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ABSTRACT 

 

Storing and manipulating documents in digital form to contribute to a paperless society has 

been the propensity of emerging technology. There has been notable growth in the variety and 

quantity of digitised documents, which have often been scanned/photographed and archived as 

images without any labelling or sufficient index information. The growth of these kinds of 

document images will undoubtedly continue with new technology. To provide an effective way 

for retrieving and organizing these document images, many techniques have been implemented 

in the literature. However, designing automation systems to accurately retrieve document images 

from archives remains a challenging problem. 

Finding discriminative and effective features is the fundamental task for developing an 

efficient retrieval system. An overview of the literature reveals that research on document image 

retrieval using texture-based features has not yet been broadly investigated. Texture features are 

suitable for large volume data and are generally fast to compute. In this study, the effectiveness 

of more than 50 different texture-based feature extraction methods from four categories of texture 

features - statistical, transform-based, model-based, and structural approaches - are investigated 

in order to propose a more accurate method for document image retrieval. Moreover, the influence 

of resolution and similarity metrics on document image retrieval are examined. The MTDB, 

ITESOFT, and CLEF_IP datasets, which are heterogeneous datasets providing a great variety of 

page layouts and contents, are considered for experimentation, and the results are computed in 

terms of retrieval precision, recall, and F-score. By considering the performance, time complexity, 

and memory usage of different texture features on three datasets, the best category of texture 

features for obtaining the best retrieval results is discussed. The effectiveness of the transform-

based category over other categories in regard to obtaining higher retrieval result is proven. 

Many new feature extraction and document image retrieval methods are proposed in this 

research. To attain fast document image retrieval, the number of extracted features and time 

complexity play a significant role in the retrieval process. Thus, a fast and non-parametric texture 

feature extraction method based on summarising the local grey-level structure of the image is 

further proposed in this research work. The proposed fast local binary pattern provided promising 

results, with lower computing time as well as smaller memory space consumption compared to 

other variations of local binary pattern-based methods.  
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There is a challenge in DIR systems when document images in queries are of different 

resolutions from the document images considered for training the system. In addition, a small 

number of document image samples with a particular resolution may only be available for training 

a DIR system. To investigate these two issues, an under-sampling concept is considered to 

generate under-sampled images and to improve the retrieval results. 

In order to use more than one characteristic of document images for document image 

retrieval, two different texture-based features are used for feature extraction. The fast-local binary 

method as a statistical approach, and a wavelet analysis technique as a transform-based approach, 

are used for feature extraction, and two feature vectors are obtained for every document image. 

The classifier fusion method using the weighted average fusion of distance measures obtained in 

relation to each feature vector is then proposed to improve document image retrieval results. 

To extract features similar to human visual system perception, an appearance-based feature 

extraction method for document images is also proposed. In the proposed method, the Gist 

operator is employed on the sub-images obtained from the wavelet transform. Thereby, a set of 

global features from the original image as well as sub-images are extracted. Wavelet-based 

features are also considered as the second feature set. The classifier fusion technique is finally 

employed to find similarity distances between the extracted features using the Gist and wavelet 

transform from a given query and the knowledge-base. Higher document image retrieval results 

have been obtained from this proposed system compared to the other systems in the literature. 

The other appearance-based document image retrieval system proposed in this research is based 

on the use of a saliency map obtained from human visual attention. The saliency map obtained 

from the input document image is used to form a weighted document image. Features are then 

extracted from the weighted document images using the Gist operator. The proposed retrieval 

system provided the best document image retrieval results compared to the results reported from 

other systems.  

Further research could be undertaken to combine the properties of other approaches to 

improve retrieval result. Since in the conducted experiments, a priori knowledge regarding 

document image layout and content has not been considered, the use of prior knowledge about 

the document classes may also be integrated into the feature set to further improve the retrieval 

performance. 
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CHAPTER 1 

1-INTRODUCTION 

Information for retrieval can be categorised into two different types: i) audio/speech, and 

ii) visual [1, 2]. Visual data can be both pictorial and textual. Graphs, diagrams, and maps belong 

to pictorial documents, whereas textual data includes handwritten, printed, and complex 

documents [1]. The impetus of current technology is towards a paperless world. As a common 

organisational practice and for economic feasibility, an enormous number of digitised paper-

based documents including books, letters, historical manuscripts, official letters, cheques, and so 

on, are usually generated/captured through electronic devices such as scanners, fax machines, 

digital cameras, and mobile phones in everyday life, and then saved on giant hard disks for later 

uses. These large quantities of digitised document images have, however, been generated without 

any labeling or sufficient index information. Automatic extraction, classification, clustering, and 

searching for information from such a large amount of data, is a challenging task. Many 

techniques have been developed in the literature to provide an effective way of retrieving and 

organizing these document images. However, providing a fast method using a few training 

samples during the training phase for retrieving the digitised document remains necessary.  

Document image retrieval (DIR) is a research domain, which is marginal between classic 

information retrieval (IR) and content-based image retrieval (CBIR) [3]. The task of document 

image retrieval is to find useful information or similar document images from a large dataset for 

a given user query. The last two decades have seen a growing trend towards document image 

retrieval to increase the efficiency, effectiveness, and speed of these methods [3-5]. Document 

image retrieval approaches are divided into two different groups: i) recognition-based, and ii) 

recognition-free. The recognition-based document image retrieval approach depends on 

recognition of the whole or parts of a document, and on finding similarity between the text query 

and recognised text documents. Optical character recognition (OCR) is a traditional text 

recognition method used for retrieval purposes. However, the performances of traditional OCR-
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based document indexing techniques on complex documents, which include graphic, artistic 

features like layout and font, are not satisfactory. In addition, the OCR-based approach has some 

weaknesses, such as high computational cost, language dependency, sensitivity to image 

resolution, and losing information related to layout or text style [6, 7]. In addition, in the case of 

historical documents, which are degraded and are usually of low quality, employing recognition-

based approaches (OCR) cannot provide appropriate recognition results. Thus, to overcome the 

weaknesses of the first group, the second group, as recognition-free retrieval approaches, was 

introduced [8-11]. Recognition-free retrieval approaches rely on document image features and 

characteristics. These approaches usually do not need specific domain knowledge of document 

images and do not recognise the textual part of a document. In contrast, the retrieval process is 

based on the similarity of documents and appearance-based features [7].  

Several methods developed in the literature for document image retrieval can be grouped 

into different related categories, such as page layout similarity using graph and modified XY 

(MXY) tree representation [6, 8]; layout structural similarity using visual features and distance 

measures [4, 12]; signature-based feature methods [13]; horizontal and vertical traverse density 

of the character objects [14]; proportion of the black pixel area in character bounding box areas 

[15]; and density distributions using bag-of-visual-words features [16]. The drawbacks of these 

approaches are considerable, as the documents need to have structured layouts and uniformity. 

Furthermore, they need to be from the same language source. 

1.1. Document image retrieval overview 

The steps presented in the literature that have commonly been used for document image 

retrieval are demonstrated in Figure 1.1. The DIR system commonly includes two phases, training 

and testing. Pre-processing, feature extraction, and document retrieval based on a similarity 

measure are the steps mainly involved in document image retrieval methods. 

1.1.1. 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 applied on document images to enhance their quality or appearance. Skew and slat 

detection and correction are further applied on the document image to improve the layout and 

structure of the document image in order to achieve better recognition and classification results. 

Normalisation refers to either changing the image size or normalising the features extracted from 

the input image [17].  
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Figure 1.1. A general block diagram of document image retrieval. 

1.1.2. Feature extraction 

Following pre-processing, in the feature extraction step, a set of discriminative as well as 

meaningful descriptors is computed using various feature extraction techniques, to represent a 

document image as a feature vector [17]. Feature vectors extracted from document images are 

further kept in a database as a knowledge-based model for retrieval purposes. 

1.1.3. Similarity measures  

In the literature, the nearest neighbour-based methods are commonly used for document 

image retrieval, and good retrieval results are obtained for documents with complex layouts [18]. 

To compute and measure similarities between the features extracted from a given query document 

image and a knowledge-based database, different similarity measures, such as Tanimoto, 

Euclidean, City-block, and Cosine distances can be considered. In similarity-based DIR systems, 

the learning process can be accomplished by using a very few training samples (at least one 

sample). By considering similarity measures, the similarities between a given query and all the 

trained documents are computed. The Top-n most similar document images with the highest 

similarity to the given query are the retrieval results. 

The learning-based approach, such as support vector machines (SVM) or neural networks 

(NN), is also another strategy used for DIR that needs lots of document images for training a DIR 

system. 

1.2. Importance of texture-based features 

The volume of data has a pivotal role in DIR problems. Thus, the DIR methods, which are 

conceptually simple and, most importantly, computationally inexpensive and fast, are preferred 

in the literature [19]. To have a fast DIR method, there are solid demands for feature extraction 
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methods that not only generate a feature vector of small dimension with less time complexity, but 

are also highly effective for indexing and retrieval techniques. Texture features are one of the 

feature types that have provided quite impressive results in the domain of CBIR [20-22]. 

A repetitive pattern of information or the arrangement of a structure with orderly intervals 

are defined as texture, which also refers to the appearance of an object given by the shape, size, 

density, and arrangement of regions within an image [23, 24]. A texture-based feature extraction 

method basically collects such features/characteristics through a texture analysis process. Texture 

features are generally fast and simple to compute and they are computationally suitable for large 

volumes of data. Texture feature analysis has played a significant role in other research areas such 

as medical imaging, industrial inspection, and remote sensing [25, 26]. Many researchers from 

the document image analysis (DIA) community have used various texture features in different 

stages of DIA systems, such as segmentation, layout analysis, and recognition [20-22]. 

Furthermore, texture features have been used to distinguish textual and non-textual areas, and to 

distinguish between various types of text fonts and graphics in document images [27]. To the best 

of my knowledge, little attention has been paid to texture features for document image retrieval. 

Therefore, the main focus in this research work is to propose and work on texture-based features 

for document image retrieval. 

The suitability of texture-based features for DIR was investigated by providing an extensive 

experimental analysis of three benchmark datasets. The texture features do not require a priori 

knowledge of the font, layout, and graphical properties of document images. Our focus is, 

therefore, on low-level document image retrieval techniques based on texture and spatial 

similarity, as texture features extract low-level features for discriminating the differing layout 

structures of document images. In addition, the effectiveness of the texture-based features is 

shown on multi-resolution, skewed and degraded document images. Moreover, an attempt is 

made to propose a retrieval procedure which is simple, fast, and requires low computational 

processing. For these reasons, a fast feature extraction method, as well as different retrieval 

systems, are proposed to rank the documents in the dataset and find the document images with 

the greatest visual similarity to a query image; finding these images is also called a query-by-

example.  

1.3. Motivation 

As paper documents certainly occupy several rooms and storage space, many institutions 

and companies nowadays are switching from paper-based to digital documents, which 

immediately reduces the costs of manual paperwork processing and also storage space. At the 

same time, as the numbers of digitised documents increase day-by-day, document image retrieval 

systems will be a valuable tool for users to retrieve similar document images from a large dataset 
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through a given document example. The document image retrieval results should also be provided 

fast and effective from those high-volume datasets. 

In the field of document image retrieval, complex documents with different layout 

structures, fonts, languages, and resolutions present a great challenge to the retrieval process. 

Therefore, many available algorithms that work quite well on simple documents are not effective 

on complex documents. Considering the amount of research on DIR using texture features, and 

their applicability regarding CBIR, texture-based approaches for DIR are proposed in this 

research work. 

Texture features provide important information about the structural arrangements and their 

relationships to the surrounding areas of an image. The change and distribution of pixel intensities 

in an image or in a selected region of an image can be captured by texture features. Moreover, 

texture features try to represent the images in a simple but unique form, so they can be defined as 

robust and effective features for classification and retrieval. However, researchers have not yet 

carried out a thorough analysis and comparison of the employment of different texture features 

for document image retrieval. 

In a large dataset, time complexity and feature dimension have a direct influence on the 

efficiency of the retrieval process, so providing a fast and unique texture-based feature with spatial 

information is also required for DIR.  

1.4. Objectives 

Development of a number of document image retrieval systems based on texture-based 

features is proposed in this thesis, and the objectives of the proposed systems are as follows: 

• To explore the possibility and effectiveness of different texture-based features on complex 

document images for a retrieval procedure and the comparison of those methods. 

• To propose a modification of the local binary pattern method which consumes less memory 

space and less computing time, examine its effectiveness in document image retrieval 

systems, and then to compare the results with methods in the literature.  

• To address the issue of different resolutions of document images at the testing phase. 

• To find document images which have the greatest visual similarity to a given query image 

from a large amount of data, based on the extracted texture-based features. 

• To investigate and develop a document image retrieval procedure using a novel hybrid 

feature extraction method that is simple, fast and requires low computational processing 

time.  

• To evaluate the proposed techniques and compare the results with the results reported by 

other researchers in the literature. 
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• To examine the usefulness of appearance-based features for document image retrieval 

procedure. 

• To improve document image retrieval result by considering visual saliency regions of the 

samples. 

The above-mentioned motivations and objectives have led to the following research questions. 

i. Are texture features which have been used for content-based image retrieval, applicable for 

document image retrieval?  

ii. Which category of texture features can provide better performance than other categories 

for document image retrieval? 

iii. Will document image retrieval based on texture features be influenced by the resolution of 

document images? 

iv. How does the system handle and improve retrieval result using hybrid feature extraction 

techniques? 

v. Can retrieval result be improved by giving weight to the features or document images? 

1.5. Scope of research 

In this research, the main focus will be on the retrieval of document images based on a user 

provided query document image. Thus, a number of document image retrieval systems is 

proposed in this research work. Extracting discriminative features from document images for a 

recognition-free document retrieval task is a pivotal task in this scenario. Therefore, a wide range 

of texture-based feature extraction techniques is utilised in order to examine their applicability 

and efficiency in DIR. Feature extraction techniques should be able to handle recognition-free 

document image retrieval, as digitised documents in office digitisation vary due to multi-lingual 

text, non-standard fonts, text and non-text regions, variable layout and resolution, noise, skew, 

and degradation, and recognition-based document image retrieval methods may not be employed 

in such scenarios. To improve the performance of the proposed DIR system, different texture-

based feature extraction methods and classification strategies are further proposed. To address the 

problem of resolution variation in document images, and also to solve the issue of having a very 

few samples for training the proposed DIR systems, the concept of image under-sampling is 

integrated in the proposed systems. 

1.6. Original contributions 

The proposed techniques described and introduced in this thesis are based on the numerous 

research areas within document image retrieval. The seven research contributions made in this 

thesis are presented below. 
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• An overview of different texture feature extractions methods used for CBIR in the literature 

is provided. 

• An experimental evaluation of a number of texture-based features for the purpose of 

determining the performance and effectiveness of each texture-based feature for document 

image retrieval procedure is presented. To provide a qualitative measure and find the most 

appropriate texture-based feature for document image retrieval, more than fifty state-of-

the-art texture feature methods from four categories of texture features in the literature are 

considered. Finally, a comparative study of the results obtained from the different texture-

based features employed for DIR on three document image datasets in terms of retrieval 

accuracy, feature dimensions, and computing time is provided. 

• The third contribution is to enhance the performance or to improve the discriminative 

ability of the local binary pattern as a texture-based feature. In document image retrieval 

systems, the size of feature vectors for very large datasets is highly critical in the case of 

the effectiveness of indexing techniques, and efficiency of the searching algorithm. Thus, 

a fast-local binary pattern method, which consumes less computational time and less 

memory space compared to the LBP family is proposed. 

• The influence of the different resolutions in document images on retrieval performance is 

investigated, considering texture-based features. Meanwhile, an appropriate method which 

has the ability to confront low-resolution document images in the retrieval process is 

proposed. 

• The fifth contribution of this work is the proposal of an automated document image 

retrieval method, where the retrieval decision is taken based on the fusion of the properties 

of two different kinds of texture-based features. Two texture-based feature extraction 

methods suitable for document image retrieval are chosen from two different categories of 

statistical and transform-based texture features. Then, a weighted average classifier fusion 

strategy is used to find the most similar document to the given query. 

• For the first time, the effects of using the human perception-based feature, by means of the 

Gist descriptor for document image retrieval, is explored. To extract features similar to 

human perception, two appearance-based texture feature extraction methods, Gist operator 

and wavelet transform, are combined to capture appearance-based properties of document 

images. Integrating these features with the proposed DIR system leads to a more effective 

retrieval system. Furthermore, to enhance the system efficiency in terms of time 

complexity, a locality-sensitive hashing method is taken into account to retrieve similar 

document images to a given query more effectively.  

• The last contribution of this work is to enhance document image retrieval performance by 

considering the visual saliency technique. In order to reduce the semantic gap between 
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human user image perception and anything that extracted features express, the visual 

saliency map is considered to generate the weighted document image for the retrieval 

process.  

1.7. Organisation of the thesis 

The following chapters describe the structure and content of the study in the rest of this thesis.  

• Chapter 2 presents a review of the recent advances of document image retrieval and feature 

extraction methods in the literature. 

• Chapter 3 contains a review of different categories of texture-based features proposed in 

the literature, with a particular focus on document image retrieval.  

• Chapter 4 describes our contributions, including five different approaches proposed for 

document image retrieval. 

• Chapter 5 discusses the experimental results of the proposed document image retrieval 

methods and their comparison.  

• Chapter 6 consists of a comparative analysis of the results obtained from the proposed 

methods in this thesis, and the results reported in the literature. 

• Chapter 7 summarises the presented research in this thesis and provides possible future 

directions of the work.
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CHAPTER 2 

2-LITERATURE REVIEW 

This chapter provides a brief review of the relevant literature and state-of-the-art 

approaches, in relation to document image retrieval and also provides all steps involved in the 

retrieval process. To identify the research scope and objective of this research work, the 

limitations of the available document image retrieval methods in the literature are also 

investigated in this chapter.  

Document image retrieval is generally performed in two phases, training and testing. 

Different steps have commonly been involved for document image retrieval in most of the 

methods presented in the literature. Firstly, a set of pre-processing methods is reviewed in the pre-

processing step to prepare images suitable for further processing. Then, a set of features is 

extracted in the feature extraction step. If required, an appropriate dimension reduction method 

may be applied. The indexing/learning methods are then applied to train a classifier or create a 

knowledge base for training documents. Similarity distances between a query image and the 

documents in the knowledge-based dataset are measured, and finally the relevant image(s) 

matching the query image are ranked and retrieved as the document image retrieval results. 

Optical character recognition (OCR) is a traditional textual recognition method with some 

weaknesses such as high computational cost, language dependency, and sensitivity to image 

resolution [6]. The focus of our study is on recognition-free retrieval approaches, which mainly 

rely on document image characteristics and consider feature extraction methods. To deal with the 

drawbacks of OCR, each document image is represented as a feature vector in a recognition-free 

retrieval system. The same types of features are extracted for a query image to complete the 

retrieval process. Therefore, an attempt is made to retrieve similar documents to the query image 

without explicitly recognizing the documents. Such a query design can be denoted as query-by-

example, which has been computed at the raw data or feature level [6]. 
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The rest of this chapter is organized as follows. In Section 2.1, different state-of-the-art 

methods used in the pre-processing step of document image retrieval system are discussed. 

Feature extraction, which is the most important part of a recognition-free document image 

retrieval system, is presented in Section 2.2. Section 2.3 is dedicated to the indexing and learning 

methods. Matching techniques and similarity distances applied in the last part of retrieval are 

explained in Section 2.4. A brief discussion on the results obtained in recent years is provided in 

Section 2.5, and finally a summary of the chapter is provided in Section 2.6. 

Some parts of this chapter have been published in the paper titled: A brief review of 

document image retrieval methods: Recent advances, Alaei et al. [28] 

2.1. Pre-processing 

Pre-processing is the first step of DIR. Since document images may be noisy, distorted, and 

skewed, digitized documents need to be treated using different pre-processing methods. Pre-

processing methods are divided into four main classes [29]: filtering, geometrical transformations, 

object boundary detection, and thinning.  

According to the type of dataset, various pre-processing methods are applied to the 

document images. The filtering processes generally used in the literature are binarization, noise 

reduction, and signal enhancement [30]. Common noises in document images include excessive 

salt and pepper noise, large ink-blob characters or components, vertical cuts due to the folding of 

the paper and so on [12]. Mean filter, Median filter, and Gaussian filter are the methods frequently 

applied to smooth document images [13, 31, 32]. The smoothed images are commonly binarized 

by means of Otsu’s or other algorithms [5, 31, 33]. Skew detection and correction [34-36], border 

removal [35], and normalization of the text line width [37] are also used to enhance document 

images. Moreover, in the initial steps, in some cases, colour images may be converted to grey-

scale images, and the sizes of the images are reduced.  

To find the skeleton of words for document image retrieval, thinning algorithms have been 

applied [31, 33]. These algorithms compute features based on the symbol skeleton and recursively 

erode the object contour.  

2.2. Feature extraction 

To enable an efficient search on document images, finding effective, unique and robust 

features is a crucial task. The extracted features significantly affect the retrieval performance [38]. 

Features used for document image retrieval are widely divided into two main categories: global 

features and local features. 
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2.2.1. Global features 

Global features consider the whole document image for feature extraction. In other words, 

global features are visual features which can be further classified as general features and domain-

specific features. In the case of document images, general features such as texture, shape, size, 

and position of the document have been considered for the retrieval process [39, 40]. 

The important information about the structural arrangement of each document and their 

relationships to the surrounding area is represented using texture features [41]. The visual texture 

properties are coarseness, contrast, directionality, line likeness, regularity, and roughness. The 

wavelet transform is one of the methods for representing texture features. In [40], edge and texture 

orientations were used as document image features. Also, multiscale and time-frequency 

localization of an image was performed by wavelets. Since the wavelets cannot represent the 

images with smooth contours in different directions, the Contourlet Transform (CT) method was 

implemented by providing two additional properties, which are directionality and anisotropy.  

Four types of texture features, namely multi-channel filtering features, fractal-based 

features, Markov random field parameters, and co-occurrence features, have been compared and 

evaluated in [42]. Some classification methods were considered for assessment of the features. 

Co-occurrence features performed better in the given dataset as these resulted in a lower 

classification error [42].  

Characterization of historical document images based on a texture feature has been 

presented in [20]. The extracted features were linked to the frequencies and orientations in 

different parts of a page. Physical or logical structures of the analysed documents were not taken 

into account in that study. 

In [43], texture has been used to describe the types of features in document images which 

have also become the search key for the document retrieval. A histogram of connected 

components and interest point densities over the documents were used to compute texture 

features.  

In [44], shape representation-based features used for document image retrieval have been 

divided into two categories: boundary-based and region-based. For these two categories, the 

Fourier descriptor and moment invariants are, respectively, the most successful representatives, 

and are related by a simple linear transformation [44]. The finite element method (FEM) is another 

method that has been used for shape representation [45]. The FEM considers the connection of 

each point to other points on the object, using a stiffness matrix. For the task of document image 

retrieval, shape representation as a visual feature is an important attribute. Shape context is 

computed for each point to describe the position of remaining points. The state-of-the-art shape 
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representations, measures of shape dissimilarity, and shape matching algorithms have been 

discussed in [10].  

To find the similarity between the layouts of documents, global features related to the 

position and sizes of a document with respect to other documents have been used in [46]. The 

extracted features were saved in the feature vector and stored in a database management system 

(DBMS). In [12], the size and position of each block in a document were defined, and then layouts 

were considered for representing the class of each document, using the Manhattan distance.  

In [36], a key block feature as global feature, along with the density distribution feature as 

local feature have been used for document image retrieval. A uniform reference frame was 

considered for each image, and raw print-core extracted based on the projection profile of each 

document image. The density distribution features (DDF) were obtained automatically after some 

process. Then, size and position of Top-3 key blocks were considered as key block features. To 

maximize the differences between the image foreground and noises, a run length smoothing 

algorithm (RLSA) method was employed. The Top-10 candidates were selected by DDF. 

Moreover, for confirmation of reliability and to improve retrieval, the KBF was applied. 

In [39], multi-scale run length histograms with the help of visual features have been 

considered as features for document image retrieval. The method is less sensitive to noise due to 

the use of visual features. In relation to the global features for document image retrieval, it can be 

noted that global features are robust, less sensitive to noise, and have good reliability. However, 

global features are less discriminative and they are not always unique.  

2.2.2. Local features 

Local features are extracted from a section of the document images. Depending on the 

document partitions, feature computation can be applied at different levels, for instance at the 

pixel level, column level, connected-component level, word, line, page level, and shape descriptor 

[38]. Since feature extraction can be employed at different levels, the number of features varies 

case by case. 

2.2.2.1. Pixel level features 

 By computing local features at the pixel level, some values will be dedicated to each pixel 

[20]. For the purpose of object detection, gradient descriptors have been used as a local feature. 

In the horizontal and vertical directions, the gradient of a two-variable function at each image 

pixel is a two-dimensional vector. Gradient-based binary features such as the gradient, structure, 

and concavity (GSC) have also been used in [47]. Each character image was divided into 4×8 

regions consisting of a 1024-bit (384-bits for the gradient, 384-bits for structural, 256-bit for 

concavity) feature set. The correlation-based measure was used for the similarity between two 

binary vectors. The authors of [47] claimed that retrieval using the GSC method provides faster 
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and higher accuracy when compared to dynamic time warping (DTW), which uses profile-based 

features. In [48], word image retrieval has been performed using features such as the number of 

ink pixels in each column, location of the lowermost ink pixel, location of the uppermost ink 

pixel, and the number of ink to background transitions [47, 48]. 

Histogram of oriented gradient (HOG) is a technique which counts occurrences of the 

gradient orientation in the local part of an image. In [49], an extension of the HOG descriptor for 

a specific case of handwriting has been described. The combination of gradient features and a 

flexible plus adaptable grid were used to extract features. Researchers observed that better results 

were obtained for a word spotting method. 

In [15], the Chinese duplicate document image retrieval system was considered. After line 

and character segmentation, the horizontal and vertical projection was implemented in the 

documents. Considering the area of black pixels, some codes were calculated which were used as 

feature codes and stored in the dataset. The first lines of text of some randomly selected 

documents were scanned to create a query document image. For measuring the similarity between 

query document image and duplicate document image, the longest common subsequence (LCS) 

of feature code strings was employed.  

As a local feature at the pixel level, HOG features have been extracted in [50] for text 

retrieval. The potential characters were detected with their location using HOG features extracted 

from a sliding multi-scale window. A linear SVM classifier was trained to spot characters of 

words in documents [50]. By using HOG features, explicit localization of the word boundary is 

not required to inform the document images. 

2.2.2.2. Connected component-based features 

In historical and handwritten documents, line and word segmentation are not easy tasks 

because of a variety of handwriting, touching, or broken characters [3]. Connected components-

based features are important to deal with such document images. Commonly, after detecting the 

connected components of an image, further processes are also carried out, based on the position 

and location of each connected component. In the literature pertaining to DIR, many features were 

extracted based on the connected components of the images. In [51, 52], word-spotting of old 

historical printed documents has been described and features, such as aspect ratio, horizontal 

frequency, number of branch points, scaled vertical centre of mass, height ratio to line height, and 

the presence of holes, have been extracted from the detected connected components.  

In [53], hash tables were built for indexing and compression using the connected 

component features of the document images. Component encoding in the hash table was 

performed using components’ contour points and a reduced number of interior points that are 

sufficient for component reconstruction. 
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In [54], text retrieval from early printed books carried out using character recognition is 

described. Characters were recognized with connected component features as character objects. 

Occurrences of query words were considered instead of recognizing the whole document. Self-

organizing maps (SOM) were used for data clustering, and then the similarity was estimated with 

the help of the proximity of cluster centroids for retrieval purposes.  

Document image retrieval from the low-quality images by spotting parts of the images 

which were relevant to a user’s query, has been carried out in [55]. Segmentation of pages has 

been performed in a low-level feature by applying a distance transform to an image page. The 

positions of characters, as well as codes, were obtained by segmentation and recognition. The 

characters were recognized as a unit of index and in the retrieval phase, morphological analysis 

was applied to extract keywords and decompose the characters using connected component 

features. Matching with real value features was selected for finding word location. Then, density 

distributions of the keywords were measured. For text recognition and making the text clean 

(error-free), the vector space model (VSM) has been applied; however; recognition of keyword 

correctly was not required in their proposed method.  

In [56], camera-based heterogeneous-content document image retrieval using extensions 

of scale and rotation invariant features has been presented. The centre point of each character as 

a connected component was computed. The angle and area ratio of the pairs of the nearest 

constraint points around an assumed key point in various scale and rotation invariant values were 

extracted. A scanned Wiki-Book with only text, images with graphic content, and maps have been 

considered for the experiments. The proposed method is based on geometrical constraints; a 

sufficient amount of text is required in queries for feature extraction and retrieval results were 

influenced by the resolution and size of the text. 

In [57], document image retrieval using a connected component analysis-based technique 

has been considered to extract the features from the document image. A bag-of-visual-words and 

spatial pyramid matching features, powered by SIFT descriptors were considered to segment the 

signature components from the document. Signature has been characterized by spatial features 

from background loops and reservoirs. The SVM based classifier has been considered to retrieve 

the relevant documents using a distance measure between the query signature and the signature 

in the target documents. Different datasets such as English, Devanagari and Bangla scripts, and 

Tobacco dataset were considered for the retrieval process. 

Document image retrieval based on face detection has been proposed in [58]. Different 

official documents were selected for the retrieval experiments and based on the highest energy of 

connected components the face images were detected. The GLCM feature extraction method has 

been considered for extracting features from the faces. Then, the Mahalanobis distance has been 
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taken into account to find similarity between the face image in the query and face images in the 

dataset. 

In [59], indexing techniques for text retrieval have been employed using connected 

component features at the coarse level. Approximate string matching algorithms were then 

applied to find similar words in the document.  

For each connected component as a character, width to height ratio, centre of gravity, 

horizontal/vertical projections, top-bottom shape projections, number of characters, top grid, and 

down grid features have been extracted in [6, 31, 33]. The Euclidian distance method has been 

used to calculate the distance between the query and the document images in the dataset for 

document retrieval. 

In [6], a graph was built for classifying document centroids of regions using connected 

component labeling and the centre of mass of all the regions. A Support Vector Machine (SVM) 

approach was applied to compute the probability that each document belongs to a specific class. 

Connected component-based features have been used for document retrieval from 

compressed images in [60]. The black and white changing elements were extracted directly from 

the compressed document images. The connected components were selected and word boxes 

bounded by the merging of the connected components according to their position and size. For 

clustering of all the words objects, an unsupervised classifier was considered. Then, to measure 

the similarity of words objects, the weighted Hausdorff distance (WHD) was applied.  

In [61], the text images which have been captured by the camera with a variety of direction 

have been considered for keyword spotting and retrieval of document images. Sauvola’s adaptive 

thresholding technique was applied for segmentation, and then characters were labeled through 

the connected component analysis. For analysing the characters, three perspective invariants such 

as, ascenders and descenders, holes, and water reservoirs of the characters, have been considered. 

Each character image was represented by a character shape code of dimension six. The similarity 

between the query image and trained words images was determined through their shape codes 

using the Hamming distance method. Finally, keywords were localized in the images. 

In [62], connected components have been used in word shape coding technique for the 

keyword-spotting method. The coding system was implemented as stroke-based (8 codes in total); 

therefore, word image was decomposed into a sequence of strokes while each stroke was 

separated by several blank columns. Next, the horizontal and the vertical zone projection were 

implemented to know the size and the shape of each character. Then, each character of the word 

was represented by codes obtained according to position of strokes. In order to measure the 

similarity between two strings, minimum edit distances was considered in this research work.  
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When considering connected component-based features, usually systems have high noise 

tolerance and less time consumption; however, degradation in historical documents can affect the 

results.  

2.2.2.3. Word level features 

In a local feature sequence and in textual document image processing, words have a 

significant rule for document image retrieval. To avoid the difficulties in character recognition 

and to enable faster approximation and computation, word level features have been applied for 

document retrieval. Usually, word level features are robust to image resolution but economical in 

terms of storage when a real-time retrieval speed is needed. However, features at this level do not 

produce intuitive results, and retrieval accuracy decreases when the size of the dataset is large. In 

addition, good results have not been obtained when font styles have dramatically changed. Words 

have usually been considered as a whole in word spotting applications. In [2], each word image 

was represented by a fixed length sequence of vertical strips using word profile features. In [63], 

in addition to word profile features, height and width, baseline offset, and skew/slant angles were 

extracted from word images. The features were then normalized. In [13], word length was 

calculated by pixels and then the whole image has been represented as a single feature sequence 

instead of a big descriptor set. The centroid of each word region was extracted as feature points 

[64], and a locally likely arrangement hashing (LLAH) feature vector was calculated at each 

feature point. Word image matching for content-based retrieval has been proposed in [65]. The 

method is invariant to size, fonts, and styles, and is suitable for printed documents.  

In [66], the problems of font and style variation, where the query word image has a different 

style from the dataset, have been considered. A semi-supervised style transfer strategy was 

proposed for reformulating the query word image using transfer learning. 

In [67], document image retrieval has been implemented with multiple distortion-invariant 

descriptors. Top-down structural methods were considered for segmenting the image into a 

number of objects as words. With the help of geometric hashing technique, the interesting points 

were extracted from a query image and matched with images in a dataset. To express the 

geometric relationships between the objects, a two-dimensional string was used. To speed up 

matching in the two-dimensional string a hashing approach was applied. It was mentioned that 

the top-down strategy can be a fast adaptation of the two-dimensional string and is errors sensitive 

in segmentation and recognition of the objects in the image. The extracted features were stored in 

a hash table and documents are selected using votes. The extracted features were invariant to 

changes in translation, rotation, and scaling, while the numbers of characters in each word counted 

as the number of connected components. 
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In [68], different features such as scalar, profile, structural and transform domain, have 

been extracted to represent the word images. Fixed length description of the features has been 

obtained by computing lower order coefficients of a DFT (Discrete Fourier Transform). The index 

was built using the features which had been hashed using content sensitive hashing. Query text 

was converted to word image (word rendering) and then features extraction methods have been 

implemented on the word image. The locality sensitive hashing (LSH) method was proposed for 

image matching since this method was faster and less expensive than the DTW method.  

Word spotting in a historical document has been implemented using word level features in 

[69]. Features such as projection profile, partial projection profiles, upper/lower word profile, 

background to ink transitions, and grey scale variance were extracted from each word and 

presented as single-valued features. In addition, Gaussian derivation was presented as multi-

variate features. The DTW method was used for word matching, and then word images were 

grouped into clusters which contained all instances of the same word. Word images have been 

sorted according to the similarity score, and then a ranked list of results has been built. 

2.2.2.4. Zone level features 

Features can be extracted from a specific part of a page or through a fixed size window 

[70]. This technique has been used for supervised classification using a neural network. In [37], 

with the use of sliding window features such as moments of the black pixel distribution within 

the window, the positions of the black pixels, average grey scale, and the number of vertical 

black/white transitions were extracted for text lines. In [4], to capture the spatial relationship and 

correlation of the structure and layout of document objects, documents were recursively 

partitioned based on image dimension, and speeded up robust features (SURF) were extracted 

from each partition; then, documents were encoded for classification and retrieval. SURF features 

that have been used at this level are scale invariant, and robust to noise and distortion. 

Passage-based document retrieval which considers only small fractions (passages) of 

documents has been considered in [71]. The passages were classified in window passages (density 

distribution) that were determined based on the number of terms. The vector space model (VSM), 

which has a short query, was implemented for retrieval to rank documents. Then, pseudo-

feedback was employed since documents were ranked according to the original query. Later, the 

latent semantic indexing (LSI) was introduced to improve the VSM. In response to a query, the 

density distributions method was able to dynamically segment documents into passages. The 

similarity was measured by the cosine similarity method, and the results of the retrieval were 

represented as a list of documents ranked according to their similarity to the query with the help 

of the Hanning window.  
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In [21], a two-step line verification strategy for matching and structural based retrieval has 

been proposed. A specific combination of local matched points such as lines and triangles were 

taken into account for local geometry. Based on the transformation estimated by each pair of 

points, the matched points were divided into groups. Then, a line verification algorithm was 

applied to check the spatial consistency for each group of matched points. A dataset of the invoice 

images was used for the experiments, and the specific areas of the document rather than the full-

page of the document was considered as a query. It should be noted that the proposed method was 

quite expensive and time-consuming. 

In [70], text retrieval from Japanese historical documents using the Eigen-space method 

was employed. The documents were segmented into different overlapped slits (narrow rectangular 

windows) to extract the features. The Eigen-space method was then used to create a low 

dimensional descriptor from each slit image. The projection of stroke pixels was calculated and 

the images converted to vector sequence for the matching purpose. The distance between query 

image and database has been measured by Manhattan distance. 

2.2.2.5. Shape descriptors 

The scale-invariant feature transform (SIFT) has been applied in some previous research to 

characterize interesting points for document classification. In [72, 73], after finding interest 

points, each descriptor was indexed by its location in a uniform grid over the image. Descriptors 

were clustered according to the index information. Then, matching of local features was used to 

classify documents. In [73], word image retrieval was performed using bag-of-visual-words. With 

the assistance of the SIFT method, salient points were extracted and histograms of visual words 

have been created using hierarchical K-means clustering. The same features were extracted in 

[74], and a pyramid histogram of oriented gradients (PHOG) has been created. The nearest 

neighbour classifier and the SVM method were used for word image annotation. 

A segmentation-free word spotting method using bag-of-features with a statistical sequence 

has been implemented in [75]. The SIFT descriptor was applied to represent the documents, and 

each document page was created by estimating a bag-of-features hidden Markov model (HMM). 

 Shape descriptors based on shape context have been implemented for document image 

indexing and retrieval in [76]. The Fourier-based shape descriptor was introduced for the 

calculation of a hash index. The shape of an object in an image was represented as a set of points. 

With the help of a log polar histogram, relative arrangements of these points were obtained and 

further used for document retrieval. 

In [77], the histogram of oriented gradients (HOG) and shape descriptors features have 

been considered for word spotting. The word images were divided into fixed sized blocks and 

then the HOG and shape descriptors features were extracted from each block. For each cell of an 
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image, a histogram of nine different gradients was created. To generate a final feature vector, all 

histograms were concatenated. The boundary information of shape was extracted using the 

contour-based shape detection approach. Incremental word image matching was considered, and 

the DTW-based algorithm used to match block-wise features of the small size printed word image 

database. 

 Signature-based document image retrieval has been presented in [10]. Shape context 

features were computed for each point to describe the position of the remaining points. 

Subsequently, shape matching was carried out while preserving the local neighbourhood structure 

for document image retrieval. 

