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Highlights: 

 Evaluating statistical, transform, model, and structural-based texture features for DIR 

 Comparative analysis of the DIR results obtained from 26 texture features 

 Providing a computational time analysis of texture features used for DIR   
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Abstract: Due to the rapid increase of different digitised documents, there has been significant 

attention dedicated to document image retrieval over the past two decades. Finding discriminative 

and effective features is a fundamental task for providing a fast and more accurate retrieval system. 

Texture features are generally fast to compute and are suitable for large volume data. Thus, in this 

study, the effectiveness of texture features widely used in the literature of content-based image 

retrieval is investigated on document images. Twenty-six different texture feature extraction methods 

from four main categories of texture features, statistical, transform, model, and structural-based 

approaches, are considered in this research work to compare their performance on the problem of 

document image retrieval. Three document image datasets, MTDB, ITESOFT, and CLEF_IP with 

various content and page layouts are used to evaluate the twenty-six texture-based features on 

document image retrieval systems. The retrieval results are computed in terms of precision, recall and 

F-score, and a comparative analysis of the results is also provided. Feature dimensions and time 

complexity of the texture-based feature methods are further compared. Finally, some conclusions are 

drawn and suggestions are made about future research directions. 

Keywords: Statistical texture features, transform-based texture features, model-based features, 

structural features, document image retrieval. 

 

1. Introduction 

A substantial number of documents, magazines, letters, books, etc. are acquired through electronic 

devices in everyday life. To access the massive and ever-increasing quantity of document images, a 

primary demand and residual requirement is a fast and effective document image retrieval system. 

Document image retrieval (DIR) is an automatic approach for finding similar document images from 

a huge collection of structured and unstructured digitised document images (Marinai et al., 2011). 

There are many OCR-based document image retrieval approaches in the literature (Gordo et al., 

2010). Traditional OCR-based document image retrieval has some deficiencies, such as sensitivity to 

image resolution, high computational cost, and language dependency (Gordo et al., 2010). Therefore, 

employing recognition-based approaches cannot provide appropriate results when document images 

are multilingual, or have low quality and different layouts. To cope with the difficulties of the 

recognition-based DIR methods, recognition-free DIR methods have been proposed in the literature 

(Marinai et al., 2011). In the recognition-free DIR methods, the contents of documents are ignored 

and document images are retrieved based on visual similarity to a query image. Thus, vectorial 

representations of the document images are considered for retrieval purposes. The features can be 

extracted from different levels of document images, such as pixel level, connected component level, 

or word level, to represent document images (F. Alaei et al., 2016a). 

As a recognition free-based approach for document image retrieval, layout similarity via the 

modified X-Y tree was considered for the retrieval process in (Cesarini et al., 2002). Global features 
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and a layout representation obtained from the corresponding modified X-Y tree of a document page 

have been considered as features. Similarly, a layout analysis-based system was proposed for 

document image retrieval in (Pirlo et al., 2014). In this system (Pirlo et al., 2014), the layout of a 

document image was characterised by a grid-structure and then a Radon transform was used for the 

layout description. In (Kumar et al., 2014), by using bag-of-visual features, the structural similarity of 

document images was considered for the classification and retrieval processes. In this method, 

document images were recursively partitioned in vertical and horizontal directions to model the 

spatial relationships of the document layout in the feature extraction step. A codebook based on 

histograms of Speeded-up Robust Features (SURF) extracted from each section of document images 

was created. Each document image was then encoded using the created codebook. In (Li et al., 2009), 

local feature sequences have been employed for document image retrieval. For local feature sequence 

matching, a coarse-to-fine sub-string matching strategy was applied. Another document image 

retrieval technique in the literature was based on two-dimensional density distributions (Kise et al., 

2003). To improve the retrieval results, pseudo-relevance feedback was further employed (Kise et al., 

2003). The above-mentioned approaches cannot support the retrieval process or perform well, if 

documents are unstructured or they are different in size, font, and languages. 

Given the spread of digitised documents, it is imperative to consider the methods that can address 

the difficulties of previous approaches. The effectiveness of texture-based methods has been 

established in various applications of document image analysis (F. Alaei et al., 2016c; Mehri et al., 

2017; Mehri et al., 2015). In (Mehri et al., 2017), texture features have been used for discriminating 

and segmenting graphical components from textual contents in historical document images. 

Furthermore, the performance of some texture features, such as local binary pattern (LBP), 

autocorrelation, Gabor, and wavelet transforms have been investigated for segmentation of historical 

document images (Mehri et al., 2017). In (K. Chen et al., 2014), a Gabor dominant orientation 

histogram and LBP, as texture features, have been used for segmenting historical handwritten 

document images. In (Dey et al., 2016), LBP and spatial sampling have been used for information 

spotting in historical document images. The usefulness of texture features for document image 

retrieval has been investigated in (F. Alaei et al., 2016c). Various LBP-based feature extraction 

methods have been considered to rank the document images based on the visual similarity of training 

document images to a given query. In (F. Alaei et al., 2016b), fusion has been employed to obtain 

better document retrieval performance using LBP and wavelet transform texture features, and 

combining classifier scores,  

A considerable amount of document image analysis work using texture features has been 

published in the literature. To the best of our knowledge, however, no study focusing on a 

comparison of different texture-based methods for DIR is available in the literature. This research 

work is to addresses the following questions in relation to the use of different texture-based feature 

extraction methods for document image retrieval: which category of texture features can provide 

better performance for document image retrieval?; which texture feature provides the best 

performance in each category?; will document image retrieval based on texture features be influenced 

by the resolution of document images? 

 Investigation and answers to the above-mentioned questions have led to the main contributions of 

this research work and are summarised below. 

 Evaluation of the effectiveness of twenty-six state-of-the-art texture-based feature extraction 

methods from four different categories applied for document image retrieval.  
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 Setting up a comparative study of the results obtained from different texture-based features 

employed for DIR on three document image datasets in terms of the retrieval performance, 

feature dimensions, and computing time. 

The rest of this paper is organised as follows. In Section 2, the overview of the literature of texture 

features with a focus on DIR are provided and explained. In Section 3, the document image retrieval 

system is presented. Experimental results and analysis of the experiments are illustrated in Section 4. 

Finally, conclusions are drawn and future work is presented in Section 5. 

2. Overview of the Literature 

Texture can be described as local intensity variation in a local region of a digital image from pixel 

to pixel (Tomita & Tsuji, 2013). Texture features have played a significant role in many fields of 

research, such as pattern recognition, remote sensing and medical imaging (Nanni et al., 2010; 

Srinivasan & Shobha, 2008; Van de Wouwer et al., 1999; Wu et al., 2016). Texture-based feature 

extraction approaches are broadly classified into four main categories: statistical, transform, model, 

and structural-based approaches. 

In the statistical-based approach, the spatial distributions of pixels and relationships between the 

pixel grey values in an image are computed as local features at the pixel level. Considering the pixel 

level, statistical-based methods are then categorised into first, second, and higher orders according to 

the number of pixels considered, to compute the local features (Tomita & Tsuji, 2013). In first-order 

statistical texture feature extraction, only the properties of each pixel value are estimated. However, 

in the second-order, and higher-order, the spatial interaction and relationship between two or more 

pixel values at definite locations are estimated (Srinivasan & Shobha, 2008). 

The transform-based approach converts the image into a new form by considering the pixel 

intensity variations and the spatial frequency properties of the input image (Bharati et al., 2004).  

The model-based approaches are able to generate an empirical model of each pixel of an image. 

The variation of pixel elements of texture produces a set of parameters considered to describe an 

image model (Bharati et al., 2004). Popular model-based approaches used for texture analysis include 

Markov random fields, fractal, and autoregressive models (Gonzalez & Woods, 2005; Bharati et al., 

2004; Patil et al., 2014). 

In the fourth category, the structural-based approach, texture features are characterised by texture 

primitives or texture elements, such as autocorrelation, edge, and morphological operations. In other 

words, the texture is defined as the property of texture elements and a placement rule (Tomita & 

Tsuji, 2013). The structural-based texture features are more useful for synthesis than analysis tasks 

and they have a limitation in practical uses (Gonzalez & Woods, 2005).  

A detailed discussion on different categories of texture-based feature extraction approaches is 

provided in the subsequent subsections. 

2.1. Statistical-based Approaches 

In this study, statistical-based feature extraction methods are divided into two groups for better 

description and comparison. The first group is particularly useful for extracting texture features in a 

given direction (horizontal, vertical, or diagonal). By considering only a single direction, some 

information regarding the neighbouring pixels in other directions is lost (Conners & Harlow, 1980; 

Haralick et al., 1973). Therefore, these methods, such as the grey-level co-occurrence matrix, grey-

level run-length method, grey-level difference method, and grey-level texture co-occurrence 

spectrum, are not rotation invariant. In the second group of the statistical-based approach, the 
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relationship between a pixel and its neighbour pixels is taken into account. These non-parametric 

methods summarise the local grey-level information of the image and provide a histogram for the 

retrieval process. In contrast to the first group, the methods in the second group are rotation invariant. 

Local binary patterns, median binary pattern, improved local binary pattern, fast-local binary pattern, 

local ternary pattern, improved local ternary patterns, binary gradient contour, complete local binary 

pattern, centre-symmetric local binary pattern, and improved centre-symmetric local binary pattern 

methods are classified as the second group. 

2.1.1. Grey-level Co-occurrence Matrix 

Grey-level co-occurrence matrix (GLCM) is one of the well-known second-order statistical 

texture features in the literature. In the GLCM, information regarding the frequency of occurrence of 

two neighbouring pixels in an image is extracted (Haralick et al., 1973). The GLCM is computed 

based on two terms: the displacement   of neighbour pixels, and the orientation   between neighbour 

pixels. The orientations can be horizontal, vertical, and diagonal. A spatial-dependence probability-

distribution matrix, where the number of rows and columns is based on the number of grey-levels in 

the image, is then generated. From each matrix, up to fourteen textural features can be extracted 

(Haralick et al., 1973). However, only energy, entropy, contrast, and homogeneity, as four features, 

are generally extracted from the input image. In the extracted features, the probability of occurrence 

of a pair of grey-levels (   ) at the distance   with the direction   is described by a function 

 (       ) in the image. For a statistically reliable estimation of the relative frequency, a sufficiently 

large number of occurrences for each event is required. 

2.1.2. Grey-level Run-Length Method  

In the grey-level run-length method (GLRLM), the number of length varieties of grey-level runs 

is calculated. A set of linearly adjacent pixels, which have the same grey-level value, is called a grey- 

level run and the number of pixels in a run is the length of the run (Conners & Harlow, 1980). In the 

GLRLM,  ( )  ,  (     )- for a given image is defined as the number of runs with pixels of grey-

level   and run-length   in an angle   direction. For an image, grey-level run-length matrices  ( ) 

can be calculated in four directions where                  . Each matrix can provide seven 

features: short-run emphasis, long-run emphasis, grey-level non-uniformity, run percentage, run-

length non-uniformity, low grey-level run emphasis, high grey-level run emphasis.  

