 

classification. 

 

Fig 4: Flowchart of the first analysis. 

Figure 5 demonstrates the classification performance for 

diverse number of training images without applying GLCM. 

As clarified in this figure, the highest classification accuracy 

is achieved for 5 training image data. 

 

Fig 5: Classification performance with DWT feature 

extraction without GLCM. 

The flowchart of the operations utilized during second 

analysis is presented in Figure 6. As depicted in the flowchart, 

GLCM is used for feature extraction without DWT. 

http://en.wikipedia.org/wiki/Euclidean_space
http://en.wikipedia.org/wiki/Pythagorean_theorem
http://en.wikipedia.org/wiki/Euclidean_vector
http://en.wikipedia.org/wiki/Euclidean_norm
http://en.wikipedia.org/wiki/Dot_product
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Fig 6: Flowchart of the second analysis. 

In Figure 7, the classification performance of the GLCM 

feature extraction without DWT is shown. As shown in this 

figure the highest accuracy is acquired for 7 training image 

data. 

 

Fig 7: Classification performance with GLCM feature 

extraction without DWT. 

The flowchart of the third analysis method is shown in Figure 

8. As shown in this figure GLCM-DWT are used in 

combination for feature extraction. 

 

Fig 8: Algorithm for GLCM feature extraction with DWT. 

In Figure 9, results for one-level DWT with 8 Haralick 

features are illustrated. As shown in this figure, the highest 

accuracy is obtained with 7 training image data. 

 

Fig 9: Classification performance for one-level DWT with 

8 Haralick features. 

In Figure 10, results for one-level DWT with 6 Haralick 

features of GLCM are illustrated. As shown in this figure, the 

highest accuracy is again obtained with 7 training image data. 

 

Fig 10: Classification performance for one-level DWT 

with 6 Haralick features. 

In Figure 11, results for one-level DWT with 4 Haralick 

features are illustrated. Obviously, again the highest accuracy 

is achieved with 7 training image data. 

 

Fig 11: Classification performance for one-level DWT 

with 4 Haralick features. 

In Figure 12, results for one-level DWT with 2 Haralick 

features are illustrated. As shown in this figure, the highest 

accuracy is again obtained with 7 training image data. 

 

Fig 12: Classification performance for one-level DWT 

with 2 Haralick features. 

In Figure 13, results for two-level DWT with 8 Haralick 

features are shown. As shown in this figure the highest 

accuracy is obtained   for 4 training image data. 
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Fig 13: Classification performance for two-level DWT 

with 8 Haralick features. 

In Figure 14, results for two-level DWT with 6 Haralick 

features of GLCM are illustrated. As shown in this figure, the 

highest accuracy is again obtained with 4 training image data. 

 

Fig 14: Classification performance for two-level DWT 

with 6 Haralick features. 

In Figure 15, results for three-level DWT with 8 Haralick 

features of GLCM are illustrated. As shown in this figure, the 

highest accuracy is again obtained with 7 training image data. 

 

Fig 15: Classification performance for three-level DWT 

with 8 Haralick features. 

In Figure 16, results for three-level wavelet transform with 6 

Haralick  are depicted. 

 

Fig 16: Classification performance for three-level DWT 

with 6 Haralick features. 

In Figure 17, results for 14 features with GLCM without 

DWT are illustrated. As shown in this figure the highest 

accuracy is obtained for 7 training image data. 

 

Fig 17: Classification performance for 14 features of 

GLCM without DWT. 

4. CONCLUSION 
In this study, we make a comprehensive performance analysis 

of three different methods for fingerprint identification. In the 

first method, feature extraction and classification is applied to 

the raw DWT utilized images. Second method considers only 

GLCM based feature extraction without DWT. Finally, 

GLCM-based feature extraction and classification is applied 

to the DWT compressed images. The third method gives 

promising classification performance regarding other 

methods. The best identification accuracy around 93% is 

achieved with 7 training images for each individual. Results 

of the simulations identify that increase in the DWT-

compression level significantly decreases the performance. 
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Table 1. Classification Performances 

Scenario Method 
Number of training images for each person 

1 2 3 4 5 6 7 

1 
wavelet feature extraction (without 

GLCM) 
44.5751 63.5165 69.0334 62.4762 80.4706 61.0157 75.1084 

2 
first level wavelet transform (with 8 

feature of GLCM) 
56.6369 50.8868 44.8066 54.9318 75.7699 48.5057 93.2915 

3 
first level wavelet transform (with 6 

feature of GLCM) 
56.6369 50.8868 44.8066 54.9318 75.7699 48.5057 93.2915 

4 
first level wavelet transform (with 4 

feature of GLCM) 
56.6369 50.8868 44.8066 54.9318 75.7699 48.5057 93.2915 

5 
first level wavelet transform (with 2 

feature of GLCM) 
56.6369 50.8868 44.8066 54.9318 75.7699 48.5057 93.2915 

6 
second level wavelet transform (with 

8 features of GLCM) 
24.3362 26.1178 18.3365 39.7951 26.6373 25.2591 9.8400 

7 
second level wavelet transform (with 

6 features of GLCM) 
24.3362 26.1178 18.3365 39.7951 26.6373 25.2591 9.8400 

8 
third level wavelet transform (with 8 

features of GLCM) 
36.0828 33.1465 28.4125 19.2757 44.6640 32.1786 65.2123 

9 
third level wavelet transform (with 6 

features of GLCM) 
36.0828 33.1465 24.5249 19.2757 44.6640 32.1786 65.2123 

10 
GLCM feature extraction without 

DWT 
67.5972 68.1317 71.5104 77.7631 69.9185 70.5839 81.0558 

11 12 features of GLCM (without DWT) 64.4181 72.4739 70.8020 67.8698 79.0728 66.3157 91.8069 
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