Shape descriptors are robust to size and are more reliable compared to pixel level analysis; 

also, in contrast, they are very sensitive to the results of segmentation and the type of writing. 

With regard to features, local features are not always reliable but they are unique. 

Conversely, global features are reliable but not unique. Therefore, middle-level features can 

enable an appropriate trade-off [13]. 

2.3. Indexing methods 

Automatic document indexing is an important issue in large collections used for document 

image analysis and retrieval. Classic indexing and retrieval can be divided into two parts: 

objective structured identifiers which consider titles, name, date, and publishers, and non-

objective identifiers which can be extracted directly from the text content [7]. In addition, 

indexing a heterogeneous document can be through a physical or a logical structure.  

Once documents are indexed, the resulting index vectors can be considered as signatures 

and used for retrieval [7, 54]. In [54, 78, 79], indexing of words in old documents was carried out 

using self-organizing maps (SOMs), and similar symbols were clustered in a subset of the 

document.  

In [80], classification of document images has been done based on visual similarity of 

layout structure. Type-independent features and geometric features were extracted from 

document images. The decision tree classifier was applied to provide semantically intuitive 

descriptions. Then, a neural network-based SOM classifier was used to find clusters in the input 

data as well as to detect each unknown datum with one of the clusters. 

Neural network-based document image retrieval has been studied widely in [29, 70, 81]. A 

layout-based document image retrieval system with the use of tree clustering based on an SOM 

neural network was presented in [29]. Horizontal/vertical cuts along either spaces or lines were 

considered as the internal nodes of the tree. Then, one vector-based tree representation was used 
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to train a SOM for clustering the pages on the basis of layout similarity. In [82], the SOM was 

further considered for word clustering and word retrieval. 

The classification capabilities of artificial neural networks for layout analysis at pixel 

classification, region classification, and page classification have been compared in [70, 83]. In 

[81], for identifying the complex document layouts, convolutional neural networks (CNN) were 

applied. The CNN methods were used to learn a hierarchy of feature detectors and train a 

nonlinear classifier. Document image classification and retrieval were also carried out in the same 

way [84]. CNN approaches showed a better performance compared to bag-of-words while larger 

datasets were available. 

In [85], the words have been segmented and features have also been extracted using a time 

delay neural network (TDNN) to produce a segment membership score. The TDNN outputs were 

used to form the membership matrix. Subsequently, dimension reduction was employed to 

remove redundant bit vectors to facilitate rapid nearest neighbour processing for indexing 

purposes. 

For indexing the document images, shape descriptors based on shape context were 

implemented and text and graphic regions in the document image have been identified [76]. Then, 

using horizontal/vertical projection profiles, text and word images were segmented, and for the 

calculation of a hash index, Fourier-based shape descriptors were applied. Similarly, in [53], a 

hash table was created using connected components which were extracted from shape features for 

document image indexing and compression. Component encoding in the hash table was 

performed using component contour points and a reduced number of interior points. 

SVMs have been applied for the retrieval process in [2, 6, 50]. For the most frequent 

queries, SVM classifiers were used, and a classifier synthesis strategy was built for rare queries 

[2]. The one-shot learning scheme was introduced to generate a novel classifier for rare/novel 

query words. In [50], by extracting HOG features, a linear SVM classifier was trained. The 

characters of the words were spotted and their score calculated based on the presence of the 

characters. An inverted index was created which included image identification and calculated 

score. 

In the case of high variation and noise in datasets, SVMs cannot generalize well with 

sample training [4]; therefore, other non-parametric methods can be used as classifiers. 

In [86], extraction of the signature using shape code features from textual components of 

the document has been carried out for detection of a document. A single-pass connected 

component algorithm was applied and the line of text, symbols and characters were labeled using 

a shape coding technique. Properties such as ascenders, descenders, multi-component or 

punctuation, were considered for labeling. The string of shape code was used as a signature for 
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each document. The n-gram indexing instead of whole string indexing was applied for the sake 

of robustness. The retrieval documents with a quantitative measure of similarity were ranked and 

offered for validation. 

In [87], textual indexing of ancient documents has been considered. The segmented 

characters were compared one to another, and then a pattern dictionary was created. To increase 

the speed of manual transcript, computer-assisted transcription (CAT) was introduced. The 

locations of labeled characters were stored. Then, mathematical morphology was considered on 

the grey-levels of the images to compute guides using vertical structuring elements. To obtain the 

zones of interest, the bounding boxes of the guides were expanded. However, for matching the 

algorithm, a large number of differential features were tested and gradient angle features 

performed better. Each pixel of the template was compared with all the pixels of the 

neighbourhood in the image to make a matching algorithm robust to spatial variations. A query 

was given using the word spotting method; all the occurrences in the same book were searched. 

2.4. Similarity distance matching 

As previously explained, finding documents which are similar to a user query is the aim of 

the retrieval process. The similarity between query images and indexed document images can be 

performed at the pixel level or at the feature level. In both cases, the document image from the 

dataset that has a minimum distance from a query would be the most similar document image to 

the query image.  

Different levels of similarity between the document images can be explained as a) identical 

documents which are the same and are usually original manuscripts or multiple copies of a 

document; b) image-variant document that is generated from different faces of a document; these 

types of images are identical with respect to structure and content but may be different at pixel 

level, resolution or size, and so are not easy to identify; and c) structure-variant documents which 

have the same content but have different structure when the documents are scanned, and when 

later revised versions of the same documents are entered into the database [86]. 

The nearest neighbour method has been used to measure similarity in some recent studies 

[2, 17, 39, 74, 88]. Euclidean and Manhattan distances were usually applied to find distances 

between the feature vectors [8, 43, 74, 89]. The Hamming distance [61] and Canberra distance 

[40] have also been considered to obtain similarity distances between the feature set of a given 

query and the feature sets of documents in a dataset. In [88], the nearest neighbour of each feature 

was searched in a KD-tree and the similarity score for each document class was computed through 

a number of nearest neighbour classifiers. Moreover, in [90], a segmentation method based on 

recognition was employed and an approximate nearest neighbour search (ANNS) method was 

considered for the feature matching phase. 
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The nearest neighbour-based segmentation algorithms have provided good results for 

documents with simple scripts and complex layouts. However, the results of documents with 

complex scripts and simple layouts are not satisfactory when using the nearest neighbour method 

because of the overlapping nature of the connected components [17, 74]. The nearest neighbour 

classifier and the SVM method were used for word image annotation in [74], and the nearest 

neighbour method provided more accurate results. Document image comparison and 

classification at the spatial layout level was presented in [89]. Interval encoding (intermediate 

level of representation) was introduced to capture elements of spatial layout in fixed-length 

vectors. The documents are considered as text blocks which are referred to as layout image. In 

comparing two layout images, a distance between one row on one page and another row on 

another page was calculated using edit distance. Then, the Manhattan distance was used to capture 

the difference between binary representations and interval encodings. However, in distance 

comparison, similarities were computed based on edit distances, interval distance, bitmap 

distance, and cluster distance and different results were obtained. The edit distance ranking 

demonstrates that it matches human perception very well. 

 To retrieve word images using bag-of-visual-words [73], the scale-invariant feature 

transform (SIFT) method was used to extract the features and to create the histograms. Then, 

hierarchical K-means (HKM) clustering was applied for clustering of word images [73, 74]. 

In [91], the branch and bound search algorithm were proposed for page classification 

through logical labeling graph matching. The tree edit distance computes the page similarity for 

layout-based document image retrieval in [46]. 

In [12], different block distances and matching methods were compared and evaluated. 

Between the assignment problem, the minimum weight edge cover problem and the Earth 

Mover’s distance, the minimum weight edge provided the better result.  

In [5], a word shape coding technique has been presented for document image retrieval. By 

means of a vector space model, similarities between the query image and documents in the dataset 

were computed using the cosine of the angle between vectors. In [34], to search for a query word, 

a sequence or a subsequence string of the query was searched for inexact string matching. Then, 

similarities between a query word and word images extracted from the document were measured 

based on dynamic programming to recognize the relevant word images. To deal with inexact 

matching, an additional term was introduced to the formula in [78, 92], by considering the 

properties of the clustering algorithm. 
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Table 2.1. Results comparison of recent literature reviews on DIR. 

Data type Feature level Dataset Result Method 

Historical 

documents 

Connected 

component-

based features 

Words from two 

different books of CESR 

collection 

up to 72% accuracy [59] 

Göttingen, BLP, BLV, 

Munich 

Top-10 up to 27%, 23%, 

22%, 25% Res. 

[54] 

3000 copies of XIV-

XVII century books 

up to 72% accuracy [55] 

Zone level 

features 

Japanese historical 

documents, 22pages, 

and 2771 characters 

Top-1up to 80% accuracy [70] 

Printed 

books 

Pixel level 

features 

310 Chinese articles up to 100% accuracy [15] 

Connected 

component-

based features 

Scanned students’ 

theses 

average precision ranging 

from 78.12% to 96.52% 

[60] 

23 pages with 174221 

words 

83.41% F-score [62] 

Word level 

features 

3 scanned English books 

D1, D2, D3 

up to 98% accuracy [2] 

5 scanned books varying 

in font D1-D5 

up to 85% accuracy 

 

[66] 

7 scanned Kalidasa 

books 

96.7% precision [68] 

Shape 

descriptors 

1000 Scanned books of 

Telugu 

up to 82.8% accuracy [74] 

4 different Indian 

languages 

up to 75.0% accuracy [73] 

Gujarati document 

images 

up to 68.0% precision [77] 

Global 

features 

NIST dataset 

MARG dataset 

NIST baseline is 100% 

MARG baseline is 94.78% 

[39] 

10385 document images Top-1 up to 92.3%  [36] 

Connected 

component-

based features 

Girona archives a polar graph with manual 

segmentation 98.81% 

[6] 

5080 articles of BMIR-

J2 

74% recognition rate [55] 

English, Devanagari and 

Bangla scripts 

99.68%, 99.94%, and 

99.97% accuracy 

[57] 

94 face from 810 

document images 

82.66% mean average 

precision 

[58] 

Shape 

descriptors 

NIST Special Dataset 2 

and 6 

for bank form dataset 99% 

and around 90% of the errors 

[88] 

Zone level 

features 

Arabic document 

images, Tobacco 

litigation dataset, 

5590 tax-form images 

82% with 10 table images for 

training, 99% with 15 images 

for training 

[4, 93] 
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(CDIP) Tobacco dataset text and image 80% [94] 

4109 invoice dataset  up to 99.99% mean average 

precision 

[95] 

Text-to-

image and 

camera-

based 

Pixel level 

features 

SVT, ICDAR 2011 and 

IIIT scene text 

mAP of 56.24% on SVT, 

65.25% on ICDAR 

[50] 

Connected 

component- 

based features 

Various digital text 

documents 

53.43% mean precision [31, 33] 

30 documents captured 

by a digital camera 

79.91% F-score [61] 

WikiBook dataset, 

Tobacco dataset 

94.3% F-score, 85.7% 

average F -score of  

[56] 

Word level 

features 

10 million pages 99.4% accuracy [96] 

Handwritten Global 

features 

160 Specimen 

handwritten documents 

Top-1 is 100% [40] 

Pixel level 

features 

George Washington and 

multi-language datasets 

D1, D2, D3 

GW(50.19%), D1(89.27%), 

D2(82.04%), D3(80.72%) 

[48] 

 

Word level 

features 

George Washington’s 

handwriting 

72% average precision  [69] 

Zone level 

features 

1104 lines (50 pages) 

from the NA KdK 

collection, 1903 

68% precision in labeled 

trained, 45% in unlabeled 

untrained  

[97] 

2.5. Discussion 

As an overview of the results of recent DIR methods in the literature, the results of recent 

studies are presented in Table 2.1. From Table 2.1, it can be noted that precision, recall, and F-

score have frequently been used in most of the papers as the evaluation metrics. Furthermore, 

only a few research groups have used some benchmarks, such as NIST, MARG, and Tobacco to 

evaluate their proposed DIR methods. Most of the research groups have, however, generated their 

own datasets for evaluating their proposed methods. Therefore, it is difficult to find a fair 

comparison study of the DIR methods proposed in the literature.  

In relation to the type of features used for DIR, from Table 2.1 it can be noted that the 

global features provide better results in the case of complex and handwritten documents compared 

to the local features. This is because important information about the structural arrangement of 

each document and their relationship can be obtained from global features. In addition, global 

features are robust to image resolution and image distortion, and are language independent, so 

these types of features can give promising results for the retrieval process. For printed books, 

which are usually structured documents, word level features and shape descriptors provide 

encouraging results. In text-to-image and camera-based document images, word level features 

also provided promising results; however, other feature levels resulted in nearly 50% correct 
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document image retrieval. Low accuracy has been obtained in historical documents. This is 

mostly because historical documents are generally degraded and have poor quality. 

Considering the system level analysis of the results obtained from different DIR methods 

in the literature, it can be noted that most of the methods are not scalable, not suitable for a large 

volume of data. Document image retrieval methods relying on layout analysis techniques can 

provide a powerful representation of document images; however, they are slow and error-prone 

for the retrieval process [29, 46, 52, 80]. In addition, this type of method cannot discriminate the 

contents of document images and it is mostly appropriate for document images with a structured 

layout. The document image retrieval methods [12, 13, 46, 52], which use variable-length 

descriptors and graph-based features for representation, have an effective and powerful feature 

representation. However, these methods are generally computationally expensive methods, as it 

is necessary to find distances between the variable-length descriptors such as sequences and 

graphs. The methods based on word spotting are faster compared to OCR-based approaches. They 

can further keep the structure of document images compared to the OCR-based approaches where 

the layout structure of the documents is distorted. They are also more suitable for large-scale and 

multi-lingual datasets. However, the segmentation process to obtain appropriate word symbols is 

an error-prone one. 

The neural network-based methods, which have the ability to implicitly detect complex 

nonlinear relationships between dependent and independent variables, can handle large amounts 

of data [81, 84]. The methods are computationally fast and not sensitive to input image size. So, 

neural network-based methods can provide promising results for document image retrieval [84].  

2.6.  Summary 

In this chapter, the recent document image retrieval works presented in the literature were 

reviewed. The focus was on the recognition-free methods and comparing different features which 

have been extracted for DIR at different levels, such as pixel, connected component, word, zone, 

and shape. These levels were defined based on the portion of the document image used for 

extracting features. Different steps that are generally involved in relation to the document image 

retrieval process were also discussed.
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CHAPTER 3 

3-BENCHMARK TEXTURE-BASED FEATURES 

The overview of the literature provided in the previous chapter reveals that research on 

document image retrieval using texture-based features has not yet been broadly investigated. Thus 

in this chapter, more than 50 different texture-based feature extraction methods from four 

categories of texture features are first summarised and then considered for the purposes of DIR. 

The suitability of benchmark texture-based features for DIR is investigated and the performances 

of all the methods are further evaluated and presented in Chapter 5.  

This chapter is organised into three sections as follows. In Section 3.1, a brief overview of 

texture-based features is presented. Section 3.2 discusses four different categories of texture 

features used in the literature. The summary is presented in Section 3.3. 

3.1 Use of texture features in document image analysis 

The use of texture-based methods has been demonstrated in various fields of research and 

applications, including document image analysis, pattern recognition, remote sensing, and 

medical imaging [25, 26, 98-100]. In document image analysis, texture features such as local 

binary pattern (LBP), auto-correlation, Gabor wavelet, Gabor dominant orientation histogram, 

spatial sampling, and wavelet transforms have been utilised for information spotting, segmenting 

and discriminating graphical components from textual contents in historical document images 

[20, 27, 101, 102]. In [102], Gabor wavelet has been considered for word retrieval from local 

language documents. Gabor wavelet has been employed to capture the directional energy features 

of the word images. Five texture features related to frequencies and orientations obtained from 

different parts of a page at different resolutions have also been extracted to segment pictures in 

historical documents [20]. In [103], characterisation of the content of a document image has been 

carried out without considering the structure and characteristics of treated pictures. The similarity 

values of a query image to documents in a database based on query-by-example has been 

computed [26, 37]. Texture features such as visibility and complexity have been provided to 
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determine the visual similarity of document images. In [104, 105], texture-based feature 

extraction approaches have been used for text and graphic segmentation and classification of 

document images. Supervised and un-supervised segmentation schemes have been considered, 

and a better classification performance has been shown using supervised segmentation [104].  

3.2 Texture features  

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

pixel to pixel [106]. Texture-based feature extraction approaches in the literature are broadly 

classified into four main categories: statistical, structural, transform, and model-based 

approaches. 

In the statistical approach, local features are computed at the pixel level, and the spatial 

distributions of pixels and relationships between the grey values in an image are considered. 

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

the number of pixels considered to compute the local features [106]. In the first-order statistical 

texture feature extraction, only properties of each pixel value are estimated. However, in second- 

and higher-order, the spatial interaction and relationship between two or more pixel values at 

definite locations are estimated [107]. 

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 [108]. In this study, 

the most common transform-based approaches such as wavelet, Fourier, Gabor wavelet, Radon, 

Contourlet, and Gist descriptor are discussed for the task of document image retrieval. 

The model-based approach is able to generate an empirical model of each pixel of the image. 

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

image model [106, 108]. Popular model-based approaches used for texture analysis include 

Markov random fields, fractal dimension, and the autoregressive model [108, 109]. 

In the structural approach, the texture features are characterised by texture primitives or 

texture elements. In other words, texture is defined as the property of texture elements and 

placement rule [106]. The structural-based texture features are more useful for synthesis than 

analysis tasks and they have a limitation in practical uses; however, they can provide a good 

symbolic description of the image [110]. The advantage of structural approaches is their 

efficiency on classical techniques of segmentation like, edge detection, thresholding and so on. 

The auto-correlation function, edge detection, and morphological operation are the methods 

described for retrieval task in this category.  

In this research study, various types of texture feature extraction approaches are taken into 

account for document image retrieval. The performance analysis and comparison analysis of the 
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results obtained based on these four categories of features are provided. Furthermore, the 

effectiveness of these methods based on time complexity and memory space is also described. 

3.2.1. Statistical approach 

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

better description and comparison. Group A is particularly useful for extracting texture features 

in a given direction (horizontal, vertical, and diagonal). By considering only a single direction, 

some information regarding the neighbouring pixels is lost [41, 111]. Therefore, these methods 

such as grey-level co-occurrence matrix, grey-level run-length method, grey-level difference 

method, Sum and difference histogram, and grey-level texture co-occurrence spectrum are not 

rotation invariant and considered as group A in this study. In group B of the statistical approach, 

the relationship between a pixel and its neighbour pixels is taken into account. These non-

parametric methods summarize the local grey-level information of the image and provide a 

histogram for the retrieval process. In contrast to group A, the methods in group B are rotation 

invariant. The variety of the LBPs methods and their modifications are classified as the second 

group. 

3.2.1.1. 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 the image is extracted [41]. The GLCM is computed based on two 

terms: the displacement 𝑑 of neighbour pixels, and the orientation 𝜃 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 

[41]. However, only four features, such as energy, entropy, contrast, homogeneity, are generally 

extracted from the input image. In the extracted features, the probability of occurrence of a pair 

of grey-levels (𝑖, 𝑗) at the distance 𝑑 with the direction 𝜃 is described by a function 𝑓(𝑖, 𝑗|𝑑, 𝜃) in 

the image. For a statistically reliable estimation of the relative frequency, a sufficiently large 

number of occurrences for each event is required. 

The symbol 𝜇 and 𝜎 are the mean and standard deviations respectively and (x, y) are the 

rows and columns of the matrix. 

a) Contrast  

Contrast is a local grey-level variation in the image and it can be considered as the linear 

dependency of the grey-levels of neighbour pixels. 

𝑠𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡(𝑑, 𝜃) =  ∑ ∑ (𝑖 − 𝑗)2𝑓(𝑖, 𝑗|𝑑, 𝜃)𝐿−1
𝑗=0

𝐿−1
𝑖=0      (3.1) 
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b)  Correlation 

The linear dependency of grey-levels of neighbour pixels is measured by correlation.  

𝑠𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛(𝑑, 𝜃) =  ∑ ∑
𝑓(𝑖, 𝑗|𝑑, 𝜃)−𝜇𝑥𝜇𝑦

𝜎𝑥𝜎𝑦

𝐿−1
𝑗=0

𝐿−1
𝑖=0                               (3.2) 

c) Homogeneity 

In the GLCM the homogeneity features measure the uniformity of the non-zero entries. It 

has a maximum value when all elements in the image are same.  

𝑠ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦(𝑑, 𝜃) =  ∑ ∑
𝑓(𝑖, 𝑗|𝑑, 𝜃)
1+(𝑖−𝑗)2

𝐿−1
𝑗=0

𝐿−1
𝑖=0    (3.3) 

d)  Energy 

Energy measures the uniformity of the texture and relates to homogeneity. When energy has 

a higher value, the homogeneity of the texture is bigger. 

𝑠𝑒𝑛𝑒𝑟𝑔𝑦(𝑑, 𝜃) =  ∑ ∑ 𝑓(𝑖, 𝑗|𝑑, 𝜃)2𝐿−1
𝑗=0

𝐿−1
𝑖=0     (3.4) 

3.2.1.2. 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 [111]. In the GLRLM, 

𝐿(𝜃) = [l′(𝑖, 𝑗|𝜃) ] for a given image is defined as the number of runs with pixels of grey-level 𝑖 

and run-length 𝑗 which is the number of image pixels in the run in an angle 𝜃 direction. For an 

image, grey-level run-length matrices 𝐿(𝜃) can be calculated in four directions where 𝜃 =

0°, 45°, 90°, 135°. Each matrix can provide seven features: short run emphasis, long-run emphasis, 

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

non-uniformity, and run percentage.  

a) Short-run emphasis (SRE) 

The characterisation of fine-grained textures is considered using SRE by giving emphasis to 

short runs. SRE can be defined by the formula below: 

𝐿𝑆𝑅𝐸(𝜃) =
1

𝑇𝐿
∑ ∑

𝑙′(𝑖,𝑗|𝜃)

𝑗
𝐿
𝑗=1

𝐺−1
𝑖=0     (3.5) 

b) Long-run emphasis (LRE) 

For characterizing of coarse texture or large homogeneous area of texture, LRE is considered 

by emphasizing long runs. LRE is defined by: 

𝐿𝐿𝑅𝐸(𝜃) =
1

𝑇𝐿
∑ ∑ 𝑗2𝑙′(𝑖, 𝑗|𝜃)𝐿

𝑗=1
𝐺−1
𝑖=0     (3.6) 

c) Low grey-level emphasis (LGRE) 
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An insight into the dominance of many runs of low grey-level value in the analysed texture 

is provided by LGRE. The LGRE is orthogonal to SRE and defined by: 

𝐿𝐿𝐺𝑅𝐸(𝜃) =
1

𝑇𝐿
∑ ∑

𝑙′(𝑖,𝑗|𝜃)

(𝑖+1)2
𝐿
𝑗=1

𝐺−1
𝑖=0     (3.7) 

d)  High grey-level emphasis (HGRE) 

Information on the dominance of many runs of high grey-level value in the analysed texture 

is considered by HGRE. The HGRE is orthogonal to LRE and is defined by: 

𝐿𝐻𝐺𝑅𝐸(𝜃) =
1

𝑇𝐿
∑ ∑ 𝑙′(𝑖, 𝑗|𝜃)(𝑖 + 1)2𝐿

𝑗=1
𝐺−1
𝑖=0    (3.8) 

e)  Grey-level non-uniformity (GLNU) 

GLNU is dedicated to identifying the grey-level outliers from the histogram. GLNU can be 

defined by the formula below: 

𝐿𝐻𝐺𝑅𝐸(𝜃) =
1

𝑇𝐿
∑ [∑ 𝑙′ (𝑖, 𝑗|𝜃)𝐿

𝑗=0 ]
2𝐺−1

𝑖=1     (3.9) 

f) Run-length non-uniformity (RLNU) 

RLNU is using to indicate the few run-length outliers which are taking over the histogram. 

RLNU can be defined by the formula below: 

𝐿𝑅𝐿𝑁𝑈(𝜃) =
1

𝑇𝐿
∑ [∑ 𝑙′ (𝑖, 𝑗|𝜃)𝐺−1

𝑖=0 ]
2𝐿

𝑗=0     (3.10) 

g) Run percentage (RPC) 

An indication of the overall histogram homogeneity is provided by RPC. The PRC can obtain 

the maximum value irrespective of the grey-level values where all runs are equal to the unity 

length. RPC can be defined by the formula below: 

𝐿𝑅𝑃𝐶(𝜃) =
1

𝑇𝑃
∑ ∑ 𝑙′ (𝑖, 𝑗|𝜃)𝐿

𝑗=1
𝐺−1
𝑖=0     (3.11) 

where 𝐺 and 𝐿 are the number of grey-levels and run lengths in the image respectively, 𝑇𝐿 =

∑ ∑ 𝑙′ (𝑖, 𝑗|𝜃)𝐿
𝑗=1

𝐺−1
𝑖=0 , and 𝑇𝑃 shows the number of the points in the image. 

3.2.1.3. Grey-level difference method 

An absolute difference between pairs of grey-level pixels in the image is defined as the grey-

level difference method (GLDM) [111]. By considering the image intensity, a function, 𝑓(𝑥, 𝑦) 

for any given displacement 𝛿 = (∆𝑥, ∆𝑦) where ∆𝑥 and ∆𝑦 are integers, is computed. The grey-

level difference between the pair of pixels is then calculated by  

𝑓𝛿(𝑥, 𝑦) = |𝑓(𝑥, 𝑦) − 𝑓(𝑥 + ∆𝑥, 𝑦 + ∆𝑦)|                                         (3.12) 
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In this method, the vector 𝛿 can be considered in one of the following 

forms, (0, 𝑑), (−𝑑, 𝑑), (𝑑, 0), (−𝑑,−𝑑), 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 

[111, 112]. 

a) Contrast 

𝐶𝑂𝑁 = ∑ 𝑖2𝑓′(𝑖|𝛿)𝐺−1
𝑖=0        (3.13) 

b) Entropy 

𝐸𝑁𝑇 = ∑ 𝑓′(𝑖|𝛿)𝑙𝑜𝑔𝑓′(𝑖|𝛿)𝐺−1
𝑖=0     (3.14) 

c) Mean 

𝑀𝐸𝐴𝑁 = ∑ 𝑖𝑓′(𝑖|𝛿)𝐺−1
𝑖=0        (3.15) 

d) Angular second moment 

𝐴𝑆𝑀 = ∑ [𝑓′(𝑖|𝛿)]2𝐺−1
𝑖=0           (3.16) 

e) Inverse difference moment 

𝐼𝐷𝑀 = ∑
𝑓′(𝑖|𝛿)

𝑖2+1
𝐺−1
𝑖=0        (3.17) 

3.2.1.4. Sum and difference histogram  

The concept of sum and difference histograms method (SDH) [113] is similar to GLDM, but, 

either the sum or difference of two grey-scale values were taken into account instead of 

considering the absolute difference. The functions for sum histogram (SH) and different 

histogram (DH) are as follows: 

 𝑓𝑆𝐻 = 𝐼𝑐+𝐼𝑗     (3.18) 

 𝑓𝐷𝐻 = (𝐼𝑐−𝐼𝑗) + (𝐺 − 1)    (3.19) 

where (𝐺 − 1) guarantees that the function returns non-negative integers. The extracted features 

from 0°,45°, 90°and 135° orientations were concatenated to create a feature vector. 

3.2.1.5. Grey-level texture co-occurrence spectrum  

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

is taken into account by grey-level texture co-occurrence spectrum (GLTCM) [114]. The grey 

value pixels of 4 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, called n-tuple is used 

to extract the textural information. The nearest neighbours around the centre pixel in 4 directions 

are considered for the n-tuple, which is sorted into a descending order and represent one state of 

n-tuple as a rank. The occurrence of ranks in the entire image is recorded to form an 𝑛! 

dimensional rank. The mathematical formulation used in this study is as follows: 
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𝑓𝐺𝐿𝑇𝐶𝑆(𝑥) = ∑ ∑ 𝑖! 휀⌈𝐼
𝜋
−1(𝑗) − 𝐼𝜋−1(𝑖) ⌉

4
𝑗=𝑖+1

3
𝑖=1   (3.20) 

3.2.1.6. Local binary pattern  

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

[115]. In the LBP method, an image is divided into a number of overlap patches. The features are 

extracted based on the differences of 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 giving the values for (N, R), where N = {4, 8, 12, 

16, 24} and R = {1, 1, 1.5, 2, 3}, correspondingly. In each patch, the central pixel value of the 

patch is a threshold for that specific patch. Then, a binary pattern is obtained according to the the 

surrounding pixels. When a limited number of transactions occur in a binary pattern, the binary 

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

is an important concept in the LBP method. Thus, the central pixel receives the binary valued 

result as a local image descriptor. The LBPN,R produces  2N output values that correspond to the 

different binary patterns according to the number of neighbours. The LBP operator can be defined 

as the following: 

 𝐿𝐵𝑃𝑁,𝑅 = ∑  2𝑛 × 𝑠(𝑖𝑛−𝑖𝑐)
𝑁−1
𝑛=0                                                       (3.21) 

𝑠 (𝑖𝑛−𝑖𝑐) = {
1         𝑖𝑓 (𝑖𝑛−𝑖𝑐) ≥ 0,
0         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                 (3.22) 

where 𝑖𝑐  and 𝑖𝑛 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 = [

𝑖1 𝑖2 𝑖3
𝑖0 𝑖𝑐 𝑖4
𝑖7 𝑖6 𝑖5

]                                                        (3.23) 

3.2.1.7. Local binary pattern co-occurrence matrix  

The local binary pattern co-occurrence matrix (LBPCM) [116] is the combination of two 

statistical-based approaches (LBP and GLCM). In [116], the LBPCM has been used for extracting 

texture features for crowd density estimation. The LBP method [115] extracts the texture feature 

of the image and generates a histogram for measuring the distance between the documents. Thus, 

for the LBPCM method the GLCM can be applied on the LBP map instead of the original grey 

image.  

Figure 3.1 shows a document image from the dataset and the LBP map of the same image. 

The LBPCM considers the statistical properties of both the methods and the spatial information 
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of LBP, so it can provide the facility to use more information of LBP for local texture features 

[116]. 

                                         

                            (a)                                                                                 (b) 

Figure 3.1. (a) A grey-scale image, (b) The corresponding LBP map. 

3.2.1.8. Median binary pattern 

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

[117]. 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: 

𝑀𝐵𝑃 = 2𝑁 × 𝑠(𝑖𝑐 −𝑀𝑒) + ∑  2𝑛𝑁−1
𝑛=0 × 𝑠(𝑖𝑛 −𝑀𝑒)  − 1                                  (3.24) 

𝑠 (𝑖𝑐,𝑛 −𝑀𝑒) = {
1           𝑖𝑓 (𝑖𝑐,𝑛 −𝑀𝑒) ≥ 0,

0           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                             (3.25) 

where 𝑀𝑒 is the median value over a 3 × 3 neighbourhood. Since in MBP method, images are 

divided into the overlapping patches of 3 × 3,  29 − 1 binary patterns are 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 contrast between two intensity ranges 

that impact the local structure. 

3.2.1.9. 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 [118]. The average 

of 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.  
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𝐼𝐿𝐵𝑃 = 2𝑁 × 𝑠(𝑖𝑐 − �̅�) + ∑  2𝑛 ×𝑁−1
𝑛=0 𝑠(𝑖𝑛 − �̅�) − 1,                              (3.26) 

𝑠 (𝑖𝑐,𝑛 − �̅�) = {
1           𝑖𝑓 (𝑖𝑐,𝑛 − �̅�) ≥ 0,

0           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                          (3.27) 

where 𝑉 is the average value of a specific patch. This operator produces  29 − 1 binary patterns. 

�̅� = 
1

9
(𝑖𝑐 + ∑ 𝑖𝑛

𝑁−1
𝑛=0 )                                                                (3.28) 

3.2.1.10. 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 [98]. 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 with 𝑖𝑐. Therefore, (𝑖𝑐 ± 𝑡) illustrates the tolerance 

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

𝑠 (𝑖𝑛, 𝑖𝑐 , 𝑡) = {

    1          𝑖𝑛  ≥  𝑖𝑐 + 𝑡    

0         |𝑖𝑛 − 𝑖𝑐| < 𝑡
−1          𝑖𝑛  ≤  𝑖𝑐 − 𝑡  

                                                (3.29) 

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 

3.2. 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 3.2. One example of a ternary pattern split into a positive and a negative pattern. 

3.2.1.11.  Improved local ternary pattern 

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

called ‘improved local ternary patterns’ (ILTP) was proposed [119]. In the ILTP method, the 

neighborhood pixels (𝑖𝑛) are thresholded by their average grey-scale value. They are then split 
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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. 

3.2.1.12.   Binary gradient contours 

In the binary gradient contour (BGC) feature extraction method, intensity invariance plays 

an important role [120]. The pair of pixels of the closed paths around the central pixel is 

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 [120]. The pixel order for a single-loop (BGC1) is described as (𝑖0, 𝑖7, … , 𝑖1, 𝑖0). The pixel 

order in the case of triple-loops (BGC3) is described as (𝑖0, 𝑖5, 𝑖2, 𝑖7, 𝑖4, 𝑖1,𝑖6, 𝑖3, 𝑖0). Since, eight 

components cannot be 0s at the same time, 28 − 1 gradient binary contour features are generated 

by both of the operators. On the other hand, two closed paths are created in double-loop (BGC2), 

which includes (𝑖1, 𝑖7, 𝑖5, 𝑖3, 𝑖1) and (𝑖0, 𝑖6, 𝑖4, 𝑖2, 𝑖0). In each path, 24 − 1 gradient binary contour 

features are generated. Thus, the combination of two loops produces (24 − 1)2 bins. 

3.2.1.13.  Local quinary pattern 

The local ternary pattern extends into local quinary patterns (LQP) [26]. In the LTP feature 

extraction discussed in Section 3.2.1.10, only one threshold was used to generate patterns, but in 

LQP, two thresholds were considered to generate different patterns. Thus, there are five levels of 

encoding, as described in the following: 

𝑆(𝑖𝑛, 𝑖𝑐 , 𝑡) =

{
 
 

 
 
   2               𝑖𝑛  ≥  𝑖𝑐 + 𝑡                         
1               𝑖𝑐 + 𝑡1 ≤ 𝑡 < 𝑖𝑐 + 𝑡2      
0               𝑖𝑐 − 𝑡1 ≥ 𝑖𝑛  <  𝑖𝑐 + 𝑡1  
−1              𝑖𝑐 − 𝑡2 ≤ 𝑖𝑛  <  𝑖𝑐 − 𝑡1     
−2             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                            

   (3.30) 

Based on the output of the 𝑖𝑐(𝑥) = {−2,−1,1,2} binary function, in the LQP method local 

quinary patterns were divided into 4 different groups of binary patterns, while in the LTP, patterns 

were divided into 2 groups of binary patterns. The histograms of four layers were concatenated, 

and as a result, a feature set composed of 28 × 4 features were extracted from an image. The 

mathematical illustration of the LQP method is denoted by the following notation. 

𝑓𝐿𝑄𝑃 = ∑ 2𝑗 × 𝛿⌊𝜑∆1, ∆2(𝑖𝑐 − 𝑖𝑛) − 𝑖⌋
𝑁−1
𝑛=0     (3.31) 

3.2.1.14.  3D Local binary pattern  

3DLBP refers to the extension of the LBP method in that, addition to the sign of neighbour 

values around the central pixel, the values of the differences between the central pixel and its 

peripheral pixels are considered [121]. The method can be considered as the combination of the 

LBP and GLDM methods. In the 3DLBP method, the binary unit was divided into four layers, 

and from each layer, four numbers were obtained. In other words, the exact values of difference 



Chapter 3. Benchmark Texture-based Features 

 

36 | P a g e  
 

were encoded and presented in four layers. Three binary units corresponded to the absolute value 

as difference (𝐷𝐷): 0~7, where all values greater than 7 were assigned to 7. The other binary unit 

was signed of the difference denoted 0, 1 as in the original LBP method. Hence, the histograms 

of the four layers were concatenated, and a feature set of size 28 × 4 features was extracted from 

an image. The mathematical notation of the 3DLBP method is denoted using the following 

formula: 

𝑓3𝐷𝐿𝐵𝑃 = ∑ 2𝑗 × 𝛽𝑙
𝑁−1
𝑛=0 (⌊𝑖𝑛 − 𝑖𝑐⌋)    (3.32) 

where the function which refers to the 𝑙 − 𝑡ℎ binary digit of decimal number 𝑥 is shown by 𝛽𝑙(𝑋). 

3.2.1.15.  Completed local binary pattern  

 In the completed local binary pattern (CLBP) approach [122], binary patterns generated by 

the original LBP were transformed to sign and magnitude vectors. By considering this method, 28 

number of features were extracted from an image. The method is denoted by 

𝑓𝐶𝐿𝐵𝑃 = ∑ 2𝑗 × 𝑠𝑁−1
𝑛=0 (⌊𝑖𝑛 − 𝑖𝑐⌋ − Ĩ)    (3.33) 

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

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

3.2.1.16. Texture spectrum  

In the texture spectrum (TS) method [123], similar to the original LBP, features were 

extracted from a patch of size 3 × 3, based on the following function: 

𝐸𝑛 = {

 0,             𝑖𝑓 𝑖𝑛 < 𝑖𝑐    
1,             𝑖𝑓  𝑖𝑛 = 𝑖𝑐   
2,             𝑖𝑓 𝑖𝑛 > 𝑖𝑐   

    (3.34) 

Grey-level intensities were encoded into three levels, and the statistics of the frequency of 

occurrence of all the texture in the image were represented by texture unit (TU) numbers, 

where 𝑇𝑈 = {𝐸1, 𝐸2, …𝐸8}. In other words, the corresponding texture unit characterises the local 

texture for a centre pixel and its neighbourhood pixels. The method is based on the ternary 

threshold function with ∆= 0 displayed as 𝑇𝑆0; thus 38 features were extracted from an image 

using the following formula:  

𝑓𝑇𝑆0 = ∑ 38 × 𝜂0
𝑁−1
𝑛=0 (𝑖𝑛 − 𝑖𝑐)    (3.35) 

In another version of 𝑇𝑆, ∆ can perform with values other than zero, displayed as 𝑇𝑆∆ [124]. 

The modified version was employed to reduce the sensitivity of the 𝑇𝑆0 method to noise, and is 

presented in the following formula: 

 𝑓𝑇𝑆∆ = ∑ 3𝑛 × 𝜂∆
𝑁−1
𝑛=0 (𝑖𝑛 − 𝑖𝑐)        (3.36) 
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The texture spectrum is insensitive to noise and variation of the background intensity because 

only related grey-levels are qualified for feature extraction [125]. 