2.1.3. Grey-level Difference Method 

A certain difference between pairs of grey-level pixels in the image is defined as the grey-level 

difference method (GLDM) (Conners & Harlow, 1980). By considering the image intensity, a 

function,  (   ) is computed for any given displacement   (     ), where    and    are integer 

values of displacements in horizontal and vertical directions, respectively. The grey-level difference 

between the pair of pixels is then calculated by:  

  (   )    (   )   (         )    (1) 

In this method, the vector   can be considered in one of the following forms, 

(   ) (    ) (   ) (     )  where d is the inter-sample spacing distance. The probability 

density functions of four different displacement vectors are produced in order to measure the texture 

features. The texture features, such as contrast, entropy, mean, angular second moment, and inverse 

difference moment, are extracted based on the probability density function (Conners & Harlow, 1980; 

Haralick et al., 1973; Kim & Park, 1999). 
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2.1.4. Grey-level Texture Co-occurrence Spectrum 

The probability of the possible occurrence of grey value pixels while sorting in descending order, 

are taken into account by the grey-level texture co-occurrence spectrum (GLTCS) (Patel & Stonham, 

1992). The grey value pixels of four different orientations (horizontal, vertical, and the two diagonals) 

are considered to map n-points from the texture image. The group of n-points in the image, which are 

called an n-tuple, are used to extract the textural information. The nearest neighbours around the 

centre pixel in the four directions are considered for the n-tuple, which is sorted into a descending 

order and represents one state of the n-tuple as a rank. The occurrence of ranks in the entire image are 

recorded to form an    dimensional rank. The mathematical formulation which is used in this study is 

as follows: 

      ( )  ∑ ∑    ⌈ 
 

  ( )   
 

  ( ) ⌉
 
     

 
      (2) 

2.1.5. Local Binary Pattern  

The Local binary pattern (LBP) method summarises the local grey-level structure of an image 

(Ojala, Pietikäinen, & Mäenpää, 2002). In the LBP method, an image is divided into a number of 

overlapping patches. The features are extracted based on the differences between the centre pixel C 

and the neighbour pixels N, which are placed in a patch indicated by a circle with a radius R. In 

different LBP methods, different patch sizes are considered. Patch size is defined based on the values 

of (   ), where   *            + and   *           +  correspondingly. In each patch, the 

centre pixel value of the patch is a threshold for that specific patch and a binary pattern is obtained 

according to the pixels around the centre pixel. When a limited number of transactions occur in a 

binary pattern, the binary pattern is called uniform. The number of transactions less than or equal to 

two as compared to the uniform one, is an important concept in the LBP method. Thus, the central 

pixel receives the binary valued result as a local image descriptor. The        produces     output 

values that correspond to the different binary patterns according to the number of neighbours. The 

LBP operator can be defined as the following: 

         ∑      (     )
   
        (3) 

 (     )  {
             (     )    
                   

    (4) 

where    and    are the grey-level values of the central pixel c and its n neighbours, respectively. Let 

S represent a matrix of 3×3 which shows the indexed neighbour pixels. The LBP method has low 

computational complexity and less sensitivity to changes in illumination, and is also a rotation-

invariant method. 

S = [

      
      
      

] 

2.1.6. Median Binary Pattern 

The median binary pattern (MBP) is another form of the LBP feature extraction technique 

(Hafiane, Seetharaman, & Zavidovique, 2007). In the MBP operator, the median value of each patch 

is considered as a threshold for the patch. The local binary pattern is then obtained by comparing all 

the pixels in a patch to their median value. The MBP method is invariant to monotonic grey-scale 

changes, defined as follows: 
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        (    )  ∑       
     (    )      (5) 

 (      )  {
               (      )    

                     
    (6) 

where   is the median value over a 3×3 neighbourhood. In the MBP method, images are divided into 

the overlapping patches of 3×3, resulting in       binary patterns being produced. The MBP 

operator divides the intensity values in each patch extracted from the image into two groups 

according to the median value. The method then captures the contrast between the two intensity 

ranges that impact the local structure. 

2.1.7. Improved Local Binary Pattern 

 The improved local binary pattern (ILBP) is a modification of the conventional LBP texture 

feature extraction method. Since in the LBP method the local structure is missing under certain 

circumstances, the ILBP method is proposed to address this problem and to reduce the effect of noise. 

The term „improved‟ is used since a weight is given to the central pixel (Jin, Liu, Lu, & Tong, 2004). 

The average of the intensity values in a patch of size 3×3 is obtained and considered as the threshold 

value of the patch. The grey-level neighborhood pixel values are then thresholded based on the local 

average grey-level value. The definition of the ILBP is provided in the following.  

         (    )  ∑       
     (    )     (7) 

  (      )  {
               (      )    

                     
    (8) 

where V is the average value of a specific patch. This operator produces      binary patterns. 

V = 
 

 
(   ∑   

 
   )      (9) 

2.1.8. Fast-local Binary Pattern  

The fast-local binary pattern (F-LBP) method includes        and       (F. Alaei et al., 2017). 

The neighboring pixels in a 3×3 patch size are divided into two categories. The first category contains 

a central pixel as well as the pixels located in the horizontal and vertical positions in relation to the 

central pixel. The second category contains a central pixel as well as the pixels located in the diagonal 

and off-diagonal positions of the central pixel. The diagram of       and       is illustrated in 

Figure 1. 

 
Figure 1. (a) Arrangement of a 3×3 matrix, (b) layout of the      , (c) layout of the        

For computing the       initially, the mean value of the pixels in the first category is obtained 

using equation (14). The mean value is considered as a threshold in the F-LBP method. Then, a 

binary pattern is obtained by finding the differences between the threshold value and the pixels 

located in the horizontal and vertical positions of the centre pixel, using equation (12). Finally, the 

corresponding decimal number of the binary value is obtained using equation (10). A histogram of 15 

bins represents the occurrence frequency of the different binary patterns obtained from the input 
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image. Consequently, to compute the      , the mean value of the pixels in the second category is 

obtained. To obtain another histogram of 15 bins, similar to the       operator, the same procedure 

is applied using equations (11), (13), and (15). To obtain the F-LBP feature of size 30, two 

histograms                 are concatenated in the final step.  

       ∑      (     ) 
      
             (10) 

       ∑      (     ) 
     
             (11) 

 (     )  {
             (     )   
                   

    (12) 

 (     )  {
             (     )   
                   

    (13) 

   =
 

 
(   ∑   

        
   )     (14) 

   =
 

 
(   ∑   

       
   )     (15) 

2.1.9. Local Ternary Pattern 

The Local ternary pattern (LTP), as an extension of the LBP, is a hybrid between the texture 

spectrum and local binary patterns (Tan & Triggs, 2010). The LTP method is less noise sensitive 

compared to the LBP method, although it is less invariant to grey-level transformation. In the LTP 

method, a user-defined threshold t is considered along   . Therefore, (    ) illustrates the tolerance 

interval and    can take one of the following values based on the following function: 

 (       )  {

                   

                    
                   

    (16) 

In the LTP method, uniformity is also an important property. For simplicity of process in the LTP 

method, ternary patterns are grouped into positive and negative patterns, as shown in Figure 2. Each 

set of binary patterns, extracted in positive and negative patterns, acts as an individual LBP method. 

An individual histogram is then computed from each set of binary patterns and the results are finally 

concatenated to create the feature set.  

 
Figure 2. One example of a ternary pattern split into a positive and a negative pattern 

2.1.10. Improved Local Ternary Patterns 

By combining the LTP and ILBP methods, a new variation of LBP-based feature extraction, 

called „improved local ternary patterns‟ (ILTP), is proposed in (Nanni et al., 2010). In the ILTP 

method, the neighborhood pixels (  ) are thresholded by their average grey-scale values. They are 
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then split into positive and negative patterns similar to the LTP method to construct two sets of binary 

codes. The rest of the feature extraction process  is similar to the LTP method. 

2.1.11. Binary Gradient Contours 

Intensity invariance plays an important role in the binary gradient contour (BGC) feature 

extraction method (Fernández et al., 2011). The pair of pixels of closed paths around the central pixel 

are considered for measuring the gradient in a patch of size 3×3. Three different paths are considered 

for obtaining the gradient. These paths are called single-loop, double-loop, and triple-loop (Fernández 

et al., 2011). The pixel order for a single-loop (BGC1) is described as (             ). The pixel 

order in the case of triple-loop (BGC3) is described as (                          ). Since, eight 

components cannot be 0‟s at the same time,      gradient binary contour features are generated in 

both of the operators. On the other hand, two closed paths of (              ) and (              ) are 

created in double-loop (BGC2) patterns. In each path,      gradient binary contour features are 

generated, and as a result, the combination of two loops produces (    )  bins. 

2.1.12. Completed Local Binary Pattern  

In the completed local binary pattern (CLBP) (Zhenhua et al., 2010) approach, binary patterns 

generated by the original LBP are transformed to a sign and a magnitude vector. By considering this 

method,    features are extracted from an image. The method is denoted by: 

      ∑       
   (⌊     ⌋   ̃)    (17) 

where the average value of the difference between the central grey value and a pixel in the periphery 

is represented by  ̃, and   and    are pixels in a patch and the centre pixel, respectively. 

2.1.13. Centre-symmetric Local Binary Pattern 

The centre-symmetric local binary pattern (CSLBP) (Heikkilä et al., 2009) is associated with the 

LBP method, although different structures of neighbourhood pixel comparisons are considered. In the 

CSLBP method, instead of considering the central pixel as a threshold, the following centre-

symmetric couples of pixel values, (     ) (     ) (     )     (     )  are considered to extract 

features. Hence, only    local binary patterns are extracted from the CSLBP method. The CSLBP 

function can be stated in the following equation: 

       ∑     
   (           )    (18) 

where parameter   thresholds the grey-level differences and    are pixel intensities in a patch.  

2.1.14. Improved Centre-symmetric Local Binary Pattern 

Two different varieties of the CSLBP known as improved centre-symmetric local binary pattern 

are proposed in (Heikkilä et al., 2009; X. Wu & Sun, 2009). In the first improved version (D-LBP), 

the grey value of the centre pixel is included in each of the four pairs used in the CSLBP. So, the four 

triplet values that are located in the horizontal, vertical, diagonal, and off-diagonal directions in each 

patch are considered. The following function represents the mathematical notation for the D-LBP 

method. 

       ∑     
   (          )    (19) 
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The second improved version of the CSLBP method (ID-LBP) is very similar to the first one, but 

the average value of the eight neighbour pixels ( ̂) is computed and used instead of the central pixel 

value. The function representing the ID-LBP is shown as follows. 

        ∑     
   (    ̂     )    (20) 

 The improved centre-symmetric local binary pattern methods are also encoded based on the 

following function:  

 (        )  {

                                    

                                   

                                                  
   (21) 

2.2. Transform-based Approaches 

The capabilities of space-frequency decomposition in transform-based texture feature extraction 

approaches have been considered in many applications of image and signal processing (Mehri et al., 

2017). In this section, some frequently used transform-based texture feature extraction approaches are 

reviewed and considered for document image retrieval. 

2.2.1. Wavelet Transform 

Wavelet transforms are based on small waves called wavelets. Wavelet transforms are able to 

represent an image at multiple resolutions based on the desired frequency. The purpose of these 

multiple resolution images is to consider some of the ignored features, which are not noticeable in 

different resolutions and provide various impressions of an image in other resolutions. The Haar 

transform is the simplest known orthonormal wavelet (Haar, 1910). A wavelet is defined by a 

function  ( )    ( ) where   ( ) satisfies∫  ( )       , and has limited length and varying 

frequencies. In order to extract features by the wavelet transform, one of the necessities is to calculate 

the coefficient distribution over the mother wavelet (Brigham & Morrow, 1967; Mallat, 1989; Vargas 

et al., 2011). The mother wavelet  ( ) translated by u and scaled by s is represented as: 

    ( )  
 

√ 
 .

   

 
/      (22) 

 Since the continuous wavelet transform   (   ) is not useful in practical scenarios, discrete 

wavelet transform (DWT) coefficients are considered to extract texture features.  

  (   )  ∫  ( )
  

  
    ( )       (23) 

  (   )   (   )            (24) 

These wavelets are signified by     and identified by indices   and  . To discretise the wavelet 

transform, the parameters s and u are used. To calculate the wavelet coefficients of a discrete signal, 

all integrals are substituted by sums. The two-dimensional DWT is computed by applying a separate 

filter bank to the image (Mallat, 1989); 

  (     )  ⌈   [       ]    
⌉
    

(     )   (25) 

   (     )  ⌈   [       ]    
⌉
    

(     )  (26) 

   (     )  ⌈   [       ]    
⌉
    

(     )  (27) 
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   (     )  ⌈   [       ]    
⌉
    

(     )    (28) 

where H and G are low pass and high pass filters, and „*‟ symbolises the convolution operator, ↓2,1 

(↓1,2) represents subsampling along the rows (columns), and    is denoted as the low-resolution 

image at scale  . 

Three detailed coefficient matrices (horizontal, vertical, and diagonal) are generated, in addition to 

an approximation coefficient matrix that contains a coarse summary of the original image, by 

employing the equations (25-28). By applying this process iteratively to the approximation images, a 

hierarchy of these images is generated. The grey-level variation or functional variation intensity of 

the images in a different direction is measured using three detail images. An important feature of the 

detail images     produced by filtering in a specific direction at scale   is their directional sensitivity. 

Hence, in order to extract features from document images, these under-sampled images are more 

relevant for our purposes. The variances of each matrix are extracted column-wise and concatenated 

to construct a feature vector. Furthermore, energy from each DCM is also computed and added to the 

feature vector. 

2.2.2. Fourier Transform 

The Fourier transform is an image-processing tool which represents the frequency domain 

information of an image (Brigham & Morrow, 1967) and enables an image to be decomposed into its 

sine and cosine components. Some correspondence exists between the image features of the spatial 

domain and those on a frequency domain. Furthermore, the images transformed by employing the 

Fourier transform method include different spectral texture patterns with different densities that can 

construct discriminative texture features. 

The Fourier transform is considered in the polar coordinate system (   ), where   is the radius to 

show the intensity of the image, and   is the angle to show the direction of the image (Li, Zhang, & 

Xu, 2002). Let   and    be the image under a right-angle coordinate system and the image under the 

polar coordinate system, respectively. The given input image is then transformed from the right-angle 

coordinate system into the polar coordinate system using the following equations. 

  (   )   (              ),               (29) 

   ∑ ∑   (   )   
   (   )

 
                 (30) 

   ∑ ∑   .  
  

 
/    

   
 
   (   )               (31) 

To demonstrate the intensity of the image, a sequence of circles with the same centre is created, 

and the frequency domain image is then divided into small fragments by those circles. Energy in each 

fragment can be computed using equation (29). Meanwhile, for demonstrating the direction of the 

image, a sequence of lines that go through the centre of the image is drawn to obtain the frequency 

domain image from each of those small fragments. 

2.2.3. Gabor Wavelet Transform 

In the Fourier transform, information regarding time is lost, and it is not easy to say where the 

exact accordance with the frequency is. However, the Gabor function simultaneously provides a 

resolution in both the time and frequency domains (Hangarge et al., 2016; Lee, 1996). The Gabor 

wavelet is an ideal basis to extract local features and it can capture directional energy features from 

an image (Hangarge et al., 2016). The Gabor wavelet method is efficient in describing the visual 
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properties of an image and is similar to human visual perception (Hangarge et al., 2016). By 

characterising the spatial frequency structure in an image, spatial relations with the same time are 

provided. 

By considering the 2-D mother wavelet (equation 22) and Fourier transform, the Gabor wavelet 

can be defined as: 

   (   )  ∑ ∑  (       )   
 (   )     (32) 

where   and   stand for the sizes of the filter mask and    
  is the complex conjugate of      By 

considering the Gabor wavelet for feature extraction, the transformed coefficients are used for 

compressed representation or a distance measure. By considering different scales and orientations, the 

Gabor wavelet can produce a number of filters. Commonly, forty filters are produced using five 

scales and eight orientations. Then, the mean, energy, and variance are extracted from each filtered 

image and the features are concatenated to create a Gabor feature vector. The multi-resolution and 

multi-orientation properties of the Gabor wavelet transform make it an efficient method for feature 

extraction.  

2.2.4. Radon Transform 

To calculate the projection of an image using a given set of angles, the Radon transform (RT) 

method is applied (Beylkin, 1987). The sum of the intensities of the pixels in each direction can 

provide the projection as a line integral. Directions with more straight lines are defined as texture 

principal directions, and the variance of the projection is a local maximum in this direction (Jafari-

Khouzani & Soltanian-Zadeh, 2005). Applying the Radon transform on an image provides a new 

image  (   )  defined as follows: 

 (   ) ,(   )-  ∫ ∫  (   )
 

  

 

  
 (             )     (33) 

where the distance of a line from the origin is described by               , and   is the angle 

between the lines. The mean, variance, vertical projection, and horizontal projection are extracted 

from the Radon transform of each angle  (     ), and then concatenated to create a feature vector. 

This method is robust against illumination changes across the image, as the low frequency 

components of the variance are removed by extracting the derivation (Jafari-Khouzani & Soltanian-

Zadeh, 2005).  

2.2.5. Contourlet Transform  

The Contourlet transform is a directional multiresolution image representation obtained by 

extending the wavelet transform, considering multi-scale and directional filter banks (Katsigiannis et 

al., 2010). As mentioned earlier, by applying the conventional wavelet transform, only horizontal, 

vertical, and diagonal information can be defined. However, other directional information about the 

edge remains unidentified. Thus, the Contourlet transform has been proposed as a directional 

multiresolution image representation that is capable of capturing and representing object boundaries 

in an image (Do & Vetterli, 2002). To detect the point discontinuities of the image, the Laplacian 

pyramid is considered, and to link the point discontinuities into linear structures, the directional filter 

bank is taken into account (Katsigiannis et al., 2010). In each level of the Contourlet filter bank, the 

Laplacian pyramid generates a down-sampled low-pass and a band-pass version of the image. Then, 

the directional filter bank is employed on the band-pass image. This process is iterated on the low-

pass image to obtain the most relevant texture information (Do & Vetterli, 2002). A set of statistical 

features, such as mean, energy, contrast, information entropy, and homogeneity is extracted from 
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each sub-band (Do & Vetterli, 2002; Katsigiannis et al., 2010) to create a feature vector. One of the 

main weaknesses of the Contourlet transform is that its original image is not localised in the 

frequency domain (Lu & Do, 2006). 

2.2.6. Gist Descriptor 

The Gist descriptor was considered for image matching and the retrieval process (Oliva & 

Torralba, 2001). Summarised gradient information (scales and orientations) of different parts of an 

image is defined as the Gist of the image. The input image is passed through Gabor filters at 4 scales 

and 8 orientations. So, 32 feature maps of the same size are generated from the input image. Each one 

of these feature maps represents one orientation in one scale of the input image. Each map is then 

divided into a set of subregions of a fixed size grid of    . To represent the feature, average 

intensity is calculated in each subregion. Finally, 16 averaged values of all 32 feature maps are 

concatenated, resulting in a Gist feature set of 512 (=16×32) features.  

2.3. Model-based Approaches 

The aim of model-based texture feature extraction approaches is to interpret an image texture by 

generating images and stochastic models. The main concern of this type of approach is the 

computational complexity of estimating the parameters of stochastic models (Materka & Strzelecki, 

1998). Moreover, the model-based approaches miss orientation selectivity and are not appropriate for 

describing local image structures. Three main methods of model-based approaches are discussed in 

the following subsections. 

2.3.1 Markov Random Fields 

In texture-based features, neighbouring pixels have a significant impact on certain pixels. 

Estimating a joint posterior probability is one of the conventional approaches for considering the 

neighbourhood pixel information (Chellappa & Chatterjee, 1985). Markov random field (MRF) 

modeling (Blake et al., 2011) formed by the Markov property, is a graphical model of a joint 

probability distribution. The task of MRF is to detect a suitable intensity distribution for a given 

image. This suitability can be used as a texture component for texture-based image analysis. The 

Markov model represents the relationship between a few pairs of pixels that share an edge (Blake et 

al., 2011; Kato et al., 1999).  

A commonly used class of MRF is the class that can be factorised according to the maximal 

cliques of a graph. The clique potentials can be estimated from a given image or by random variables 

where their joint distribution is a mixture of distributions. The conditional densities that can describe 

the MRF model (Chellappa & Chatterjee, 1985; Blake et al., 2011) are of the form: 

 ( ( )      (   )    )    (34) 

where   is a symmetric neighbour set, and  ( ) is a Gaussian distribution function of the neighbours 

  in all 8 directions, which is also known as the intensity  ( ) at site  . The MRF model includes a 

set of unknown parameters. The texture , ( )       *  (   )           +- is a 

Gaussian distribution, which assumes to have a zero mean, and follows the difference equation as 

below: 

 ( )  ∑   ( (   )   (   ))    
  ( )  (35) 

 ( ( )  ( ))   , (   )       (36) 
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By considering the Gaussian,  ( ( )        ( )    )    indicates  ( ( )       ( )    )  

 ( ( )       (   )    ). The given equation indicates that  ( ) is a Markov model with respect 

to neighbour set  . The unknown parameter can be estimated by least squares error as below:  

  ,∑ ( )  ( )-  ,∑ ( ) ( )-    (37) 

  
 

  
∑, ( )     ( )-

 
      (38) 

 ( )      , (   )   (   )    -   (39) 

The iterative conditional estimation (ICM) is considered to maximise the posteriori probability of 

the label field and realisations of  . Various textures can be obtained using the labelled/segmented 

image. In our experiments, the energy of all pixels in the labelled image was computed and 

considered as a features vector. As in this research work images were resized/normalised into 

       based on the smallest sample size of the MTDB dataset, an MRF feature set composed of 

      (       ) features was extracted and considered for document image retrieval. 