3.2.1.17.  Centre-symmetric local binary pattern  

The centre-symmetric local binary pattern (CSLBP) [126] is associated with the LBP 

method, although different structures of neighbourhood pixel comparisons were considered. In 

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

symmetric couples of pixel values, (𝑖0, 𝑖4), (𝑖1, 𝑖5), (𝑖2, 𝑖6), and (𝑖3, 𝑖7), were considered to extract 

features. Hence, only 24 local binary patterns were extracted from the CSLBP method. The 

CSLBP function can be stated in the following equation: 

𝑓𝐶𝑆𝐿𝐵𝑃 = ∑ 2𝑛 × 𝑠3
𝑛=0 (𝑖𝑛 − 𝑖𝑛+4 − ∆ − 1)    (3.37) 

where the parameter ∆ is threshold the grey-level differences.  

3.2.1.18.  Improved centre-symmetric local binary pattern 

Two different varieties of the CSLBP were proposed in [126, 127], known as improved 

centre-symmetric local binary pattern. In the first improved version, the grey value of the centre 

pixel was included in each of the four pairs used in the CSLBP. Thus, the four triplet values that 

were located in the horizontal, vertical, diagonal, and off-diagonal directions in each patch were 

considered. The following function represents the D-LBP method. 

𝑓𝐷−𝐿𝐵𝑃 = ∑ 2𝑛 × 𝑠3
𝑛=0 (𝑖𝑛, 𝑖𝑐 , 𝑖𝑛+4)    (3.38) 

The second improved version of the CSLBP method is very similar to the first form, but the 

average value of the eight neighbour pixels was computed and used instead of the central pixel 

value. The function representing the ID-LBP is shown in the following: 

𝑓𝐼𝐷−𝐿𝐵𝑃 = ∑ 2𝑛 × 𝑠3
𝑛=0 (𝑖𝑛, �̂�, 𝑖𝑛+4)    (3.39) 

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

the following function:  

𝑠 (𝑥1, 𝑥2, 𝑥3) = {
1,              𝑖𝑓 𝑥1  ≥  𝑥2 𝑎𝑛𝑑 𝑥2  ≥  𝑥3
1,              𝑖𝑓 𝑥1 ≤ 𝑥2 𝑎𝑛𝑑 𝑥2  ≤  𝑥3
0,             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                            

   (3.40) 

3.2.1.19.  Binary texture co-occurrence spectrum  

The binary texture co-occurrence spectrum (BTCS) method was introduced to extract the 

textural information in terms of the occurrence of 𝑛 conjoint pixel values [128]. The BTCS 

method is based on the probability of occurrence of a predefined shape and size in the binarized 

image using a global threshold. As the occurrence of horizontal and vertical direction pixels in a 
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patch was considered for feature extraction, only 24 local binary patterns were extracted from the 

BTCS method. The kernel function representing the BTCS is shown as follows: 

𝑓𝐵𝑇𝐶𝑆 = ∑ 2𝑛 × 𝑠3
𝑛=0 (𝑖2𝑛 − Î)    (3.41) 

where Î is the binarization threshold. 

3.2.1.20.  Centralised binary patterns  

To reduce the noise sensitivity of LBP, centralised binary patterns (CBP) were introduced in 

[129]. The same pairs of centre-symmetric pixels used by CSLBP as well as a pair of central 

pixels and the average of eight neighbour pixels (𝑖𝑐 , �̅�) were considered in the CBP method. 

Better gradient information compared to the original LBP was captured by considering the sign 

information in the CBP method. To find the differences of grey-scale values, a predefined small 

positive value ∆ was taken into account. Using the CBP method, 25 local binary patterns were 

extracted. The kernel function is represented as follows: 

𝑓𝐶𝐵𝑃 = 2
4 × 𝑠(⌈𝑖𝑐 − �̅�⌉ − ∆) + ∑ 2𝑛 × 𝑠3

𝑛=0 (⌈𝑖𝑛 − 𝑖𝑛+4⌉ − ∆)  (3.42) 

3.2.1.21.  Centre-symmetric texture spectrum  

The centre-symmetric texture spectrum (CS-TS) [130] is a variation of the texture spectrum. 

The very same set of pairs used in the CSLBP method was considered in this method. Hence, 34 

features were extracted by considering the CS-TS method. The kernel function representing the 

CS-TS method is shown as follows: 

𝑓CS−TS∆ = ∑ 3𝑛 × 𝜂∆
3
𝑛=0 (𝑖𝑛 − 𝑖𝑛+4)    (3.43) 

3.2.1.22.  Coordinated clusters representation  

The coordinated clusters representation (CCR) is one of the methods that was initially 

introduced as a texture feature extraction method for binary images [131]. The method was 

employed for encoding digital data to economize information storage. It can also be noted that 

this method is similar to ILBP, with the difference being the consideration of  a global threshold 

for encoding. In this method, similar to the BTCS, the probability of occurrence of the 29 possible 

binary patterns were measured. The kernel function to extract CCR features is defined as follows: 

𝑓𝐶𝐶𝑅 = 2
8 × 𝑠(𝐼𝑐 − Î) + ∑ 2𝑛 × 𝑠𝑁−1

𝑛=0 (𝐼𝑛 − Î)    (3.44) 

3.2.1.23.  Gradient-based local binary pattern 

The gradient-based local binary patterns (GLBP) method [132] was introduced to eliminate 

the effect of linear transformation in the original LBP, and to create a more robust method 

compared to LBP. In the GLBP method, the mean absolute value of vertical and horizontal pixels 

located around the central pixel in a 3 × 3 patch size was used as a threshold. Therefore, the 
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difference of all peripheral pixels around the central pixel with the given threshold was obtained. 

As a result, a set of 29 features was extracted as the GLBP features. The kernel function which 

generates the GLBP features is demonstrated in the following. 

𝑓GLBP = ∑ 2𝑛 × 𝑠𝑁−1
𝑛=0 (𝑖𝑚 − ⌈𝑖𝑛 − 𝑖𝑐⌉)   (3.45) 

𝑖𝑚 =
1

2
(⌈𝑖0 − 𝑖4⌉ − ⌈𝑖2 − 𝑖6⌉)      (3.46) 

3.2.1.24.  Gradient texture unit coding  

In the gradient texture unit coding (GTUC) method [133], along with the ternary texture 

feature vector, the gradient of values was also considered as a feature vector. In a patch of size 

3 × 3, the difference between the circle pixel value as a starting point and one of the peripheral 

pixels as a terminal point was computed to generate texture unit coding. For instance, 𝑗1 is pinned 

down and 𝑗2 runs circularly in one direction, and the gradient texture feature number is measured 

corresponding to different angles. Very similar texture unit coding to that used in the texture 

spectrum method was taken into account in the GTUC method. The gradient texture feature 

number is considered for encoding the pixels based on the following function. 

𝜑∆ (𝑗1, 𝑗2) =

{
 
 

 
 
 0,         𝑖𝑓 ⌈𝑖𝑗1 − 𝑖𝑐⌉ ≤ ∆ 𝑎𝑛𝑑 ⌈𝑖𝑗2 − 𝑖𝑐⌉ ≤ ∆   

 1,         𝑖𝑓 ⌈𝑖𝑗1 − 𝑖𝑐⌉ < ∆ 𝑎𝑛𝑑 ⌈𝑖𝑗2 − 𝑖𝑐⌉ ≥ ∆   

 1,         𝑖𝑓 ⌈𝑖𝑗1 − 𝑖𝑐⌉ ≥ ∆ 𝑎𝑛𝑑 ⌈𝑖𝑗2 − 𝑖𝑐⌉ < ∆   

 2,         𝑖𝑓 ⌈𝑖𝑗1 − 𝑖𝑐⌉ > ∆ 𝑎𝑛𝑑 ⌈𝑖𝑗2 − 𝑖𝑐⌉ > ∆   

  (3.47) 

By employing this method, the combination of the eight angles and three values resulted 

in 2 ×  37possible patterns. By considering 𝑗7 as the terminal point, the function can be displayed 

as follows: 

𝑓GTUC = 3
7𝛿⌈𝜑∆(𝑖7 − 𝑖7) − 2⌉ + ∑ 3𝑛𝜑∆

𝑁−2
𝑛=0 (𝑖𝑛 − 𝑖7)           (3.48) 

3.2.1.25.  Modified texture spectrum 

A simplified version of LBP and TS is represented as the modified texture spectrum (MTS) 

method [134]. In the MTS method, only pixels located at 0°, 45°, 90°and 135° directions of the 

central pixel, which is only half of the peripheral pixels, were taken into account. The aim in this 

method was to reduce the number of extracted features and subsequently reduce computing time 

used by the TS method. Therefore, in texture unit coding, logical comparisons of “greater” and 

“equal” were combined into one code as “greater and equal”. As a result, only 24 different patterns 

were extracted from an image. The kernel function, which generates MTS features, is shown as 

follows: 

𝑓𝑀𝑇𝑆 = ∑ 2𝑛 × 𝑠3
𝑛=0 (𝑖𝑐 − 𝑖𝑛)       (3.49)  
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3.2.1.26.  Simplified texture spectrum 

In the simplified version of the texture spectrum (STS) [134], which is very similar to the 

MTS method, only pixels at 0°, 45°, 90°and 135° orientations were taken into account. The aim 

of the method was to reduce the high dimensionality of features in the TS method. By considering 

only four pixels around the central pixel, the number of extracted features was reduced from 38 

to 34 features. The following function generates the STS features. 

𝑓STS = ∑ 3𝑛𝜂0
3
𝑛=0 (𝑖𝑐 − 𝑖𝑛)    (3.50) 

3.2.1.27.  Simplified texture units  

Simplified texture units (STU) [135] is another version of texture spectrum. The 

neighbourhood pixels were divided into two groups. The first group includes the central pixel and 

the pixels which are located in the horizontal and vertical locations of the central pixel, and this 

is called 𝑆𝑇𝑈 +. The second group includes the central pixel and the pixels, which are diagonally 

connected to the central pixel, referred to 𝑆𝑇𝑈 ×. From each group of pixels, 34 features were 

extracted as follows: 

𝑓𝑆𝑇𝑈+ = ∑ 3𝑛𝜂∆
3
𝑛=0 (𝑖2𝑛 − 𝑖𝑐)    (3.51) 

𝑓𝑆𝑇𝑈× = ∑ 3𝑛𝜂∆
3
𝑛=0 (𝑖2𝑛+1 − 𝑖𝑐)   (3.52) 

3.2.1.28.   Rank transform  

The rank transform (RT) method [136] is another texture-based feature extraction method 

used to measure the local intensity of the pixels. The RT method was defined as the number of 

pixels that has less intensity than the intensity of the centre pixel in a local region. Hence, the 

features are extracted based on the comparative intensities of the central pixel and peripheral 

pixels, and then they are transformed depending on the sign of the comparison. The RT method 

can generate 9 different patterns using the function defined as follows: 

𝑓RT = ∑ 2𝑛 × 𝑠𝑁−1
𝑛=0 (𝑖𝑐 − 𝑖𝑛 − 1)    (3.53) 

3.2.1.29.  Reduced texture units  

The reduced texture units (RTU) method [125] is a compressed version of the texture 

spectrum. The coding performed is similar to the TS method in the ternary form. The peripheral 

pixels were compared with the central pixel, and based on smaller, equal or greater values than 

the central pixel, they were coded as 1, 0 and 2, respectively. Only these total numbers of 0, 1, 

and 2 were considered in this compressed method as 𝛼0 + 𝛼1 + 𝛼2 = 8. The number of features 

was obtained similar to the occupancy problem, which counts the number of ways 𝑤 =

(
𝑛 + 𝑟 − 1
𝑟 − 1

), where in this case 𝑛 = 8 objects can be placed into 𝑟 = 3 distinct cells. So, only 45 



Chapter 3. Benchmark Texture-based Features 

 

41 | P a g e  
 

different possibilities were obtained and created a feature vector. The kernel function is expressed 

as follows: 

𝑓𝑅𝑇𝑈 = 𝛼0 +
(8−𝛼1)−(9−𝛼1)

2
    (3.54) 

3.2.2. Transform-based approach 

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

extraction approaches have been considered in many applications of image processing as well as 

signal processing [137]. In this section, some transform-based approaches are reviewed and 

considered for document image retrieval. 

3.2.2.1. 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 or under-sampled images is to consider some of the ignored features, 

which are not noticeable in one resolution and give an impression in the other resolutions. The 

Haar transform is the simplest known orthonormal wavelet [138]. A wavelet is defined by a 

function 𝜓(𝑥) ∈ 𝐿2(𝑅) where 𝐿2(𝑅) satisfies∫|𝑓(𝑥)|2 𝑑𝑥 < ∞ , and has limited length and 

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

calculate the coefficient distribution over the mother wavelet [139, 140]. The mother 

wavelet 𝜓(𝑥), translated by u and scaled by s, can be represented as: 

 𝜓𝑢,𝑠(𝑥) =
1

√𝑠
𝜓 (

𝑥−𝑢

𝑠
)                                                     (3.55) 

 Since the continuous wavelet transform 𝑊𝜓(𝑢, 𝑠), is not useful in practical scenarios, 

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

𝑊𝜓(𝑢, 𝑠) = ∫ 𝑓(𝑥)
+∞

−∞
𝜓𝑢,𝑠(𝑥)𝑑𝑥                                             (3.56) 

𝑢 = (𝑘 − 𝑙), 𝑠 = (𝑘 − 1) × 2,  𝑘 = 1, 2                                       (3.57) 

These wavelets are signified by 𝜓𝑙𝑘 and identified by indices 𝑙 and 𝑘. 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 [141]: 

𝑄𝑠(𝑢𝑖, 𝑢𝑗) = ⌈𝐻𝑥 ∗ [𝐻𝑦 ∗ 𝑄𝑠−1]↓2,1⌉↓1,2
(𝑢𝑖, 𝑢𝑗)                                     (3.58) 

𝐷𝑠1(𝑢𝑖, 𝑢𝑗) = ⌈𝐻𝑥 ∗ [𝑍𝑦 ∗ 𝑄𝑠−1]↓2,1⌉↓1,2
(𝑢𝑖, 𝑢𝑗)                                    (3.59) 
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𝐷𝑠2(𝑢𝑖, 𝑢𝑗) = ⌈𝑍𝑥 ∗ [𝐻𝑦 ∗ 𝑄𝑠−1]↓2,1⌉↓1,2
(𝑢𝑖, 𝑢𝑗)                                   (3.60) 

𝐷𝑠3(𝑢𝑖, 𝑢𝑗) = ⌈𝑍𝑥 ∗ [𝑍𝑦 ∗ 𝑄𝑠−1]↓2,1⌉↓1,2
(𝑢𝑖, 𝑢𝑗)                                   (3.61) 

where H and Z are low pass and high pass filters, and ‘*’ symbolizes the convolution operator; 

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

resolution image at scale 𝑠. 

In addition to an approximation coefficient matrix that contains a coarse summary of the 

original image, three detail coefficient matrices (horizontal 𝐷ℎ, vertical 𝐷𝑣, and diagonal 𝐷𝑑) are 

generated by employing the equations (3.58-61). By applying this process iteratively to the 

approximation images, a hierarchy of these images is generated, as illustrated in Figure 3.3. 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 𝐷𝑛𝑖 produced by 

filtering in a specific direction at scale 𝑛 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. 

 

Figure 3.3. Generating the detail coefficient matrices using wavelet transform. 

3.2.2.2. Fourier transform 

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

information of an image [140]. The image can be decomposed into its sine and cosine components 

using Fourier transform. Some correspondences exist between the image features of the spatial 

domain and those on a frequency domain. In addition, the images transformed by employing the 
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Fourier transform method include different spectral texture patterns with different densities that 

can construct discriminative texture features. 

The Fourier transform can be considered in the polar coordinate system (𝑟, 𝜃), where 𝑟 is 

the radius to show the intensity of the image, and 𝜃 is the angle to show the direction of the image 

[142]. Let 𝐼 and 𝐼′ be the image under a right-angle coordinate system and the image under polar 

coordination system, respectively. The given input image can be transformed from the right-angle 

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

𝐼′(𝑟, 𝜃) = 𝐼(64 + 𝑟 cos 𝜃, 𝑟 sin𝜃),    0 ≤ 𝑟 ≤ 64     0 ≤ 𝜃 ≤ 𝜋.                        (3.62) 

𝑅𝑖 = ∑ ∑ 𝐼′(𝑟, 𝜃),8𝑖
𝑟=8(𝑖−1)

𝜋
𝜃=0        𝑖 = 1,2,… ,8                                    (3.63) 

𝜃𝑖 = ∑ ∑ 𝐼′ (𝑟,
𝜃𝜋

8
) ,64

𝑟=0
𝑖
𝜃=0(𝑖−1)      𝑖 = 1,2, … ,8                               (3.64) 

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 the equation (3.62). 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. 

3.2.2.3. 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 [102]. The Gabor wavelet is an ideal basis to 

extract local features and it can capture directional energy features from an image [143]. The 

Gabor wavelet method is efficient in describing the visual properties of an image and is similar 

to human visual perception [143]. By characterizing the spatial frequency structure in an image, 

spatial relations with the same time are provided.  

By considering the 2-D mother wavelet (equation 3.55) and Fourier transform, the Gabor 

wavelet can be defined as: 

𝐺𝑙𝑘(𝑥, 𝑦) = ∑ ∑ 𝐼(𝑥 − 𝑠, 𝑦 − 𝑢) 𝜓𝑙𝑘
∗ (𝑠, 𝑢)𝑢𝑠                                      (3.65) 

where s and u stand for the sizes of filter mask and 𝜓𝑙𝑘
∗  is the complex conjugate of 𝜓𝑙𝑘. By 

considering 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; one example is shown in Figure 3.4. Then, the 

mean, energy, and variance are extracted from each filtered image and the features are 
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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.  

  

Figure 3.4. Gabor wavelet in five scales and eight orientations. 

3.2.2.4. Radon transform 

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

(RT) method is applied [143]. 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 [144]. Applying 

the Radon transform on an image provides a new image 𝑅𝑇(𝑟, 𝜃), defined as follows: 

𝑅𝑇(𝑟, 𝜃)𝑓[(𝑥, 𝑦)] = ∫ ∫ 𝑓(𝑥, 𝑦)
∞

−∞

∞

−∞
𝛿(𝑟 − 𝑥 cos 𝜃 − 𝑦 sin𝜃)𝑑𝑥𝑑𝑦                  (3.66) 

𝑟 = 𝑥 cos 𝜃 +  𝑦 sin 𝜃,     (3.67) 

where the distance of a line from the origin is described by 𝑟, and 𝜃 is the angle between the lines. 

The mean, variance, vertical projection, and horizontal projection are extracted from the Radon 

transform of each angle 𝜃(0,180), 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 [144].  

3.2.2.5. Contourlet transform  

The Contourlet transform is a directional multiresolution image representation obtained by 

extending the wavelet transform, considering multi-scale and directional filter banks [145, 146]. 

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 
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boundaries in an image [146]. To detect the point discontinuities of the image, the Laplacian 

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

filter bank is taken into account [145]. 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 [146]. A set of statistical features such 

as mean, energy, contrast, information entropy, and homogeneity, is extracted from each sub-

band [145] to create a feature vector. The weakness of the Contourlet transform that can be 

remarked upon is that its original image is not localised in the frequency domain [147].  

3.2.2.6. Gist descriptor 

The Gist descriptor was primarily introduced in [148] to have a low dimensional illustration 

of the scene. Gist descriptor has been used for other applications such as scene recognition and 

classification [149-151]. The Gist assigns to the meaningful information that a viewer can identify 

from an image in a glance, and it is noticed that a variety of spatial scales can provide a variety 

of information for recognition purpose [152]. To achieve better recognition in pattern recognition, 

the comprehensive information of images at different scales can be valuable [149]. Thus, the 

summarised gradient information (scales and orientations) of different parts of an image is defined 

as the Gist of the image that exploits statistical data of colour and texture measurements in the 

determined region of the image.  

The Gist descriptor usually consists of the semantic label and the spatial layout of the 

image. The global features of document images measured orientations and spatial frequencies of 

image components. The colour image with 𝑀 ×𝑁 resolution is converted to an intensity 

image 𝑖(𝑥, 𝑦), and Fourier transform is applied on the intensity image, which is defined as: 

𝐼(𝑓𝑥, 𝑓𝑦) = ∑ ∑ 𝑖(𝑥, 𝑦)ℎ(𝑥, 𝑦)𝑒−𝑗2𝜋(𝑓𝑥𝑥+𝑓𝑦𝑦)𝑀−1
𝑦=0

𝑁−1
𝑥=0    (3.68) 

where 𝑓𝑥 and 𝑓𝑦 are the spatial frequency variables. The circular Hanning window is presented by 

ℎ(𝑥, 𝑦) to reduce boundary effects [149]. The Gabor filter is used to represent the energy spectrum 

and generate feature maps. In other words, the image is converted into a number of low-level 

visual feature channels at multiple spatial scales by considering Gabor filter. The feature maps 

were generated at four different angles (𝜃𝑖 = 0, 45, 90, 135) and at four spatial scales 

(𝑐 = 0,1,2, . . ,7), and can be presented as: 

𝑀𝑖(𝑐) = 𝐺𝑎𝑏𝑜𝑟(𝜃𝑖, 𝑐)     (3.69) 

Each one of these feature maps can represent one orientation in one scale of the input image. 

Each map, which is of size 256 × 256, is decomposed into 16 fixed grids of 64×64 subregions. 
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So, for computing 16 raw gist features (𝐺𝑖
𝑘,𝑙(𝑐, 𝑠)) per map, mean intensity is calculated in each 

subregion  

𝐺𝑖
𝑘,𝑙(𝑐, 𝑠) =

1

16𝑊𝐻
∑ ∑ ⌊𝑀𝑖(𝑐, 𝑠)⌋

(𝑙+1)𝐻

4
−1

𝑣=
𝑙𝐻

4

(𝑢, 𝑣),
(𝑘+1)𝑊

4
−1

𝑢=
𝑘𝑊

4

   (3.70) 

where 𝑘 and 𝑙 are the horizontal and vertical direction, and 𝑊 and 𝐻 are the sizes of the map. 

Finally, 16 mean values of all 32 feature maps are linearly combined to produce a Gist feature set 

of size 16×32 = 512. The Gist descriptor is considered for image matching and retrieval process 

in this study.  

3.2.3. Model-based approach 

The aim of the model-based approach is to interpret an image texture by generating images 

and stochastic models. The main concern in this approach is the computational complexity that 

arises at the time of estimation of the parameters of the stochastic models for analysing images 

[153]. 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. 

3.2.3.1 Markov random fields 

In texture-based features, neighbouring pixels have an effective impact on certain pixels. 

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

the neighbourhood pixel information [154]. Markov random field (MRF) modeling [155], which 

is 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 [155, 156]. The Markov model 

clearly represents the relationship between the few pairs of pixels that share an edge.  

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 [154] are of the form: 

𝑝(𝑦(𝑠) 𝑎𝑙𝑙 𝑦(𝑠 + 𝑟), 𝑟 ∈ 𝑁)    (3.71) 

where 𝑁 is a symmetric neighbour set, and 𝑦(𝑠) is a Gaussian distribution function of the 

neighbours 𝑠 in all 8 directions, also known as the intensity 𝑦(𝑠) at site 𝑠. The MRF model 

includes a set of unknown parameters. The texture [𝑦(𝑠), 𝑠 ∈ Ω, Ω = {𝑠 = (𝑖, 𝑗): 0 ≤ 𝑖, 𝑗 ≤ 𝑀 −

1}] is a Gaussian distribution, which assumes to have a zero mean, and follows the difference 

equation as below: 

https://en.wikipedia.org/wiki/Clique_(graph_theory)
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𝑦(𝑠) = ∑ 𝜃𝑟(𝑦(𝑠 + 𝑟) + 𝑦(𝑠 − 𝑟))𝑟∈𝑁𝑠 + 𝑒(𝑠)   (3.72) 

𝐸(𝑒(𝑠)𝑒(𝑟)) = 0        (3.73) 

(𝑠 − 𝑟) ∈ 𝑁       (3.74) 

By considering the Gaussian, 𝐸(𝑒(𝑠)| all 𝑦(𝑟), 𝑟 ≠ 𝑠) = 0 indicates 𝑝(𝑦(𝑠)| all 𝑦(𝑟), 𝑟 ≠

𝑠) = 𝑝(𝑦(𝑠)| all 𝑦(𝑠 + 𝑟), 𝑟 ∈ 𝑁). The given equation indicates that 𝑦(. ) is a Markov model with 

respect to neighbour set 𝑁. The unknown parameter can be estimated by least squares error as 

below:  

𝜃 = [∑𝑞(𝑠)𝑞𝑡(𝑠)]−1[∑𝑞(𝑠)𝑦(𝑠)]    (3.75) 

𝑞(𝑠) = 𝑐𝑜𝑙. [𝑦(𝑠 + 𝑟) + 𝑦(𝑠 − 𝑟), 𝑟 ∈ 𝑁]   (3.76) 

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

probability of the label field and realisations of 𝜔. 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 140 × 90 based on the smallest sample size of the MTDB dataset, an 

MRF feature set composed of 12600 (= 140 × 90) features was extracted and considered for 

document image retrieval. 

3.2.3.2 Fractal dimension 

Fractal theory is based on geometry and dimension, and the fractal dimension is a significant 

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

image analysis, fractal dimension was used to estimate/compute the complexity of the texture of 

images [23, 157]. Fractal dimension [158] 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 𝜖 × 𝜖, called a range block, which searches for 

another block in the image known as a domain block that looks similar to the range block under 

an affine transformation. The most common fractal dimension is Hausdorff’s fractal dimension 

F𝐷 , which can be computed by the following expression: 

F𝐷 = lim
𝜖→0

log𝑁(𝜖)

log 𝜖−1
     (3.77) 

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

log𝑁(𝜖) curve when changing the 𝜖 value. As a final point, a line-fitting method is taken into 

account to approximate this curve by a straight line. The slope of this line corresponds to the 
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fractal dimension F𝐷. The fractal dimension measurements were considered to define the 

boundary complexity of objects in an image [157]. In this thesis for experimental study, fractal 

dimension, mean grey-level, and counting of pixels are considered as extracted features from an 

image for DIR. 

3.2.3.3 Autoregressive model 

An autoregressive model is an approach that has often been applied for texture analysis, 

texture classification, and segmentation [159]. In an autoregressive model, the hypothesis is that 

the current time series values might be influenced by the past values from the same series. 

Practically, one or two lagged statements are adequate to estimate the current observation; 

however, in theory, the 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 estimate of a grey-level pixel and its grey-level neighbourhood. So, the 

autoregressive process can be expressed as: 

𝑥𝑡 = 𝑏 + ∅1𝑥𝑡−1 + ∅2𝑥𝑡−2 +⋯+ ∅𝑝𝑥𝑡−𝑝 + 𝑎𝑡    (3.78) 

where 𝑥𝑡−1, 𝑥𝑡−2, … , 𝑥𝑡−𝑝 stand for the past values, and ∅1, ∅2, … , ∅𝑝 are lags’ coefficient, and 𝑎𝑡 

represents an uncorrelated innovation process with a mean of zero. The parameter 𝑝 is the number 

of periods that affect the time series. The value 𝑏 is defined by the following equation:  

𝑏 = (1 − ∑ ∅𝑖
𝑝
𝑖=1 )𝜇.     (3.79) 

In this thesis, the covariance method is used to estimate the coefficients of an autoregressive 

process. The covariance method is taken into account to find a suitable 𝑝th-order autoregressive 

for an image, as well as to minimize the forward prediction error based on the least-square error 

metric. From each image, 90 features are extracted for the document image retrieval process.  

3.2.4. Structural approach 

In structural approaches, the texture of images is characterised by primitives and a hierarchy 

of spatial arrangements of those primitives [153]. The structural approach mostly gives an 

emphasis to the shape aspects of the tonal primitives. The structural approaches can further 

provide a good symbolic description of the image. However, in regard to the structural 

approaches, attaining a description and representation of the primitives of a textured image is the 

main challenge [160]. It should also be noted that extracted features using structural approaches 

are more useful for synthesis than for analysis tasks [153]. Nonetheless, to see the effectiveness 

of structural approaches for document image retrieval process in this thesis, three commonly used 

methods are taken into account. 
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3.2.4.1. Auto-correlation function 

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

method for retrieving the regular images [161]. The ACF was used for analysis of the power 

spectrum and the application of filtering algorithms to improve certain preferred directions in 

images. The ACF describes the movement of the 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 

locations of peaks. In other words, the ACF can be applied to characterise the periodic properties 

of an image. If 𝑥 is a stochastic process, then the auto-correlation between times 𝑠 and 𝑡 can be 

represented as follows: 

𝑅(𝑡,𝑠) =
E(𝑥𝑡−𝜇𝑡)(𝑥𝑠−𝜇𝑠)

𝜎𝑡𝜎𝑠
     (3.80) 

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

ACF is a directly measurable quantity. In the case of well-defined autocorrelation, the 𝑅 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 as a 

texture-primitives extraction method. Then, the generalised Hough transform is taken into 

account to extract texture features from the founded peaks. As a result, a feature vector of fifty 

dimensions is created for each image to be considered for DIR. 

3.2.4.2.  Edge detection 

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

detection [58]. 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 [162], 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 the noise 

𝑔(𝑥, 𝑦) = 𝐺𝜎(𝑥, 𝑦) × 𝐼(𝑥, 𝑦)       (3.81) 

where  𝐺𝜎 =
1

√2𝜋𝜎2
𝑒𝑥𝑝 (−

𝑥2+𝑦2

2𝜎2
)     (3.82) 

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

𝑋(𝑦, 𝑦) = √𝑔𝑥
2(𝑥, 𝑦) + 𝑔𝑦

2(𝑥, 𝑦),              (3.83) 

where 𝜃(𝑥, 𝑦) = 𝑡𝑎𝑛−1[𝑔𝑦(𝑥, 𝑦)/𝑔𝑥(𝑥, 𝑦)]           (3.84) 
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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. 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 (refer to 

section 3.2.2.2) is taken into account to create a feature vector of size 50 for the document image 

retrieval process. 

3.2.4.3. Morphological operation 

The morphological operation is a collection of nonlinear processes, which is able to analyse 

digital images based on shape and texture. Details smaller than a certain reference shape, called 

a structuring element, will be removed from the images using the morphology process [163]. 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 grey scale image 𝐼 by a structuring element 𝐵(𝑚, 𝑛) is defined by: 

(𝐼⨁𝐵)(𝑥,𝑦)=𝑚𝑎𝑥{𝐼(𝑥−𝑚,𝑦−𝑛)+𝐵(𝑚,𝑛)}    (3.85) 

The erosion of image 𝐼 by a structuring element 𝐵(𝑚, 𝑛) is defined by: 

(𝐼 ⊝ 𝐵)(𝑥,𝑦)=𝑚𝑎𝑥{𝐼(𝑥−𝑚,𝑦−𝑛)−𝐵(𝑚,𝑛)}   (3.86) 

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

𝐼 ∘ 𝐵 = (𝐼 ⊝ 𝐵)⨁𝐵     (3.87) 

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

𝐼 ⋅ 𝐵 = (𝐼⨁𝐵)⊝𝐵     (3.88) 

The top-hat filtering of image 𝐼 is given by: 

𝑇𝑡(𝐼) = 𝐼 − 𝐼 ∘ 𝐵     (3.85) 

The down-hat filtering of image 𝐼 is given by: 

𝑇𝑑(𝐼) = 𝐼 ⋅ 𝐵 − 𝐼     (3.89) 
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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 the 

feature extraction process, 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. 

3.3 Summary 

In this chapter more than fifty commonly and widely used benchmarking texture-based 

features were discussed. Texture features were divided into four categories. The statistical 

approaches were separated into groups A and B; in contrast to group A, the methods classified in 

group B are rotation invariant. Then transform-based, model-based and structural approaches 

were described. The usefulness of each outlined texture-based feature as well as each texture 

category was examined for the purpose of document image retrieval.
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CHAPTER 4 

4-PROPOSED DOCUMENT IMAGE RETRIEVAL METHODS 

As outlined in the previous chapters, texture features have been widely used in the literature 

on various computer vision and pattern recognition problems of object recognition, face 

recognition, and background subtraction [98-100]. However, the use and applicability of these 

features for document image retrieval have not been thoroughly studied in the literature. The 

significance of different categories of texture-based features for DIR has been explored in the 

previous chapter. The main objective of Chapter 4 is to propose different texture-based document 

image retrieval procedures which are simple, fast, and require low computational processing. In 

addition, the proposed methods are able to retrieve document images with a higher F-score 

compared to the state-of-the-art methods. For these reasons, a variety of techniques are proposed 

using/introducing high performance and discriminative texture features. As texture-based 

approaches work quite well without prior knowledge about the layout, content, font styles, 

scanning resolution, and image size, in most of the cases there is no pre-processing method 

applied in our proposed methods. In all the following proposed methods, the documents in the 

dataset are ranked based on similarity metrics, and the document images with the best visual 

similarity to a query image are placed at the top of the ranking list. It should be noted that to have 

an easy flow, the proposed methods are called the first, second, third, fourth, and fifth methods. 

The remainder of this chapter is organized as follows. In Section 4.1, we propose a 

document image retrieval system based on a new feature extraction technique called F-LBP, 

which is faster than the LBP family methods. In Section 4.2, the second DIR method proposed in 

this thesis is illustrated. This method uses the concept of under-sampling to deal with the problem 

of size and resolution variation in document images. Section 4.3 presents a classifier fusion-based 

strategy using two different texture-based features as the third proposed method. A Gist based 

DIR method is introduced in Section 4.4 and the usefulness of the Gist operator for DIR is further 

investigated. Section 4.5 proposes a DIR method based on a saliency map detection strategy to 
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extract more precise texture-based features for the retrieval process. Efficiency improvement and 

summary are presented in Sections 4.6 and 4.7 respectively. 

4.1. First proposed method 

A document image retrieval system based on a new feature extraction method is presented 

in this section. The block diagram of a general DIR system is depicted in Figure 4.1. As 

demonstrated in Figure 4.1, the proposed DIR method is composed of training and testing phases 

with feature extraction, knowledge-based creation, and similarity matching as three main steps of 

the proposed system. A brief description of each phase in the form of a pseudo-code algorithm is 

presented below. Details of each step are presented in the subsequent subsections. 

Phase 1: Training 

Input: Document images used for training 

Output: Index document and creation of knowledge-based features. 

1. Upload the document images and convert them into grey-scale if necessary. 

2. Extract the features from each document image using the proposed Fast-LBP (F-LBP). 

3. Create the knowledge-based information. 

Phase 2: Testing 

Input: A query image 

Output: Ranking of the images to be shown to the user. 

1. Extract the features from a query document image using the proposed Fast-LBP (F-

LBP). 

2. Compute the similarity distance between the features extracted from the query 

document image and the features stored in the knowledge-base. 

3. Rank the document images based on maximum visual similarity to the query image. 

4.1.1. Feature extraction 

Features extraction is a critical step in DIR systems. In DIR literature, different features 

have been applied in order to construct a meaningful descriptor for document images to be used 

for retrieval purposes [164]. However, the use of texture features has not thoroughly been studied 

in DIR. The efficiency of the LBP feature extraction method, as a texture-based feature, has been 

shown in different applications [98-100, 139, 165, 166]. The LBP has been proposed as a means 

of summarising local grey-level structure for texture classification in [164]. A number of modified 

LBP feature extractions has further been introduced in the literature [26, 118, 120]. The intentions 

for developing modified versions were to overcome the drawbacks of the original LBP method 

and to enhance the performance of different systems [26, 118, 120, 167]. However, enhancement 

and improvement in the modified LBPs have resulted in more complex feature extraction 
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methods. As document images are generally of large size, using these complex feature extraction 

techniques makes the document retrieval systems slow. To overcome this critical issue in DIR 

systems, a novel, fast LBP-based feature extraction method called F-LBP [168] is introduced in 

this research work. The proposed F-LBP method is illustrated in the next sub-section. 

 

Figure 4.1. A general document image retrieval system. 

4.1.1.1. Fast-local binary pattern  

Several attempts have been made to enhance the performance or to improve the 

discriminative ability of the original LBP method. In [167], to improve the feature extraction 

method, the local intensity of pixels based on three directions in the neighbourhood of the centre 

pixel in each patch has been used for image retrieval. The magnitude pattern has also been 

measured to obtain more information from each pixel. Similarly, in [169] for face image retrieval, 

a local tri-directional weber pattern has been used. The common relationships of the current pixel 

in three directions with its adjacent neighbourhood pixels were considered. Based on the 

magnitude of differential excitation, the relationship among the neighbourhood pixels was 

encoded. As a result, a feature vector of 512 feature lengths was extracted from each image. In 

[98, 120], a texture-based feature was used for image classification. In a 3 × 3 window, a pair-

wise comparison of pixels along with a closed path around the central pixel on different patterns 

was considered. In another study, to address the issue of sensitivity to noise, a local ternary pattern 

[98] has been proposed. The selection of appropriate neighbourhoods can significantly affect the 

method’s final performance. This selection includes number, size, and position of the 

neighbourhood, and the distribution of the sampling points [170]. It is apparent that the 

neighbouring pixels can provide more information compared to the centre pixels, so, the 

neighbourhood pixels have usually been used in the previous studies. Our proposed method is 

significant in at least two major respects. Here, since the feature length is reduced, very little 

memory space is required compared to the other methods; however, the value of all eight 
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peripheral pixels around the centre pixel is taken into account. In addition, time complexity is less 

compared to the previous methods in the literature. 

In the standard local binary pattern method [115], differences between the grey values of a 

centre pixel 𝑐, and 𝑁 neighbouring pixels of each patch are measured. Then, the value obtained 

from these differences is encoded with a binary value of 0 or 1. The encoding value is considered 

as 0 if the difference is a negative value and is considered as 1 if the difference is a positive value. 

These binary values are concatenated in an anti-clockwise direction to obtain a binary pattern of 

8 bits. The decimal value of the binary number is generated and used for labelling the centre pixel. 

Let 𝑆 represent a matrix of size 3 × 3 which is indexed by neighbour pixels of the centre pixel. 

Corresponding to the different binary patterns 𝐿𝐵𝑃𝑁,𝑅  produces  2𝑁 output values. 