2.3.2 Fractal Dimension 

Fractal theory is based on geometry and dimension, and fractal dimension is an important 

characteristic of fractals, as it includes information about their geometric structure. In the field of 

image analysis, the fractal dimension has been used to estimate the complexity of the texture of 

images (Costa et al., 2012; Schouten & de Zeeuw, 1999). The fractal dimension measurements are 

also considered to define the boundary complexity of objects in an image (Costa et al., 2012). Fractal 

dimension (Fisher, 2012) is calculated based on image self-similarity. The method works similarly to 

the copy machine metaphor, which is also called an affine transformation. In this method, the image 

is reconstructed by repeating the transformed image. In other words, a piece of an image can be 

approximated by other parts of a transformed image. So, the feature can be extracted by considering 

the image self-similarity. The fractal encoder divides an image into non-overlapping patches of size 

   , called a range block, which searches for another block in the image known as a domain block 

that look like the range block under an affine transformation. The most common fractal dimension is 

Hausdorff‟s fractal dimension     which is computed by the following expression: 

         
    ( )

           (40) 

where  ( ) represents dimension counting. It is possible to generate a log  ̅( ) inverse     ( ) 

curve when changing the   value. Finally, a line-fitting method is taken into account to approximate 

this curve by a straight line. The slope of this line corresponds to the Fractal dimension   .  

2.3.3. Autoregressive Model 

Autoregressive models have been applied for textures analysis, texture classification, and 

segmentation in the literature (Joshi et al., 2009). In an autoregressive model, the hypothesis is that 

current time series values might be influenced by past values from the same series. Practically, one or 

two lagged statements are adequate to estimate the current observation. However, in theory, current 

time series value may be determined by a large number of past observations. The autoregressive 

model is related to a linear regression model and can predict future behaviour based on past 

behaviour. In order to characterise texture, the autoregressive model provides a linear estimation of a 

grey-level pixel and its grey-level neighbourhood. The autoregressive process can be expressed as: 

                                 (41) 
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where                  stand for the past values, and            are lags‟ coefficients, and    

represent an uncorrelated process with a mean of zero. The parameter   is the number of periods that 

affect the time series. The value   is defined by the following equation:  

  (  ∑   
 
   ) .      (42) 

To estimate the coefficients of an autoregressive process, the covariance method is used. The 

covariance method minimises the forward prediction error and can find a suitable  th-order 

autoregressive for an image. As a result, 90 features are extracted from each image for the document 

image retrieval process.  

2.4. Structural-based Approaches 

In structural texture feature extraction approaches, the texture of images is characterised by 

primitives and a hierarchy of spatial arrangements of those primitives (Materka & Strzelecki, 1998). 

The structural approach mostly gives an emphasis to the shape aspects of the tonal primitives. The 

structural approaches can also provide a good symbolic description of an image. However, in the 

structural approaches, attaining a description and representation of primitives is challenging (J. Chen 

& Jain, 1988). It should also be noted that extracted features using structural approaches are more 

useful for synthesis than for analysis tasks (Materka & Strzelecki, 1998). Nonetheless, to see the 

effectiveness of structural approaches for the document image retrieval process, three commonly used 

methods are reviewed in the following subsections. 

2.4.1. Auto-correlation Function 

The auto-correlation function (ACF) was considered as a texture-based primitive extraction 

method for retrieving the scene images (Heilbronner, 1992). The ACF describes the movement of an 

image with respect to itself in all probable directions where the image is correlating with itself under 

the specific conditions. In the auto-correlation function, the shape and arrangement of texture-

primitives can be established from the locations of peaks. In other words, the ACF is applied to 

characterise the periodic properties of an image. If   is a stochastic process, then the auto-correlation 

between times  and   can be represented as follows: 

 (   )  
 (     )(     )

    
     (43) 

where   is the expected value operator. The significant point of auto-correlation is that the ACF is a 

directly measurable quantity. In the case of well-defined autocorrelation, the   value must be in the 

range [−1, 1], where 1 indicates perfect correlation. 

In this research study, the auto-correlation function is applied on document images to extract 

texture-primitives. The generalised Hough transform is then employed to extract texture features from 

peaks. As a result, a feature vector of 50 dimensions is created for each image to be considered for 

DIR. 

2.4.2.  Edge Detection 

One of the techniques to extract suitable structural information from an image is edge detection 

(Dixit & Shirdhonkar, 2018). Edge detection methods are used to intensely reduce the amount of data 

and keep only the edges of an image that preserve some texture information of the image. In this 

study, Canny edge detection, as one of the best edge detection methods in the literature (Canny, 

1986), is considered for experimentation. Canny edge detection is composed of five steps, as follows: 

i. Gaussian filter is applied to smooth the image and to remove noise. 

 (   )    (   )   (   )     (44) 
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√    
   . 

     

   /      (45) 

ii. The intensity gradients of the image are determined using: 

 (   )  √  
 (   )    

 (   )    (46) 

 (   )       [  (   )   (   )]    (47) 

iii. Non-maximum suppression is applied to clear the forged response for detecting edges, and it 

attempts to find the pixel with the maximum value in an edge. 

iv. The double threshold is applied to define the potential edges. The pixels with a high value are 

most likely to be edges. 

v. In the final step, all the other edges that are weak and not connected to strong edges, are 

destroyed and true edges in the image remain. 

After applying edge detection on document images, the Fourier transform method is taken into 

account to create a feature vector of size 50 features for the document image retrieval process. 

2.4.3. Morphological Operation 

The morphological operation is a collection of nonlinear processes that can provide some shape 

and texture information of images. Details smaller than a certain reference shape, called a structuring 

element, will be removed from the images using a morphological process (Daisy et al., 2012). By 

considering this method, the value of each pixel in the output image is the result of a comparison 

between a certain pixel with its neighbourhood pixels in the input image. Morphological operations 

are usually performed on binary images. Four primary operations of mathematical morphology are: 

dilation, erosion, opening, and closing. Top-hat filtering and down-hat filtering are two other 

operations of mathematical morphology.  

The dilation of an image   by a structuring element  (   ) is defined by: 

(   )(   )     * (       )   (   )+   (48) 

The erosion of image   by a structuring element  (   ) is defined by: 

(   )(   )     * (       )   (   )+  (49) 

The opening of image   by a structuring element is defined by: 

    (   )        (50) 

The closing of image   by a structuring element is defined by: 

    (   )         (51) 

The top-hat filtering of image   is given by: 

  ( )             (52) 

The down-hat filtering of image   is given by: 

  ( )             (53) 

As top-hat filtering provides better DIR results, the top-hat filtering method is considered in this 

research work for experimentation. After applying mathematical morphology for feature extraction, 

block truncation coding (BTC) is taken into account to calculate feature vectors. The original image 

is subtracted from the result generated by BTC, and a feature vector is created. 
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3. Document Image Retrieval Method 

The steps involved in general document image retrieval relevant to this study are demonstrated in 

Figure 3. The proposed method includes two phases, training and testing. Pre-processing, feature 

extraction and document retrieval based on a similarity measure are the main steps in the proposed 

document image retrieval method. 

 

  

 

 

 

 

 

  

 

 

 

 

  
Figure 3. Block diagram of the document image retrieval system 

3.1. Pre-processing 

Pre-processing, including filtering, skew correction, and normalisation, is a primary step in any 

DIR system to prepare document images for further processing. Filtering methods are commonly 

employed on document images to enhance their quality or appearance. Normalisation refers to either 

changing the image size or normalising the features extracted from the input image (A. Alaei et al., 

2016). In this research work, a mean filtering method (Griffin, 2000) is employed on binary 

document images. By applying a     mean filtering method 3 times, the binary images are 

converted to grey scale images. In addition, size normalisation is employed on the document images. 

Size normalisation is applied on a few texture feature extraction methods to obtain the same image 

size and consequently, feature vectors of a similar size. Size normalisation is performed only on the 

MTDB dataset, as in the MTDB dataset, every image has three different versions of it with three 

resolutions/sizes. Therefore, document images are resized to        pixels, which is the smallest 

size of images in the MTDB dataset. 

3.2. Feature Extraction 

Following pre-processing, in the feature extraction step, a set of features is computed to represent 

a document image with a feature vector. As mentioned before, in this research work twenty-six 

feature extraction methods from four categories of statistical, transform, model, and statistical-based 

Training documents Test documents 

Pre-processing 

Feature extraction 

Creating  

Knowledge-base 

Similarity measure 

Retrieved documents 

Knowledge-based 

database 
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approaches are considered to characterise document images. Feature vectors extracted from document 

images are further stored in a database, as a knowledge-based model, for retrieval purposes. 

3.3. Similarity Measures and Final Retrieval Results 

In the literature, nearest neighbor-based methods were commonly used for document image 

retrieval and good retrieval results have been obtained for documents with complex layouts (K. S. 

Kumar, Kumar, & Jawahar, 2007). Therefore, in this research work, a nearest neighbor-based method 

is used to obtain similarities between a query image and the trained document images. To compute 

these similarities, different similarity measures can be considered. As in most of the cases, the City-

block distance method provided better retrieval results compared to the Tanimoto, Euclidean and 

Cosine distances. The City-block distance (Melter, 1987) is considered in all experiments in this 

research work. To compute a similarity measure based on the City-block distance measure, the 

following equation is used:  

  (   )  ∑        
 
       (54) 

where A and B are the extracted feature vectors from a query image and a document image in the 

training set, respectively. The value of L shows the number of features in the feature vector and 

  (   ) represents the distance between the feature vectors A and B.    and    are also the  th
 feature 

in the feature vectors A and B. 

By using the City-block distance, the similarity between a given query and all the trained 

documents are computed. The Top-n most similar images with the highest similarity to a given query 

are then listed. To accept or reject the listed Top-n document images in a class, a threshold   based on 

the mean ( ) and standard deviation ( ) of distances (distance matrix) obtained from the trained 

samples is calculated as follows: 

            (55) 

where   is a tuning parameter. In our experiments, we considered different small values between 0 

and 2 in different methods to get the best retrieval results (F-score) from the training samples. This 

fixed value of   was used in the testing phase. 

4. Experimental Results and Discussion 

 

4.1. Document Datasets and Evaluation Metrics 

To validate the performance of different feature extraction methods for document image retrieval, 

three different document image datasets were used. The first dataset used for experimentation was the 

CLEF-IP dataset composed of 9 different classes of heterogeneous document images, including 

abstract drawings, graphs, flowcharts, and gene sequences (Piroi et al., 2011). The flowchart class 

includes only a few samples, so it was not considered in our experiments. In total, 37,771 document 

samples were used for the experiments. 

The second dataset was ITESOFT, which includes a variety of scanned official documents. The 

ITESOFT dataset was manually categorised into 12 different classes, and samples were not equally 

distributed in all the classes. In total, 1,116 document images with a 300DPI resolution were 

considered for experiments. 

The third dataset was the Media Team Document Database (MTDB) from the University of Oulu 

(Sauvola & Kauniskangas, 1999) that includes three different resolutions with a great diversity of 

page layouts. Among 19 different types of documents, such as articles, newsletters, advertisements, 
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and dictionary documents, 8 classes were omitted as those documents related to music, line drawing, 

and other non-text notation. In total, 1,322 document samples were used for experimentation. 

The Precision ( ), Recall ( ) and F-score, as three commonly used metrics in the image retrieval 

literature, were considered as evaluation metrics.   is defined as the number of correctly retrieved 

document images over the number of retrieved documents, while   is defined as the number of 

correctly retrieved documents over the actual number of document images. The F-score is derived 

from the precision and recall and is defined as     (   ) (   ). The F-score is a strict 

measurement as it reflects the degree of balance between precision and recall instead of only the 

absolute value of the precision and recall. The document images, which have maximum visual 

similarity to a given query, were ranked in the first (Top-1), Top-3, Top-5, and Top-10, and 

accordingly, the F-scores were measured. 

The Top-1 value indicates the percentage of correct retrieval results at the first position with 

respect to a given query. Consequently, the Top-10 value represents the performance of the system 

when the document image retrieval system ranks the correct document image with respect to a given 

query in the first 10 places. 

In our experiments on the three datasets, a cross-validation technique was used to randomly select 

33% of the samples from each class in each round for the training, and the rest of the samples for the 

testing. The training and testing sets did not have any overlap for the experiments. To evaluate the 

performance of a feature extraction method incorporated in the DIR system, the experiments were 

repeated 30 times. The mean  , mean   and mean F-score were computed and reported as final 

results for each feature extraction method. 

It is worth noting that we considered the one-way ANOVA test on F-scores obtained based on 

each feature extraction method to check the significance of resampling in the final retrieval results . A 

null hypothesis against the alternative hypothesis was considered. The p-value varied within [0.914, 

0.998], [0.823, 0.964] and [0.568, 0.981] for the CLEF_IP dataset, the ITESOFT dataset, and the 

MTDB dataset, respectively. In the results, the null hypothesis was not rejected as        for all 

three datasets. Thus, resampling in each run did not have much influence on the F-scores. 

4.2. Results and Comparison Analysis 

The results obtained using different texture-based features for DIR on the CLEF_IP, ITESOFT, 

and MTDB datasets are shown in Tables 1, 2 and 3. 

From the retrieval results on the CLEF_IP dataset shown in Table 1, it is clear that in the first 

group of statistical approaches, the GLTCS provided the highest F-scores of 77.74% and 95.76% in 

the group at Top-1 and Top-10, respectively. Among the second group of statistical approaches, 

variations of the BGC method (BGC1, BGC2, and BGC3) showed better retrieval performance. The 

BGC1 method provided the best retrieval results with F-scores of 79.27% and 96.11% at Top-1 and 

Top-10, respectively. By employing transform-based approaches for DIR, the Gist descriptor method 

provided the best F-scores of 80.87% at Top-1 and 96.50% at Top-10. Amongst the model-based 

approaches, the auto-regressive method provided the best F-score results of 73.75% and 94.54% at 

Top-1 and Top-10, respectively. In the structural-based approaches, morphology obtained better 

retrieval results compared to the other methods in the group. From Table 1 it can be concluded that 

overall, the transform-based texture features provided better document image retrieval performance 

on the CLEF_IP dataset compared to other categories of texture-based features. It is worth 

mentioning that the Gist features from the transform-based category achieved the best document 
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image retrieval results compared to all other texture-based features employed on the CLEF_IP dataset 

for document image retrieval. 

Table 1. Comparison of the results obtained by four texture-based categories applied on the CLEF_IP dataset. 

Metric Precision Recall F-score 

Category Method 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Statistical-based 
approach 

 (1st group) 

     21.75 47.35 61.68 79.00 100 100 100 100 35.73 64.26 76.30 88.27 

      33.51 60.87 72.41 84.28 100 100 100 100 50.20 75.68 84.00 91.47 

     37.14 62.36 73.73 85.58 99.97 99.96 99.98 100 54.16 76.80 84.87 92.23 

GLTCS 65.25 82.37 87.69 92.87 96.14 97.56 98.02 98.84 77.74 89.32 92.57 95.76 

Statistical-based 

approach 

 (2nd group) 

 

    59.85 76.68 82.91 89.37 94.21 96.97 98.21 99.10 73.20 85.64 89.91 93.99 

       49.77 70.60 78.60 86.91 97.92 98.99 99.25 99.63 66.00 82.42 87.73 92.84 

       52.48 72.98 80.52 88.22 97.65 98.96 99.21 99.66 68.27 84.01 88.90 93.59 

          62.18 78.11 83.89 90.06 92.08 95.18 96.58 98.55 74.23 85.80 89.79 94.11 

        64.01 78.88 84.06 89.83 92.53 94.70 95.79 97.47 75.67 86.07 89.54 93.50 

    63.93 79.55 85.09 91.52 91.23 93.90 95.19 97.10 75.18 86.13 89.86 94.23 

     67.13 82.22 87.31 92.68 90.38 94.46 96.18 98.28 77.04 87.92 91.53 95.40 

F-LBP 52.78 73.20 80.70 88.34 96.94 98.40 98.79 99.33 68.34 83.95 88.83 93.51 

    56.65 77.31 85.02 92.11 98.90 99.32 99.47 99.71 72.04 86.94 91.68 95.76 

     58.87 78.58 85.43 91.97 99.25 99.68 99.81 99.87 73.91 87.88 92.06 95.76 

     69.01 84.99 89.67 94.12 93.10 95.73 96.85 98.18 79.27 90.04 93.12 96.11 

     68.39 84.09 88.99 93.90 92.13 95.02 96.32 97.95 78.51 89.22 92.51 95.88 

     68.82 84.44 89.07 93.58 94.36 96.41 97.27 98.38 79.59 90.03 92.99 95.92 

     67.80 83.67 88.71 93.61 93.85 95.71 96.68 97.86 78.73 89.29 92.52 95.69 

      54.58 74.04 81.32 88.77 97.07 98.19 98.53 99.21 69.87 84.42 89.10 93.70 

D-LBP 58.44 77.63 84.03 90.50 97.34 98.63 99.04 99.57 73.04 86.88 90.92 94.82 

ID-LBP 57.12 76.72 83.45 90.02 96.78 98.01 98.50 99.13 71.84 86.07 90.35 94.36 

Transform-based 

approach 
        60.50 79.38 85.94 91.62 99.97 100 100 100 75.38 88.50 92.44 95.62 

        66.56 82.74 88.06 93.17 99.89 99.96 100 99.99 79.89 90.54 93.65 96.20 

      63.25 80.52 86.19 91.82 97.95 98.75 99.08 99.56 76.87 88.71 92.19 95.53 

      44.95 67.96 76.89 86.05 96.33 98.32 98.64 99.25 61.30 80.37 86.42 92.18 

           63.25 80.52 86.19 91.82 97.95 98.75 99.08 99.56 76.87 88.71 92.19 95.53 

     67.89 83.71 88.56 93.24 99.98 100 100 100 80.87 91.13 93.93 96.50 

Model-based  

approach 
MRF 39.80 55.89 62.84 72.06 82.94 91.72 97.92 98.62 53.79 69.46 76.55 83.27 

Fractal 24.25 35.13 39.96 45.13 100 100 100 100 39.03 51.99 57.10 62.19 

Auto-reg. 58.44 76.32 82.67 89.65 99.95 99.99 99.99 100  73.75 86.56 90.51 94.54 

Structural-based 

approach 
ACF 64.95 80.76 85.97 91.55 99.91 99.98 100 100 78.73 89.35 92.46 95.59 

Edge det.  27.03 52.51 65.40 79.86 98.57 99.53 99.75 99.89 42.42 68.75 79.00 88.76 

Morphology 49.07 69.56 77.89 87.02 99.91 99.98 99.99 100 65.82 82.04 87.57 93.06 

 

From the retrieval results on the ITESOFT dataset shown in Table 2, it can be noted that in the 

first group of statistical approaches, the GLTCS feature extraction method, similar to the CLEF_IP 

dataset, provided better F-scores in the Top-1 to Top-10 with 77.34%, 87.48%, 91.38%, and 94.99%, 

respectively. In the second group of statistical approaches, better F-scores of 78.26% and 94.89% at 

Top-1 and Top-10, respectively, were obtained using the      and        feature extraction 

methods. For the transform-based approaches, the Gist operator attained the highest F-scores of 

85.35% and 95.53% at Top-1 and Top-10, respectively. For the model-based approaches, the auto-

regressive method obtained the highest F-scores at Top-1 to Top-10. The morphology method, 

amongst the structural-based approaches, provided the best F-scores and precision percentages. From 

the results shown in Table 2, it can be concluded that the Gist operator provided the best F-scores 

compared to all the feature extraction methods applied for DIR on the ITESOFT dataset. 
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Table 2. Comparison of the results obtained by four texture-based categories on the ITESOFT dataset 

Metric Precision Recall F-score 

Category Method 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Statistical-based 

approach 
 (1st group) 

     32.62 53.40 62.15 75.14 100 100 100 100 49.19 69.62 76.65 85.80 

      35.67 54.73 63.75 75.84 99.93 99.87 99.98 99.99 52.57 70.71 77.86 86.26 

     54.80 72.53 73.91 83.16 80.00 80.00 99.95 99.99 65.05 76.08 84.98 90.80 

GLTCS 63.09 77.75 84.16 90.46 99.89 100 100 100 77.34 87.48 91.38 94.99 

Statistical-based 

approach 

 (2nd group) 

    56.90 69.71 80.00 88.76 87.33 96.28 99.11 99.75 68.90 80.86 88.53 93.93 

       49.16 67.77 74.98 84.49 99.70 99.99 99.98 99.98 65.85 80.79 85.70 91.59 

       47.57 69.50 80.04 90.43 93.00 99.81 99.80 99.82 62.94 81.14 88.83 94.89 

          54.11 66.86 72.19 76.26 76.86 99.01 99.82 99.92 63.51 79.82 83.79 86.50 

        52.71 65.71 73.18 81.69 94.34 98.99 98.85 99.94 67.63 78.99 84.10 89.90 

    62.63 75.72 81.52 87.24 100 100 100 100 77.03 86.18 89.82 93.18 

     64.29 77.85 82.74 89.08 99.99 99.99 100 100 78.26 87.54 90.56 94.21 

F-LBP 48.28 68.31 74.82 82.71 99.99 99.99 100 100 65.12 81.17 85.60 90.54 

    49.53 67.08 75.35 85.00 99.98 100 100 100 66.25 80.30 85.94 91.89 

     46.25 65.30 73.56 81.32 99.97 100 100 100 63.24 79.01 84.77 89.69 

     60.08 72.01 83.85 82.85 75.20 99.94 100 99.94 66.79 83.70 91.22 90.59 

     58.22 74.09 76.32 86.43 79.16 98.73 99.08 99.93 67.10 84.65 86.23 92.69 

     59.77 76.51 82.35 88.65 82.97 100 100 100 69.49 86.69 90.32 93.98 

     61.57 70.84 77.84 86.06 64.08 99.98 99.99 99.98 62.80 82.92 87.54 92.50 

      49.81 60.58 69.35 86.62 95.95 98.93 100 100 65.58 75.14 81.90 92.83 

D-LBP 55.50 68.48 78.16 87.27 79.86 99.99 99.99 100 65.49 81.29 87.73 93.20 

ID-LBP 55.73 69.18 77.04 85.78 79.99 100 100 100 65.69 81.78 87.03 92.34 

Transform-based  

approach 
        69.53 80.47 83.75 87.64 91.02 95.52 97.79 98.91 78.84 87.35 90.23 92.94 