S=[

𝑖7 𝑖6 𝑖5
𝑖0 𝑖𝑐 𝑖4
𝑖1 𝑖2 𝑖3

]                  (4.1) 

 𝐿𝐵𝑃𝑁,𝑅 = ∑  2𝑛 × 𝑠(𝑖𝑛−𝑖𝑐)
𝑁−1
𝑛=0      (4.2) 

𝑠 (𝑖𝑛−𝑖𝑐) = {
1         𝑖𝑓 (𝑖𝑛−𝑖𝑐) ≥ 0,
0 ,       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

      (4.3) 

where 𝑅 is the radius and 𝑁 is the number of neighbours of the centre pixel 𝑐; then the grey-level 

values at 𝑐 and 𝑛 are symbolized by 𝑖𝑐  and 𝑖𝑛. In the LBP method, the concept of uniform pattern 

is further used to reduce the number of features. If the number of transactions between 0 and 1 of 

the pattern sequence is less than or equal to 2, a binary pattern is called a uniform binary pattern.  

In [118], improved local binary pattern (ILBP) was later proposed to reduce the influence 

of noise in the image. In the ILBP operator, the local average grey-level value is considered as a 

threshold instead of a centre pixel value. Thus, the grey-level neighbourhood pixel values are 

thresholded by the average grey-level value. The ILBP features have been computed as follows: 

𝐼𝐿𝐵𝑃 = 2𝑁 × 𝑠(𝑖𝑐 − �̅�)∑  2𝑛𝑁−1
𝑛=0 × 𝑠(𝑖𝑛 − �̅�) − 1,   (4.4) 

𝑠 (𝑖𝑐,𝑛 − �̅�) = {
1           𝑖𝑓 (𝑖𝑐,𝑛 − �̅�) ≥ 0,

0,          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
    (4.5) 

�̅� = 
1

9
(𝑖𝑐 + ∑ 𝑖𝑛

𝑁−1
𝑛=0 )       (4.6) 

where �̅� is considered as the average value of a precise patch. In the ILBP method, 29 − 1 binary 

patterns have been produced. 

 

Figure 4.2. (a) The arrangement of a 3×3 matrix, (b) Layout of the F1LBP, (c) Layout of the  F2LBP. 
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A new version of the LBP called Fast LBP (F-LBP) [168], inspired by the ILBP, is 

proposed in this research work. The proposed F-LBP performs comparably well and faster in 

document image retrieval compared to the LBP and ILBP methods. Moreover, the proposed F-

LBP method requires smaller memory space compared to the LBP and ILBP methods, as a smaller 

number of features is extracted for each patch. The positioning and layout of the proposed F-LBP 

extracted from a patch are represented in Figure 4.4. In the LBP and ILBP methods for a patch of 

size 3 × 3, all 8 neighbours of the centre pixel are generally used for calculating a binary pattern. 

As a result, 256 (28) different patterns from LBP and 511 (29 − 1) different patterns from ILBP 

are obtained, and a large feature vector is computed for an image. However, in our proposed F-

LBP method, the neighbouring pixels are divided into two groups: vertical & horizontal pixels, 

and diagonal & off-diagonal pixels. Each group includes only 4 neighbouring pixels, resulting in 

15 (24 − 1) different binary patterns, which is 17 times less than the number of binary patterns 

generated in the original LBP and 34 times less than the ILBP. As in the F-LBP method the 

neighbouring pixels are divided into two groups, the method would be invariant to discrete 

rotations of only 90 degrees, similar to the simplified texture units (STU) which use diagonal & 

off-diagonal pixels [19]. 

The proposed feature extraction method is composed of two parts,  F1LBP and F2LBP. The 

first group of neighbouring pixels is taken into account for computing the F1LBP. The mean value 

of the centre pixel and four neighbour pixels located in the horizontal and vertical positions of the 

centre pixel is computed using equation (4.11). The first group of neighbour pixels is shown in 

Figure 4.2 (b). In our proposed F-LBP, mean value is considered as a threshold, whereas in the 

LBP operator, the value of the centre pixel has been considered as the threshold. The differences 

between the threshold value and the pixels located in the horizontal and vertical positions of the 

centre pixel are then computed. To obtain difference values, equation (4.9) is considered and 

results are concatenated clockwise to create a binary pattern. The corresponding decimal number 

of the binary value is finally obtained using equation (4.7). 

The occurrence frequency of the different binary patterns obtained from the input image is 

represented using a histogram of 15 bins. Subsequently, in the second part, the pixels located on 

the diagonal and off-diagonal positions of the centre pixel are considered to compute the F2LBP 

operator. The second group of neighbour pixels including diagonal pixels, is shown in Figure 

4.2(c). The mean value of the centre pixel and other pixels located in the diagonal and off-diagonal 

positions is computed. Similar to the F1LBP operator, using equations (4.8), (4.10), and (4.12), 

the same procedure is applied to obtain another histogram of 15 bins. 

𝐹1𝐿𝐵𝑃 = ∑  2𝑛 × 𝑠(𝑖𝑛 −𝑚1)
𝑛∈𝑒𝑣𝑒𝑛
𝑛=0 ,     𝑛 < 8   (4.7) 

𝐹2𝐿𝐵𝑃 = ∑  2𝑛 × 𝑠(𝑖𝑛 −𝑚2)
𝑛∈𝑜𝑑𝑑
𝑛=0 ,     𝑛 < 8   (4.8) 

𝑠 (𝑖𝑛−𝑚1) = {
1         𝑖𝑓 (𝑖𝑛−𝑚1) ≥ 0
0 ,       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

    (4.9) 
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𝑠 (𝑖𝑛−𝑚2) = {
1         𝑖𝑓 (𝑖𝑛−𝑚2) ≥ 0
0 ,       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

    (4.10) 

𝑚1 = 
1

5
(𝑖𝑐 + ∑ 𝑖𝑛

𝑛∈𝑒𝑣𝑒𝑛<8
𝑛=0 )     (4.11) 

𝑚2 = 
1

5
(𝑖𝑐 + ∑ 𝑖𝑛

𝑛∈𝑜𝑑𝑑<8
𝑛=0 )     (4.12) 

In the final step, two histograms F1LBP and F2LBP are concatenated to obtain the F-LBP 

feature vector of size 30. As a result, the F-LBP method could summarise the local grey-level 

structure in each patch using less memory space as well as less computing time compared to the 

other variations of the LBP method. 

4.1.2. Creating knowledge-based features 

The knowledge-based features are a matrix of size 𝑇 × 𝑝, where T is the number of 

document image samples considered for training and p is the number of features extracted based 

on the feature extracted method. As a feature vector of size, 30 features are extracted based on 

the F-LBP feature extraction method; in this case, p is equal to 30.  

4.1.3. Similarity matching 

Similarity matching involves feature-matching to obtain a visually similar entity amongst 

a group of samples belonging to different classes. A commonly used similarity measure method 

is a distance-based method. Different distances such as Euclidean distance and City-block 

distance are frequently used in the literature for computing distance between features [18]. In the 

proposed document image retrieval system, the Tanimoto, Euclidean, City-block, and Cosine 

distances illustrated in the following are considered for experimentation, and the results are 

obtained. 

𝑑𝑇(𝐴, 𝐵) =
∑ (𝐴𝑖×𝐵𝑖)
𝑝
1

∑ |𝐴𝑖
2|

𝑝
1 +∑ |𝐵𝑖

2|
𝑝
1 +∑ (𝐴𝑖×𝐵𝑖)

𝑝
1

                          (4.13) 

𝑑𝐸(𝐴, 𝐵) = √∑ (𝐴𝑖 − 𝐵𝑖)
𝑝
1

2
                                (4.14) 

  𝑑𝐶(𝐴, 𝐵) = ∑ |𝐴𝑖 − 𝐵𝑖|
𝑝
1                          (4.15) 

𝑑𝐶𝑜𝑠(𝐴, 𝐵) =
∑ 𝐴𝑖×𝐵𝑖
𝑝
1

√∑ 𝐴𝑖
2𝑝

1 √∑ 𝐵𝑖
2𝑝

1

                   (4.16) 

where 𝑑𝑇(𝐴, 𝐵) is the Tanimoto distance, 𝑑𝐸(𝐴, 𝐵) represents the Euclidean distance, 𝑑𝐶(𝐴, 𝐵) 

represents the City-block distance, and 𝑑𝐶𝑜𝑠(𝐴, 𝐵) computes the Cosine distance between feature 

vectors A and B. 𝐴𝑖 and 𝐵𝑖 are the extracted feature vectors from a query image and a document 

image from the dataset, respectively. The number of features in each feature vector is 𝑝 here. 

By using the outlined distances, the similarities between a given query and all the trained 

documents are computed. The Top-n most similar images with the highest similarity to a given 
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query are then listed. To accept or reject the listed Top-n document images in a class, a threshold 

𝜏 based on the mean (𝜇) and standard deviation (𝜎) of distances (distance matrix) obtained from 

the trained samples is calculated as follows: 

𝜏 = 𝜇 + 𝛾 × 𝜎      (4.17) 

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

0 and 1 in different methods to get the best retrieval results (F-score) from the training samples. 

This fixed value of 𝛾 is used in the testing phase. 

4.2.  Second proposed method 

There is a challenge in DIR systems when document images in queries are of different 

resolutions compared with the document images considered for training the system. Moreover, a 

small number of document image samples (one sample) with a particular resolution may only be 

available for training a DIR system. To investigate these two issues, the MTDB dataset [171], 

which is an unbalanced dataset and contains document images with different resolutions is 

considered for experiments. Therefore, the impact of using a small number of samples (only one) 

for training, as well as for training and testing a DIR system with document images of different 

resolutions is investigated, and the performance of a DIR system in such scenarios is explored in 

this sub-section.  

The involved stages for document image retrieval in the second proposed method [165] are 

demonstrated in Figure 4.3. As shown in Figure 4.3, a new step called creating under-sampled 

images is incorporated into the proposed DIR system. The under-sampling method has been used 

in the literature to decrease the dimension and complexity of images [172]. However, in this 

research work, the concept of under-sampling is proposed in order to handle the issues of different 

resolutions and also the lack of sufficient document images for training a document image 

retrieval system. Details of the under-sampling method are presented in the following sub-section. 

 

Figure 4.3. Block diagram of the second proposed method. 
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4.2.1. Creating under-sampled images 

To create under-sampled images, an image is first divided into a number of non-

overlapping blocks of similar size (𝑏 × 𝑏). In each block, the average grey intensity of all pixels 

is calculated and the average grey intensity of the block is considered as a pixel value for the new 

image. In the new image, each element has a value in the range 0 to 255. An example of under-

sampled image creation is shown in Figure 4.4. The created new image, by considering the under-

sampling process, is called an under-sampled image, which is also a lower dimension image 

compared to the original image.  

In the proposed DIR system, two lower dimension document images are obtained from 

each training image by considering two different block sizes for under-sampling the original 

image. By considering 𝑏 = 3 and 𝑏 = 5, two block sizes of 3 × 3 and 5 × 5, which performed 

better in the experiments, are selected for creating two different under-sampled images. These 

two under-sampled images can take care of resolution variety of document images and also 

increase the number of training samples when there are only a few samples for training a DIR 

system. 

 

Figure 4.4. Example of under-sampled image creation. 

4.2.2. Feature extraction 

Most of the texture-based feature extraction methods in the literature provide a global 

representation of a document image by means of a global feature histogram. A feature histogram 

generally contains different numbers of bins according to each feature extraction method 

employed for characterizing a document image. In each block of document images, the difference 

between pairs of grey-levels in a variety of orders has been considered. To measure the frequency 

of occurrence of these differences over the image, a histogram has then been provided. The 

histogram is computed based on the movement of the pixel and the neighbourhood through the 

image [19]. However, global texture measure cannot provide adequate information about the 

spatial structure of local texture [164]. To consider the spatial relationship between different parts 
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of the document image and also preserve local information of a document image, the centre of 

gravity of the input document image is first obtained. Based on the centre of gravity of the 

document image, the image is then divided into four sub-images. The same feature extraction 

method employed on the whole document to extract the global features is then applied on each 

sub-image to obtain local features. The feature sets extracted from the image and all sub-images 

are concatenated to obtain the final feature set representing the document image. An example of 

a feature extraction technique once the image is divided into four sub-images using the centre of 

gravity is displayed in Figure 4.5.  

Exactly the same feature extraction method considered for characterising an original image 

and its sub-images is also employed on each under-sampled image and its corresponding sub-

images to represent them in the form of feature vectors. 

 

Figure 4.5. Extracted features from sub-images and original image in the form of histograms. 

In the first proposed method in subsection 4.1, a fast LBP-based texture feature extraction 

method, F-LBP, is introduced. The same F-LBP feature extraction method is used here for feature 

extraction in this second proposed DIR method with the use of under-sampling and local features 

(spatial information extracted from sub-images).  

4.2.3. Creating knowledge-based features 

The feature sets obtained from the original images and the lower dimension (under-

sampled) images are included in the knowledge-based features. By doing so, more information 

from the image is kept in the knowledge-based features to be used for the retrieval purposes. 

4.2.4. Similarity matching 

In the testing phase, for a given query image, the same feature extraction technique used in 

the training phase is employed to characterize the query image. The image is divided into four 

sub-images based on the centre of gravity, and then features are extracted from the whole image 
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and sub-images accordingly. The extracted features are then concatenated to create a feature 

vector for the query. The similarity between the features extracted from the query image and the 

knowledge-based information obtained during the training phase is computed based on the set of 

state-of-the-art similarity measures discussed in sub-section 4.1.3. Finally, the relevant image(s), 

which have maximum visual similarity to the query image, are retrieved and sorted accordingly. 

To accept or reject the listed Top-n document images in a class, the threshold τ was tuned for each 

dataset and evaluation metrics were computed. 

4.3.   Third proposed method 

In the third proposed method, the attempt is to present a DIR method using a classification 

fusion strategy [166]. The steps involved for document image retrieval in this proposed method 

are demonstrated in Figure 4.6.  

Since one type of feature can only represent a part of the image properties, the combination 

of two or more types of texture features can provide different properties and characteristics of 

document images for the retrieval process. For these reasons, two methods from two groups of 

texture feature extraction methods [168, 173] are considered in this proposed DIR system. These 

two feature extraction methods are considered due to their reported high performance in the 

literature. As a result, for each document image, two feature vectors are obtained. By doing so, 

more information from the image can be preserved in the training phase for the creation of the 

knowledge-based features to be used for the retrieval purposes. 

 

Figure 4.6. Block diagram of the second proposed method. 
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4.3.1. Feature extraction 

The LBP family has mainly been used for demonstrating local structure properties of 

images and has widely been exploited in many applications, such as image/video retrieval, 

historical document analysis and word spotting [27, 174]. In order to have an efficient feature 

extraction method with a low computing time, and less feature dimension, a fast LBP-based 

method (F-LBP) is considered as the feature extraction technique for characterising the input 

document image in this proposed method. The F-LBP is a statistical approach which summarises 

the local grey-level structure of images. Employing the F-LBP method on the input document 

image creates a feature histogram which contains 30 bins. As a result, a feature vector of size 30 

is extracted based on the F-LBP feature extraction method as the first feature vector.  

The wavelet transform was used for different applications of signal and image analysis, 

such as texture analysis, and signature verification [175, 176]. In [166], wavelet transform was 

also considered for generating sub-images and then, for the retrieval process the variance of each 

sub-image was extracted. To incorporate the properties of a transform-based feature extraction 

approach, the wavelet transform is considered as the second feature extraction technique in this 

proposed method. The hypothesis is that by generating under-sampled images, or in wavelet 

transforms obtaining multi-resolution images (detail coefficient matrices) [177], the retrieval 

results can be augmented. Here the intention is to detect or observe some features from document 

images that are not detected from the original input image or other resolutions. Subsequently, a 

hierarchy of the images with different resolutions (detail coefficient matrices) can be generated 

when this process is applied iteratively to the approximation images. Based on the experimental 

results, the Haar wavelet transform is chosen among varieties of discrete wavelet transform 

(DWT) for feature extraction in this research work.  

As we need to have the same feature vector obtained from document images of different 

sizes using the wavelet feature extraction technique, the size of images must be the same. 

Therefore, document images are first normalized to the minimum size of the document images in 

the MTDB dataset (140 × 90). From each image, three detail coefficient matrices (DCM) of size 

71 × 45 with wavelet decomposition are then created. Three detail images are valuable to 

measure the grey-level variation or functional variation intensity of the images in different 

directions. Directional sensitivity is a significant feature of the detail images (horizontal, vertical, 

and diagonal) which are generated by filtering in a specific direction. Thus, these low-resolution 

images (DCM or under-sampled images) are considered in this research in order to extract the 

features from document images for document image retrieval. Figure 4.7 shows an example of 

the approximation coefficients and detail coefficients matrices obtained from a sample document 

image. 



Chapter 4. Proposed Document Image Retrieval Methods 

 

63 | P a g e  
 

The variance of values in each column (column-wise) of each detail coefficient matrix is 

extracted and considered as the features representing each detail coefficient matrix. As the 

extracted DCMs are of a size 71 × 45, a feature vector of size 45 is obtained from every DCM. 

For more efficiency, the energy feature is also extracted from the normalised input image as well 

as all three DCMs. As a result, a feature vector of size (3 × 45) + 4 = 139 transform-based 

texture features is obtained by concatenating all the features, and considered as the second set of 

features computed from the input document image. 

4.3.2. Creating knowledge-based features 

As two different types of features (F-LBP and wavelet) are extracted from each document 

image, a separate knowledge-based database is created for each type of feature. As a result, two 

knowledge-based databases are created based on the feature vectors extracted from the training 

document images during the training phase. 

 

Figure 4.7. Example of generating multi-resolution images from an original image. 

4.3.3. Similarity matching 

In the testing phase, for a given query image, the same feature extraction processes 

considered in the training phase are employed to characterize the query image. Different similarity 

measures such as the Tanimoto, Euclidean, City-block, and Cosine distances are considered to 

compute the similarity between the features extracted from the query image and the knowledge-

based information obtained during the training phase. In order to combine the influence of both 

feature extraction techniques, a classifier fusion technique is proposed in this research work. A 

classifier fusion with a weighted average function acquired by altering the weight of each 
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similarity measure is considered to rank the retrieved document images. The document images 

are ranked based on the greatest visual similarities obtained between the query image and the 

document images in the training set using the fusion similarity measure. Details of the proposed 

weighted average similarity fusion classifier are provided in the following sub-section. 

4.3.3.1. Classifier fusion strategy 

When a query is given to the system, the distance between a query image and all the trained 

documents is computed individually according to each feature extraction method, with the 

Tanimoto (or Euclidean, City-block, Cosine) distance. Since various feature sets are generated 

using different applied methods and the intention is not to depend on a single decision, classifier 

fusion is considered for making the decisions by combining the individual opinions. So, in order 

to acquire the properties of both methods for better decisions, classifier fusion [178, 179] is 

applied in this step. In other words, classifier fusion is used to obtain more effective and accurate 

results. Combining classifiers can basically occur in two situations. In the first scenario, different 

classifiers use the same feature set for classification. In the second scenario, different feature sets 

can be employed using a specific classifier for classification to analyse the behaviour of different 

features for classification using a classifier. The emphasis of the proposed method is to consider 

the second situation, in which feature sets are provided separately by F-LBP and wavelet 

transform, and the nearest neighbour with Tanimoto (or Euclidean, City-block, Cosine) distance 

is then employed to find the minimum distance. For considering the posterior probability such as: 

𝑑′𝑎(𝑦) = 𝐹 (𝑑𝑎,𝑏(𝑦), … . 𝑑𝑎,𝑏(𝑦)) , 𝑏 = 1, 2                                      (4.18) 

where 𝑏 is the number of classifiers, 𝑎 varies from 1 to the number of samples used for training 

and F stands for the minimum, maximum, average, median, or majority vote as the fusion 

function. Since the average function achieved more accurate retrieval results among the other 

functions, the average function is chosen for the proposed method. If the output of the classifier 

𝑑𝑏 for a sample 𝑎 is 𝑝𝑎,𝑏 = 𝑑𝑎,𝑏(𝑦), the average fusion method provides 𝑃a =
1

𝑏
∑ 𝑝a,m
𝑏
m=1 .  

In this proposed fusion strategy, the distances obtained using the F-LBP and the wavelet 

transform features for a given query image and the training sample 𝑎 are respectively called 

𝑝a,F−LBP and 𝑝a,WT. As a weighted average function is used for combining the similarity values, 

the following fusion is proposed:  

𝑃a = α × 𝑝a,F−LBP + 𝛽 × 𝑝a,WT    (4.19) 

𝛽 = 1 − 𝛼      (4.20) 

where 𝛼 and 𝛽 are the corresponding weights for the distances computed, based on the classifiers. 

These weights are decided by experiment and fixed as 𝛼 =
1

3
 and 𝛽 =

2

3
. However, changing the 
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value of weights could provide small variations in the results. The computed new distances based 

on weighted average function are further sorted in a descending order to rank the distances. The 

most similar image with highest similarity distance is then selected to represent the most similar 

image to the given query in the training dataset.  

 

Figure 4.8. Example of classifier fusion technique. 

Figure 4.8 shows an example of classifier fusion performance, where the query image 

belongs to class 2. According to the F-LBP method, the document images which belong to class 

11 were retrieved and ranked first for the given query image. However, the wavelet transform 

first retrieved the document images which belong to class 2 in the dataset. By considering the 

classifier fusion technique and getting the average of two similarity distances, in this example, 

the system accurately retrieved and ranked the document images similar to the given query image.  

4.4.   Fourth proposed method 

Texture-based features and their effectiveness for classification and segmentation of 

historical document images have recently been explored in [27, 180]. However, an automatic 

approach to extract features similar to human visual system perception used in document retrieval 

systems is lacking [181]. Therefore, a document image retrieval system, which uses appearance-

based properties of document images, is proposed in this research. A block diagram of the 

proposed document image retrieval method is demonstrated in Figure 4.9. The proposed system 

is composed of two phases: training and testing. The steps involved in the training and testing 

phases are presented in the following sub-sections in detail. 
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Figure 4.9. Block diagram of the fourth proposed method. 

4.4.1. Feature extraction 

Since we are also interested in some appearance-based features for recognition-free 

document image retrieval, two different feature extraction methods are proposed in this research 

work. The Gist descriptor [148, 182] and wavelet transform [149] were commonly applied on 

natural scene images in the field of computer vision and image processing.  

The Gist of the image is defined as the summarised gradient information (scales and 

orientations) of different parts of an image. The input image is passed through the Gabor filters 

at 4 scales and 8 orientations. As a result, 32 feature maps of the same size are generated from the 

input image. Each of these feature maps can represent one orientation in one scale of the input 

image. Then, each map is divided into a set of subregions of a fixed 4 × 4 grid. To represent the 

feature, the average intensity is calculated in each subregion. Finally, 16 average values of all 32 

feature maps are concatenated to obtain a Gist feature set of size 512 (= 16 × 32) features. In 

[181], Gist features were considered for detection and classification of the target in satellite 

images. The image was converted into small images, and, then two sets of the feature as saliency 

and Gist were extracted from the images for the research objective. In [150], for scene 

classification, an angular radial partitioning Gist descriptor was used. The usefulness of angular 

partitioning was considered to capture the finer details of scene images. Furthermore, multi-scale 

Gist features were used to represent the structural information of the buildings in the image for 

building recognition [149].  

Both the Gist and wavelet transform can provide different appearance-based features, 

similar to the information that a human can detect from an image. In this method, therefore, the 

wavelet transform as a transform-based approach is initially used to provide different low-
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resolution (under-sampled) images from the original image. Before applying the wavelet 

transform on document images, the images are normalised to 140 × 90 pixels. This is the 

minimum size of document images in the MTDB dataset, so this size is used for size normalisation 

in our experimental analysis. Three different DCMs of the horizontal, vertical, and diagonal of 

size 71 × 45 are obtained by employing the wavelet transform on the input image. These three 

low-resolution images (DCMs) are considered for further feature extraction, and the 

approximation image is ignored. The column-wise variance of the values in each low-resolution 

image is then computed. As a result, a variance wavelet feature vector of size 45 features is 

obtained from every low-resolution image. Feature vectors extracted from all three low-resolution 

images are concatenated to obtain a wavelet-based feature vector of size 135 = 3 × 45 for each 

input image. The wavelet features are considered as the first features to be used for the retrieval 

purposes.  

Then, the Gist operator, which provides meaningful information that a viewer can identify 

from a glimpse at an image, is considered [152]. The Gist descriptor usually consists of the 

semantic label and the spatial layout of the image. Therefore, the Gist operator is employed on 

the original image as well as on the three generated DCMs.  As the Gist operator is employed on 

the original image as well as three different sub-images generated by the wavelet transform, four 

Gist feature vectors are extracted from the original image and three sub-images. The Gist features 

extracted from the original image and under-sampled images are finally concatenated to build the 

Gist feature vector. As a result, a Gist feature vector of size 2048 = 4 × 512 features for each 

input image is constructed and considered as the second feature vector in the system. 

4.4.2. Creating knowledge-based features 

As two types of features, wavelet and Gist features, are extracted from the document 

images, two separate knowledge-based databases are therefore created and retained in the training 

phase. In the Gist knowledge-based database all the Gist feature vectors are retained. Similarly, 

all the wavelet-based feature vectors are saved as the wavelet knowledge-based database to be 

used in the testing phase. 

4.4.3. Similarity matching 

In the testing phase of the proposed method, the same feature extraction methods used in 

the training phase are employed to characterise a given query image. Two similarity distances 

between the extracted wavelet and Gist features from the query image, and the knowledge-based 

databases similar to the third proposed method explained in sub-section 4.3.3 are then computed. 

A weighted average fusion strategy is finally applied on the obtained similarity scores, and 

image(s) with maximum visual similarity to the query image are retrieved accordingly. 
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4.5.   Fifth proposed method 

Visual attention provides the ability to pick up quickly the most important information from 

an image [183]. The regions of an image that attract the greater attention of the human visual 

system or have a particular sign of attraction for a human observer are called salient regions. In 

the literature, much effort has been dedicated to generating the saliency of images without means 

of eye-trackers and human involvement [183, 184]. Saliency estimation operation has been 

considered for different applications, such as image segmentation, object detection, object 

recognition, and CBIR [184]. As saliency regions snatch superior attention through the visual 

system, they can provide valuable features for retrieval tasks. In this research work, a DIR method 

based on human visual attention is proposed. To do so, the saliency map of the input document 

image is obtained to form a weighted document image by combining the saliency map and the 

original document image. Feature extraction is then employed on the weighted document images. 

The block diagram of the fifth proposed method is shown in Figure 4.10. The same pipeline 

proposed in the previous methods in this section is used in this method. The main and new 

contribution in the proposed method is the use of the human visual system/attention in document 

image retrieval systems. 

 

Figure 4.10. Block diagram of the fifth proposed method. 

4.5.1. Feature extraction 

4.5.1.1. Creating a visual saliency map 

Visual saliency models in the literature can be categorised into two different approaches: 

top-down and bottom-up. In top-down models, high-level signs, such as context, semantic, and 

knowledge information, are used to compute a saliency map. However, bottom-up models are 
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designed based on low-level local features, such as colour, contrast, texture, intensity, motion, 

and orientation [184, 185]. 

Bottom-up visual saliency detection models have provided outstanding results compared 

to the human visual system. Visual saliency has been used in the literature in different 

applications, such as foreground and background segmentation, and object detection and 

recognition, [186]. To the best of our knowledge, no document image retrieval method in the 

literature has incorporated the use of a visual saliency map. In this research work, therefore, a 

state-of-the-art bottom-up method, hyper-complex Fourier transform (HFT) [183], is considered 

to create a visual saliency map for a given document image to be further used for DIR. Moreover, 

the HFT is a transform-based approach. As transform based approaches have improved DIR 

results, the HFT, as a transform-based saliency detection method, is used here for generating 

visual saliency maps. To get an idea of the HFT model, a brief description follows.  

Hyper-complex Fourier transform has been considered to combine multiple feature maps 

[183]. The input of a hyper-complex matrix is specified to be a quaternion represented as follows: 

𝑓(𝑛,𝑚) = 𝑎 + 𝑏𝑖 + 𝑐𝑗 + 𝑑𝑘     (4.21) 

where 𝑎, 𝑏, 𝑐, and 𝑑 are real numbers and 𝑖2 = 𝑗2 = 𝑘2 = 𝑖𝑗𝑘 = −1. The discrete version of 

hyper-complex Fourier transform can be represented as: 

𝐹𝐻[𝑢, 𝑣] =
1

√𝑀𝑁
∑ ∑ 𝑒

−𝜌2𝜋((
𝑚𝑣

𝑀
)+(

𝑛𝑢

𝑁
))𝑁−1

𝑛=0
𝑀−1
𝑚=0 𝑓(𝑛,𝑚)  (4.22) 

The inverse of hyper-complex Fourier transform is defined as: 

𝑓(𝑛,𝑚) =
1

√𝑀𝑁
∑ ∑ 𝑒

𝜌2𝜋((
𝑚𝑣

𝑀
)+(

𝑛𝑢

𝑁
))𝑁−1

𝑢=0
𝑀−1
𝑣=0 𝐹𝐻[𝑢, 𝑣]  (4.23) 

where 𝜌 is a unit pure quaternion and 𝜌2 = −1. In [183], the input of hyper-complex matrix is 

described as: 

𝑓(𝑛,𝑚) = 𝑤1𝑓1 +𝑤2𝑓2𝑖 + 𝑤3𝑓3𝑗 + 𝑤4𝑓4𝑘   (4.24) 

where 𝑤 and 𝑓 stand for weight and feature map. To compute the saliency for the static input 

case, three features have been considered which include 𝑓2 = (𝑟 + 𝑔 + 𝑏)/3, 𝑓3 = 𝑅 − 𝐺, and 

𝑓4 = 𝐵 − 𝑌, where three channels of an input image, red, green, and blue, are shown 

by 𝑟, 𝑔, and 𝑏: 𝑅 = 𝑟 − (𝑔 + 𝑏)/2, 𝐺 = 𝑔 − (𝑟 + 𝑏)/2, 𝐵 = 𝑏 − (𝑟 + 𝑔)/2. The colour space 

representation of the input image is contained in these three feature maps. In the equation (4.24) 

𝑓1 has been considered for the videos, and for static images the value of 𝑤1 = 0.  

To compute the saliency map, the hyper-complex Fourier transform is revised and written 

in polar form, described as: 
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𝐹𝐻[𝑢, 𝑣] = ‖𝐹𝐻[𝑢, 𝑣]‖𝑒
𝜌Φ(𝑢, 𝑣)    (4.25) 

where ‖. ‖ points to the modulus for each element of a hypercomplex matrix, and 𝐹𝐻[𝑢, 𝑣] were 

considered as the frequency domain representation of 𝑓(𝑚, 𝑛). The following equations as 

amplitude spectrum 𝐴(𝑢, 𝑣), phase spectrum 𝑝(𝑢, 𝑣), and eigenaxis spectrum 𝑋(𝑢, 𝑣) which is a 

pure quaternion matrix, are defined as follows: 

𝐴(𝑢, 𝑣) = ‖𝐹𝐻[𝑢, 𝑣]‖,     (4.26) 

𝑝(𝑢, 𝑣) = Φ(𝑢, 𝑣)= tan−1
‖𝑉(𝐹(𝑢,𝑣))‖

𝑆(𝐹(𝑢,𝑣))
,    (4.27) 

𝑋(𝑢, 𝑣) = ρ(𝑢, 𝑣)= tan−1
𝑉(𝐹(𝑢,𝑣))

‖𝑉(𝐹(𝑢,𝑣))‖
.    (4.28) 

The spectrum scale space Λ = {Λ𝑘} by smoothing 𝐴(𝑢, 𝑣) is created. It should be noted 

that information contained in the amplitude plots is very dependent on scale 𝑘. The inverse 

transform to give a saliency map at each scale can be performed as follows: 

𝑆𝑘 = 𝑔 ∗ ‖𝐹𝐻
−1{Λ𝑘(𝑢, 𝑣)𝑒

𝑥𝑝(𝑢,𝑣)}‖
2
   (4.29) 

where a Gaussian kernel at a fixed scale is shown by 𝑔. At this stage, a series of the saliency map 

{𝑆𝑘} is created; to attain the best saliency map out of a series of saliency maps, the principle for 

determining the ideal scale is: 

𝑘𝑝 = 𝑎𝑟𝑔 min
𝑘
{𝐻(𝑆𝑘)}     (4.30) 

In hyper-complex Fourier transform, a parameter 𝛾 has been considered for each candidate 

saliency map: 

𝛾𝑘 = ∑∑𝐾(𝑛,𝑚). 𝑁(𝑆𝑘(𝑛,𝑚)),   (4.31) 

where 2D cantered Gaussian mask is shown by 𝐾 and is the same size as 𝑆. The equation 

∑∑𝐾(𝑛,𝑚) = 1.𝑁(. ) is considered for normalizing 𝑆; therefore, the summation of all the pixel 

values is 1. Finally, 𝑘𝑝 can be rewritten as: 

𝑘𝑝 = 𝑎𝑟𝑔 min
𝑘
{𝛾𝑘
−1𝐻2𝐷(𝑆𝑘)}.     (4.32) 

4.5.1.2. Weighted document image and Gist feature extraction 

Based on the HFT method described in the previous subsection, a saliency map which 

displays significant information of the input document image is created for each document image. 

To incorporate the visual saliency map obtained from a document image, a weighting strategy is 

proposed in this research work. The weighting process can be applied at different levels, such as 

document and feature level. In this research work, weighting is applied at the document level. To 

give weight to the document image, the created saliency map of the image is convolved by the 
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original document image. To formularise the process, the weighted document image can be 

computed as follows:  

𝑊(𝑛,𝑚) = 𝐼(𝑛,𝑚). 𝑘𝑝     (4.33) 

A sample original document image, the extracted visual saliency map of the document 

image, and the weighted document image, which constitute the weighting process are shown in 

Figure 4.11. 

 It is well established from a variety of studies that Gist operator can provide a promising 

retrieval performance. In addition, Gist operator is an appearance-based feature extraction 

method, which provides meaningful information from an image at a glance. Thus, Gist feature is 

selected to extract features from weighted document images created by convolution of the 

saliency map and the original document image. Employing the Gist operator on each weighted 

document image, a feature vector of size 513 features is obtained. 

 

Figure 4.11. Example of giving weight to the document image: (a) The original document, (b) Extracted 

saliency map, and (c) Weighted document image. 

4.5.2. Creating knowledge-based features 

Gist features extracted from each image in the training phase are kept/saved as a 

knowledge-based database for the testing process. The size of the knowledge-based database is 

dependent on the number of training samples and the number of features (feature size). The former 

indicates the number of rows, whereas the latter demonstrates the number of columns in the 

database. 

4.5.3. Similarity matching 

In the testing phase of the proposed method, first, the proposed visual saliency map 

detection method is employed on the image to extract the saliency map of the given query. Then, 

employing the weighting process on the original image and saliency map, a weighted document 

image is obtained. The Gist feature extraction method is applied to the weighted image to 

characterise the given query. Similarity distances between the extracted features from the query 
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image and the knowledge-based databases are computed and the document images are finally 

ranked based on the similarity scores. The document image(s) with maximum visual similarity to 

the query image are retrieved accordingly.  

4.6.   Efficiency improvement 

In knowledge-based models, one of the main issues is high computing time in the 

calculation of similarity values. To further improve the efficiency of the proposed retrieval 

systems, the advantages of hashing and dictionary learning techniques are taken into account. The 

locality-sensitive hashing technique is considered to reduce the dimensionality of data for 

measuring similarity distance. In a large database, a hash function maps similar items into the 

same “bucket”, which efficiently reduces time complexity to find similar document image(s) with 

respect to a given query. To achieve a good over-complete basis in terms of minimum 

approximation error and sparsest solution, dictionary learning is used. In the last proposed system, 

in addition to the above-mentioned similarity measurements, locality-sensitive hashing and 

dictionary learning methods are employed. 

4.6.1. Locality-sensitive hashing 

For large databases of high dimension, locality-sensitive hashing [187] is the most valuable 

method using probability distributions to retrieve similar images to a given query. Locality-

sensitive hashing (LSH) reduces the high dimensional feature space into remarkably small places 

to search efficiently for the nearest neighbour. 

In the LSH method, a set of hash functions (ℎ1, … , ℎ𝑛ℎ) is randomly selected for adjusting 

LSH in a metric space (𝑧, 𝑑). In the metric space, 𝑧 and 𝑑 are defined as a database and a metric, 

respectively. Considering 𝑃(𝐴) as a probability of an event 𝐴, the function family 𝐻 is a 

(𝑐, 𝑟, 𝑝1, 𝑝2) LSH family [187, 188]. Any ℎ𝑖 𝜖𝐻 satisfies the following conditions if and only if 

𝑟 is a positive value, c is a real number, 𝑐 > 1, and 𝑥, 𝑦 𝜖𝑧: 

{
𝑝(ℎ𝑖(𝑥) = ℎ𝑖(𝑦)) ≥ 𝑝1 ,               𝑖𝑓 𝑑(𝑥, 𝑦) ≤ 𝑟        

𝑝(ℎ𝑖(𝑥) = ℎ𝑖(𝑦)) ≤ 𝑝2,               𝑖𝑓 𝑑(𝑥, 𝑦) > 𝑐 × 𝑟
                                (4.34) 

where 𝑝1 > 𝑝2 

To index the data points in the database, LSH hashes all the points in the database with the 

use of hash functions. If 𝑥 and 𝑦 𝜖 𝑧 are close together by definition of the metric 𝑑, then the hash 

keys 𝑘𝑥  and 𝑘𝑦 are identical. Each hash bucket includes data points with the same hash key 

located in a connecting area of the physical memory. So, the hash key is used to address the hash 

bucket. For orderly saving of the hash keys, a hash table is used that links to a non-empty hash 

bucket [188].  
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 Given a query point, LSH retrieves all the data points from hash buckets to find the nearest 

point to a query. As in our proposed method, two knowledge-based databases are created for the 

Gist and wavelet features, and two different ranked lists of document images are obtained, based 

on similarity scores computed by employing the LSH method for a given query. 

4.6.2. Dictionary learning 

The basic notion of dictionary learning is to represent natural signals in the form of a sparse 

linear combination of atoms, which are picked from a collection called a dictionary [189]. 

Let 𝑌 be a set of n-dimensional input signals defined as 𝑌 = ⌈𝑦1…𝑦𝑁⌉ ∈ 𝑅
𝑛×𝑁 . The 

signal 𝑌 can be defined as 𝑌 = 𝐷𝑋, where 𝐷 ∈ 𝑅𝑛×𝑚, (𝑛 < 𝑚) is a redundant dictionary that 

includes atoms as its columns, and 𝑥 ∈ 𝑅𝑚 is a representation vector that recovers from the linear 

measurement 𝑌. Finding the representation of the given signal 𝑌 can be through the following 

sparse approximation problem: 

< 𝐷,𝑋 >= 𝑎𝑟𝑔min
𝐷,𝑋

‖𝑌 − 𝐷𝑋‖2
2 ,   ‖𝑥𝑖‖0 ≤ 𝜖   (4.35) 

where the representation accuracy 𝜖 is a sparsity constraint factor, and a count of the number of 

non-zeroes in the vector 𝑥 is shown by ‖𝑥‖0. The term ‖𝑌 − 𝐷𝑋‖2
2 denotes a reconstruction error. 