        51.71 57.35 67.73 79.44 50.00 99.99 99.99 99.99 50.84 72.89 80.76 88.54 

      71.61 81.84 84.59 87.66 92.12 96.14 96.99 99.19 80.58 88.42 90.37 93.07 

      51.76 65.26 71.32 79.43 99.72 99.96 99.91 99.93 68.20 78.96 83.23 88.51 

           73.89 83.79 86.98 91.16 98.69 99.34 99.89 99.91 84.51 90.91 92.99 95.38 

     74.56 85.45 87.56 91.44 99.79 99.97 100 100 85.35 92.14 93.37 95.53 

Model-based  
approach 

MRF 61.03 73.64 79.94 84.01 97.96 98.98 99.29 99.68 75.21 84.45 88.80 91.18 

Fractal 59.19 74.32 79.79 87.46 91.37 95.42 98.24 99.53 71.84 83.56 88.06 93.10 

Auto-reg. 64.81 76.13 82.81 90.24 96.53 99.30 99.40 100 77.55 86.19 90.35 94.87 

Structural-based  

approach 
ACF 32.98 47.59 58.77 71.74 75.00 99.98 99.95 99.98 45.81 64.49 74.02 83.54 

Edge det.  47.81 66.07 75.12 84.31 79.98 100 100 100 59.85 79.57 85.79 91.49 

Morphology 65.28 77.49 80.93 86.52 98.87 98.94 99.09 99.89 78.63 86.91 89.09 92.73 

 

Retrieval results on the MTDB shown in Table 3 reveal that in the first group of statistical 

approaches, although the GLDM features provided the highest F-scores, the GLTCS feature extraction 

method, similar to the ITESOFT and CLEF_IP datasets, provided comparable F-scores of 59.42%, 

71.77%, 76.08% and 82.02% in the Top-1 to Top-10, respectively. In the second group of statistical 

approaches, the highest precision and the best F-score of 86.46% at the Top-10 were obtained using the 

ILBP feature extraction method. For the transform-based approaches, the Gist operator provided the 

highest F-scores of 74.37% and 89.81% at Top-1 and Top-10, respectively. For the model-based 

approaches, the auto-regressive method obtained the highest F-scores at Top-1 to Top-10, and the 

morphological feature extraction method provided the best precision and F-scores amongst the 

structural-based approaches. From the results shown in Table 3, it is evident that the Gist operator 

again provided the best F-scores compared to all the feature extraction methods applied for DIR on the 

MTDB. 
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Table 3. Comparison of the results obtained by four texture-based categories on the MTDB. 

Metric Precision Recall F-score 

Category Method 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Statistical-based 

approach 
(1st group) 

     25.90 42.44 51.17 65.41 99.50 100 100 100 41.10 59.59 67.70 79.09 

      24.36 38.80 45.54 58.80 100 100 100 100 39.18 55.91 62.58 74.06 

     43.83 57.00 62.38 70.44 98.96 100 100 100 60.75 72.61 76.84 82.66 

GLTCS 42.27 55.97 61.40 69.52 99.95 99.97 99.99 100 59.42 71.77 76.08 82.02 

Statistical-based 

approach 

 (2nd group) 

    51.63 66.13 69.87 76.00 98.09 99.55 99.96 100 67.66 79.52 82.25 86.36 

       42.30 55.75 60.62 68.56 99.57 99.99 100 100 59.37 71.58 75.48 81.34 

       50.33 63.00 68.50 75.17 94.85 98.48 99.67 99.71 65.76 76.84 81.20 85.71 

          51.84 60.85 65.78 72.03 77.19 97.33 99.21 100 62.02 74.89 79.11 83.74 

        49.64 63.33 68.01 71.12 96.53 99.30 99.40 100 65.56 77.34 80.76 83.13 

    51.16 59.36 65.13 73.55 84.64 95.03 99.11 99.66 63.77 73.07 78.60 84.64 

     52.09 66.21 71.85 76.17 92.01 96.72 98.76 99.98 66.52 78.55 83.18 86.46 

F-LBP 46.42 59.36 65.09 71.84 96.33 99.01 99.99 100 62.65 74.22 78.85 83.62 

    43.92 55.21 61.57 69.70 99.18 99.98 100 100 60.88 71.14 76.22 82.15 

     41.10 53.60 60.31 71.35 98.02 99.21 100 100 57.91 69.60 75.25 83.28 

     46.93 59.07 63.44 70.24 85.57 94.75 97.70 99.62 60.61 72.77 76.93 82.39 

     47.81 59.40 64.49 71.84 95.75 98.42 99.96 100 63.78 74.09 78.40 83.62 

     39.64 53.17 58.55 67.23 99.75 100 100 100 56.74 69.42 73.86 80.41 

     47.36 56.99 63.34 72.25 82.25 97.11 99.04 99.67 60.11 71.83 77.26 83.77 

      38.63 54.46 61.63 71.27 99.97 100 100 100 55.73 70.52 76.26 83.22 

D-LBP 46.55 60.38 64.93 72.84 90.99 97.42 98.48 99.98 61.59 74.56 78.26 84.28 

ID-LBP 45.37 56.52 63.64 68.75 97.51 98.31 99.96 100 61.92 71.78 77.77 81.48 

Transform-based 

approach 
        57.75 67.59 73.41 79.26 98.06 98.86 99.23 99.98 72.91 80.02 84.39 88.42 

        32.01 48.34 56.78 68.02 99.79 100 100 100 48.49 65.18 72.43 80.97 

      60.10 68.98 73.76 80.74 96.25 97.36 99.67 99.86 74.13 80.75 84.67 89.29 

      44.78 54.08 59.21 70.92 96.68 99.71 99.99 100 61.21 70.13 74.21 82.99 

           60.36 71.20 76.50 81.58 94.83 98.44 99.21 99.55 73.76 82.63 86.39 89.68 

     59.26 69.13 72.96 79.21 99.95 100 100 100 74.37 81.74 84.37 89.81 

Model-based 

approach 
MRF 19.67 49.86 57.24 67.44 100 100 100 100 32.87 66.54 72.81 80.56 

Fractal 28.26 57.95 63.78 74.31 95.96 99.98 100 100 43.67 73.37 77.89 85.26 

Auto-reg. 56.86 68.56 72.33 77.68 97.22 98.92 98.89 100 71.76 80.99 83.55 87.44 

Structural-based 
approach 

ACF 20.41 39.01 47.17 58.92 100 100 100 100 33.89 56.13 64.10 74.15 

Edge det.  32.45 49.18 56.50 68.03 99.97 99.99 99.98 100 49.00 65.93 72.20 80.98 

Morphology 55.34 63.27 67.76 75.93 97.47 99.96 100 100 70.60 77.49 80.78 86.32 

To summarise the results obtained, and to compare the effectiveness of different texture-based 

feature categories, the average of F-scores at the Top-1 on the CLEF_IP, ITESOFT, and MTDB 

datasets were calculated for each category, and the results are presented in Figure 4. From Figure 4 it 

is evident that texture features in the transform-based category consistently performed better on all 

three datasets compared to the other categories. Moreover, in line with this finding, we noted that the 

Gist descriptor, in particular, showed more consistency in the retrieval process and provided the best 

retrieval results on all three datasets compared to the other feature extraction methods. To get an idea 

of the performance of the Gist operator, a precision and recall curve of the retrieval results obtained 

from the ITESOFT dataset is shown in Figure 5. The precision and recalls were computed based on 

different values of   (or threshold  ). From the results shown in Figure 5, it can be noted that the Gist 

features provided quite high precision (83% to 97%) when recalls varied between 100% and 48%.  

Feature extraction methods in other categories provided inconsistent results on different datasets. 

However, there were some exceptions, for example, the GLTCS from the first group of statistical 

approaches, variations of LBP and BGC from the second group of statistical approaches, the 

autoregressive method from the model-based approaches and the morphology-based method from the 

structural-based approaches showed more consistency in providing retrieval results compared to the 

other feature extraction methods. Therefore, it is recommended that transform-based texture features, 
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in general, can be applied on scenarios where a DIR system is required to deal with document images 

with diverse content, size, and format (colour/grey/binary).  

 

Figure 4. Comparison of the average F-scores at Top-1 obtained based on different categories of texture-based 

features applied for DIR on the CLEF_IP, ITESOFT and MTDB datasets 

 

Figure 5. The precision and recall curve obtained from the Gist descriptor on the ITESOFT dataset with 

different thresholds. 

Furthermore, to illustrate the behaviour of different feature extraction methods in relation to the 

retrieval results obtained for each class, the methods performing the best in their category were selected. 

The Top-1 retrieval results on the ITESOFT dataset with 12 classes were then computed, and the results 

are shown in Table 4. A graphical representation of the results based on F-scores is also provided in 

Figure 6. As is demonstrated in Figure 6 and Table 4, considering the F-scores for comparison, the Gist 

operator performed well on most of the classes except Class 7 (C7), Class 10 (C10), and Class 11 (C11), 

where the ILBP, GLTCS, and morphology features provided the best performance in these three classes, 

respectively. This observation may lead to the use of a feature fusion strategy by considering transform 

and statistical-based features that may result in better document retrieval results. 

Statistical-

based (1st)

Statistical-

based (2nd)

Transfom-

based
Model-based

Structural-

based

CLEF_IP 54.46 73.81 75.31 55.52 62.32

ITESOFT 61.04 65.65 74.72 72.87 61.43

MTDB 50.11 61.92 67.61 49.43 50.61
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Table 4. The Top-1 results obtained from the texture-based features performing well on all classes of the 

ITESOFT dataset. 

Method Metric 

Class Label 

C1 C2 C 3 C4 C5 C6 C7 C8 C9 C10 C11 C12 

GLTCS 

Precision 73.72 76.58 23.08 53.73 42.31 53.85 82.35 81.55 45.45 72.73 97.96 34.15 

Recall 99.78 100 100 100 100 100 93.21 100 98.08 100 100 100 

F-score 84.79 86.74 37.50 69.90 59.46 70.00 87.44 89.84 62.12 84.21 98.97 50.91 

ILBP 

Precision 78.21 82.25 31.88 54.85 41.83 60.71 80.21 85.68 50.00 43.18 97.96 36.31 

Recall 100 100 100 100 99.55 100 100 100 100 98.02 100 100 

F-score 87.77 90.26 48.34 70.84 58.90 75.56 89.02 92.29 66.67 59.95 98.97 53.28 

Gist 

Precision 90.36 85.56 54.88 80.20 81.41 75.82 73.61 90.09 62.19 69.70 97.96 94.44 

Recall 100 99.55 100 98.69 100 100 100 98.02 100 100 100 100 

F-score 94.94 92.03 70.87 88.49 89.75 86.25 84.80 93.89 76.69 82.14 98.97 97.14 

Auto-reg. 