By minimizing the reconstruction error and satisfying the sparsity constraints, the construction of 

𝐷 is obtained. Given 𝐷, sparse coding calculates the sparse representation 𝑋 of 𝑌 by solving the 

following: 

𝑋 = 𝑎𝑟𝑔min
𝑋
‖𝑌 − 𝐷𝑋‖2

2 ,     ‖𝑥𝑖‖0 ≤ 𝜖    (4.36) 

Generally, solving this optimization problem is considered to be sparse-coding. Several 

algorithms exist to find a suboptimal solution for the sparse vector 𝑥. Solving this problem is in 

general NP-hard (non-deterministic polynomial-time hardness), but other relaxation methods 

allow us to solve the problem exactly under certain conditions. Representing a given signal 𝑌 of 

dimension 𝑛 as a linear combination of a small number of signals taken from a database, called a 

dictionary, is the main purpose of sparse representation. The elements of the dictionary are called 

atoms, which are typically unit norm functions. There are two directions for dictionary learning, 

including learning methods based on probability, and learning methods based on clustering and 

vector quantization [189]. 

4.6.2.1. Probabilistic methods 

In [190], a maximum likelihood dictionary learning method has been developed under 

sparse approximation assumption for natural images. Their assumption is in regard to reduction 

of the high-dimensional representation of the image. The sparse representations in a redundant 
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dictionary are given by the matrix 𝐷 and the goal of learning is to obtain dictionary 𝐷∗, defined 

as: 

𝐷∗ = 𝑎𝑟𝑔max
𝐷
[𝑙𝑜𝑔𝑃(𝑦|𝐷)]     (4.37) 

 𝐷∗ = 𝑎𝑟𝑔max
𝐷
[𝑙𝑜𝑔 ∫𝑃(𝑦|x, 𝐷)𝑃(𝑥)𝑑𝑥]     (4.38) 

Computation of the integral in the above equation is difficult for high-dimensional 

vectors 𝒙. To simplify and solve the problem, two assumptions have been proposed [190]. Firstly, 

it was assumed that distribution 𝑃(𝑥) is a product of Laplacian distributions for each coefficient, 

and the coefficients 𝑥𝑖 can be independent. When the signal decomposition is sparse, the 

Laplacian distribution peaks at zero and is able to fit the probability distributions of 

coefficients 𝑥𝑖. In the second statement, Gaussian zero-mean noise is considered as a model of 

the approximation noise 𝜂 to solve the problem. By considering these two statements, the 

optimization problem can be reduced and the above equations can be represented as:  

𝐷∗ = 𝑎𝑟𝑔min
𝐷,𝑥

 𝐸(𝑌, 𝑋|𝐷)     (4.39) 

                                      𝐷∗ = 𝑎𝑟𝑔min
𝐷,𝑥

[‖𝑌 − 𝐷𝑋‖2
2 + 𝜆‖𝑋‖1]    (4.40) 

𝐸(𝑌, 𝑋|𝐷) =  −𝑙𝑜𝑔[𝑃(𝑌|X, 𝐷)𝑃(𝑋)]       (4.41) 

By minimizing an average energy 𝐸(𝑦𝑖 , 𝑥𝑖|𝐷) over a set of randomly chosen images, the 

dictionary is learnt. Next, by iterating two phases, the optimization problem can be explained. In 

the first phase, the energy function is minimized with respect to a set of coefficient vectors and 𝐷 

is kept constant. In the second phase, the gradient descent is performed on 𝐷 to minimize the 

average energy while the coefficient 𝑥𝑖 is kept constant; this phase is known as the learning phase. 

The iteration process between the sparse approximation and the dictionary learning phase is 

carried on until convergence. It should be noted that this optimization process does not essentially 

find the global optimum solution. However, the process has been exposed to convergence with a 

dictionary with atoms and resembles the accessible fields [189]. The major parts of the learned 

dictionary, which are localized and oriented, contains atoms. The oriented edges in images are 

well represented using this type of information. 

4.6.2.2. Clustering-based methods 

Another type of dictionary learning technique is based on vector quantization that can be 

realized by clustering techniques, such as K-means clustering [191]. The dictionary is optimized 

by giving a set of image patches and grouping patterns. Grouping patterns can reduce the distance 

from a given atom, which will be minimal, and by updating the atom, overall distance in the group 

of patterns will be minimal. The assumption is that each patch can be represented by a single atom 

with a coefficient equal to one, so the learning procedure in the K-means clustering will be 
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reduced. The sparse approximation step becomes trivial, as each patch is represented by only one 

atom. 

For classification, the sparse code 𝑥 can be directly used as a feature and an upright 

classifier 𝑓(𝑥) can be obtained by determining its model parameters 𝑊 ∈ 𝑅𝑛×𝑚, represented by: 

𝑊 = 𝑎𝑟𝑔min
𝑤
∑ ℒ{ℎ𝑖, 𝑓(𝑥𝑖,𝑊)}𝑖 + 𝜆1‖𝑊‖𝐹

2    (4.42) 

where ℎ𝑖 is the label of 𝑦𝑖, ℒ shows classification loss function, and 𝜆1 is a regularisation 

parameter that prevents overfitting in dictionary.  

It is possible to learn the dictionary and classification model together, as individuation of 

the dictionary learning from the classifier learning might make 𝐷 suboptimal for classification. 

An objective function for learning 𝐷 and 𝑊 together can be defined as: 

< 𝐷,𝑊,𝑋 >= 𝑎𝑟𝑔 min
𝐷,𝑊,𝑋

‖𝑌 − 𝐷𝑋‖2
2 + ∑ ℒ{ℎ𝑖, 𝑓(𝑥𝑖,𝑊)}𝑖 + 𝜆1‖𝑊‖𝐹

2  , ‖𝑥𝑖‖0 < 𝜖 (4.43) 

A simplification of the K-means algorithm for dictionary learning is called the K-SVD 

algorithm, which is valuable in terms of memory requirements and communication costs in 

practical applications. 

4.7. Summary 

In this chapter, our proposed approaches for acquiring a fast and effective document image 

retrieval method using texture-based features, were discussed. The spatial arrangement of the 

grey-level of the pixels in local patches of an image has been considered to find a fast feature 

extraction method in the first proposed method. To take care of existing different query 

resolutions in the testing part, the under-sampled images were generated, and images were divided 

into four sub-images using the centre of gravity to extract more precise features in the second 

proposed method. Then, classifier fusion was considered in order to combine the results of two 

texture feature methods and improve the DIR accuracy. In the fourth proposed method, DIR with 

the appearance-based features was carried out, and the usefulness of Gist descriptor was 

examined. Visual saliency map of the image was considered to give weight to the image, and then 

Gist descriptor was employed to extract the features in the fifth proposed method. Then, LSH and 

dictionary learning were considered to improve the efficiency of DIR.
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CHAPTER 5 

5-EXPERIMENTAL RESULTS OF THE PROPOSED METHODS 

This chapter presents the attained results of the proposed methods described in Chapter 4. 

The results are shown in the same order as the proposed methods in the previous chapter.  

This chapter is organised as follows. Section 5.1 provides information regarding the datasets 

considered for evaluating our proposed systems. In Section 5.2 evaluation metrics are described. 

Section 5.3 presents the experimental results of the proposed systems applied on three datasets. 

A comparative analysis and discussion of the results are presented in Section 5.4. Then, the 

summary is presented in Section 5.5. 

5.1. Datasets 

Three different datasets are used to evaluate the performance of our proposed DIR systems 

and examine the usefulness of texture-based feature methods for document image retrieval task. 

The datasets are called Media Team Document Dataset (MTDB), ITESOFT, and CLEF_IP.  

5.5.1. Media Team Document Dataset 

The Media Team Document Dataset (MTDB) [171] is a heterogeneous dataset composed of 

various types of scanned documents including address lists, advertisements, articles, business 

cards, and so on. There is a great diversity of page layout and contents in the dataset. In addition, 

the MTDB is an unbalanced dataset, as different numbers of samples exist in each class. Each 

document has a high-resolution (1751 × 2849), low-resolution (400 × 651), and thumbnail size 

(90 × 140) resolution image available in the dataset. In our experiments, we focused on the eleven 

document classes of the nineteen predefined classes from the MTDB that contain mainly text 

documents. The other 8 classes were not considered, as only a few samples (2 documents in the 

class) are available in the dataset, and the samples are graphics types (music notes and maps). 

Table 5.1 shows the number of classes and overall samples of the MTDB which were 

considered in the experiments (in total, 1,322 document samples). As examples, two document 

images from each class of the MTDB are presented in Figure 5.1 to give an idea of the dataset. 
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Table 5.1. Number of document images in each class of the MTDB dataset. 

Class Class name Total number of samples 

1 Address list 18 

2 Advertisement 72 

3 Article 698 

4 Business cards 33 

5 Correspondence 72 

6 Dictionary 36 

7 Form 69 

8 Manual 105 

9 Newsletter 126 

10 Outline 57 

11 Program listing 36 

 

 

Figure 5.1. Two document image samples from each class of the MTDB.  

5.5.2. ITESOFT Dataset 

The ITESOFT dataset [192] is a collection of several scanned official documents in 12 

different classes. The samples are not equally distributed in all the classes. Some classes of the 

ITESOFT dataset include two different resolutions, high-resolution with 2500 ×  3500 pixel size 

and low-resolution with 1700 ×  2400 pixel size. For consistency, high-resolution document 

images from each class are taken into account for our experiments (in total, 1,116 document 

images). Table 5.2 shows the number of samples in each class, and two document images from 

each class are shown in Figure 5.2. 

5.5.3. CLEF-IP Dataset 

The CLEF-IP dataset is also a collection of heterogeneous document images. It is composed 

of 9 different classes of documents including abstract drawing, graph, flowchart, gene sequence 

and so on. [193]. The flowchart class includes only a few samples, so it was not considered in our 
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experiments. The dataset contains a large variety of document images of sizes from 35 ×  47 

pixels to 2000 ×  2500 pixels. In total, 37,771 document samples were used for experimentation.  

Table 5.3 shows the number of available samples in each class. To give an idea of the dataset 

and the type of document images in the CLEF_IP dataset, two document images from each class 

are shown in Figure 5.3. 

Table 5.2. Number of document images in each class of the ITESOFT.  

Class Class name Total number of samples 

1 Actes_Naissance_300DPI 244 

2 Attestation_SS_300DPI 60 

3 AVIS_IMPOT_300DPI 233 

4 CNI_300_RESTO 100 

5 CNI_300_VERSO 78 

6 Images CG anciennes_300DPI 21 

7 Livret_Famille1 _DPI300 36 

8 Livret_Famille1 _DPI300 153 

9 RIB_MIXT_300 39 

10 RIB_PT_300 16 

11 TIP_300DPI 73 

12 Verso avis impot _300DPI 63 

 

 

Figure 5.2. Two document image samples from each class of the ITESOFT dataset. 

Table 5.3. Number of document images in each class of the CLEF_IP dataset. 

Class Class name Total number of samples 

1 Drawing 5,565 

2 Chemical Structures (cf) 5,957 

3 Program Listing (cp) 5,573 

4 Gene Sequence (dn) 5,983 

5 Graph (gr) 1,663 

6 Math (mf) 5,950 

7 Table (tb) 5,502 

8 Character (tx) 1,578 
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Figure 5.3. Two document image samples from each class of the DELF_IP dataset. 

5.2. Evaluation metrics 

The precision (𝑃), recall (𝑅) and F-score, as three commonly used metrics in the image 

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

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

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

score is derived from precision and recall, and is defined as 𝐹 = 2 × (𝑃 × 𝑅)/(𝑃 + 𝑅). 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, are ranked 

in the first (Top-1), Top-3, Top-5, and Top-10 accordingly, the F-scores are 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 represented the performance of the system when 

the document image retrieval system could rank the correct document image with respect to a 

given query in the first 10 places.  

5.3.  System setting 

 In our experiments on 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 𝑃, mean 𝑅 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 in order 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 
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ITESOFT dataset, and the MTDB dataset, respectively. As these three datasets have different 

characteristics and the F-scores were also different, the 𝑝-value would be different. In the results, 

the null hypothesis was not rejected as 𝑝 > 0.05 for all three datasets. Thus, resampling in each 

run did not have much influence on the F-scores. 

Furthermore, as there was a threshold 𝜏 in each proposed method that needed to be tuned, 

different values between 0 and 1 were considered for 𝛾 to compute different acceptance/rejection 

thresholds 𝜏. Using various values for threshold 𝜏, F-scores were computed on the training set, 

and the value of 𝛾 that provided the best F-score was used to test the system. To get an idea of the 

performance of the first proposed method in relation to threshold 𝜏 the obtained F-score results 

with different acceptance parameter 𝛾(or threshold 𝜏) at Top-1 on the ITESOFT dataset are shown 

in Figure 5.4. In Figure 5.4, the highest obtained F-score is around 99.98%, with 𝛾 = 0 chosen as 

the best retrieval result of the first proposed method. 

 

Figure 5.4. The retrieval F-scores obtained at Top-1 using the first proposed method on the ITESOFT 

dataset with different thresholds. 

5.4. Experimental results and discussion 

5.4.1. Results obtained from the first proposed method 

The percentages of correct document image retrieval based on 𝑃, 𝑅 and F-score obtained 

from the proposed F-LBP feature extraction method on the MTDB, ITESOFT, and CLEF-IP 

datasets are presented in Table 5.5. One example of a query document image from the MTDB is 

given in Figure 5.5, and the Top-10 similar documents to the query as well as their classes are 

listed from top left to bottom right. Since the exact version of the query was not present in the 

trained documents, another resolution of the query image was retrieved in the fifth rank. It is also 

worth noting that among the ten retrieved documents, eight documents belonged to the same class 

as the query. 
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Figure 5.5. An example of the first Top-10 documents with respect to a given query retrieved by 

employing the first proposed method on the MTDB dataset. 

The results were computed based on four different distances. The results presented in Table 

5.4 illustrate that when the system was trained with the MTDB, the better F-score result at Top-1 

was almost 63.77% with the Euclidean distance. The best results at Top-10 with 83.94% F-score 

was obtained with the Cosine distance. However, the best recall was obtained with the Tanimoto 

distance. The results were encouraging as only 33% of the documents were considered for training 

the system. 

Table 5.4. The results obtained from the first proposed method on three datasets. 

Dataset 

 

Similarity 

distance 

Precision Recall F-score 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

MTDB Tanimoto 46.20 58.18 63.91 70.91 100 100 100 100 63.20 73.56 77.98 82.98 

Euclidean 47.40 58.38 63.17 70.66 97.42 98.74 99.27 99.99 63.77 73.37 77.21 82.80 

City-block 46.42 59.36 65.09 71.84 96.33 99.01 99.99 100 62.65 74.22 78.85 83.62 

Cosine 46.69 59.79 65.61 72.33 97.33 98.01 99.99 100 63.11 74.28 79.23 83.94 

ITESOFT Tanimoto 48.43 63.87 70.29 79.68 98.07 98.97 99.27 99.99 64.84 77.64 82.31 88.68 

Euclidean 46.05 63.46 70.95 81.90 97.99 98.97 99.19 99.98 62.65 77.34 82.73 90.04 

City-block 48.28 68.31 74.82 82.71 99.99 100 100 100 65.12 81.17 85.60 90.54 

Cosine 46.43 62.16 69.63 78.76 97.17 98.94 99.32 99.96 62.84 76.35 81.86 88.10 

CLEF_IP LSH 52.78 73.20 80.70 88.34 96.94 98.40 98.79 99.33 68.34 83.95 88.83 93.51 

By employing the proposed F-LBP feature extraction method for DIR on the ITESOFT 

dataset, more than 65% and 90% of the queries could be accurately ranked among Top-1 and Top-

10 ranking results with the City-block similarity measure.  
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The last row of Table 5.4 illustrates the retrieval results obtained on the CLEF-IP dataset 

using F-LBP feature extraction. Since the CLEF-IP dataset is quite large, the LSH was considered 

to measure the similarity distance between a query and document images. As a result, 93.51% of 

queries were accurately ranked within the Top-10 results, which demonstrated quite well-

performance document image retrieval.  

5.4.2. Results obtained from the second proposed method 

Since the MTDB is the only dataset composed of document images with different 

resolutions, the MTDB was considered to evaluate the performance of the proposed under-

sampling-based DIR system. The under-sampling technique was applied on the training samples 

to generate their under-sampled images and consequently extract F-LBP features. Here, the 

features obtained from the under-sampled (lower-dimension) images in addition to the training 

images were included in the knowledge-based features. The results obtained from the proposed 

system using the rest of the MTDB for testing are shown in Tables 5.5. From Table 5.5, it can be 

noted that the City-block distance provided higher precisions and F-scores compared to the other 

distances. The F-score of 66.17% at Top-1 was obtained from the proposed DIR by using the 

City-block distance to compute the similarity distances. The F-score increased to 85.33% at Top-

10 for similar document images to query images.  

Table 5.5. The results obtained from the second proposed method on the MTDB dataset. 

Similarity 

distance 

Precision Recall F-score 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Tanimoto 48.76 59.38 63.96 72.04 100 100 100 100 65.55 74.51 78.02 83.75 

Euclidean 48.27 59.51 65.74 72.68 98.49 99.85 99.92 99.94 64.78 74.57 79.30 84.16 

City-block 50.04 63.07 68.20 74.42 97.65 99.67 99.58 100 66.17 77.25 80.95 85.33 

Cosine 47.55 56.11 65.88 72.10 100 100 100 100 64.45 71.88 79.43 83.79 

 

5.4.3. Results obtained from the third proposed method 

Applying the proposed weighted classifier fusion as the contribution of the third proposed 

method introduced a more accurate retrieval system in this research work. In one part, the F-LBP 

feature extraction method, as a statistical texture feature, provided global features or a global 

representation of a document image by means of a histogram. In another part, the wavelet 

transform, as a transform-based method, generated multi-resolution images. The wavelet 

transform can reduce the global influence of grey-level variation. Considering the advantages of 

both the feature extraction methods using a weighted classifier fusion, the obtained results based 

on the proposed method have shown better retrieval results. The results obtained using classifier 

fusion with different similarity distances on three datasets are illustrated in Table 5.6. 
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The results presented in Table 5.6 show that using the MTDB dataset, the retrieval F-score 

of 73.66%, 81.32%, 85.42%, and 90.09% at Top-1 to Top-10 were obtained. It should be noted 

that Tanimoto similarity measure provided comparable results at recall and F-score to the results 

obtained with other similarity measures. 

Considering the ITESOFT dataset for experiments, the highest F-scores with 83%, 90.78%, 

93.95%, and 95.54% were respectively obtained from the third proposed system at Top-1, Top-

3, Top-5, and Top-10 with the City-block distances as similarity measures.  

The experimental results on the CLEF_IP dataset using the LSH similarity distance, 

indicate that the proposed fusion based DIR system provided a highly correct DIR F-score of 

more than 96% at the Top-10 results. 

Table 5.6. The results obtained from the third proposed method on three datasets. 

Dataset 

 

Similarity 

distance 

Precision Recall F-score 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

MTDB Tanimoto 58.30 68.52 74.55 81.97 100 100 100 100 73.66 81.32 85.42 90.09 

Euclidean 58.32 69.90 75.38 79.46 91.06 93.29 97.83 99.91 71.10 79.92 85.15 88.52 

City-block 59.69 68.25 75.43 80.72 95.78 97.56 98.32 99.69 73.54 80.31 85.37 89.20 

Cosine 57.80 66.68 72.84 79.16 94.06 96.52 99.48 100 71.60 78.87 84.10 88.37 

ITESOFT Tanimoto 68.29 78.90 83.81 87.24 97.68 99.29 99.58 100 80.39 87.93 91.01 93.18 

Euclidean 67.62 78.04 85.35 89.89 99.51 100 100 100 80.52 87.67 92.09 94.67 

City-block 70.94 83.12 88.58 91.46 100 100 100 100 83.00 90.78 93.95 95.54 

Cosine 69.08 79.91 84.10 88.56 100 100 100 100 81.71 88.84 91.36 93.93 

CLEF-IP LSH 62.67 81.33 87.29 92.37 100 100 100 100 77.05 89.70 93.21 96.03 

5.4.4. Results obtained from the fourth proposed method 

The results obtained from the fourth proposed method (Gist and wavelet fusion) using three 

different datasets are shown in Table 5.7. By applying the proposed method on the MTDB, the F-

score 78.71% and 92.24% of the document images were, respectively, obtained at Top-1 and Top-

10 with Cosine and Tanimoto distances. These results indicated that the proposed DIR system 

based on classifier fusion with the use of Gist and wavelet transform features could provide quite 

high retrieval results.  

The proposed (Gist and wavelet features) classifier fusion method using the Tanimoto 

similarity measure could, respectively, provide 89.35%, 94.21%, 95.74% and 97.26% correct 

retrieval F-scores in Top-1, Top-3, Top-5, and Top-10, considering the ITESOFT dataset for 

experiments. 

By considering the CLEF-IP dataset for experiments, the proposed system could retrieve 

correctly 81.20% at Top-1 and 97.23% at Top-10, with the LSH method for similarity computing. 
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Table 5.7. The results obtained from the fourth proposed method on three datasets. 

Dataset 

 

Similarity 

distance 

Precision Recall F-score 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

MTDB Tanimoto 62.96 74.69 78.99 85.60 100 100 100 100 77.27 85.51 88.26 92.24 

Euclidean 61.88 72.25 76.84 84.12 96.94 96.44 99.41 100 75.54 82.61 86.68 91.37 

City-block 61.61 73.12 76.87 85.32 99.38 99.65 100 100 76.06 84.35 86.92 92.08 

Cosine 65.84 74.28 76.77 79.66 97.83 98.94 99.95 100 78.71 84.85 86.84 88.68 

ITESOFT Tanimoto 80.94 89.09 91.86 94.67 99.70 99.95 99.97 100 89.35 94.21 95.74 97.26 

Euclidean 88.66 91.59 90.96 91.60 81.94 90.82 95.72 99.22 85.17 91.20 93.28 95.26 

City-block 83.32 89.93 91.36 94.01 91.16 95.76 98.35 99.86 87.06 92.76 94.73 96.85 

Cosine 78.71 86.50 89.76 92.60 98.73 99.30 99.43 99.94 87.59 92.46 94.35 96.13 

CLEF-IP LSH 68.929 85.007 89.203 94.634 98.775 99.545 99.760 99.976 81.20 91.70 94.19 97.23 

5.4.5. Results obtained from the fifth proposed method 

The experimental results obtained from the fifth (saliency map based ) proposed method 

on three datasets are illustrated in Table 5.8. Once the proposed system, using the City-block 

distance, was trained with the MTDB, the highest retrieval F-scores of 79.28% was achieved at 

Top-1. Meanwhile, Tanimoto distance provided the better F-score at Top-1, Top-3, and Top-10 

compared to other similarity distances.  

Table 5.8. The results obtained from the fifth proposed method on three datasets. 

Dataset 

 

Similarity 

distance 

Precision Recall F-score 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-

10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

MTDB Tanimoto 65.18 76.85 81.44 85.68 100 100 100 100 78.92 86.91 89.77 92.29 

Euclidean 65.59 73.26 78.40 83.67 97.68 98.90 99.39 99.83 78.48 84.17 87.66 91.04 

City-block 66.78 77.10 80.63 84.94 97.54 97.68 98.46 99.70 79.28 86.18 88.66 91.73 

Cosine 65.32 76.49 80.96 85.33 99.84 100 100 100 78.98 86.68 89.48 92.09 

ITESOFT Tanimoto 82.28 88.04 90.75 92.71 99.76 99.92 100 100 90.18 93.61 95.15 96.22 

Euclidean 82.16 88.33 91.43 94.32 99.95 100 100 100 90.18 93.80 95.52 97.08 

City-block 83.70 90.18 92.61 95.47 99.94 99.94 100 100 91.10 94.81 96.16 97.68 

Cosine 82.56 87.79 90.09 93.07 99.93 99.95 99.93 100 90.43 93.48 94.76 96.41 

CLEF-IP LSH 69.95 86.39 91.13 97.83 100 100 100 100 82.32 92.70 95.36 98.90 

Correspondingly, the experimental results obtained from the proposed system using the 

ITESOFT dataset are shown in the table. The proposed system using the City-block distance 

provided the highest retrieval F-score of 91.10%, 94.81%, 96.16%, and 97.68% at Top-1, Top-3, 

Top-5, and Top-10, respectively.  

The experimental results obtained from the proposed system using the LSH similarity 

distance when applied on the CLEF_IP dataset have shown that, the proposed system could 
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successfully retrieve document images with F-scores of 82.32% and 98.90% at Top-1 and Top-

10. 

To illustrate the behaviour of different proposed methods in relation to the retrieval results 

obtained for each class, the Top-1 retrieval results on the ITESOFT dataset with 12 classes using 

City-block distance were computed, and the results are shown in Table 5.9. A graphical 

representation of the results based on F-scores is also provided in Figure 5.6. As is demonstrated 

in Figure 5.6 and Table 5.9, considering the F-scores for comparison, the fifth proposed method 

performed well on most of the classes except Class 10 (C10) and Class 11 (C11), where the fourth 

proposed method provided the best performance in these two classes. This observation may lead 

to the use of a feature fusion strategy by considering wavelet transform and Gist features that may 

result in slightly effective document retrieval results. 

Table 5.9. The Top-1 results obtained from the proposed methods on all classes of the ITESOFT dataset. 

Method Metric 

Class Label 

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

First Precision 68.21 59.03 26.67 41.27 31.90 52.76 66.39 75.58 58.97 27.27 96.60 24.60 

Recall 98.99 97.65 97.98 99.98 100 100 96.90 98.65 100 100 100 100 

F-score 80.76 73.58 41.92 58.43 48.37 69.08 78.79 85.59 74.19 42.86 98.27 39.49 

Third Precision 82.71 49.16 56.29 68.52 68.64 70.92 78.53 81.33 60.06 54.55 98.32 71.22 

Recall 99.78 98.12 98.46 98.41 100 98.19 97.08 95.38 96.04 100 100 100 

F-score 90.45 65.50 71.63 80.79 81.40 82.36 86.83 87.80 73.90 70.59 99.15 83.19 

Fourth Precision 91.88 92.22 61.31 72.96 84.35 72.91 86.67 92.34 65.91 72.73 100 85.71 

Recall 99.65 97.72 100 90.01 100 97.00 85.38 90.26 93.75 100 100 100 

F-score 95.61 94.90 76.01 80.59 91.51 83.25 86.02 91.29 77.40 84.21 100 92.31 

Fifth Precision 93.38 93.25 63.83 70.15 86.54 73.81 87.33 91.59 76.92 69.70 99.32 94.44 

Recall 100 99.97 100 100 100 100 100 98.98 100 100 100 100 

F-score 96.57 96.49 77.92 82.46 92.78 84.93 93.24 95.14 86.96 82.14 99.66 97.14 

 

Figure 5.6. Comparison of DIR results obtained for each class of the ITESOFT dataset based on different 

proposed methods. 

0

10

20

30

40

50

60

70

80

90

100

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

F-
sc

o
re

Document Class
First Third Fourth Fifth



Chapter 5. Experimental Results of the Proposed Methods 

 

86 | P a g e  
 

5.4.6. Results obtained using dictionary learning 

To improve the efficiency of the proposed methods, dictionary learning was taken into 

account. Better retrieval results were obtained by the fourth and fifth proposed methods; however, 

a smaller number of features was extracted in the fifth proposed method for the DIR process. 

Thus, to have a more efficient method regarding retrieval result and retrieval time, dictionary 

learning was applied to the fifth method, and the results are presented in Table 5.10.  

Table 5.10. The retrieval results obtained from the fifth proposed method with dictionary learning on 

three datasets. 

Retrieving the similar documents to a given query using dictionary learning consumed less 

time compared to the other similarity distance methods which were considered up to now. The 

significant point regarding the obtained results with dictionary learning is that the highest F-score 

could be obtained at Top-10 on three datasets compared to the other applied methods. The 

obtained results at Top-10 are 99.49%, 99.30%, and 98.88% on MTDB, ITESOFT, and CLEF_IP 

datasets respectively. However, retrieval F-scores at Top-1 to Top-10 on MTDB and ITSOFT 

datasets with dictionary learning show the highest retrieval results compared to the previous 

methods. The retrieval F-score on CLEF_IP dataset was not improved compared to the previously 

proposed methods.  

For comparative analysis of the obtained results from the proposed methods, the dictionary 

learning results will be ignored and comparison will be conducted using the four commonly 

applied similarity distance measures.  

5.5. Comparative analysis of the proposed DIR methods 

5.5.1. Comparison of DIR results 

Different DIR systems with various feature extraction methods and similarity distances were 

proposed to attain an effective retrieval process by considering different datasets composed of 

document images with different layouts and structures, resolutions, sizes, languages, text-only 

documents, and text and image documents. Each proposed method has its own advantages and 

addresses specific DIR issues. Nonetheless, to compare the results obtained from the proposed 

DIR systems employing different texture-based feature extraction methods, and also to see the 

effect of using different similarity metrics on retrieval F-scores, the results are represented as 

separate graphs to clearly demonstrate the retrieval F-scores from Top-1 to Top-10. 

 

 
Precision Recall F-score 

Dataset 
Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

Top-1 

(%) 

Top-3 

(%) 

Top-5 

(%) 

Top-10 

(%) 

MTDB 64.37 80.36 88.93 98.98 100 100 100 100 78.32 89.11 94.14 99.49 

ITESOFT 87.51 93.29 95.60 98.61 100 100 100 100 93.34 96.53 97.75 99.30 

CLEF_IP 66.55 96.46 99.41 99.99 73.80 82.77 90.73 97.79 69.99 89.09 94.87 98.88 
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As experimental results were computed for three different datasets, the results in relation 

to each dataset obtained from different methods employing various similarity measures are 

compared separately. Figures 5.7 (a), (b), (c), and (d) demonstrate the retrieval F-scores obtained 

from the five proposed DIR systems on the MTDB dataset for experiments. It is worth noting that 

there are two common points in all the comparative analysis figures: the first point is that the 

retrieval results were always increasing from Top-1 to Top-10 levels, and the second is that the 

performances of either the fourth or the fifth proposed system were always better than the other 

proposed systems in this study. This result can refer to the usefulness of Gist operator for 

document image retrieval. From the results obtained from the proposed systems on the MTDB 

document images, which are shown in Figure 5.7 (a), (b), (c) and (d), it can be noted that 

irrespective of similarity distances used to compute the similarity measures, the systems based on 

appearance-based texture features and fusion strategy provided higher document image retrieval 

results on MTDB. The results ranked at Top-5 and Top-10 were especially impressive. 

The other conclusion which can be drawn from comparing the results shown in Figure 5.7 

is in regard to the use of the Tanimoto distance (Figure 5.7 (a)), which could provide better results 

in the third and fourth proposed methods. These results were possibly obtained due to the 

usefulness of Tanimoto distance in the case of classifier fusion. In the third proposed method, the 

F-LBP and wavelet transform were used to extract features, and the final decision was made using 

a classifier fusion of similarity measures computed based on the Tanimoto distance. Similarly, in 

the fourth proposed method, the final decision was made using classifier fusion when the Gist 

operator and wavelet transform had been considered for extracting features.  
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Top-1 Top-3 Top-5 Top-10

First method 63.20 73.56 77.98 82.98

Second method 65.55 74.51 78.02 83.75

Third method 73.66 81.32 85.42 90.09

Fourth method 77.27 85.51 88.26 92.24

Fifth method 78.92 86.91 89.77 92.29
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(b) 

 

 

 (c) 

Top-1 Top-3 Top-5 Top-10

First method 63.77 73.37 77.21 82.80

Second method 64.78 74.57 79.30 84.16

Third method 71.10 79.92 85.15 88.52

Fourth method 75.54 82.61 86.68 91.37

Fifth method 78.48 84.17 87.66 91.04
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(d) 

Figure 5.7. The obtained results from the proposed methods on the MTDB are shown in separate graphs 

based on the different similarity measures: (a) Tanimoto, (b) Euclidean, (c) City-block, and (d) Cosine 

distances. 

Document image retrieval results obtained from the four proposed systems by employing 

four similarity distances on the ITESOFT dataset are shown in Figures 5.8 (a), (b), (c), and (d). 

From these figures, it can be noted that the highest retrieval F-scores at Top-1, irrespective of 

using different distances, could be obtained using the fifth proposed system. Among the four 

distances, the retrieval result (F-score) with the City-block distance at Top-10 reached 

approximately 97.68%. The result of the first proposed method with all the distances on the 

ITESOFT dataset constituted a sudden rise from Top-1 to Top-10.  

Another observation from Figure 5.8 is that Tanimoto distance is a suitable method when 

the classifier fusion technique is considered for decision making. The retrieval results of the fourth 

system show superior results with Tanimoto distance compared to the other distances. 

Top-1 Top-3 Top-5 Top-10

First method 63.11 74.28 79.23 83.94

Second method 64.45 71.88 79.43 83.79

Third method 71.60 78.87 84.10 88.37

Fourth method 78.71 84.85 86.84 88.68

Fifth method 78.98 86.68 89.48 92.09
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(a) 

 

 

(b) 

Top-1 Top-3 Top-5 Top-10

First method 64.84 77.64 82.31 88.68

Third method 80.39 87.93 91.01 93.18

Fourth method 89.35 94.21 95.74 97.26

Fifth method 90.18 93.61 95.15 96.22
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 (c) 

 

(d) 

Figure 5.8. The obtained results from the proposed systems on the ITESOFT dataset based on different 

similarity measures: (a) Tanimoto, (b) Euclidean, (c) City-block, and (d) Cosine distances. 
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The experimental results obtained from the proposed systems on the CLEF_IP dataset with 

the LSH similarity distance are shown in Figure 5.9. Very similar to the result of the proposed 

systems on the other two datasets, retrieval F-scores on the CLEF_IP dataset were increased 

employing the fourth and fifth proposed DIR systems compared to the first and third proposed 

DIR systems, and all the proposed systems have a continuous growth in retrieval F-scores from 

Top-1 to Top-10. 

As already mentioned, what is remarkable and appears in all the graphs is that the 

uppermost results belong to the results obtained from either the fourth or fifth proposed DIR 

system. It should be pointed out that in both of the methods (fourth and fifth), features were 

extracted using appearance-based features (saliency map, Gist operator, and wavelet transform) 

and classifier fusion in different ways. Each method has its own property and can work effectively 

for particular data. 

Taken together, these results show that, City-block distance can usually provide better 

retrieval F-scores using texture-based features. However, in the case of classifier fusion, Tanimoto 

distance will be recommended as it provided higher F-scores compared to the other similarity 

distances considered in this study. 

 

Figure 5.9. The obtained results from the proposed systems on the CLEF-IP dataset with LSH. 

To show the performance of precision and recall in different proposed methods on three 

datasets, the obtained results in Top-1 F-scores with City-block distance were shown in Figure 

5.10. The precision-recall curve illustrates that the extracted features using the fifth proposed 

Top-1 Top-3 Top-5 Top-10

First method 68.34 83.95 88.83 93.51

Third method 77.05 89.70 93.21 96.03

Fourth method 81.20 91.70 94.19 97.23

Fifth method 82.32 92.70 95.36 98.90
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method on all three datasets were more beneficial for retrieval process compared to the other 

proposed systems.  

 

(a) 

 

(b) 

 

(c)  

Figure 5.10. The precision-recall curve obtained from the Top-1 results of the proposed systems on three 

datasets using City-block similarity measures: (a) MTDB, (b) ITESOFT, (c) CLEF_IP. 
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5.5.2. Computing time analysis 

To examine the efficiency of the proposed systems in terms of computing time complexity, 

the time complexity of each method for extracting the texture features from a document image 

was computed. The experimental results were conducted using a Dell laptop with 16 Gigabytes 

memory (RAM) and a processor (CPU) with a Core i5-5300U. All the texture-based feature 

extraction methods and DIR systems were implemented using MATLAB R2017a on Windows 7. 

A high-resolution document image from the MTDB was selected, and time complexity was 

measured in seconds, as presented in Figure 5.11. In Figure 5.11, it is evident that the first 

proposed method, the F-LBP, consumes much less time for extracting features compared to the 

other feature extraction methods considered in the proposed systems. In contrast, the second 

proposed method consumes a long time for extracting the features from an image, as it has to find 

the centre of gravity of the document image, dividing the image into four parts and then applying 

the F-LBP on each part of the image as well as the whole document image. Among the last three 

proposed methods, the time complexity of the fifth method is less than the third and fourth 

methods.  

Due to the retrieval result obtained using the fifth proposed method and its time complexity, 

it is evident that the fifth proposed system is a faster retrieval system compared to most of the 

other proposed systems which use Gist operator as a feature extraction method. 

 

Figure 5.11. The time complexity for extracting the features from a high-resolution document image of 

the MTDB using the proposed methods.  
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5.6. Summary 

The retrieval results obtained using the proposed DIR methods on three datasets were 

reported in this chapter. To attain better document image retrieval results and explore efficient 

similarity metrics, retrieval F-scores with four distances were computed. The first proposed 

method, by consuming less memory space and time complexity, provided promising results 

compared to the LBP variation methods. In the second proposed method, by generating the under-

sampled images from the original images, the number of training samples increased, and higher 

retrieval results could be obtained compared to the first proposed method. The properties of two 

different texture features using classifier fusion were taken into account to improve retrieval result 

in the third proposed method. 

Among the proposed methods, mostly the fifth proposed method provided better retrieval 

F-scores. In the fifth proposed method, a visual saliency map was used to extract features to attain 

better retrieval results. The following greatest F-scores were attained through the fifth proposed 

method at Top-10: 92.29% with Tanimoto distance on MTDB; 97.68% with City-block distance 

on the ITESOFT dataset; 98.90% with LSH distance on CLEF_IP. All these F-scores were 

encouraging.
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CHAPTER 6 

6- COMPARATIVE ANALYSIS OF RESULTS 

An extensive set of experiments was performed to demonstrate the effectiveness of the 

different texture-based features for document image retrieval discussed in Chapter 3. Texture-

based features from four state-of-the-art-approaches were used in this study: statistical, transform-

based, model-based, and structural approaches. The impact of four different similarity distances 

on texture-based document image retrieval results was also examined on three datasets. To 

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

three different resolutions, (and) with four similarity distances, from the MTDB dataset for 

training purposes were considered. Moreover, the required memory usage and time complexity 

for extracting each texture-based feature from an image were explored.  