Precision 82.63 73.86 40.51 75.13 79.33 35.44 74.77 81.98 41.50 36.36 98.47 80.20 

Recall 100 99.79 98.44 98.57 100 100 100 96.20 100 100 100 100 

F-score 90.49 84.89 57.39 85.27 88.47 52.34 85.57 88.52 58.66 53.33 99.23 89.01 

Morphology 

Precision 82.69 79.14 43.59 84.13 80.00 46.15 41.67 78.95 40.00 18.18 100 76.19 

Recall 99.62 100 100 92.20 100 95.83 100 95.69 100 100 100 100 

F-score 90.37 88.36 60.71 87.98 88.89 62.30 58.82 86.51 57.14 30.77 100 86.49 

 

 

Figure 6. Comparison of DIR results obtained for each class of the ITESOFT dataset based on different texture-

based features (from each category) 

4.3. Impact of Different Resolutions on Texture-based DIR Results 

To investigate the impact of different resolutions on texture-based DIR, document images with 

three different resolutions (high, low and thumbnail size) from the MTDB were considered for 

training purposes, and DIR results were obtained according to each resolution. 

The DIR results obtained when the system was trained with high-resolution samples are presented 

in Table 5. From Table 5 it is noted that in the first group of statistical approaches, the GLRLM 

performed better compared to the other methods in the group with an F-score of 68.21% at the Top-

10. The standard LBP method showed the highest F-score results in the Top-1 to Top-10 in the 

second group of statistical-based approaches. The Gabor wavelet method from the transform-based 

approaches provided the highest F-scores with the F-scores of 70.72% and 81.72% at Top-1 and Top-

10, respectively. In the model-based and structural-based approaches, the auto-regressive method and 
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morphology performed well in their respective groups providing high F-scores compared to the other 

methods in their categories. 

Table 5. Comparison of the results obtained by four texture-based categories on the MTDB when the DIR 

system was trained with only high-resolution document images and tested on the remainder of the dataset. 

Metric Precision Recall F-score 

Category Method 

Top-1 
(%) 

Top-3 
(%) 

Top-5 
(%) 

Top-10 
(%) 

Top-1 
(%) 

Top-3 
(%) 

Top-5 
(%) 

Top-10 
(%) 

Top-1 
(%) 

Top-3 
(%) 

Top-5 
(%) 

Top-10 
(%) 

Statistical-based 

approach 
(1st group) 

     20.75 33.00 37.66 48.79 56.49 81.60 84.63 93.85 30.35 47.00 52.13 64.21 

      18.70 31.18 39.98 52.15 97.06 98.37 98.14 98.56 31.36 47.36 56.82 68.21 

     22.79 23.63 29.63 47.87 96.21 100 100 100 36.85 38.22 45.72 64.75 

GLTCS 23.23 26.57 30.33 45.80 79.06 92.81 98.04 99.92 35.90 41.31 46.32 62.81 

Statistical-based 

approach 

 (2nd group) 

    46.66 59.82 66.62 78.92 75.82 92.62 90.89 89.21 57.77 72.69 76.88 83.75 

       22.98 25.06 31.16 53.88 88.57 94.08 99.71 99.89 36.49 39.58 47.48 70.00 

       21.12 25.30 30.92 53.41 96.08 99.93 100 100 34.63 40.38 47.24 69.63 

          24.15 27.59 30.12 55.29 84.43 94.69 98.97 99.52 37.98 42.97 49.29 70.56 

        24.13 35.35 38.17 64.92 89.79 90.18 91.42 92.15 38.03 51.16 54.89 75.69 

    20.87 27.73 31.07 50.97 92.44 97.29 98.99 99.84 34.05 43.16 47.29 67.49 

     22.02 26.31 29.92 47.96 93.28 99.87 99.37 99.96 35.62 41.65 45.99 64.82 

F-LBP 22.83 23.16 30.20 50.32 92.69 93.36 95.83 99.35 35.93 37.12 45.93 66.81 

    20.08 26.72 30.25 47.87 96.16 96.80 98.87 99.94 33.23 41.87 46.32 64.73 

     22.02 26.31 29.92 47.96 93.28 99.87 99.37 99.96 35.62 41.65 45.99 64.82 

     21.75 30.92 31.85 52.12 99.92 99.98 99.50 99.98 35.72 47.23 48.26 68.52 

     20.96 27.50 31.08 55.00 97.86 98.89 100 100 34.58 43.03 47.42 70.96 

     21.10 25.09 30.98 51.35 90.35 94.33 99.63 99.92 34.21 39.64 47.27 67.84 

     19.94 23.02 31.45 46.91 97.30 98.34 99.04 99.96 33.09 37.30 47.74 63.85 

      18.18 25.70 29.77 45.85 99.95 100 100 100 30.76 40.89 45.88 62.86 

D-LBP 23.09 30.16 30.99 51.41 84.83 96.89 98.37 99.40 36.30 46.00 47.14 67.77 

ID-LBP 21.41 23.33 31.49 53.23 93.24 99.98 98.91 100 34.83 37.83 47.77 69.47 

Transform-based 

approach 
        44.17 50.30 52.99 57.52 85.51 94.67 96.03 97.73 58.73 66.79 68.37 73.42 

        18.08 23.55 29.59 47.60 99.94 99.98 100 100 30.62 38.13 45.67 64.49 

      62.31 64.43 64.70 70.58 81.77 90.98 94.55 97.03 70.72 75.44 76.82 81.72 

      34.70 46.00 53.00 63.73 89.52 94.66 96.97 98.49 50.01 61.91 68.54 77.39 

           40.62 54.16 59.92 69.43 87.47 97.73 98.48 99.54 55.48 69.69 74.50 81.80 

     52.05 60.57 61.42 66.42 86.09 92.27 95.21 99.03 64.87 73.13 74.67 79.51 

Model-based 
approach 

MRF 30.54 45.61 52.88 61.99 92.70 95.25 96.59 96.47 45.95 61.69 68.35 75.48 

Fractal 33.53 47.11 53.28 64.03 99.75 99.92 100 100 50.18 64.03 69.52 78.07 

Auto-reg. 38.16 49.08 54.25 64.84 95.08 97.16 99.30 99.72 54.47 65.21 70.17 78.58 

Structural-based 

approach 
ACF 14.27 27.29 34.20 53.05 100 100 100 100 24.97 42.88 50.96 69.33 

Edge det.  22.79 36.14 43.15 60.09 75.43 88.00 91.21 90.53 35.00 51.23 58.58 72.24 

Morphology 57.62 59.39 60.44 67.09 82.62 90.84 91.37 95.76 67.89 71.83 72.21 78.90 

 

Table 6 presents the experimental results on low-resolution samples of the MTDB method. In the 

first statistical group, the GLTCS with F-scores of 56.56% and 80.59% at Top-1 and Top-10 provided 

the highest values in most of the cases in the group. In the second statistical group, LTP at Top-1, 

with 64.54% and ID-LBP at Top-10 with 80.40% demonstrated the highest F-scores. Among the 

transform-based approaches, the Gist operator at Top-1 (67.27%) and Contourlet at Top-10 (85.62%) 

provided the highest F-score results in the transform-based approaches as well as other methods in 

Table 6. The auto-regressive method and morphology from two other categories provided better F-

scores at Top-1 compared to the other methods in their own categories. 
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Table 6. Comparison of the results obtained by four texture-based categories on the MTDB when the DIR 

system was trained with only low-resolution document images and tested on the remainder of the dataset. 

Metric Precision Recall F-score 

Category Method 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Statistical-based 

approach 
(1st group) 

     26.83 35.56 36.67 51.52 43.52 78.87 89.10 98.10 33.20 49.02 51.96 67.56 

      29.86 37.48 39.74 52.27 66.41 97.70 97.71 97.59 49.73 45.74 54.18 68.07 

     41.25 52.01 58.90 68.60 82.15 86.99 89.78 88.60 54.93 65.10 71.13 77.33 

GLTCS 42.63 59.26 67.06 72.23 84.00 87.91 90.86 91.15 56.56 70.80 77.17 80.59 

Statistical-based 

approach 

 (2nd group) 

    59.01 64.27 63.83 71.13 70.47 76.24 82.72 88.15 64.24 69.74 72.06 78.73 

       47.32 61.65 64.41 76.66 70.39 82.24 85.89 86.77 56.59 70.47 73.62 81.40 

       48.11 57.64 61.55 68.26 68.83 82.28 87.44 87.45 56.64 67.79 72.25 76.67 

          51.89 60.69 63.79 69.48 74.28 79.45 83.85 86.12 61.10 68.81 72.46 76.91 

        48.33 59.73 60.08 63.35 66.34 76.78 84.57 89.06 55.62 67.74 70.50 77.69 

    33.82 36.74 40.24 57.90 87.46 89.22 85.66 93.09 48.77 52.04 54.76 71.39 

     39.49 61.83 69.40 77.64 81.82 75.10 72.62 81.54 53.27 67.82 70.98 79.54 

F-LBP 48.86 62.16 67.15 69.97 76.26 85.89 80.21 88.89 59.56 72.12 73.10 78.30 

    52.67 61.58 65.02 76.25 83.30 82.41 78.96 80.06 64.54 70.49 71.31 78.11 

     39.49 61.83 69.40 77.78 81.82 75.10 72.62 81.54 53.27 67.82 70.98 79.54 

     72.02 73.53 68.60 67.73 43.80 60.91 68.15 79.44 54.47 68.07 68.37 73.12 

     72.15 73.37 59.22 69.53 52.14 62.70 74.67 86.00 60.53 67.70 66.05 76.90 

     48.15 63.00 66.31 66.70 69.98 81.26 77.54 88.66 57.05 70.98 71.48 76.12 

     45.11 61.63 66.77 74.30 81.62 84.78 84.77 90.06 58.10 71.37 74.70 81.42 

      43.75 55.41 62.09 68.52 79.12 84.47 87.08 85.67 56.35 66.92 72.49 76.14 

D-LBP 55.86 63.66 66.72 73.21 70.73 82.51 84.45 87.10 62.42 71.87 74.55 79.56 

ID-LBP 32.09 64.65 70.89 72.96 88.18 85.64 86.80 89.54 47.05 73.68 78.04 80.40 

Transform-based 

approach 
        46.28 51.61 52.95 58.03 80.89 90.49 94.35 96.70 59.56 65.90 67.92 72.95 

        26.06 33.25 42.39 54.70 90.49 92.05 94.51 92.99 40.47 48.85 58.53 68.88 

      53.80 58.14 59.92 64.54 84.08 88.47 92.01 97.28 65.62 70.17 72.58 77.60 

      36.25 48.90 54.53 65.83 90.64 94.00 96.97 98.37 51.79 64.33 69.81 78.88 

           54.11 66.50 72.04 75.42 83.82 94.66 95.94 99.01 65.77 78.12 82.29 85.62 

     55.57 61.16 62.22 70.26 85.20 89.99 93.36 98.56 67.27 72.83 74.67 82.04 

Model-based 
approach 

MRF 32.08 34.97 38.03 48.94 95.61 97.36 98.18 98.33 48.04 51.45 54.82 65.36 

Fractal 43.09 52.16 58.56 67.85 86.61 92.23 98.63 99.31 57.55 66.63 73.49 80.62 

Auto-reg. 44.86 49.97 54.78 64.34 89.54 96.86 97.99 98.74 59.77 65.93 70.27 77.91 

Structural-based 
approach 

ACF 13.13 26.76 36.53 49.51 89.15 93.00 95.32 92.07 22.89 41.56 52.82 64.39 

Edge det.  37.99 52.91 58.91 69.18 72.29 85.73 87.32 88.20 49.80 65.44 70.36 77.54 

Morphology 49.33 54.08 58.20 66.63 84.77 94.18 94.69 97.17 62.37 68.71 72.09 79.05 

 

Table 7 shows the experimental results on thumbnail size samples of the MTDB dataset. In the 

first statistical group, the GLTCS method demonstrated the highest performance in the group. In the 

second statistical group,         and F-LBP obtained the highest F-scores in the group. By applying 

transform-based approaches on thumbnail size document images, the Contourlet method provided the 

highest precision and F-score at Top-1 to Top-10, respectively. In model-based and structural-based 

approaches, the auto-regressive and morphology methods performed well, similar to the results using 

high and low-resolution images for training. 