This chapter is organised as follows. In Section 6.1, the experimental results of the state-of-

the-art texture extraction methods for DIR are illustrated and the results are compared in each 

category. In Section 6.2, the impact of different resolutions on texture-based DIR is discussed. In 

Section 6.3, the performance of the proposed F-LBP feature extraction method is compared with 

various LBP-based feature extraction methods employed for DIR. Comparison of the time 

complexity of texture-based feature extraction method is conducted in Section 6.4. Then, in 

Section 6.5, the experimental results of the proposed DIR method in this thesis are compared with 

the best method in literature. Finally, a summary of this chapter is presented in Section 6.6. 

6.1. Experimental DIR results obtained using the state-of-the-art texture-

based features 

To achieve a fair comparison of the document image retrieval results, the results obtained 

from each category of texture-based feature extraction methods are compiled in a tabular format. 

The results obtained, based on four different similarity distance measures, Tanimoto, Euclidean, 

City-block, and Cosine distances, are shown in Tables 6.1, 6.2, 6.3, and 6.4, respectively. The 
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MTDB, which is composed of document images with different resolutions and sizes, was first 

considered for experiments. 

The obtained results presented in Table 6.1 show that in group A of the statistical feature 

extraction approach, the SDH method performed better compared to other feature extraction 

methods in the group. In group B of the statistical feature extraction approach, the F-LBP feature 

at Top-1 and standard LBP at Top-10 provided highest precisions and F-scores. Among 

transform-based approaches, the Gist and Contourlet features provided better F-scores for DIR, 

for which the Gist features provided better results, mostly at Top-1. The autoregressive and 

morphology features, respectively from the model-based and structural approaches, performed 

better compared to the other features in the group.  

The results shown in Table 6.2 demonstrate that in group A of the statistical approach the 

performance of the SDH feature was better than other features from Top-1 to Top-10. In group 

B, the highest F-scores were obtained by the ILBP, D-LBP, and LBP methods at different levels. 

The higher scores in the transform-based category were obtained by using the Gist and Contourlet 

features. Specifically, the Gist features performed better at Top1 and Top-10, while the Contourlet 

features performed better at Top-3 and Top-5. The best DIR precision and F-score from the 

model-based and structural categories were obtained by employing autoregressive and 

morphology feature extraction methods, respectively.  

The DIR F-scores obtained based on the City-block distance on MTDB are presented in 

Table 6.3. In group A, the SDH feature performed better, similar to the results obtained from the 

Tanimoto and Euclidian distances. In group B, the obtained F-scores using some of the features 

were very close; the highest F-scores at Top-1 and Top-3 were obtained by the LBP method, 

where at Top-5 and Top-10, ILBP performed better in the group. Among transform-based 

features, at Top-1 and Top-10, the best results were obtained by Gist and Contourlet features. 

Similar to previous results, the performance of both autoregressive and morphology features in 

the model-based and structural categories was superior compared to the other features in these 

groups. 

The DIR results in Table 6.4 illustrate that in group A the DIR system with the SDH feature 

extraction method could obtain better F-score compared to the other feature extraction methods 

in that category. In group B, the F-LBP and TS0 method provided better DIR results compared to 

other features in the group. By employing transform-based features, the performance of both Gist 

and Contourlet operators was superior compared to the other feature extraction methods in the 

group. The autoregressive and morphology features, respectively from the model-based and 

structural approaches, performed well in their own categories. 
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Table 6.1. The results obtained using different approaches on the MTDB dataset with Tanimoto distance. 

  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 

approach 

(group A) 

GLCM 25.03 41.32 51.01 63.25 100 100 100 100 40.04 58.48 67.56 77.49 

GLRLM 24.16 38.70 45.12 57.71 100 100 100 100 38.92 55.80 62.18 73.18 

GLDM 42.84 56.00 61.69 71.60 99.18 100 100 100 59.83 71.79 76.31 83.45 

SDH 46.50 58.18 63.83 71.80 99.83 98.98 100 100 63.44 73.29 77.92 83.59 

GLTCS 40.47 53.17 58.54 65.30 100 100 100 100 57.62 69.43 73.85 79.01 

Statistical 

approach 

(group B) 

LBP 46.61 60.40 63.17 73.42 100 100 100 100 63.58 75.31 77.43 84.68 

LBP4,1 41.04 53.72 59.31 66.64 100 100 100 100 58.20 69.90 74.46 79.98 

LBP8,1 45.11 57.90 63.37 70.72 100 100 100 100 62.17 73.34 77.58 82.85 

LBP12,1.5 44.31 55.83 61.68 71.19 100 100 100 100 61.41 71.65 76.30 83.17 

LBP16,2 40.44 53.13 60.19 68.86 100 100 100 100 57.59 69.39 75.15 81.56 

F − LBP 47.89 58.18 63.91 70.91 100 100 100 100 64.76 73.56 77.98 82.98 

LBPCM                 10.05 22.13 29.05 45.97 100 100 100 100 18.26 36.24 45.03 62.98 

MBP 43.99 57.44 62.75 70.72 100 100 100 100 61.10 72.97 77.11 82.85 

ILBP 47.36 59.05 64.64 71.75 100 100 100 100 64.27 74.25 78.52 83.55 

LTP 34.39 49.59 57.46 67.79 100 100 100 100 51.17 66.30 72.99 80.80 

ILTP 35.91 50.22 57.42 67.69 100 100 100 100 52.84 66.87 72.95 80.73 

BGC1 42.99 59.56 66.44 72.17 100 100 100 100 60.13 74.65 79.84 83.83 

BGC2 44.40 57.67 62.77 69.43 100 100 100 100 61.50 73.15 77.13 81.95 

BGC3 44.30 55.46 61.59 69.96 100 100 100 100 61.40 71.35 76.23 82.32 

LQP 35.02 50.03 58.71 69.16 100 100 100 100 51.88 66.69 73.99 81.77 

3𝐷𝐿𝐵𝑃 40.98 49.52 56.93 66.02 100 100 100 100 58.14 66.24 72.55 79.53 

CLBP 34.85 50.12 57.44 67.25 100 100 100 100 51.69 66.77 72.96 80.42 

𝑇𝑆0                         45.70 55.50 61.00 69.77 100 100 100 100 62.73 71.38 75.78 82.19 

𝑇𝑆∆   31.19 45.92 53.66 65.61 100 100 100 100 47.54 62.94 69.84 79.23 

CSLBP 35.58 50.96 58.11 67.72 100 100 100 100 52.49 67.52 73.50 80.75 

D-LBP 42.93 59.92 64.63 72.92 100 100 100 100 60.07 74.93 78.52 84.34 

ID-LBP 42.29 56.18 63.10 72.54 100 100 100 100 59.44 71.94 77.38 84.09 

𝐵𝑇𝐶𝑆 22.66 38.42 47.33 61.23 100 100 100 100 36.95 55.51 64.25 75.95 

𝐶𝐵𝑃 37.65 50.85 57.90 66.95 100 100 100 100 54.71 67.42 73.34 80.21 

CS − TS 35.56 50.83 57.00 68.33 100 100 100 100 52.46 67.40 72.61 81.19 

𝐶𝐶𝑅 23.63 39.63 47.47 60.50 100 100 100 100 38.22 56.76 64.38 75.39 

GLBP 44.82 56.63 63.47 71.49 100 100 100 100 61.90 72.31 77.65 83.37 

GTUC 34.80 48.22 56.98 67.23 100 100 100 100 51.63 65.06 72.59 80.41 

MTS 42.71 56.15 62.67 69.36 100 100 100 100 59.86 71.92 77.05 81.91 

STS 41.93 52.49 57.99 67.31 100 100 100 100 59.09 68.84 73.41 80.46 

STU + 33.52 47.60 54.92 67.80 100 100 100 100 50.21 64.50 70.90 80.81 

STU × 23.53 39.94 47.33 58.39 99.98 100 100 100 38.09 57.08 64.25 73.73 

RT 42.85 57.03 62.75 70.63 100 100 100 100 59.99 72.63 77.11 82.79 

RTU 44.10 57.62 63.10 71.60 100 100 100 100 61.21 73.11 77.38 83.45 

Transform-

based 

approach 

Wavelet 57.78 66.34 75.80 81.35 92.91 97.86 98.46 99.11 71.25 79.07 85.65 89.35 

Fourier 27.95 45.55 54.08 64.32 100 100 100 100 43.69 62.59 70.20 78.29 

Gabor 56.41 66.95 70.83 77.86 98.53 98.76 99.79 99.94 71.74 79.80 82.86 87.53 

Radon 43.96 54.68 60.00 72.01 98.35 98.43 98.13 99.97 60.76 70.30 74.47 83.72 

Contourlet 60.41 72.37 78.97 83.19 94.91 97.94 99.09 99.20 73.83 83.23 87.89 90.48 

Gist 59.40 69.83 74.79 79.67 97.22 98.45 99.14 99.98 73.75 81.71 85.26 88.68 

Model-based 
approach 

MRF 38.20 49.58 54.70 61.45 97.34 98.41 99.63 100 54.86 65.94 70.63 76.12 

Fractal 45.35 59.12 65.53 75.56 99.97 100 100 100 62.40 74.31 79.18 86.08 

Auto-reg. 56.53 70.80 73.66 76.39 97.00 98.06 99.19 100 71.43 82.23 84.54 86.61 

Structural 
 approach 

ACF 20.15 38.13 46.26 57.70 100 100 100 100 33.54 55.21 63.25 73.18 

Edge det.  32.09 47.73 54.47 65.86 99.98 100 100 100 48.59 64.62 70.52 79.42 

Morphology 56.52 68.38 71.08 76.23 96.38 99.72 99.92 100 71.25 81.13 83.06 86.51 
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Table 6.2. The results obtained using different approaches on the MTDB dataset with Euclidean distance. 

  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 
approach 

(group A) 

GLCM 25.21 41.56 50.97 63.20 100 100 100 100 40.27 58.71 67.53 77.45 

GLRLM 24.36 38.92 45.23 57.80 100 100 100 100 39.17 56.03 62.29 73.25 

GLDM 41.27 56.28 62.08 72.42 99.99 100 100 100 58.43 72.02 76.61 84.00 

SDH 46.01 60.74 66.59 72.64 97.72 98.31 99.88 99.99 62.57 75.08 79.91 84.15 

GLTCS 40.43 53.53 59.14 65.49 98.85 99.20 99.98 99.99 57.39 69.53 74.32 79.14 

Statistical 
approach 

(group B) 

LBP 46.77 59.16 65.24 73.19 95.66 98.90 99.68 99.97 62.83 74.03 78.87 84.51 

LBP4,1 40.57 53.44 59.06 66.36 97.20 99.49 99.95 99.96 57.24 69.54 74.25 79.76 

LBP8,1 45.18 58.42 63.17 71.01 97.99 98.67 99.26 99.81 61.85 73.39 77.21 82.98 

LBP12,1.5 44.40 55.95 61.72 71.07 97.55 98.99 99.59 99.99 61.03 71.50 76.21 83.09 

LBP16,2 40.55 53.63 60.37 67.86 98.38 98.99 99.73 99.93 57.43 69.57 75.21 80.83 

F − LBP 47.40 58.38 63.17 70.66 97.42 98.74 99.27 99.99 63.77 73.37 77.21 82.80 

LBPCM                 10.66 21.38 28.67 44.31 100 100 100 100 19.26 35.23 44.56 61.41 

MBP 43.79 56.29 63.43 72.56 98.55 99.96 99.99 100 60.64 72.02 77.62 84.10 

ILBP 47.83 59.51 64.63 72.53 99.99 99.99 100 100 64.71 74.61 78.52 84.08 

LTP 34.26 49.82 57.20 67.61 100 100 100 100 51.03 66.51 72.77 80.68 

ILTP 35.99 50.02 57.40 68.05 100 100 100 100 52.93 66.69 72.93 80.99 

BGC1 43.01 58.30 64.79 71.87 97.38 98.86 99.89 99.99 59.67 73.35 78.60 83.63 

BGC2 44.68 57.34 62.74 68.81 98.84 99.95 99.97 99.98 61.54 72.87 77.10 81.52 

BGC3 43.81 54.66 60.90 70.35 96.75 99.00 99.22 99.70 60.31 70.43 75.48 82.49 

LQP 35.04 50.12 58.83 69.28 98.86 99.90 100 100 51.74 66.75 74.08 81.85 

3𝐷𝐿𝐵𝑃 40.99 50.51 56.48 66.34 98.63 99.45 99.97 99.99 57.91 66.99 72.18 79.76 

CLBP 34.54 49.71 57.33 67.64 99.99 99.99 100 100 51.35 66.41 72.88 80.70 

𝑇𝑆0                         46.28 56.49 62.05 70.92 96.02 98.98 99.80 99.91 62.45 71.93 76.52 82.95 

𝑇𝑆∆   31.40 46.12 53.65 65.78 100 100 100 100 47.79 63.12 69.83 79.36 

CSLBP 35.44 51.49 58.16 68.55 99.99 100 100 100 52.34 67.98 73.54 81.34 

D-LBP 43.66 59.61 65.21 73.01 99.97 100 100 100 60.78 74.70 78.94 84.40 

ID-LBP 42.33 56.96 63.36 72.03 98.35 99.92 99.99 100 59.18 72.56 77.57 83.74 

𝐵𝑇𝐶𝑆 22.46 38.05 47.21 60.76 100 100 100 100 36.68 55.13 64.14 75.59 

𝐶𝐵𝑃 37.29 51.31 58.02 66.92 99.95 100 100 100 54.32 67.82 73.43 80.18 

CS − TS 35.19 50.53 57.36 68.79 99.36 100 100 100 51.97 67.13 72.91 81.51 

𝐶𝐶𝑅 23.88 39.10 47.19 60.22 100 100 100 100 38.56 56.22 64.12 75.17 

GLBP 44.43 57.30 62.86 71.03 98.98 99.76 99.84 100 61.33 72.79 77.15 83.06 

GTUC 34.91 48.47 57.06 67.00 100 100 100 100 51.75 65.29 72.66 80.24 

MTS 43.33 56.12 62.66 70.47 98.44 99.98 100 100 60.18 71.89 77.05 82.67 

STS 42.45 53.19 58.37 65.85 98.74 98.95 99.80 99.98 59.38 69.19 73.66 79.40 

STU + 33.22 47.75 54.92 67.91 99.28 100 100 100 49.79 64.64 70.90 80.89 

STU × 23.41 39.58 47.47 58.42 100 100 100 100 37.93 56.71 64.38 73.75 

RT 42.56 57.16 62.69 70.62 99.50 99.99 100 100 59.62 72.74 77.07 82.78 

RTU 44.58 57.70 62.99 72.01 98.74 98.98 99.98 99.99 61.42 72.90 77.29 83.73 

Transform-

based 

approach 

Wavelet 56.80 68.53 74.10 80.88 93.19 95.11 96.94 99.47 70.58 79.66 83.99 89.22 

Fourier 27.78 45.62 54.33 64.05 100 100 100 100 43.48 62.66 70.41 78.08 

Gabor 57.67 67.18 72.15 79.20 98.37 98.98 99.52 99.50 72.71 80.04 83.65 88.19 

Radon 44.39 54.89 60.29 71.93 96.93 99.42 100 100 60.89 70.73 75.23 83.67 

Contourlet 58.65 72.06 78.05 79.36 94.45 96.59 99.56 100 72.36 82.54 87.50 88.49 

Gist 58.99 69.22 74.89 81.76 97.45 98.37 99.82 99.94 73.49 81.26 85.58 89.94 

Model-based 

approach 
MRF 19.98 51.48 57.15 66.30 100 100 100 100 33.30 67.97 72.74 79.73 

Fractal 28.26 57.95 63.78 74.31 99.96 99.98 100 100 44.07 73.37 77.89 85.26 

Auto-reg. 58.73 69.52 72.94 76.50 94.98 97.90 98.59 99.44 72.58 81.30 83.85 86.47 

Structural 
approach 

ACF 20.16 37.09 44.23 55.97 98.18 99.98 100 100 33.45 54.11 61.34 71.77 

Edge det.  32.51 48.01 54.61 66.54 96.53 98.56 99.98 100 48.64 64.57 70.64 79.91 

Morphology 56.75 66.99 71.20 77.64 91.46 98.42 99.39 99.09 70.04 79.72 82.96 87.07 
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Table 6.3. The results obtained using different approaches on the MTDB dataset with City-block distance. 

  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 
approach 

(group A) 

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

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

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

SDH 49.66 63.79 70.37 76.74 99.33 99.53 99.92 100 66.22 77.75 82.58 86.84 

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

Statistical 
approach 

(group B) 

 

 

LBP 51.63 66.21 69.87 76.00 98.09 99.55 99.96 100 67.66 79.52 82.25 86.36 

LBP4,1 42.30 55.75 60.62 68.56 99.57 99.99 100 100 59.37 71.58 75.48 81.34 

LBP8,1 50.33 63.00 68.50 75.17 94.85 98.48 99.67 99.71 65.76 76.84 81.20 85.71 

LBP12,1.5 47.14 59.85 65.58 70.06 95.57 99.53 99.72 100 63.13 74.75 79.13 82.39 

LBP16,2 49.64 63.33 68.01 71.12 96.53 99.30 99.40 100 65.56 77.34 80.76 83.13 

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 

LBPCM                 10.67 21.87 29.59 45.90 100 100 100 100 19.28 35.89 45.66 62.92 

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

ILBP 52.09 66.13 71.85 76.17 92.01 96.72 98.76 99.98 66.52 78.55 83.18 86.46 

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

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

BGC1 46.93 59.07 63.44 70.24 85.57 94.75 97.70 99.62 60.61 72.77 76.93 82.39 

BGC2 47.81 59.40 64.49 71.84 95.75 98.42 99.96 100 63.78 74.09 78.40 83.62 

BGC3 44.64 54.19 58.55 69.23 99.75 100 100 100 61.68 70.29 73.86 81.82 

LQP 41.42 55.44 62.73 72.39 99.97 100 100 100 58.57 71.33 77.10 83.98 

3𝐷𝐿𝐵𝑃 45.86 59.96 64.71 72.11 98.56 99.98 99.75 100 62.60 74.96 78.50 83.79 

CLBP 45.79 58.61 64.31 74.11 95.39 98.84 99.58 100 61.88 73.59 78.15 85.13 

𝑇𝑆0                         44.96 58.18 68.26 75.36 95.49 98.17 99.57 99.98 63.86 73.06 81.00 85.94 

𝑇𝑆∆   44.94 56.89 64.45 71.93 99.99 99.99 99.99 100 62.01 72.52 78.38 83.67 

CSLBP 38.63 54.46 61.63 71.27 99.45 99.98 100 100 55.64 70.51 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 

𝐵𝑇𝐶𝑆 27.50 41.74 52.75 66.43 100 100 100 100 43.14 58.89 69.07 79.83 

𝐶𝐵𝑃 43.69 55.42 60.76 70.93 100 100 100 100 60.81 71.32 75.59 83.00 

CS − TS 43.38 56.38 63.41 73.33 98.59 98.78 99.99 100 60.25 71.78 77.61 84.61 

𝐶𝐶𝑅 37.74 55.45 61.66 71.14 100 100 100 100 54.80 71.34 76.28 83.14 

GLBP 45.44 61.82 69.45 74.67 98.63 99.58 99.81 100 62.21 76.28 81.91 85.50 

GTUC 45.39 58.52 65.51 73.41 98.73 99.89 99.99 100 62.19 73.80 79.16 84.67 

MTS 44.55 59.14 65.06 72.29 100 100 100 100 61.64 74.32 78.83 83.92 

STS 44.41 56.64 61.09 68.93 98.31 99.40 99.90 99.99 61.18 72.16 75.81 81.60 

STU + 42.66 54.76 61.78 72.09 99.97 99.99 99.99 100 59.81 70.77 76.37 83.78 

STU × 32.12 46.79 55.17 64.19 98.98 99.89 99.93 99.98 48.50 63.73 71.09 78.18 

RT 43.27 57.59 63.84 70.64 99.57 100 100 100 60.32 73.09 77.93 82.80 

RTU 45.84 59.12 66.34 73.88 99.42 99.99 100 100 62.74 74.31 79.76 84.98 

Transform-

based 

approach 

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

Fourier 32.01 48.34 56.78 68.02 99.99 100 100 100 48.49 65.18 72.43 80.97 

Gabor 60.10 68.98 73.76 80.74 96.85 97.36 99.37 99.86 74.17 80.75 84.67 89.29 

Radon 44.78 54.08 59.21 70.92 96.68 99.71 99.39 100 61.21 70.13 74.21 82.99 

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

Gist 59.26 69.13 72.96 78.91 99.85 100 100 100 74.37 81.74 84.37 88.21 

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 43.66 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 
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 
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Table 6.4. The results obtained using different approaches on the MTDB dataset with Cosine distance. 

  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 

approach 
(group A) 

GLCM 22.79 39.17 47.68 62.00 100 100 100 100 37.12 56.30 64.57 76.54 

GLRLM 22.22 38.57 45.45 58.79 100 100 100 100 36.36 55.67 62.49 74.05 

GLDM 34.58 50.46 58.41 70.83 100 100 100 100 51.39 67.07 73.74 82.93 

SDH 42.91 57.41 63.82 74.12 98.59 99.79 99.91 100 59.80 72.88 77.89 85.14 

GLTCS 37.61 50.80 56.98 66.58 100 100 100 100 54.67 67.37 72.60 79.94 

Statistical 

approach 
 (group B) 

LBP 45.00 56.85 62.77 72.58 100 100 100 100 62.07 72.49 77.13 84.11 

LBP4,1 35.37 50.65 57.03 66.93 100 100 100 100 52.25 67.25 72.63 80.19 

LBP8,1 43.78 52.87 59.10 68.59 100 100 100 100 60.90 69.17 74.29 81.37 

LBP12,1.5 40.61 56.49 62.78 71.69 99.59 100 100 100 57.69 72.19 77.14 83.51 

LBP16,2 40.75 53.05 58.90 66.25 100 100 100 100 57.90 69.32 74.13 79.70 

F − LBP 46.69 59.79 65.61 72.33 97.33 98.01 99.99 100 63.11 74.28 79.23 83.94 

LBPCM                 13.34 26.12 33.84 48.52 100 100 100 100 23.54 41.42 50.57 65.34 

MBP 44.14 54.20 61.56 69.45 99.99 99.99 100 100 61.25 70.30 76.21 81.97 

ILBP 43.62 55.97 61.46 70.07 100 100 100 100 60.74 71.77 76.13 82.40 

LTP 37.44 51.85 61.80 71.05 99.36 99.80 99.98 100 54.39 68.24 76.38 83.07 

ILTP 37.24 54.64 62.00 73.02 99.87 99.88 99.98 99.98 54.25 70.64 76.53 84.40 

BGC1 43.77 54.93 61.59 70.88 100 100 100 100 60.88 70.91 76.23 82.96 

BGC2 42.55 55.78 61.93 69.23 99.62 99.99 99.99 100 59.63 71.61 76.49 81.82 

BGC3 39.64 53.17 58.55 67.23 100 100 100 100 56.78 69.42 73.86 80.41 

LQP 30.56 45.06 54.03 63.49 99.24 99.98 100 100 46.73 62.13 70.16 77.67 

3𝐷𝐿𝐵𝑃 36.62 48.55 55.12 64.61 100 100 100 100 53.61 65.37 71.07 78.50 

CLBP 38.83 52.33 59.88 70.51 98.50 99.67 100 100 55.70 68.63 74.90 82.71 

𝑇𝑆0                         44.64 60.10 65.21 73.63 100 100 100 100 61.72 75.08 78.94 84.81 

𝑇𝑆∆   42.77 57.61 64.03 71.33 99.81 99.88 99.94 99.95 59.88 73.07 78.05 83.25 

CSLBP 31.72 47.02 55.16 66.05 98.27 98.91 99.97 99.98 47.96 63.74 71.09 79.55 

D-LBP 38.25 49.30 54.74 63.40 100 100 100 100 55.33 66.04 70.75 77.60 

ID-LBP 36.98 52.26 59.38 68.26 100 100 100 100 53.99 68.65 74.51 81.14 

𝐵𝑇𝐶𝑆 26.36 39.71 49.94 63.18 98.53 100 100 100 41.60 56.85 66.61 77.44 

𝐶𝐵𝑃 37.34 54.63 61.46 72.64 98.23 98.94 99.39 99.99 54.11 70.39 75.95 84.15 

CS − TS 38.24 53.25 60.15 73.18 98.68 98.95 99.94 99.95 55.12 69.24 75.10 84.50 

𝐶𝐶𝑅 28.36 44.65 53.22 63.24 98.94 99.87 99.99 100 44.08 61.71 69.46 77.48 

GLBP 42.18 54.06 59.83 67.46 100 100 100 100 59.34 70.18 74.87 80.57 

GTUC 39.68 53.72 61.42 70.41 98.04 98.94 99.97 99.99 56.50 69.63 76.09 82.63 

MTS 36.95 49.80 56.76 66.52 100 100 100 100 53.96 66.49 72.41 79.90 

STS 37.48 51.58 58.37 68.20 98.90 99.99 100 100 54.36 68.05 73.71 81.10 

STU + 36.64 53.35 62.00 71.67 99.64 99.93 99.96 99.98 53.58 69.56 76.53 83.49 

STU × 31.52 46.95 54.32 67.73 99.83 99.96 99.98 99.99 47.91 63.89 70.40 80.76 

RT 33.63 49.63 58.14 69.39 100 100 100 100 50.34 66.33 73.53 81.93 

RTU 39.89 53.29 60.16 69.19 100 100 100 100 57.03 69.53 75.13 81.79 

Transform-
based 

approach 

Wavelet 55.75 67.59 73.41 79.26 96.31 96.55 97.80 98.80 70.62 79.52 83.86 87.96 

Fourier 36.59 54.87 61.37 74.91 98.99 99.59 99.65 99.73 53.43 70.76 75.96 85.56 

Gabor 51.39 63.99 70.77 78.29 97.58 98.43 99.49 99.98 67.32 77.56 82.71 87.82 

Radon 44.49 56.64 64.21 72.46 97.60 99.86 100 100 61.12 72.28 78.21 84.03 

Contourlet 58.36 71.20 76.50 81.58 95.83 98.44 99.21 99.55 72.54 82.63 86.39 89.68 

Gist 58.52 69.02 76.52 82.05 97.98 98.56 99.41 99.87 73.27 81.19 86.48 90.09 

Model-based 

approach 
MRF 19.24 48.92 53.07 61.00 100 100 100 100 32.27 65.70 69.34 75.78 

Fractal 28.90 57.38 64.20 72.38 99.86 99.98 100 100 44.83 72.92 78.20 83.98 

Auto-reg. 57.65 58.10 74.06 80.36 97.57 99.47 97.88 100 72.47 73.35 84.32 89.11 

Structural 

approach 
ACF 26.96 40.51 58.07 66.00 95.68 98.77 99.17 100 42.07 57.45 73.25 79.52 

Edge det.  19.16 33.14 42.98 59.98 98.28 99.32 99.98 100 32.06 49.69 60.12 74.99 

Morphology 55.34 63.27 67.76 75.93 92.89 98.89 99.94 99.69 69.36 77.17 80.76 86.20 

 

 



Chapter 6. Comparative Analysis of Results 

 

102 | P a g e  
 

DIR results obtained from the ITESOFT dataset are shown in Tables 6.5, 6.6, 6.7 and 6.8. 

The results shown in Table 6.5 indicate that in group A of the statistical approach, the GLTCS 

feature extraction method performed well overall compared to the other feature extraction 

methods. In group B of the statistical approach, the 3DLBP, LBP, and GLBP provided better 

retrieval F-scores at different levels. The Gist features provided precisions and F-scores fairly 

well in the transform-based category. The autoregressive and morphology features, respectively 

from the model-based and structural approach, performed better compared to the other features 

within their categories. 

The obtained results in Table 6.6 determine that in group A of the statistical approach the 

performance of the GLTCS feature was better than other features for DIR purpose. In group B, 

the higher F-scores were obtained by the MTS, 3DLBP, and CBP features at different levels. The 

higher scores in the transform-based category were obtained by the Gist features. The best DIR 

results were obtained, respectively, by autoregressive and morphology features in the model-

based and structural categories. 

From the results shown in Table 6.7, it can be concluded that in group A of the statistical 

approach, the GLTCS feature performed better at all the levels. In group B, the ILTP, BGC1, and 

𝐿𝐵𝑃8,1 features performed reasonably well at different levels for the DIR purpose. Similar to the 

results presented in Tables 6.5 and 6.6, the Gist feature extraction method could provide superior 

DIR results compared to the other features in the transform-based category. Subsequently, the 

performance of autoregressive and morphology features from the model-based and structural 

approaches were superior compared to the other features within their categories. 

The DIR results based on Cosine distance, shown in Table 6.8, indicate that the GLTCS 

features from group A of the statistical approach could provide the best F-scores compared to 

other features in the group. In group B, the CLBP, ILBP, MBP, and BGC1features performed 

somewhat better than other features in the group. In the transform-based category, the 

performances of the Gist feature was superior compared to the other methods in the group. The 

autoregressive and morphology features from the model-based and structural approaches, 

respectively, performed very well within their categories. 

The experimental results on the ITESOFT dataset further proved that the DIR results with 

statistical texture features were sensitive to similarity metrics and there was no consistency in the 

obtained results. 

 

 

 

 



Chapter 6. Comparative Analysis of Results 

 

103 | P a g e  
 

 

Table 6.5. The results obtained using different approaches on the ITESOFT dataset with Tanimoto 

distance. 

  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 

approach 

(group A) 

GLCM 32.37 53.09 62.13 74.73 100 100 100 100 48.91 69.35 76.65 85.54 

GLRLM 35.57 53.98 62.35 75.21 99.79 100 100 100 52.44 70.11 76.81 85.85 

GLDM 56.47 73.17 80.48 86.54 99.95 99.98 100 100 72.17 84.50 89.19 92.78 

SDH 56.91 71.92 78.22 87.02 99.95 99.97 99.99 100 72.53 83.65 87.78 93.06 

GLTCS 58.42 75.10 81.94 89.17 99.18 99.67 99.99 100 73.52 85.66 90.07 94.27 

Statistical 

approach 

(group B) 

LBP 50.15 72.93 80.51 84.44 92.84 98.59 99.51 99.66 65.12 83.84 88.94 91.42 

LBP4,1 44.53 62.65 71.21 82.59 97.98 98.94 99.87 99.97 61.23 76.72 83.14 90.45 

LBP8,1 43.04 62.70 72.51 84.74 99.83 99.07 99.28 99.93 60.15 76.79 83.81 91.71 

LBP12,1.5 43.53 58.35 67.56 77.92 98.98 99.91 99.96 99.97 60.46 73.68 80.62 87.58 

LBP16,2 42.52 58.64 66.39 77.96 98.97 99.17 99.97 100 59.48 73.70 79.79 87.61 

F − LBP 48.93 63.87 70.29 79.68 98.07 98.97 99.27 99.99 65.29 77.64 82.31 88.68 

LBPCM                 12.39 28.69 42.99 64.94 95.68 96.59 98.93 99.85 21.94 44.24 59.94 78.70 

MBP 51.37 68.10 75.53 84.09 99.79 99.99 100 100 67.83 81.02 86.06 91.35 

ILBP 51.36 68.10 75.07 84.12 93.99 99.98 100 100 66.42 81.02 85.76 91.37 

LTP 44.33 61.99 69.07 80.92 99.97 100 100 100 61.42 76.54 81.70 89.45 

ILTP 42.85 65.14 73.01 79.39 99.96 100 100 100 59.99 78.89 84.40 88.51 

BGC1 43.64 64.15 72.93 80.82 98.94 99.95 100 100 60.56 78.14 84.35 89.39 

BGC2 49.35 70.22 77.40 86.81 99.94 99.94 99.95 100 66.07 82.49 87.24 92.94 

BGC3 50.17 69.74 76.41 84.42 96.97 98.17 99.37 99.99 66.12 81.55 86.39 91.54 

LQP 51.97 72.03 79.62 87.33 97.99 99.99 100 100 67.91 83.74 88.66 93.24 

3𝐷𝐿𝐵𝑃 53.73 72.37 78.56 85.79 96.96 98.99 99.99 99.96 69.15 83.61 87.99 92.33 

CLBP 52.22 71.74 78.21 85.74 95.94 97.95 99.95 100 67.63 82.82 87.76 92.32 

𝑇𝑆0                         58.28 71.84 76.28 83.05 95.79 96.99 97.89 100 72.47 82.54 85.75 90.74 

𝑇𝑆∆   48.48 67.94 76.51 86.61 92.98 97.98 99.96 100 63.73 80.24 86.68 92.83 

CSLBP 54.38 69.45 78.30 88.65 91.92 93.49 99.99 99.99 68.33 79.70 87.82 93.98 

D-LBP 50.50 65.77 72.96 80.68 98.58 98.99 99.48 99.96 66.78 79.03 84.18 89.29 

ID-LBP 52.72 68.36 75.39 83.83 98.29 98.98 99.17 99.96 68.63 80.87 85.66 91.19 

𝐵𝑇𝐶𝑆 42.28 58.06 66.58 76.67 97.98 99.84 100 100 59.07 73.42 79.94 86.80 

𝐶𝐵𝑃 51.95 69.71 79.02 88.45 98.79 99.03 99.64 99.95 68.09 81.82 88.14 93.85 

CS − TS 51.13 67.96 75.66 82.65 97.66 98.97 99.67 99.97 67.12 80.59 86.02 90.49 

𝐶𝐶𝑅 40.79 58.72 64.74 77.27 98.78 99.94 99.06 100 57.74 73.98 78.30 87.18 

GLBP 53.29 70.89 78.82 88.74 97.93 98.94 99.95 100 69.02 82.60 88.13 94.03 

GTUC 53.03 67.73 76.02 82.82 98.99 99.99 100 100 69.06 80.76 86.37 90.60 

MTS 56.44 72.06 79.51 86.49 97.46 98.94 99.09 99.95 71.48 83.39 88.14 92.73 

STS 48.94 66.46 72.80 82.27 98.10 98.78 99.09 99.97 65.31 79.46 83.93 90.26 

STU + 52.20 68.78 77.11 83.87 98.90 99.81 99.97 99.97 68.33 81.44 87.06 91.22 

STU × 45.97 60.22 69.09 81.34 99.05 99.87 100 100 62.79 75.14 81.72 89.71 

RT 51.33 65.19 73.31 87.31 98.79 99.74 99.97 99.97 67.56 78.85 84.59 93.21 

RTU 49.25 69.97 77.16 84.48 94.23 98.52 99.95 99.97 64.69 81.83 87.09 91.57 

Transform-

based 
approach 

Wavelet 65.55 75.81 80.33 85.51 95.10 97.91 98.59 99.77 77.61 85.45 88.53 92.09 

Fourier 44.62 61.14 69.66 80.08 85.67 91.94 95.98 99.68 58.68 73.44 80.73 88.93 

Gabor 61.90 75.11 79.98 86.28 95.92 98.61 98.47 98.96 75.25 85.27 88.27 92.18 

Radon 52.62 65.65 72.10 79.66 99.73 99.95 99.90 99.89 68.89 79.25 83.75 88.64 

Contourlet 66.80 77.90 83.25 87.35 95.97 98.68 99.34 99.53 78.77 87.07 90.59 93.04 

Gist 77.11 81.83 84.95 88.19 91.10 97.90 98.94 99.65 83.12 89.97 91.57 93.63 

Model-based 
approach 

MRF 59.15 73.20 77.40 85.18 90.84 91.55 93.81 95.35 71.65 81.36 84.82 89.59 

Fractal 56.09 73.53 80.06 88.38 91.50 98.84 99.81 99.85 69.55 84.32 88.85 93.76 

Auto-reg. 62.65 74.43 80.66 86.27 90.23 94.90 97.86 98.09 73.95 83.43 88.43 91.80 

Structural 

approach 
ACF 31.09 49.81 60.06 73.19 91.98 94.95 98.98 99.99 46.47 65.34 74.76 84.52 

Edge det.  45.04 62.19 75.66 83.78 90.98 94.99 98.99 99.96 60.25 75.16 85.77 91.16 

Morphology 62.64 75.13 80.00 86.47 95.20 96.22 98.71 99.54 75.57 84.37 88.38 92.55 
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Table 6.6. The results obtained using different approaches on the ITESOFT dataset with Euclidean 

distance. 

  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 

approach 

(group A) 

GLCM 32.44 53.21 62.28 74.98 99.95 99.96 99.98 99.99 48.98 69.45 76.75 85.70 

GLRLM 35.44 54.15 62.49 75.32 98.52 99.63 99.88 99.97 52.13 70.17 76.88 85.91 

GLDM 57.25 69.92 77.86 85.20 80.00 92.34 99.95 99.98 66.74 84.30 87.53 92.00 

SDH 55.70 68.60 76.09 85.74 97.95 99.87 99.99 100 71.02 81.33 86.42 92.32 

GLTCS 56.95 73.47 80.35 89.77 96.73 99.18 99.97 100 71.69 84.41 89.09 94.61 

Statistical 

approach 

(group B) 

LBP 57.91 71.69 76.97 83.66 85.12 96.34 99.34 99.79 68.93 82.21 86.74 91.02 

LBP4,1 44.84 62.69 71.32 82.94 99.88 99.96 99.97 99.97 61.89 77.05 83.25 90.66 

LBP8,1 43.03 62.66 72.49 84.62 98.98 99.08 99.68 99.98 59.98 76.77 83.94 91.66 

LBP12,1.5 43.68 58.19 67.51 78.08 98.98 99.97 99.89 99.97 60.61 73.56 80.57 87.68 

LBP16,2 42.63 58.74 66.12 77.54 99.97 99.97 99.97 99.97 59.77 74.00 79.60 87.34 

F − LBP 46.05 63.46 70.95 81.90 97.99 98.97 99.19 99.98 62.65 77.34 82.73 90.04 

LBPCM                 13.34 33.98 44.47 62.16 93.68 97.48 98.44 99.52 23.35 50.39 61.27 76.53 

MBP 48.18 68.30 75.57 84.27 99.95 100 100 100 65.01 81.16 86.09 91.46 

ILBP 43.58 66.70 74.37 80.48 97.95 99.94 100 100 60.32 80.01 85.30 89.18 

LTP 44.46 61.84 69.14 81.12 99.97 100 100 100 61.55 76.42 81.76 89.58 

ILTP 43.64 58.73 68.22 78.70 95.57 98.96 100 100 59.92 73.71 81.11 88.08 

BGC1 47.53 69.78 76.63 85.03 97.95 99.93 100 100 64.01 82.18 86.77 91.91 

BGC2 49.56 70.29 77.66 87.48 98.42 99.94 99.94 100 65.93 82.53 87.40 93.32 

BGC3 49.54 70.94 65.26 78.67 76.14 81.78 99.99 99.99 60.03 75.98 78.98 88.06 

LQP 51.76 72.04 79.69 87.19 95.99 97.99 100 100 67.25 83.03 88.70 93.16 

3𝐷𝐿𝐵𝑃 52.67 72.12 78.52 85.64 96.98 98.99 99.19 99.96 68.27 83.45 87.65 92.25 

CLBP 53.20 69.54 76.33 84.10 98.94 99.92 99.95 100 69.19 82.01 86.56 91.37 

𝑇𝑆0                         56.88 68.84 76.28 81.05 94.57 97.67 99.97 99.97 71.04 80.76 86.54 89.52 

𝑇𝑆∆   48.88 71.14 68.55 81.12 96.94 98.94 99.95 100 65.00 82.77 81.33 89.58 

CSLBP 52.30 70.21 78.30 81.65 92.76 97.65 99.99 99.99 66.89 81.69 87.82 89.89 

D-LBP 51.43 67.81 69.26 82.22 95.55 97.99 99.77 99.96 66.87 80.15 81.76 90.22 

ID-LBP 52.84 68.34 75.55 83.91 97.99 98.98 99.97 100 68.65 80.85 86.06 91.25 

𝐵𝑇𝐶𝑆 42.28 58.06 66.58 76.67 93.22 95.06 97.74 100 58.18 72.09 79.20 86.80 

𝐶𝐵𝑃 51.95 69.85 78.82 88.29 98.03 99.40 99.95 99.95 67.91 82.04 88.14 93.76 

CS − TS 51.66 60.25 78.41 87.27 91.88 95.97 99.97 99.97 66.14 74.03 87.89 93.19 

𝐶𝐶𝑅 39.42 57.42 63.61 75.48 99.83 99.88 99.17 100 56.52 72.92 77.51 86.03 

GLBP 53.29 71.01 78.82 88.23 96.90 98.94 99.95 100 68.77 82.68 88.13 93.74 

GTUC 53.58 67.90 76.61 82.90 95.98 96.70 100 100 68.77 79.78 86.76 90.65 

MTS 56.44 72.11 80.56 86.49 98.56 98.94 99.07 99.95 71.77 83.42 88.86 92.73 

STS 47.25 62.87 68.34 77.58 95.38 96.33 97.02 99.97 63.19 76.08 80.20 87.37 

STU + 51.67 67.19 75.85 84.26 97.71 98.97 99.77 99.97 67.59 80.04 86.18 91.45 

STU × 48.31 60.22 68.33 81.34 92.38 98.02 99.91 100 63.45 74.61 81.15 89.71 

RT 51.41 65.03 73.26 81.43 95.23 96.88 98.84 99.89 66.77 77.82 84.15 89.72 

RTU 49.08 70.77 75.91 83.04 92.57 94.57 96.46 99.95 64.15 80.95 84.96 90.71 

Transform-

based 
approach 

Wavelet 64.90 75.85 80.02 82.30 89.77 95.88 97.06 98.88 75.34 84.70 87.72 89.83 

Fourier 45.11 51.98 64.04 77.04 90.79 96.55 99.98 99.98 60.27 67.58 78.07 87.02 

Gabor 62.15 75.26 79.80 81.85 95.55 97.45 98.66 99.39 75.31 84.93 88.23 89.77 

Radon 52.61 65.36 71.93 79.73 90.09 98.26 99.70 99.92 66.43 78.50 83.57 88.69 

Contourlet 66.82 78.23 83.18 89.01 92.83 95.84 96.25 98.54 77.71 86.15 89.24 93.53 

Gist 79.51 87.83 90.78 93.09 91.80 93.70 98.94 99.76 85.21 90.67 94.68 96.31 

Model-based 
approach 

MRF 51.64 62.20 69.37 77.31 94.91 98.64 99.14 99.89 66.89 76.29 81.63 87.16 

Fractal 55.86 73.23 79.91 88.28 90.91 95.46 97.86 99.60 69.20 82.88 87.98 93.60 

Auto-reg. 61.00 76.34 82.67 85.29 92.23 96.54 98.67 99.71 73.43 85.26 89.96 91.94 

Structural 

approach 
ACF 29.02 44.56 58.53 72.16 91.67 93.98 98.95 99.96 44.09 60.45 73.56 83.82 

Edge det.  48.34 65.12 74.24 83.04 79.98 89.99 99.19 99.98 60.26 75.56 84.92 90.72 

Morphology 61.11 73.62 76.79 86.87 94.44 96.84 98.07 99.31 74.20 83.65 86.13 92.68 
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Table 6.7. The results obtained using different approaches on the ITESOFT dataset with City-block 

distance. 

  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 

approach 

(group A) 

GLCM 32.62 53.40 62.15 75.14 100 100 99.99 99.99 49.19 69.62 76.65 85.80 

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

GLDM 54.05 72.34 79.62 85.90 99.95 99.99 100 100 70.16 83.95 88.66 92.42 

SDH 64.98 73.89 80.47 84.91 90.99 99.98 99.99 100 75.81 84.98 89.17 91.84 

GLTCS 63.09 77.75 84.16 90.46 99.89 100 99.97 99.99 77.34 87.48 91.38 94.99 

Statistical 

approach 

(group B) 

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

LBP4,1 49.16 67.77 74.98 84.49 99.70 99.99 99.98 99.98 65.85 80.79 85.70 91.59 

LBP8,1 47.57 69.50 80.04 90.43 93.00 99.81 99.80 99.82 62.94 81.14 88.83 94.89 

LBP12,1.5 54.11 66.86 72.19 76.26 76.86 99.01 99.82 99.92 63.51 79.82 83.79 86.50 

LBP16,2 52.71 65.71 73.18 81.69 94.34 98.99 98.85 99.94 67.63 78.99 84.10 89.90 

F − LBP 48.28 68.31 74.82 82.71 100 99.99 100 100 65.12 81.87 85.60 90.54 

LBPCM                 13.46 34.03 44.39 62.16 93.77 97.48 98.44 99.52 23.54 50.45 61.19 76.53 

MBP 58.63 73.72 79.52 87.24 100 100 100 100 73.92 84.87 88.59 93.18 

ILBP 64.29 77.85 82.74 89.08 99.99 100 100 99.97 78.26 87.54 90.56 94.21 

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

ILTP 46.25 65.30 73.56 81.32 99.97 100 100 99.99 63.24 79.01 84.77 89.69 

BGC1 60.08 72.01 83.85 82.85 75.20 99.94 100 99.94 66.79 83.70 91.22 90.59 

BGC2 58.22 74.09 76.32 86.43 79.16 98.73 99.08 99.93 67.10 84.65 86.23 92.69 

BGC3 59.77 76.51 82.35 88.65 82.97 100 100 100 69.49 86.69 90.32 93.98 

LQP 51.13 66.67 73.37 81.34 100 100 100 100 67.66 80.00 84.64 89.71 

3𝐷𝐿𝐵𝑃 58.98 74.56 80.06 86.51 97.85 99.88 99.92 99.98 73.60 85.38 88.90 92.76 

CLBP 58.57 69.84 77.84 86.06 91.92 92.98 100 100 71.55 79.76 87.54 92.51 

𝑇𝑆0                         52.28 67.84 76.28 79.05 93.17 99.94 100 100 66.98 80.82 86.55 88.30 

𝑇𝑆∆   48.88 71.14 68.55 81.12 89.67 96.65 99.98 99.96 63.27 81.96 81.34 89.56 

CSLBP 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 89.86 99.25 99.99 100 68.62 81.05 87.73 93.20 

ID-LBP 55.73 69.18 77.04 85.78 93.99 99.59 99.98 100 69.97 81.64 87.03 92.34 

𝐵𝑇𝐶𝑆 44.29 62.06 70.98 80.79 93.22 94.06 97.74 100 60.05 74.78 82.24 89.37 

𝐶𝐵𝑃 56.40 74.02 79.43 90.18 95.49 98.25 99.65 100 70.92 84.43 88.40 94.83 

CS − TS 55.38 75.44 80.75 89.45 95.41 99.11 100 100 70.08 85.67 89.35 94.43 

𝐶𝐶𝑅 51.48 66.60 69.80 78.35 98.69 98.95 99.14 99.90 67.66 79.62 81.93 87.82 

GLBP 56.61 75.99 83.12 88.73 97.45 98.97 99.94 100 71.61 85.97 90.76 94.03 

GTUC 55.42 76.66 81.31 88.57 97.26 99.15 100 100 70.60 86.47 89.69 93.94 

MTS 58.32 76.29 82.17 88.48 98.50 99.88 99.94 100 73.26 86.50 90.19 93.89 

STS 58.91 72.34 79.01 86.78 94.75 97.96 99.97 100 72.65 83.23 88.26 92.92 

STU + 60.64 74.88 82.00 87.74 83.05 98.53 99.95 100 70.10 85.10 89.87 93.47 

STU × 54.23 70.55 76.89 86.94 96.32 97.93 99.74 100 69.39 82.01 86.84 93.01 

RT 54.63 70.44 79.41 86.72 97.86 98.54 99.88 99.97 70.11 82.16 88.48 92.87 

RTU 53.54 73.20 79.94 82.02 96.03 96.94 99.51 99.95 68.75 83.41 88.66 90.10 

Transform-

based 
approach 

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

Fourier 51.71 57.35 67.73 79.44 92.56 95.48 99.99 99.99 66.35 71.66 80.76 88.54 

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

Radon 51.76 65.26 71.32 79.43 99.92 99.96 99.91 99.93 68.20 78.96 83.23 88.51 

Contourlet 71.89 82.79 86.98 92.16 98.69 99.34 99.89 99.91 83.18 90.32 92.99 95.88 

Gist 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 

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 
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Table 6.8. The results obtained using different approaches on the ITESOFT dataset with Cosine distance. 

  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 

approach 
(group A) 

GLCM 32.46 53.06 61.95 74.36 100 100 100 100 49.01 69.33 76.51 85.29 

GLRLM 34.42 55.61 64.67 76.90 100 100 100 100 51.21 71.47 78.55 86.94 

GLDM 54.63 68.74 76.71 85.15 99.38 99.99 99.97 99.98 70.50 81.47 86.80 91.97 

SDH 55.82 70.83 76.17 84.07 98.77 99.74 99.98 99.99 71.33 82.83 86.46 91.34 

GLTCS 57.91 72.78 84.17 90.64 98.89 99.78 99.97 99.99 73.04 84.17 91.39 95.09 

Statistical 

approach 
(group B) 

LBP 52.18 69.16 73.22 80.03 89.10 99.90 99.70 99.85 65.81 81.74 84.43 88.85 

LBP4,1 43.20 60.04 67.61 78.43 98.82 99.56 99.94 100 60.12 74.90 80.66 87.91 

LBP8,1 44.59 61.40 68.88 77.68 98.41 99.43 99.31 99.89 61.37 75.91 81.34 87.40 

LBP12,1.5 51.04 65.74 74.67 80.74 78.02 98.71 99.69 99.82 61.71 78.92 85.38 89.27 

LBP16,2 49.29 64.94 70.66 80.81 90.85 97.09 96.61 99.89 63.91 77.83 81.62 89.34 

F − LBP 46.43 62.16 69.63 80.76 97.17 98.94 99.32 99.96 62.84 76.35 81.86 89.46 

LBPCM                 12.27 31.77 46.17 69.01 95.69 96.59 99.93 100 21.75 47.82 63.16 81.66 

MBP 51.03 68.39 84.75 85.61 97.61 99.95 100 100 67.02 81.21 91.75 92.25 

ILBP 49.76 76.71 82.70 84.50 98.07 99.26 99.94 99.95 66.02 86.54 90.51 91.58 

LTP 51.81 69.95 77.69 82.50 94.78 96.78 99.94 99.99 67.00 81.21 87.42 90.40 

ILTP 53.20 72.91 79.22 83.11 97.95 98.67 100 100 68.95 83.86 88.41 90.77 

BGC1 55.77 73.92 80.33 87.27 91.74 95.05 97.62 99.94 69.37 83.17 88.14 93.18 

BGC2 56.74 73.57 81.62 86.98 85.15 98.50 99.21 99.69 68.10 84.23 89.56 92.90 

BGC3 55.76 70.55 76.46 84.56 96.52 97.96 99.99 100 70.69 82.02 86.66 91.63 

LQP 54.30 68.75 74.86 82.36 97.92 98.99 100 100 69.86 81.14 85.63 90.33 

3𝐷𝐿𝐵𝑃 57.48 69.01 76.73 82.32 97.84 99.94 99.99 100 72.42 81.64 86.83 90.30 

CLBP 58.78 71.03 76.03 81.29 94.92 97.98 100 99.98 73.71 82.36 86.38 89.67 

𝑇𝑆0                         58.46 62.24 79.64 82.80 96.92 99.94 100 100 72.61 76.71 88.67 90.59 

𝑇𝑆∆   52.95 63.10 78.30 86.75 96.00 98.32 98.62 99.76 68.25 76.87 87.29 92.80 

CSLBP 51.69 65.94 71.02 80.12 89.59 97.67 99.92 99.95 65.56 78.73 83.03 88.94 

D-LBP 54.00 68.56 76.57 85.82 92.00 98.08 99.14 99.83 68.05 80.70 86.41 92.30 

ID-LBP 53.96 69.79 75.56 82.75 96.33 98.33 99.03 99.97 69.17 81.63 85.72 90.55 

𝐵𝑇𝐶𝑆 44.93 63.87 70.06 80.57 95.37 97.03 99.27 99.90 61.08 77.04 82.14 89.20 

𝐶𝐵𝑃 53.56 71.15 78.67 84.76 97.58 97.96 99.19 99.99 69.16 82.43 87.75 91.75 

CS − TS 53.57 69.70 78.16 85.12 96.75 97.90 99.01 99.96 68.96 81.43 87.36 91.94 

𝐶𝐶𝑅 48.97 63.13 69.50 78.56 95.94 97.35 99.24 100 64.84 76.59 81.75 87.99 

GLBP 53.40 69.62 77.63 87.28 97.14 98.62 98.99 99.76 68.91 81.62 87.02 93.11 

GTUC 54.11 73.82 78.78 85.58 97.41 98.94 99.69 100 69.57 84.55 88.01 92.23 

MTS 54.78 69.28 76.13 83.34 97.31 98.27 98.69 100 70.10 81.27 85.95 90.92 

STS 54.87 71.40 76.98 84.99 93.16 98.08 99.79 100 69.06 82.64 86.91 91.89 

STU + 56.50 73.19 78.03 86.91 97.29 98.79 99.90 100 71.48 84.08 87.62 93.00 

STU × 57.55 71.68 82.40 84.44 95.96 97.56 99.73 99.91 71.95 82.64 90.24 91.53 

RT 52.26 66.88 75.07 85.14 95.24 99.77 99.90 99.91 67.49 80.08 85.72 91.93 

RTU 52.74 72.85 81.09 83.35 96.03 96.94 99.51 99.95 68.09 83.19 89.36 90.90 

Transform-

based 
approach 

Wavelet 66.33 79.07 83.59 88.48 91.12 95.18 98.74 99.38 76.78 86.38 90.53 93.61 

Fourier 49.47 61.94 67.39 74.55 98.14 99.51 99.90 99.98 65.78 76.35 80.49 85.42 

Gabor 58.78 72.27 76.96 83.92 92.13 95.71 97.57 99.53 71.77 82.35 86.05 91.06 

Radon 53.65 68.53 72.65 79.63 93.81 95.60 99.83 99.86 68.26 79.84 84.10 88.61 

Contourlet 65.88 77.74 82.12 87.16 95.12 99.18 99.81 99.52 77.85 87.16 90.10 92.93 

Gist 78.88 84.29 91.71 93.79 92.72 97.87 98.76 99.58 85.24 90.57 95.10 96.60 

Model-based 

approach 
MRF 51.22 66.32 78.97 85.22 90.51 92.07 94.72 97.31 65.42 77.10 86.13 90.87 

Fractal 53.53 68.92 75.47 85.43 97.44 99.75 99.94 100 69.09 81.52 86.00 92.14 

Auto-reg. 63.52 76.17 82.02 88.41 97.15 99.09 99.28 99.81 76.82 86.13 89.83 93.76 

Structural 

approach 
ACF 44.82 56.68 62.56 70.90 95.46 96.97 99.06 99.98 61.00 71.54 76.69 82.96 

Edge det.  36.36 53.89 61.82 73.52 92.58 95.90 98.25 99.99 52.21 69.00 75.89 84.74 

Morphology 63.23 74.92 79.43 85.75 94.93 98.00 99.13 99.92 75.90 84.92 88.19 92.29 
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Table 6.9. The results obtained using different approaches on the CLEF_IP dataset with LSH method. 

  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 

approach 
(group A) 

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

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

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

SDH 61.66 79.52 86.45 92.23 82.51 93.85 97.32 98.83 70.58 86.09 91.56 95.41 

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 

approach 
(group B) 

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

LBP4,1 49.77 70.60 78.60 86.91 97.92 98.99 99.25 99.63 66.00 82.42 87.73 92.84 

LBP8,1 52.48 72.98 80.52 88.22 97.65 98.96 99.21 99.66 68.27 84.01 88.90 93.59 

LBP12,1.5 62.18 78.11 83.89 90.06 92.08 95.18 96.58 98.55 74.23 85.80 89.79 94.11 

LBP16,2 64.01 78.88 84.06 89.83 92.53 94.70 95.79 97.47 75.67 86.07 89.54 93.50 

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 

LBPCM                 14.93 32.18 43.71 58.89 97.48 98.94 99.34 99.63 25.89 48.56 60.70 74.02 

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

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

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

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

BGC1 69.01 84.99 89.67 94.12 93.10 95.73 96.85 98.18 79.27 90.04 93.12 96.11 

BGC2 68.39 84.09 88.99 93.90 92.13 95.02 96.32 97.95 78.51 89.22 92.51 95.88 

BGC3 68.82 84.44 89.07 93.58 94.36 96.41 97.27 98.38 79.59 90.03 92.99 95.92 

LQP 71.90 85.59 90.37 94.89 84.67 91.83 95.20 98.15 77.77 88.60 92.72 96.49 

3𝐷𝐿𝐵𝑃 68.21 84.05 89.11 93.72 68.21 84.05 89.11 93.72 68.21 84.05 89.11 93.72 

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

𝑇𝑆0                         61.77 78.56 85.73 92.29 92.49 93.67 95.58 96.12 74.07 85.45 90.38 94.17 

𝑇𝑆∆   57.90 76.97 85.69 90.94 98.03 98.98 99.81 100 72.80 86.60 92.21 95.26 

CSLBP 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 

𝐵𝑇𝐶𝑆 60.88 79.77 85.97 92.09 96.09 97.57 98.09 98.89 74.54 87.78 91.63 95.36 

𝐶𝐵𝑃 66.80 84.28 89.57 94.27 91.14 96.22 97.78 98.46 77.09 89.86 93.49 96.32 

CS − TS 58.99 76.55 82.99 89.74 94.06 95.86 96.77 98.02 72.51 85.12 89.35 93.70 

𝐶𝐶𝑅 65.16 82.87 88.63 93.53 88.51 94.27 96.82 97.95 75.06 88.20 92.54 95.69 

GLBP 59.00 77.58 84.46 90.84 92.52 94.96 96.36 97.99 72.05 85.40 90.02 94.28 

GTUC 64.97 83.76 89.13 94.23 90.65 94.34 96.00 97.44 75.69 88.73 92.44 95.81 

MTS 54.20 74.20 81.67 89.49 94.49 96.61 97.48 98.57 68.89 83.94 88.88 93.81 

STS 63.78 80.96 86.27 92.04 92.22 96.97 98.32 99.17 75.41 88.24 91.90 95.47 

STU + 66.65 83.20 88.68 93.58 90.52 94.00 95.58 97.57 76.77 88.27 92.00 95.53 

STU × 68.54 82.91 88.23 93.78 68.54 82.91 88.23 93.78 68.54 82.91 88.23 93.78 

RT 44.13 67.13 76.24 86.08 97.15 98.34 98.73 99.25 60.69 79.79 86.04 92.20 

RTU 63.06 81.75 88.32 93.84 84.16 94.25 97.23 98.40 72.10 87.56 92.56 96.06 

Transform-

based 
approach 

Wavelet 60.50 79.38 85.94 91.62 99.98 100 100 100 75.38 88.50 92.44 95.62 

Fourier 66.56 82.74 88.06 93.37 99.89 99.96 100 99.99 79.89 90.54 93.65 96.57 

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

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

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

Gist 67.89 83.71 88.56 93.24 99.99 100 100 100 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 

approach 
ACF 64.95 80.76 85.97 91.55 99.92 99.99 100 100 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 99.96 99.98 100 65.82 82.04 87.57 93.06 
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The CLEF_IP is another dataset considered for experimental results in this thesis. Since this 

dataset includes a large number of samples, the traditional approaches for computing similarity 

distances and obtaining the most similar images were not efficient on the CLEF_IP dataset. Thus, 

the LSH method was taken into account for finding similarity distance between a query and the 

document images in the dataset. The results obtained based on consideration of the LSH method 

on the CLEF_IP dataset are shown in Table 6.9. Among the four outlined distances, the City-

block distance performed better on the MTDB and ITESOFT datasets compared to other 

distances. Therefore, the City-block distance was considered in the LSH method to compute 

similarity values. The GLTCS features provided the best retrieval results amongst the features in 

group A of statistical approach. The LQP feature extraction method provided relatively high 

precision in group B of the statistical approach, and the best F-score at Top-10, as shown in Table 

6.9. The Gist and Fourier feature extraction methods respectively showed the best performances 

among the transform approaches at Top-1 and Top-10. Moreover, autoregressive and ACF feature 

extractions could achieve the best DIR results amongst the methods of model-based and 

structural-based approaches on the CLEF_IP dataset. 

To summarise the results and find the best category of texture feature for DIR, the average 

value of the retrieval F-scores in each category of features with respect to each dataset has been 

calculated and summarised in Table 6.10. For example, as in Table 6.9, five categories of features 

were available, five sets of average values for Top-1, Top-3, Top5, and Top10 were computed.  

Table 6.10. The average retrieval F-scores according to the category, with different similarity distances. 

 

Category 

 

Distance 

MTDB ITESOFT CLEF_IP 

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 

(group A) 
Tanimoto 51.97 65.76 71.56 79.34 63.91 78.65 84.10 90.30 - - - - 

Euclidean 51.57 66.27 72.13 79.60 62.11 77.93 83.33 90.11 - - - - 

City-block/LHS 53.33 67.53 73.16 80.93 65.01 79.35 84.74 90.26 57.68 78.43 85.86 92.63 

Cosine 47.87 63.86 70.26 79.72 63.02 77.85 83.94 90.13 - - - - 

Statistical 

(group B) 
Tanimoto 54.88 67.94 73.54 80.77 64.08 78.59 84.36 90.57 - - - - 

Euclidean 54.73 67.82 73.44 80.76 63.54 78.07 83.68 89.99 - - - - 

City-block/LHS 59.54 71.58 76.78 82.86 67.20 81.35 86.34 91.53 71.85 85.35 89.87 94.14 

Cosine 54.36 67.75 73.71 81.06 66.32 79.80 85.61 90.54 - - - - 

Transform
-based 

Tanimoto 65.84 76.12 81.06 86.34 73.72 83.41 87.24 91.42 - - - - 

Euclidean 65.59 76.15 81.06 86.27 73.38 82.09 86.92 90.86 - - - - 

City-block/LHS 67.49 76.74 81.08 86.59 77.08 84.81 88.49 92.41 75.20 87.99 91.80 95.32 

Cosine 66.38 77.32 82.27 87.52 74.28 83.78 87.73 91.37 - - - - 

Model-

based 
Tanimoto 59.19 71.00 75.15 80.21 71.72 83.04 87.37 91.72 - - - - 

Euclidean 44.33 61.54 64.84 70.50 69.84 81.48 86.52 90.90 - - - - 

City-block/LHS 43.88 59.21 62.60 68.42 71.82 81.86 86.05 90.99 52.10 68.46 74.47 79.48 

Cosine 44.55 58.74 65.10 70.95 70.44 81.58 87.32 92.26 - - - - 

Structural Tanimoto 51.13 66.99 72.28 79.70 60.76 74.96 82.97 89.41 - - - - 

Euclidean 50.71 66.13 71.65 79.58 59.52 73.22 81.54 89.07 - - - - 

City-block/LHS 51.16 66.52 72.36 80.48 61.43 76.99 82.97 89.25 62.32 80.05 86.34 92.47 

Cosine 47.83 61.44 71.38 80.24 63.04 75.15 80.26 86.66 - - - - 
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From the results summarised in Table 6.10, it can be concluded that the best DIR results 

were obtained based on the transform-based feature extraction methods on all three datasets. Thus, 

transform-based feature extraction methods can be considered as an appropriate means for 

extracting local texture features and different spectral texture patterns with different densities 

from document images for DIR. Statistical feature extraction methods (group B) followed by the 

feature extraction methods in the model-based approach maintained the second and third DIR 

results rank, respectively. This can be interpreted as the transform-based methods having the 

ability to generate another format of the document images, which is helpful for extracting the 

invisible features from the document images. Thus, this ability made the methods of the 

transform-based approaches more efficient compared to the statistical approaches for the retrieval 

process. In addition, the document retrieval results obtained by group B showed better 

performance compared to group A, as richer texture features were captured in the feature 

extraction step.  

The City-block distance measure provided the best DIR results by considering the similarity 

measures used to compute similarity values between given queries and the created knowledge 

base. However, the Cosine distance provided very close results to City-block distance with the 

transform-based approach, although the Cosine distance consumes more time compared to the 

City-block distance for finding the similarity distance between the documents. As a result, the 

City-block distance can be defined as an appropriate way to examine the absolute difference 

between the coordinates of local texture features, such as transform-based features. The Tanimoto 

and Euclidean similarity measure could also provide comparative results, especially with the 

statistical approach.  

To get an idea of the performance of the Gist operator, a precision-recall curve of the retrieval 

results obtained from the Gist operator with City-block distance on three datasets is shown in 

Figure 6.1. The precisions and recalls were computed based on different values of 𝛾 (or threshold 

𝜏). From the results shown in Figure 6.1, it can be noted that the Gist features performed well on 

ITESOFT dataset. 

 

Figure 6.1. The precision-recall curve obtained from the Gist descriptor with City-block distance on three 

datasets considering different thresholds. 
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Furthermore, to demonstrate the performance of different feature extraction methods in 

relation to the retrieval results obtained for each class, the Top-1 retrieval results on the ITESOFT 

dataset with 12 classes were computed, and the results are presented in Table 6.11. To do so, the 

methods performing the best in their category were selected to compute the retrieval results. A 

graphical representation of the results according to F-score is also provided in Figure 6.2. As is 

illustrated in Figure 6.2 and Table 6.11, considering the F-scores for comparison, the Gist operator 

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

(C11). In these three classes, the ILBP, GLTCS, and morphology features respectively provided 

the best performance. These results could be due to the use of a feature fusion strategy by 

considering transform and statistical-based features for better performance in document image 

retrieval. 

Table 6.11. The Top-1 results obtained from the texture-based features that performed well, in 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 6.2. Comparison of DIR results obtained for each class of the ITESOFT dataset based on different 

texture-based features (from each category). 
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6.2. 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 with four distances were obtained according to each 

resolution. The results obtained from high-resolution samples using Tanimoto, Euclidean, City-

block, and Cosine distances are shown in Tables 6.12, 6.13, 6.14, and 6.15, respectively. 

From Table 6.12 it is noted that in group A of the statistical feature extraction approach, the 

GLDM method performed better compared to other feature extraction methods in the group. In 

group B of the statistical feature extraction approach, the F-LBP at Top-1 and the ID-LBP at Top-

3 to Top-10 provided higher F-scores. Among transform-based approaches, the Gist and 

Contourlet features provided better F-scores for DIR. The autoregressive from model-based 

approaches obtained the highest F-scores in the group. The morphology and ACF features, 

respectively from the structural approaches, performed well at Top-1 and Top-10.  

The results shown in Table 6.13 demonstrate that in group A of the statistical approach the 

performances of the GLDM at Top-1 and SDH features at Top-10 were slightly better than other 

features at different levels. In group B, the highest F-scores were obtained by the D-LBP at Top-

1. The higher scores in the transform-based category were obtained by using the Contourlet 

method at all the levels. The best DIR precision and F-scores from the model-based and structural 

categories were obtained by employing autoregressive and morphology feature extraction 

methods, respectively.  

The DIR obtained results using high-resolution samples of MTDB with City-block are 

presented in Table 6.14. From Table 6.14 it is noted that in group A of the statistical approaches, 

the GLRLM performed better compared to the other methods in the group. The standard LBP 

method showed the highest F-score results in the Top-1 to Top-10 in group B of statistical-based 

approaches. The Gabor wavelet method from the transform-based approaches provided the 

highest F-scores with the F-scores from Top-1 to Top-10. In the model-based and structural-based 

approaches, the autoregressive and morphology methods performed well in their respective 

groups, providing high F-scores compared to the other methods in their categories. 
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Table 6.12. The results obtained using different approaches for documents with high-resolution from the 

MTDB dataset with Tanimoto distance. 

  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 

approach 

(group A) 

GLCM 18.33 29.29 36.18 47.43 71.09 91.01 93.96 95.91 29.14 44.32 52.25 63.47 

GLRLM 21.44 25.51 33.77 49.23 53.97 99.00 99.16 99.44 30.69 40.56 50.38 65.86 

GLDM 42.71 56.90 68.37 76.77 92.13 92.87 92.87 92.05 58.36 70.57 78.76 83.71 

SDH 41.50 57.61 62.85 76.92 82.13 82.56 83.03 84.71 55.14 67.86 71.55 80.63 

GLTCS 37.15 49.72 56.34 69.25 87.91 88.54 89.50 89.05 52.23 63.68 69.15 77.91 

Statistical 

approach 
(group B) 

LBP 46.33 61.01 65.65 70.18 88.67 89.55 89.68 90.39 60.86 72.57 75.81 79.01 

LBP4,1 26.83 31.82 36.80 50.21 77.74 95.25 98.02 100 39.89 47.71 53.51 66.85 

LBP8,1 42.50 53.64 63.87 69.15 86.54 89.13 89.31 89.46 57.00 66.98 74.48 78.01 

LBP12,1.5 42.26 59.91 69.06 71.17 91.42 92.67 92.82 93.25 57.80 72.77 79.20 80.73 

LBP16,2 45.65 59.60 64.49 70.86 89.30 89.08 90.71 90.72 60.41 71.42 75.39 79.57 

F − LBP 49.22 60.35 69.48 72.54 89.00 90.58 91.96 91.99 63.39 72.44 79.15 81.11 

LBPCM                 10.24 21.58 28.41 41.56 100 100 100 100 18.58 35.50 44.25 58.71 

MBP 46.62 55.82 62.30 71.74 82.06 83.29 84.89 85.21 59.46 66.85 71.86 77.90 

ILBP 47.57 54.40 64.31 74.27 83.45 84.68 85.17 85.49 60.60 66.24 73.29 79.48 

LTP 41.01 53.42 60.10 72.03 91.09 92.64 92.78 92.64 56.55 67.76 72.95 81.04 

ILTP 41.16 52.12 59.85 70.09 91.26 92.64 91.99 92.56 56.73 66.71 72.52 79.77 

BGC1 49.06 67.08 70.05 71.77 84.90 85.21 86.14 87.57 62.18 75.07 77.27 78.89 

BGC2 46.62 60.12 66.18 71.48 87.36 88.17 84.12 81.88 60.80 71.49 74.08 76.33 

BGC3 46.67 60.57 70.35 77.49 89.99 88.86 81.60 81.96 61.46 72.04 75.56 79.66 

LQP 45.12 58.24 64.84 72.14 91.40 92.62 92.76 93.59 60.41 71.51 76.33 81.48 

3𝐷𝐿𝐵𝑃 43.80 59.12 68.60 73.52 85.56 89.35 91.48 91.91 57.94 71.16 78.41 81.69 

CLBP 44.71 55.96 64.81 75.12 85.08 86.93 87.28 89.49 58.61 68.09 74.39 81.68 

𝑇𝑆0                         38.64 64.38 71.51 75.73 82.41 84.75 85.15 87.00 52.61 73.18 77.73 80.98 

𝑇𝑆∆   40.12 53.10 56.68 70.02 90.43 91.41 92.41 93.00 55.58 67.18 70.26 79.89 

CSLBP 11.46 22.93 29.95 47.44 88.38 96.18 98.46 99.46 20.29 37.03 45.93 64.24 

D-LBP 42.26 63.05 70.32 79.40 88.15 90.42 91.46 87.02 57.13 74.29 79.51 83.04 

ID-LBP 45.99 65.32 72.45 80.76 92.14 92.07 93.73 94.93 61.36 76.42 81.73 87.28 

𝐵𝑇𝐶𝑆 14.39 28.86 37.61 53.79 85.50 91.06 96.17 97.53 24.64 43.83 54.08 69.34 

𝐶𝐵𝑃 40.43 50.98 62.31 74.88 91.57 92.41 93.43 94.43 56.09 65.71 74.76 83.52 

CS − TS 43.16 58.09 62.33 70.30 91.09 93.10 93.90 94.07 58.57 71.54 74.93 80.46 

𝐶𝐶𝑅 13.59 29.03 36.91 60.84 80.27 90.47 95.50 96.88 23.24 43.95 53.24 74.75 

GLBP 39.61 45.38 66.21 74.34 89.14 90.41 91.06 91.55 54.85 60.43 76.67 82.05 

GTUC 39.94 52.37 66.84 71.40 89.41 90.41 91.48 92.07 55.21 66.33 77.24 80.43 

MTS 46.71 54.02 63.06 71.25 90.18 91.27 92.57 93.07 61.55 67.87 75.02 80.71 

STS 42.28 51.25 60.34 77.69 86.28 87.66 88.43 89.61 56.75 64.69 71.73 83.23 

STU + 39.70 49.82 55.34 68.75 91.30 92.41 93.68 94.22 55.34 64.74 69.58 79.49 

STU × 16.07 24.56 31.72 41.83 90.35 92.00 95.72 97.89 27.29 38.77 47.66 58.62 

RT 46.32 58.66 69.24 70.83 91.52 91.84 92.76 93.57 61.51 71.60 79.29 80.63 

RTU 46.01 54.82 58.71 69.94 87.37 88.74 89.90 91.89 60.27 67.77 71.03 79.42 

Transform-

based  
approach 

Wavelet 43.06 51.25 56.56 61.59 89.12 92.60 95.44 97.65 58.06 65.99 71.03 75.54 

Fourier 38.03 52.21 61.31 72.34 87.05 89.41 90.70 91.62 52.94 65.92 73.17 80.84 

Gabor 42.95 55.52 62.43 71.67 95.21 96.47 96.72 97.76 59.19 70.48 75.88 82.71 

Radon 32.33 46.72 54.11 64.95 96.72 97.95 98.68 98.38 48.46 63.27 69.89 78.24 

Contourlet 44.44 57.52 64.16 73.40 99.75 99.67 99.85 100 61.49 72.94 78.12 84.66 

Gist 47.98 58.00 60.87 69.26 94.10 94.03 97.70 99.66 63.55 71.74 75.01 81.73 

Model-based 
approach 

MRF 27.80 46.91 51.50 59.06 92.41 96.07 96.29 96.04 42.74 63.04 67.11 73.14 

Fractal 35.47 47.41 53.29 63.64 96.24 96.26 97.38 98.83 51.83 63.53 68.89 77.42 

Auto-reg. 39.51 51.19 55.83 65.00 99.39 99.24 100 100 56.54 67.54 71.65 78.79 

Structural 

approach 
ACF 20.28 46.45 59.98 76.00 90.96 92.14 92.16 92.17 33.17 61.77 72.67 83.31 

Edge det.  40.32 55.76 62.03 71.10 91.33 92.14 91.91 88.64 55.94 69.48 74.07 78.91 

Morphology 41.59 55.50 62.33 69.86 90.27 95.65 97.04 98.73 56.95 70.24 75.91 81.82 



Chapter 6. Comparative Analysis of Results 

 

113 | P a g e  
 

 

Table 6.13. The results obtained using different approaches for documents with high-resolution from the 

MTDB dataset with Euclidean distance. 