The experimental results (F-scores at Top-1), considering different resolutions for training, 

demonstrated that the statistical texture feature extraction approaches, except the GLRLM method, 

provided better retrieval results when the proposed retrieval system was trained using low-resolution 

document images compared to high-resolution. There was no consistency in the results obtained from 

the transform-based approaches when the system was trained on high-resolution, low-resolution, and 

thumbnail size document images. However, the overall results were better when the DIR system was 

trained using low-resolution images. In model-based approaches, training the system using high-

resolution document images provided a higher F-score, except in the Markov random method that 
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provided a better F-score using low-resolution and thumbnail size images for training. The structural-

based approaches usually demonstrated better results on high-resolution images. 

Table 7. Comparison of the results obtained by four texture-based categories on the MTDB dataset, the DIR 

system was trained with only thumbnail size document images and tested on the rest of the dataset. 

Metric Precision Recall F-score 

Category Method 

Top-1 
(%) 

Top-3 
(%) 

Top-5 
(%) 

Top-10 
(%) 

Top-1 
(%) 

Top-3 
(%) 

Top-5 
(%) 

Top-10 
(%) 

Top-1 
(%) 

Top-3 
(%) 

Top-5 
(%) 

Top-10 
(%) 

Statistical-based 

approach 
(1st group) 

     25.08 37.65 37.43 46.87 64.07 86.96 91.08 98.38 36.05 52.55 53.06 63.49 

      13.52 26.06 36.51 52.80 99.94 100 100 100 23.81 41.34 53.49 69.11 

     43.37 54.97 63.23 71.96 89.74 91.00 92.25 92.26 58.47 68.53 75.03 80.86 

GLTCS 41.60 56.34 65.88 75.25 88.38 90.93 91.82 92.38 56.57 69.57 76.72 82.94 

Statistical-based 

approach 
 (2nd group) 

    53.41 64.77 70.13 79.29 72.77 89.47 87.84 88.56 61.60 75.15 77.99 83.67 

       40.69 57.16 64.91 74.55 91.14 91.83 92.31 92.56 56.26 70.48 76.22 82.59 

       46.83 60.08 67.50 78.00 88.40 91.10 92.34 92.32 61.23 72.41 77.99 84.56 

          49.98 60.79 67.51 70.44 91.38 91.85 92.37 93.91 64.62 73.16 78.00 81.64 

        52.77 65.08 70.91 78.08 90.70 90.56 89.54 88.19 66.72 76.41 79.14 82.83 

    47.29 58.51 65.16 75.60 85.39 89.28 88.85 88.45 60.87 70.69 75.18 81.52 

     32.30 50.86 58.45 69.03 90.18 84.22 85.31 91.99 47.57 63.42 69.37 78.88 

F-LBP 46.59 64.32 70.94 80.21 90.91 91.85 92.31 91.40 61.61 75.66 80.16 85.44 

    38.68 52.26 57.79 69.27 79.63 77.77 79.31 78.44 52.07 62.51 66.86 73.57 

     32.30 50.86 58.45 69.03 90.18 84.22 85.31 91.99 47.57 63.42 69.37 78.88 

     65.31 66.07 68.35 69.32 61.69 79.37 81.23 83.64 63.45 69.03 70.25 75.81 

     50.10 63.13 68.63 79.21 86.54 90.44 88.78 87.40 63.46 74.36 77.41 83.10 

     47.20 64.05 69.26 78.84 82.57 89.81 89.55 86.35 60.07 74.77 78.11 82.42 

     47.52 62.46 70.36 77.92 83.16 84.61 87.20 86.88 60.48 71.87 77.88 82.16 

      19.46 37.99 47.65 64.10 84.22 77.30 84.88 87.17 31.62 50.94 61.03 73.87 

D-LBP 44.40 53.89 61.49 68.31 86.38 89.90 90.61 91.87 58.65 67.39 73.26 78.36 

ID-LBP 37.09 49.63 55.69 64.60 89.09 91.09 91.25 91.55 52.38 64.25 69.17 75.75 

Transform-

based approach 
        45.86 37.74 40.62 50.17 42.58 70.57 74.50 97.45 44.16 49.18 52.57 66.24 

        26.71 37.12 41.76 48.58 79.73 93.18 91.95 95.30 40.01 53.09 57.43 64.36 

      42.73 52.11 54.82 59.23 82.09 91.42 95.45 97.46 56.21 66.38 69.64 73.68 

      25.94 41.84 49.91 61.70 99.54 99.78 100 100 41.16 58.95 66.59 76.31 

           48.64 61.92 68.22 75.22 89.90 96.91 95.73 98.61 63.13 75.56 79.67 85.34 

     48.41 58.12 52.81 55.22 65.37 81.75 90.94 97.79 55.62 67.94 66.82 70.58 

Model-based 
approach 

MRF 19.89 29.32 37.93 57.18 95.61 97.36 98.18 98.33 32.93 45.07 54.72 72.31 

Fractal 28.07 47.13 50.78 58.84 53.22 74.70 88.14 97.01 36.76 57.80 64.44 73.25 

Auto-reg. 30.88 44.11 49.74 57.08 99.69 98.75 99.98 99.98 47.15 60.98 66.43 72.67 

Structural-based 

approach 

ACF 13.41 28.29 34.31 44.08 92.33 93.57 94.84 95.54 23.42 43.44 50.39 60.32 

Edge det.  23.03 35.52 43.11 59.42 77.17 87.80 88.21 90.29 35.47 50.57 57.92 71.68 

Morphology 29.18 42.94 48.91 55.80 99.97 100 100 100 45.17 60.08 65.69 71.63 

 

To summarise the results and discussion on the impact of different resolutions on DIR, the 

average F-scores at the Top-1 level from three resolutions are presented in Figure 7. Contrary to our 

expectations, training the DIR system using low-resolution document images demonstrated a higher 

mean and quartile F-scores compared to the results obtained from the system trained using high-

resolution document images. It is also worth mentioning that training the system using low-resolution 

and thumbnail-size samples provided results with higher precision compared to the system trained 

using high-resolution samples. However, recall percentages obtained from the system trained using 

high-resolution documents were higher than the results obtained using low-resolution and thumbnail 

size document images for training.  
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Figure 7. Comparison of the F-scores obtained at Top-1 for DIR using different document image resolutions of 

the MTDB. 

 

4.4. Comparison of Computing Times and Number of Features 

The number of extracted features and time complexity for extracting features from a high-

resolution document image are critical for any DIR system. Therefore in this study, the number of 

features and the computing time were calculated for each feature extraction method. The 

experimental results were conducted using a Dell laptop with 16 Gigabytes memory (RAM) and a 

processor (CPU) of Core i5-5300U. All the texture-based feature extraction methods and DIR 

systems were implemented using MATLAB R2017a on Windows 7. A single document image of a 

large size from the MTDB was used for this experiment, and the number of features and computing 

time for extracting the features were calculated for each method as presented in Table 8.  

It is apparent from Table 8 that the GLRLM is the fastest algorithm in terms of computing time 

among the first group of statistical-based feature extraction methods, although the GLCM, with only 

4 features, needs the smallest memory space for storing the features and creating a knowledge base. 

In the second group of statistical approaches, the        method with 15 features and the CSLBP 

with the lowest computing time, were the best in the group in relation to the number of features and 

computing time. In the transform-based category, extracting features using the Fourier transform 

required more computing time but took the smallest memory space compared to other transform-

based techniques. In contrast, Contourlet feature extraction was the fastest method in the group. The 

fractal and edge detection methods provided a lower number of features for the retrieval process; 

however, the auto-regressive and morphology methods were the fastest for extracting features in the 

model-based and structural-based approaches. In summary, the model-based feature extraction 

methods were the fastest texture-based feature extraction methods compared to the other approaches. 

The transform-based feature extraction approaches with around half a second computing time were 

also fast, making them suitable for document image retrieval, as they performed well in terms of the 

retrieval results. 
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Table 8. The number of extracted features and computational time of texture-based feature extraction methods  

Category Method 
Number of 

Features 

Computing Time 

(seconds) 

Statistical-based approach 

(1st group) 
     4 1.4540 

      7 0.5251 

     1024 0.9589 

GLTCS 24 1.4949 

Statistical-based approach 

 (2nd group) 
    256 0.9882 

       15 0.6946 

       59 1.5323 

          135 3.3937 

        243 5.0382 

    511 1.7615 

     511 1.0471 

F-LBP 30 0.7632 

    512 1.4830 

     1024 2.1140 

     255 0.9470 

     225 1.2762 

     255 1.0995 

     256 0.8357 

      16 0.4051 

D-LBP 16 0.5607 

ID-LBP 16 0.4788 

Transform-based 

approach 
        140 0.6823 

        26 0.7296 

      120 0.3758 

      581 0.2812 

           258 0.0537 

     513 0.5611 

Model-based approach MRF 12600 0.0946 

Fractal 18 0.0900 

Auto-reg. 90 0.0092 

Structural-based approach ACF 50 1.6032 

Edge det.  4 1.1239 

Morphology 90 0.0404 

5. Conclusions and Future Work 

The present study makes several noteworthy contributions to the application of texture-based 

feature extraction methods for document image retrieval. Comparison of the impacts of twenty-six 

texture-based features from four different categories including statistical, transform, model, and 

structural-based features for DIR was attempted. Different characteristics of each texture-based feature 

extraction technique, in terms of computing time and the number of features, were also studied. The 

experimental results proved that the transform-based texture features generally provided higher 

document retrieval results compared to the other categories of texture features used for DIR. 

Specifically, the Gist operator consistently resulted in quite high DIR results when employed on 

different datasets. In addition, the experimental analysis performed in this research work confirmed that 

the resolution of document images could influence texture-based document image retrieval results. 

It is recommended that initially further research needs to focus on the creation of a larger, more 

complex, unstructured, and multi-lingual document dataset, and then evaluate the available DIR 

methods using this large dataset. Furthermore, the use of other classifiers, especially deep learning 

technology, can be taken into consideration in order to improve DIR results in future research. In 

addition, prior knowledge about the document classes may also be integrated into the feature set to 

further improve the retrieval performance. Another direction for future research can be to use advanced 
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human-computer interaction techniques to include human interaction data at different stages of DIR, 

including digitisation, pre-processing, feature extraction, and classification for optimising the retrieval 

process. 
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