  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 

approach 
(group A) 

GLCM 20.79 30.83 37.12 47.79 57.45 75.94 83.13 92.36 30.53 43.86 51.32 62.98 

GLRLM 23.81 28.21 37.06 50.44 72.83 97.48 97.60 98.09 35.89 43.76 53.72 66.62 

GLDM 23.02 24.42 30.79 48.38 96.62 100 100 100 37.18 39.25 47.08 65.21 

SDH 21.20 26.74 31.84 51.02 97.28 98.81 99.86 99.75 34.81 42.09 48.29 67.51 

GLTCS 19.91 27.00 31.00 50.28 99.95 99.98 100 100 33.20 42.51 47.32 66.91 

Statistical 

approach 
(group B) 

LBP 19.25 26.34 29.56 51.44 98.12 99.03 99.91 99.98 32.19 41.61 45.62 67.93 

LBP4,1 21.07 25.81 31.53 56.02 96.95 99.79 99.21 99.38 34.62 41.02 47.85 71.65 

LBP8,1 20.35 24.48 30.40 50.59 98.15 98.81 99.98 99.96 33.71 39.24 46.62 67.18 

LBP12,1.5 21.48 30.88 33.68 53.81 95.69 99.96 99.98 99.92 35.08 47.18 50.39 69.95 

LBP16,2 20.12 28.56 31.66 47.84 99.17 99.98 99.91 99.42 33.45 44.43 48.08 64.59 

F − LBP 21.10 24.99 30.74 52.65 99.93 99.29 100 100 34.85 39.93 47.02 68.98 

LBPCM 10.24 21.58 28.40 41.50 91.05 98.92 99.59 100 18.42 35.43 44.20 58.66 

MBP 21.06 27.24 30.58 49.27 94.83 99.91 99.02 99.98 34.46 42.81 46.73 66.01 

ILBP 21.60 26.29 31.10 46.84 99.95 99.98 99.98 100 35.53 41.64 47.45 63.79 

LTP 17.15 24.86 28.88 47.37 92.76 99.69 99.98 99.96 28.95 39.79 44.81 64.28 

ILTP 17.06 24.51 28.66 44.73 99.97 100 100 100 29.15 39.36 44.56 61.81 

BGC1 21.12 30.75 31.62 49.99 99.97 99.98 100 100 34.87 47.04 48.05 66.66 

BGC2 20.30 26.89 32.45 52.24 99.98 99.98 99.99 100 33.75 42.38 49.00 68.63 

BGC3 21.54 25.78 31.35 50.69 99.95 99.98 100 100 35.44 40.99 47.74 67.28 

LQP 20.60 26.95 33.65 46.11 97.46 99.97 99.97 100 34.01 42.45 50.35 63.12 

3𝐷𝐿𝐵𝑃 16.44 30.07 39.77 46.41 84.00 88.07 89.51 92.81 27.49 44.83 55.08 61.87 

CLBP 16.11 25.40 29.91 48.21 97.95 98.98 99.96 100 27.66 40.43 46.04 65.06 

𝑇𝑆0                         20.14 29.00 39.90 53.04 99.93 100 100 100 33.52 44.96 57.04 69.31 

𝑇𝑆∆   16.47 27.03 28.02 51.37 100 100 100 100 28.28 42.56 43.78 67.87 

CSLBP 16.98 25.77 29.74 45.58 98.25 98.94 99.28 99.96 28.96 40.89 45.77 62.61 

D-LBP 22.07 30.38 31.68 49.13 98.95 99.18 99.89 100 36.08 46.51 48.10 65.89 

ID-LBP 21.37 23.04 31.37 47.75 96.10 97.75 98.98 99.98 34.97 37.29 47.64 64.63 

𝐵𝑇𝐶𝑆 15.07 30.00 35.72 53.11 83.36 89.57 92.50 96.12 25.53 46.06 51.53 68.42 

𝐶𝐵𝑃 16.85 19.69 28.56 52.53 99.91 100 100 100 28.83 32.90 44.43 68.88 

CS − TS 17.39 28.19 29.27 44.38 98.13 98.94 99.94 100 29.54 43.87 45.28 61.48 

𝐶𝐶𝑅 13.31 29.18 37.84 59.12 89.80 96.25 97.84 99.56 23.18 44.78 54.57 74.19 

GLBP 20.42 22.68 30.73 52.76 99.51 99.86 99.93 100 33.89 36.96 47.01 69.08 

GTUC 16.72 20.07 30.00 53.28 100 100 100 100 28.66 33.43 46.15 69.52 

MTS 19.60 21.82 29.97 48.82 98.97 99.94 100 100 32.72 35.82 46.12 65.61 

STS 19.53 30.30 31.42 46.94 98.85 99.12 99.97 100 32.61 46.41 47.81 63.89 

STU + 17.09 22.62 27.27 54.67 100 100 100 100 29.19 36.90 42.85 70.69 

STU × 15.56 23.97 31.52 40.89 91.89 94.58 98.65 99.37 26.62 38.24 47.78 57.93 

RT 19.21 26.01 31.87 46.32 94.96 96.97 98.97 99.97 31.95 41.02 48.22 63.30 

RTU 19.28 24.43 32.34 52.75 97.89 98.90 99.97 100 32.22 39.18 48.87 69.07 

Transform-
based 

approach 

Wavelet 42.56 50.30 54.74 62.41 90.79 94.93 96.62 99.06 57.95 65.76 69.88 76.58 

Fourier 16.35 22.28 28.60 49.78 99.94 99.95 100 100 28.11 36.44 44.47 66.47 

Gabor 41.14 55.67 62.31 70.88 97.91 98.03 98.87 99.40 57.94 71.01 76.44 82.75 

Radon 32.72 47.51 55.02 65.46 97.69 98.05 98.86 99.34 49.02 64.00 70.69 78.92 

Contourlet 43.77 59.68 67.99 78.82 97.73 98.87 98.70 99.87 60.47 74.43 80.51 88.11 

Gist 43.37 54.39 60.26 65.90 96.87 99.03 99.11 99.29 59.91 70.22 74.95 79.22 

Model-based 

approach 
MRF 30.55 44.04 48.08 56.77 86.85 96.32 97.23 95.50 45.20 60.44 64.34 71.21 

Fractal 33.44 46.42 51.35 63.20 98.58 99.77 99.67 100 49.94 63.36 67.78 77.45 

Auto-reg. 38.88 49.41 53.89 63.92 94.35 98.99 99.54 99.18 55.07 65.92 69.92 77.74 

Structural 

approach 
ACF 13.88 27.53 34.09 52.98 100 100 100 100 24.38 43.18 50.84 69.27 

Edge det.  17.42 25.66 29.53 49.50 98.88 99.78 100 100 29.62 40.82 45.60 66.22 

Morphology 41.87 55.47 61.22 71.56 92.56 97.89 94.95 97.09 57.66 70.81 74.44 82.39 
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Table 6.14. The results obtained using different approaches for documents with high-resolution from the 

MTDB dataset with City-block distance. 

  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 

approach 

(group A) 

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

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

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

SDH 20.75 27.36 31.81 49.96 93.37 97.63 97.12 99.81 33.95 42.74 47.92 66.59 

GLTCS 23.23 26.57 30.33 45.80 98.31 99.05 100 100 37.57 41.90 46.54 62.83 

Statistical 

approach 
(group B) 

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

LBP4,1 22.98 25.06 31.16 53.88 88.57 94.08 99.71 99.89 36.49 39.58 47.48 70.00 

LBP8,1 21.12 25.30 30.92 53.41 96.08 99.93 100 100 34.63 40.38 47.24 69.63 

LBP12,1.5 22.70 29.68 32.74 56.81 99.40 99.98 99.98 99.98 36.96 45.78 49.33 72.45 

LBP16,2 21.01 29.97 30.51 48.15 92.07 97.50 97.60 99.24 34.22 45.85 46.49 64.84 

F − LBP 20.68 25.45 31.31 51.02 96.12 99.26 98.55 99.96 34.04 40.51 47.52 67.56 

LBPCM                 10.51 21.88 28.37 41.69 100 100 100 100 19.02 35.90 44.20 58.84 

MBP 21.05 27.98 31.29 50.92 95.76 98.22 99.35 99.92 34.51 43.56 47.59 67.46 

ILBP 22.52 29.37 32.43 54.38 97.47 99.96 99.43 99.96 36.58 45.40 48.91 70.44 

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

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

BGC1 21.75 30.92 31.85 52.12 99.92 99.98 99.50 99.98 35.72 47.23 48.26 68.52 

BGC2 20.86 27.36 30.95 55.21 97.73 98.03 99.98 99.98 34.39 42.78 47.27 71.14 

BGC3 21.67 25.91 31.35 51.53 98.01 99.56 100 99.98 35.49 41.12 47.73 68.01 

LQP 19.07 29.49 30.32 56.02 99.93 100 100 100 32.02 45.55 46.53 71.81 

3𝐷𝐿𝐵𝑃 20.87 30.12 31.48 50.21 93.96 99.97 100 100 34.16 46.29 47.88 66.85 

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

𝑇𝑆0                         20.91 22.56 30.64 53.30 97.50 100 100 100 34.44 36.81 46.91 69.54 

𝑇𝑆∆   19.88 28.65 30.15 45.46 100 100 100 100 33.17 44.53 46.33 62.50 

CSLBP 18.18 25.70 29.77 45.85 97.95 98.45 99.23 99.96 30.66 40.76 45.80 62.86 

D-LBP 21.00 30.47 31.71 51.63 98.86 99.47 99.98 99.98 34.64 46.65 48.15 68.10 

ID-LBP 21.82 23.67 31.77 53.38 98.93 99.98 100 100 35.76 38.27 48.23 69.60 

𝐵𝑇𝐶𝑆 19.62 32.49 42.67 54.43 83.15 86.30 93.06 94.15 31.75 47.21 58.51 68.98 

𝐶𝐵𝑃 17.80 21.14 29.84 52.67 98.84 99.98 100 100 30.17 34.89 45.96 69.00 

CS − TS 19.66 28.37 29.64 45.20 98.84 99.94 100 100 32.80 44.20 45.73 62.26 

𝐶𝐶𝑅 26.12 36.66 43.40 57.44 50.22 69.29 77.12 92.33 34.36 47.95 55.54 70.82 

GLBP 20.70 22.90 30.63 53.01 96.67 100 100 100 34.10 37.26 46.90 69.29 

GTUC 19.74 23.74 32.06 61.37 98.93 99.94 100 100 32.91 38.37 48.56 76.06 

MTS 20.12 22.07 30.41 49.81 98.96 99.97 100 100 33.44 36.16 46.64 66.50 

STS 20.76 30.65 32.12 49.95 98.16 99.97 100 100 34.28 46.91 48.63 66.62 

STU + 18.12 23.99 28.31 54.98 98.93 99.97 100 100 30.64 38.69 44.13 70.95 

STU × 24.54 35.54 39.40 45.71 79.33 82.18 87.09 95.23 37.48 49.62 54.26 61.77 

RT 19.20 25.40 31.48 43.27 99.16 99.97 100 100 32.17 40.50 47.88 60.41 

RTU 19.51 24.84 30.15 49.30 98.30 98.96 99.30 100 32.56 39.71 46.26 66.04 

Transform-

based  
approach 

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

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

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

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

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

Gist 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 

approach 
ACF 14.27 27.29 34.20 53.05 100 100 100 100 24.97 42.88 50.97 69.33 

Edge det.  22.26 36.36 43.50 59.44 88.46 91.08 91.83 90.84 35.57 51.98 59.04 71.86 

Morphology 43.43 56.49 63.36 71.75 97.68 98.85 98.05 98.50 60.13 71.90 76.97 83.02 
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Table 6.15. The results obtained using different approaches for documents with high-resolution from the 

MTDB dataset with Cosine distance. 

  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 

approach 
(group A) 

GLCM 15.02 24.21 30.59 45.47 51.12 91.16 95.17 96.72 23.22 38.25 46.29 61.86 

GLRLM 17.93 29.51 34.88 48.03 99.99 100 100 100 30.41 45.57 51.72 64.89 

GLDM 21.49 31.66 35.33 44.83 82.65 93.12 95.82 98.09 34.12 47.26 51.63 61.54 

SDH 28.18 43.92 51.03 59.48 98.98 99.07 99.22 99.93 43.87 60.86 67.40 74.57 

GLTCS 22.00 31.20 36.94 48.04 95.72 99.01 99.76 99.80 35.78 47.45 53.91 64.86 

Statistical 

approach 
(group B) 

LBP 22.44 30.19 33.39 41.51 88.38 94.08 98.84 99.04 35.79 45.71 49.91 58.50 

LBP4,1 23.13 33.29 38.13 46.71 91.67 98.19 99.05 99.83 36.94 49.72 55.06 63.64 

LBP8,1 19.35 28.14 33.17 42.16 99.97 100 100 100 32.42 43.92 49.81 59.32 

LBP12,1.5 20.07 28.96 35.83 46.92 100 100 100 100 33.43 44.91 52.76 63.87 

LBP16,2 17.04 28.85 37.03 50.00 100 100 100 100 29.12 44.78 54.05 66.67 

F − LBP 21.82 28.09 35.38 47.78 98.22 99.58 99.89 100 35.70 43.82 52.25 64.66 

LBPCM 10.06 22.07 29.31 41.78 86.63 98.66 99.56 100 18.03 36.07 45.29 58.93 

MBP 24.19 30.94 35.09 43.61 92.05 95.25 98.74 99.48 38.31 46.70 51.78 60.64 

ILBP 21.94 30.03 34.57 46.00 97.91 98.93 99.94 99.91 35.85 46.08 51.37 63.00 

LTP 29.17 43.11 47.75 56.08 83.49 88.98 88.67 91.35 43.23 58.08 62.07 69.50 

ILTP 25.88 27.88 36.87 43.11 72.03 69.03 79.97 87.38 38.08 39.72 50.47 57.74 

BGC1 21.42 30.22 36.34 47.96 98.87 99.93 99.94 100 35.21 46.41 53.30 64.83 

BGC2 19.33 19.33 26.58 32.83 98.85 98.85 99.93 99.99 32.34 32.34 41.99 49.43 

BGC3 23.80 31.32 35.55 48.73 98.74 99.53 99.55 99.96 38.35 47.65 52.39 65.52 

LQP 20.75 31.97 42.21 51.91 95.37 97.08 96.51 98.39 34.08 48.09 58.73 67.96 

3𝐷𝐿𝐵𝑃 17.75 26.59 30.20 39.99 96.77 99.20 99.97 100 29.99 41.94 46.39 57.13 

CLBP 24.37 29.60 35.16 44.72 48.96 90.64 95.22 96.80 32.54 44.62 51.35 61.17 

𝑇𝑆0                         18.77 30.52 36.54 48.37 99.96 99.95 100 100 31.60 46.76 53.53 65.20 

𝑇𝑆∆   26.30 40.25 47.63 60.22 77.10 87.64 90.96 92.63 39.22 55.16 62.52 72.99 

CSLBP 16.02 29.07 40.91 55.12 92.65 96.13 97.50 99.02 27.31 44.64 57.64 70.82 

D-LBP 23.13 29.52 34.46 43.43 96.72 98.50 99.94 99.91 37.34 45.43 51.25 60.54 

ID-LBP 22.05 29.73 34.95 44.49 95.77 97.48 97.84 99.31 35.85 45.56 51.50 61.45 

𝐵𝑇𝐶𝑆 14.61 27.40 37.42 51.36 90.29 91.65 93.48 98.86 25.15 42.19 53.44 67.60 

𝐶𝐵𝑃 26.53 26.53 41.13 50.71 88.24 88.97 89.81 93.51 40.80 40.87 56.42 65.76 

CS − TS 26.69 36.19 41.72 51.39 77.87 91.74 92.51 97.17 39.75 51.90 57.51 67.22 

𝐶𝐶𝑅 17.35 19.55 26.57 34.61 83.90 88.70 92.69 96.16 28.75 32.04 41.30 50.90 

GLBP 22.67 24.97 35.79 42.74 84.31 89.57 93.33 95.39 35.73 39.05 51.74 59.03 

GTUC 28.26 41.45 46.95 53.16 85.71 91.47 93.30 97.11 42.51 57.05 62.46 68.71 

MTS 16.30 26.11 33.35 46.86 98.36 98.92 99.71 100 27.96 41.32 49.99 63.82 

STS 17.90 27.96 35.67 46.63 99.86 100 100 100 30.36 43.70 52.58 63.60 

STU + 23.45 34.06 41.49 51.24 86.01 88.01 90.56 91.13 36.85 49.11 56.91 65.60 

STU × 26.39 38.65 43.57 52.80 76.83 80.27 85.77 92.05 39.28 52.18 57.79 67.11 

RT 15.20 27.73 34.96 46.20 99.82 100 100 100 26.39 43.42 51.81 63.20 

RTU 18.16 31.22 37.59 47.06 98.54 99.67 99.98 100 30.66 47.55 54.63 64.00 

Transform-
based 

approach 

Wavelet 44.73 56.19 61.17 67.87 96.82 96.36 97.54 99.17 61.19 70.99 75.19 80.59 

Fourier 23.58 31.38 39.55 55.58 60.95 98.01 99.48 99.56 34.01 47.54 56.60 71.34 

Gabor 40.55 56.76 62.54 71.01 95.36 95.83 98.04 99.77 56.90 71.29 76.37 82.97 

Radon 34.72 48.99 55.80 65.01 94.93 94.49 97.40 97.14 50.85 64.52 70.96 77.89 

Contourlet 44.72 56.60 61.90 69.60 99.60 99.71 99.89 100 61.73 72.21 76.43 82.08 

Gist 46.02 56.40 61.52 70.51 97.39 95.34 98.61 98.72 62.50 70.87 75.77 82.26 

Model-based 

approach 
MRF 24.17 33.97 43.57 54.90 98.68 99.71 99.57 99.91 38.83 50.68 60.62 70.86 

Fractal 33.78 34.78 43.27 49.58 99.97 99.97 99.87 99.93 50.50 51.60 60.38 66.28 

Auto-reg. 42.34 56.72 61.43 69.28 98.19 98.19 99.84 99.88 59.17 71.90 76.06 81.81 

Structural 

approach 
ACF 20.56 32.37 42.92 52.36 98.47 99.85 99.82 100 34.02 48.89 60.03 68.73 

Edge det.  13.46 24.48 30.75 47.06 96.02 96.80 97.23 99.25 23.61 39.08 46.72 63.84 

Morphology 36.99 52.18 59.45 67.03 98.68 99.27 99.95 100 53.81 68.40 74.55 80.26 
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The DIR results in Table 6.15 illustrate that in group A the DIR system with the SDH feature 

extraction method could obtain better F-scores compared to the other feature extraction methods 

in that category. In group B, the LTP and 𝑇𝑆∆ methods provided better DIR results compared to 

other features in the group. By employing transform-based features, the Gist operators performed 

better at Top-1, and Gabor at Top-10 was superior compared to the other feature extraction 

methods in the group. The autoregressive and morphology features, respectively from the model-

based and structural approaches, performed well for all the resolutions. 

The DIR results obtained from low-resolution samples of the MTDB dataset using four 

distances are shown in Tables 6.16, 6.17, 6.18, and 6.19. The results shown in Table 6.16 indicate 

that in group A of the statistical approach, the GLTCS and GLDM feature extraction methods 

performed well overall compared to the other feature extraction methods. In group B of the 

statistical approach, D-LBP at Top-1 provided better retrieval F-score. The Gist features provided 

precisions and F-scores fairly well in the transform-based category. The autoregressive from the 

model-based, edge detection, and morphology features, from structural-based approaches, 

performed better compared to the other features within their categories. 

The obtained results in Table 6.17 determine that in group A of the statistical approach, the 

performance of the GLDM and GLCM features were better than other features for DIR purpose. 

In group B, the best F-scores were obtained by the ID-LBP feature at all levels. The higher scores 

in the transform-based category were obtained by the Gist and Contourlet features. The best DIR 

results were obtained, respectively, by autoregressive and morphology features in the model-

based and structural categories.  

From the results shown in Table 6.18, it can be concluded that in the statistical approach 

group A, the GLTCS provided the highest values in all the levels in the group. In group B, the 

𝐿𝐵𝑃4,1 at Top-1, and Top-10 demonstrated the highest F-scores. Among transform-based 

approaches, the Gist operator at Top-1 and Contourlet at Top-10 provided the highest F-score 

results in the transform-based approaches as well as other methods in the table. The autoregressive 

and morphology from two other categories provided a better F-score at Top-1 compared to other 

methods in their own categories. 

The DIR results using low-resolution samples and based on Cosine distance, shown in Table 

6.19, indicate that the SDH features from group A of the statistical approach could provide the 

best F-scores compared to other features in the group. In group B, the BGC3 feature at Top-1 

performed somewhat better than other features in the group. In the transform-based category, the 

performance of the Gist feature was superior compared to the other methods in the group. The 

autoregressive and morphology features from the model-based and structural approaches, 

respectively, performed very well in their categories. 
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Table 6.16. The results obtained using different approaches for documents with low-resolution from the 

MTDB dataset with Tanimoto distance. 

  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 

approach 

(group A) 

GLCM 14.92 30.30 39.17 56.28 99.54 99.91 100 100 25.95 46.50 56.29 72.03 

GLRLM 18.14 30.80 38.65 53.08 100 100 100 100 30.71 47.10 55.75 69.35 

GLDM 36.64 51.98 60.32 71.08 84.35 85.35 88.91 89.36 51.08 64.61 71.88 79.18 

SDH 36.12 50.15 60.38 65.96 64.09 66.93 67.84 74.66 46.20 57.34 63.90 70.04 

GLTCS 40.86 51.59 59.39 67.24 73.44 75.91 81.65 82.04 52.51 61.43 68.76 73.91 

Statistical 

approach 
(group B) 

LBP 40.85 52.40 56.19 60.58 78.65 79.39 82.68 83.21 53.77 63.13 66.91 70.11 

LBP4,1 42.76 57.53 61.15 69.17 81.43 82.56 84.15 86.64 56.08 67.81 70.83 76.93 

LBP8,1 40.34 50.60 57.28 62.14 81.98 83.55 84.48 87.51 54.07 63.03 68.27 72.68 

LBP12,1.5 40.60 51.47 55.55 62.78 77.38 78.05 79.73 81.36 53.25 62.03 65.48 70.87 

LBP16,2 32.58 49.03 56.27 65.07 80.11 81.92 82.90 83.81 46.32 61.34 67.04 73.26 

F − LBP 48.30 61.82 65.12 72.68 71.40 72.69 74.50 80.10 57.62 66.81 69.49 76.21 

LBPCM                 9.62 20.01 27.58 42.93 100 100 100 100 17.56 33.34 43.24 60.07 

MBP 41.79 49.12 51.49 60.15 67.12 68.16 69.43 73.17 51.51 57.10 59.13 66.02 

ILBP 44.27 57.20 61.58 70.44 75.99 76.21 78.87 79.66 55.95 65.35 69.16 74.76 

LTP 38.95 52.01 57.71 69.92 83.64 84.94 85.41 87.76 53.15 64.52 68.88 77.83 

ILTP 34.29 53.14 62.34 70.07 85.69 86.16 87.18 88.55 48.98 65.74 72.70 78.24 

BGC1 43.32 56.14 61.00 67.04 75.98 77.10 78.22 79.88 55.18 64.97 68.55 72.90 

BGC2 42.34 55.40 60.46 66.48 71.97 72.18 76.62 78.26 53.32 62.69 67.59 71.89 

BGC3 45.21 54.87 61.79 68.25 74.89 74.98 69.35 79.58 56.38 63.37 65.35 73.48 

LQP 31.77 45.20 55.33 63.24 71.21 72.44 72.50 76.72 43.93 55.66 62.76 69.33 

3𝐷𝐿𝐵𝑃 30.26 41.24 47.24 60.67 73.71 74.18 74.96 76.33 42.91 53.01 57.95 67.61 

CLBP 35.46 49.41 52.66 63.36 79.27 82.60 84.52 85.27 49.00 61.84 64.89 72.70 

𝑇𝑆0                         35.97 57.30 71.01 67.00 81.41 85.91 78.84 87.73 49.90 68.75 74.72 75.98 

𝑇𝑆∆   28.23 51.53 59.73 71.45 81.57 85.01 85.36 87.38 41.95 64.17 70.28 78.62 

CSLBP 36.13 51.55 57.33 65.60 82.34 83.83 87.00 88.43 50.23 63.84 69.12 75.32 

D-LBP 46.63 59.89 64.64 70.82 78.21 79.24 79.03 82.01 58.43 68.22 71.12 76.00 

ID-LBP 43.02 61.87 65.71 73.43 76.36 77.04 79.65 79.33 55.04 68.63 72.01 76.27 

𝐵𝑇𝐶𝑆 14.95 27.52 38.50 51.61 83.99 92.34 95.66 98.61 25.38 42.40 54.90 67.76 

𝐶𝐵𝑃 42.10 57.47 63.09 69.45 76.12 82.30 87.52 88.87 54.21 67.68 73.33 77.97 

CS − TS 36.13 52.15 57.10 66.33 83.34 84.83 85.00 86.43 50.41 64.59 68.31 75.05 

𝐶𝐶𝑅 16.37 28.43 36.75 53.08 92.49 96.45 97.56 98.25 27.81 43.92 53.39 68.92 

GLBP 42.69 55.74 59.99 65.03 81.43 82.72 83.10 87.22 56.02 66.60 69.68 74.50 

GTUC 28.49 42.86 46.67 57.74 82.14 83.60 85.06 87.43 42.30 56.67 60.27 69.55 

MTS 42.63 58.26 61.45 67.55 75.32 78.77 79.74 87.19 54.44 66.98 69.41 76.12 

STS 42.67 53.21 58.41 64.90 77.39 79.82 81.01 82.10 55.01 63.85 67.88 72.49 

STU + 33.84 50.32 55.07 71.33 83.10 83.82 85.66 87.63 48.10 62.89 67.04 78.64 

STU × 19.03 32.92 40.22 52.73 92.52 95.48 99.01 100 31.57 48.96 57.20 69.05 

RT 44.67 60.72 67.35 74.57 79.68 77.92 84.32 79.93 57.24 68.25 74.88 77.15 

RTU 45.77 58.88 64.00 72.52 76.39 79.58 81.25 83.07 57.24 67.68 71.60 77.44 

Transform-

based approach 
Wavelet 43.21 53.13 58.12 62.54 83.47 91.60 92.85 98.54 56.94 67.26 71.49 76.52 

Fourier 18.22 35.82 42.70 55.09 89.54 92.43 95.43 94.96 30.28 51.63 59.00 69.72 

Gabor 43.96 52.55 57.11 63.61 88.42 93.37 96.20 97.66 58.72 67.25 71.67 77.04 

Radon 34.74 48.85 55.82 66.84 93.29 95.79 97.82 97.82 50.63 64.70 71.08 79.42 

Contourlet 45.68 58.96 65.59 74.48 99.42 99.77 99.87 99.99 62.60 74.12 79.18 85.37 

Gist 49.69 63.03 68.57 75.42 95.25 97.31 97.74 99.34 65.31 76.51 80.60 85.74 

Model-based 
approach 

MRF 29.13 42.25 47.93 56.29 94.61 95.75 97.70 97.30 44.55 58.63 64.31 71.32 

Fractal 33.47 48.32 54.99 68.48 95.23 96.05 96.33 99.65 49.53 64.29 70.01 81.17 

Auto-reg. 41.16 51.74 56.61 65.03 96.29 97.85 99.79 99.94 57.67 67.69 72.24 78.79 

Structural 

approach 
ACF 11.91 24.89 33.45 46.41 83.34 91.69 94.63 91.06 20.85 39.16 49.43 61.48 

Edge det.  33.09 54.90 61.21 71.68 85.47 86.64 87.37 88.14 47.71 67.21 71.99 79.06 

Morphology 38.28 49.97 57.19 64.85 99.64 99.88 99.92 100 55.31 66.61 72.74 78.68 
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Table 6.17. The results obtained using different approaches for documents with low-resolution from the 

MTDB dataset with Euclidean distance. 

  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 

approach 

(group A) 

GLCM 14.66 30.26 39.41 55.38 99.98 99.99 99.99 99.99 25.50 46.46 56.54 71.28 

GLRLM 19.58 32.87 40.86 54.63 93.36 98.13 98.80 99.95 32.36 49.25 57.81 70.65 

GLDM 37.25 52.06 60.26 57.75 84.35 85.11 91.76 90.15 51.68 64.61 72.75 70.40 

SDH 18.64 34.43 45.42 53.53 81.70 82.53 83.69 91.65 30.36 48.59 58.89 67.59 

GLTCS 22.35 29.05 36.47 56.30 82.38 84.68 92.55 93.11 35.16 43.26 52.32 70.17 

Statistical 

approach 
(group B) 

LBP 22.18 29.72 33.67 54.74 85.29 89.12 92.32 91.71 35.21 44.58 49.35 68.56 

LBP4,1 18.71 32.19 39.71 66.20 86.41 89.11 92.23 90.08 30.76 47.29 55.52 76.31 

LBP8,1 25.61 26.20 35.31 56.39 85.66 86.71 90.27 94.56 39.43 40.24 50.76 70.65 

LBP12,1.5 33.27 32.06 36.71 53.01 84.86 85.98 89.15 94.26 47.80 46.70 52.00 67.85 

LBP16,2 22.39 31.26 37.72 67.32 84.13 89.16 92.00 91.29 35.37 46.29 53.51 77.49 

F − LBP 39.72 42.01 48.50 57.61 76.37 87.90 88.85 89.54 52.26 56.85 62.75 70.11 

LBPCM                 9.62 20.01 27.58 43.04 100 100 100 100 17.56 33.35 43.24 60.18 

MBP 21.34 30.99 35.24 52.32 85.27 80.93 79.55 84.39 34.14 44.82 48.85 64.59 

ILBP 26.93 31.89 35.17 59.17 74.35 82.64 85.78 86.38 39.54 46.02 49.88 70.23 

LTP 38.45 52.60 57.44 70.07 84.18 85.04 85.41 86.54 52.79 65.00 68.68 77.44 

ILTP 34.42 53.47 61.98 70.39 85.69 86.12 87.67 88.85 49.11 65.98 72.62 78.55 

BGC1 29.29 31.29 37.93 51.39 73.63 79.38 84.03 87.82 41.91 44.88 52.27 64.84 

BGC2 20.07 31.64 38.25 56.63 80.25 82.61 88.70 89.22 32.12 45.75 53.45 69.29 

BGC3 28.56 31.38 39.72 56.20 82.79 83.00 85.15 87.45 42.47 45.54 54.17 68.42 

LQP 18.64 34.43 45.42 53.53 76.86 77.29 83.42 91.45 30.01 47.64 58.82 67.53 

3𝐷𝐿𝐵𝑃 39.27 49.84 59.10 68.40 81.43 82.50 83.94 84.38 52.99 62.14 69.36 75.55 

CLBP 32.77 51.18 57.38 61.14 81.89 83.49 86.21 89.60 46.80 63.46 68.90 72.68 

𝑇𝑆0                         20.13 26.05 29.83 45.27 85.14 91.03 91.94 92.44 32.56 40.51 45.04 60.78 

𝑇𝑆∆   17.27 31.53 39.97 50.20 91.67 92.94 92.63 94.13 29.07 47.09 55.84 65.48 

CSLBP 36.13 52.38 56.86 64.25 83.34 84.83 87.00 93.36 50.41 64.77 68.77 76.11 

D-LBP 23.28 30.94 37.57 64.76 89.34 91.26 92.33 93.22 36.93 46.21 53.41 76.43 

ID-LBP 41.06 61.44 65.94 72.42 76.65 80.61 81.60 85.97 53.48 69.73 72.94 78.62 

𝐵𝑇𝐶𝑆 14.49 29.20 40.03 51.19 95.81 96.92 98.23 99.42 25.17 44.88 56.88 67.58 

𝐶𝐵𝑃 22.11 39.22 52.83 60.64 91.25 93.56 96.08 97.50 35.60 55.27 68.17 74.77 

CS − TS 19.67 31.40 33.14 36.77 92.19 91.76 93.11 93.96 32.42 46.79 48.88 52.85 

𝐶𝐶𝑅 16.86 28.59 36.54 51.71 78.62 86.54 91.08 94.97 27.76 42.98 52.15 66.96 

GLBP 22.32 33.20 46.25 55.72 83.90 88.21 89.16 93.77 35.26 48.25 60.91 69.90 

GTUC 16.87 27.84 40.64 50.62 91.72 94.76 96.07 97.54 28.50 43.04 57.12 66.65 

MTS 22.33 27.62 38.77 51.76 83.75 85.46 89.43 94.83 35.26 41.74 54.09 66.97 

STS 29.79 30.39 34.38 50.22 80.78 89.94 90.04 92.37 43.53 45.43 49.76 65.06 

STU + 34.03 50.29 53.67 59.73 82.62 83.82 86.46 92.19 48.20 62.86 66.23 72.49 

STU × 19.16 32.65 39.54 51.80 96.64 96.99 99.87 100 31.98 48.85 56.65 68.25 

RT 23.17 34.69 39.53 60.74 84.08 85.94 88.90 89.64 36.33 49.43 54.72 72.41 

RTU 21.23 33.38 38.09 52.66 80.32 84.25 87.14 93.82 33.58 47.81 53.01 67.46 

Transform-

based approach 
Wavelet 40.48 48.77 53.15 62.26 87.38 92.06 94.71 98.47 55.33 63.76 68.09 76.28 

Fourier 17.73 34.85 42.71 55.80 90.47 93.98 95.61 95.09 29.64 50.85 59.04 70.33 

Gabor 40.42 52.08 58.23 66.36 95.22 97.81 98.12 99.09 56.75 67.97 73.09 79.49 

Radon 35.84 49.93 57.09 67.58 97.07 98.39 99.59 99.15 52.35 66.25 72.58 80.37 

Contourlet 44.43 58.75 67.44 76.51 95.60 98.50 99.35 99.94 60.67 73.60 80.34 86.67 

Gist 45.14 56.35 62.47 73.67 96.74 98.10 98.32 99.52 61.56 71.58 76.40 84.67 

Model-based 
approach 

MRF 30.14 37.39 42.57 51.97 96.10 98.01 98.69 98.68 45.89 54.13 59.48 68.08 

Fractal 31.11 47.52 54.22 67.85 99.55 99.81 99.92 100 47.41 64.39 70.30 80.84 

Auto-reg. 40.28 50.11 53.95 64.24 97.24 98.45 99.06 99.85 56.96 66.42 69.86 78.18 

Structural 

approach 
ACF 13.07 26.29 36.13 49.65 89.34 93.16 95.31 96.17 22.81 41.01 52.39 65.49 

Edge det.  29.04 55.57 53.99 56.54 85.32 86.54 91.14 94.64 43.33 67.68 67.81 70.79 

Morphology 42.94 54.40 58.59 66.38 91.10 97.70 97.33 98.24 58.37 69.88 73.15 79.23 
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Table 6.18. The results obtained using different approaches for documents with low-resolution from the 

MTDB dataset with City-block distance. 

  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 

approach 

(group A) 

GLCM 15.42 30.66 39.35 56.10 94.93 97.45 98.77 99.99 26.52 46.65 56.28 71.88 

GLRLM 18.90 33.76 41.16 54.81 96.89 98.32 98.11 98.14 31.63 50.26 57.99 70.33 

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

SDH 22.12 37.03 41.88 56.49 78.11 83.09 83.13 84.72 34.48 51.23 55.70 67.79 

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 

approach 

(group B) 

LBP 25.28 36.78 38.82 62.48 90.82 89.14 92.68 91.34 39.55 52.08 54.72 74.20 

LBP4,1 45.98 61.30 66.28 79.22 83.01 86.29 87.13 89.34 59.18 71.68 75.29 83.98 

LBP8,1 48.11 57.64 61.55 68.26 68.83 82.28 87.44 88.45 56.64 67.79 72.25 77.05 

LBP12,1.5 40.37 51.47 57.98 59.25 82.19 85.03 88.92 91.80 54.14 64.13 70.19 72.01 

LBP16,2 24.33 35.58 38.77 63.94 89.64 90.98 91.95 92.08 38.27 51.16 54.54 75.48 

F − LBP 40.31 51.98 58.04 60.23 80.26 82.81 86.18 90.69 53.67 63.87 69.37 72.39 

LBPCM                 9.66 20.07 27.57 42.98 100 100 100 100 17.62 33.44 43.22 60.12 

MBP 33.82 36.74 40.24 57.90 87.46 89.22 91.66 93.09 48.77 52.04 55.93 71.39 

ILBP 27.60 41.06 43.68 59.44 85.43 87.28 89.31 91.11 41.72 55.85 58.66 71.95 

LTP 44.00 61.01 65.24 66.23 79.45 80.48 81.02 83.43 56.64 69.41 72.28 73.84 

ILTP 49.21 59.52 66.91 74.41 66.83 67.09 69.85 77.52 56.68 63.07 68.35 75.93 

BGC1 25.86 36.88 42.86 55.17 84.50 85.45 89.60 90.45 39.60 51.52 57.98 68.54 

BGC2 27.34 35.32 38.41 63.87 86.03 84.04 92.45 93.78 41.49 49.74 54.28 75.99 

BGC3 25.79 34.41 42.76 56.79 89.09 90.04 91.42 93.50 40.00 49.79 58.27 70.67 

LQP 22.12 37.03 41.88 56.49 78.11 83.09 83.13 84.72 34.48 51.23 55.70 67.79 

3𝐷𝐿𝐵𝑃 23.94 39.75 42.33 48.59 84.51 86.09 88.50 89.98 37.31 54.39 57.27 63.10 

CLBP 30.80 45.38 39.56 70.69 88.11 90.12 93.61 94.08 45.64 60.37 55.62 80.72 

𝑇𝑆0                         26.64 36.65 37.60 47.90 85.09 85.54 86.16 87.02 40.57 51.31 52.36 61.79 

𝑇𝑆∆   25.04 42.62 45.86 54.21 89.50 90.31 91.88 92.02 39.13 57.91 61.18 68.23 

CSLBP 24.67 34.10 35.64 43.78 91.98 92.73 93.24 94.51 38.90 49.87 51.57 59.84 

D-LBP 25.11 34.27 37.94 60.69 92.44 93.28 93.29 94.51 39.49 50.13 53.94 73.91 

ID-LBP 32.09 64.65 70.89 72.96 84.18 85.64 86.80 89.54 46.46 73.68 78.04 80.40 

𝐵𝑇𝐶𝑆 15.44 28.11 36.77 51.38 91.12 90.79 96.80 97.15 26.40 42.92 53.29 67.21 

𝐶𝐵𝑃 23.29 36.09 42.86 61.96 85.20 93.88 94.54 95.11 36.58 52.14 58.98 75.03 

CS − TS 24.82 34.28 36.03 43.92 92.65 93.73 94.94 95.84 39.16 50.20 52.24 60.23 

𝐶𝐶𝑅 24.16 43.05 48.72 59.64 87.82 85.51 92.16 96.55 37.89 57.27 63.75 73.74 

GLBP 25.20 42.10 44.05 53.87 88.50 89.47 93.75 95.04 39.23 57.26 59.94 68.76 

GTUC 21.96 38.95 41.68 49.02 81.53 82.68 83.38 85.12 34.60 52.96 55.58 62.21 

MTS 23.65 37.43 39.33 50.52 85.81 91.74 93.25 94.63 37.08 53.17 55.32 65.88 

STS 24.52 39.28 41.81 53.34 87.19 89.51 91.36 92.37 38.27 54.60 57.37 67.63 

STU + 22.91 36.72 42.71 56.00 87.36 90.11 91.97 92.20 36.30 52.17 58.33 69.68 

STU × 22.95 37.08 42.47 54.41 93.59 96.35 98.30 99.48 36.86 53.55 59.31 70.35 

RT 24.00 37.92 40.29 60.61 90.10 90.85 92.25 95.95 37.90 53.51 56.08 74.29 

RTU 22.25 33.36 38.55 52.82 83.31 84.04 87.27 92.19 35.12 47.76 53.48 67.16 

Transform-

based 
approach 

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

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

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

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

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

Gist 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 

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 
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Table 6.19. The results obtained using different approaches for documents with low-resolution from the 

MTDB dataset with Cosine distance. 

  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 

approach 
(group A) 

GLCM 13.46 29.33 37.56 52.32 97.65 99.37 100 100 23.66 45.29 54.61 68.70 

GLRLM 17.55 30.92 37.22 51.34 100 100 100 100 29.85 47.23 54.25 67.85 

GLDM 18.81 31.33 38.67 53.08 82.79 93.50 98.18 99.83 30.66 46.94 55.49 69.31 

SDH 24.50 42.29 50.78 63.57 99.03 99.15 99.76 99.90 39.28 59.29 67.30 77.70 

GLTCS 16.36 23.57 30.36 44.40 83.63 94.93 98.72 99.61 27.36 37.76 46.44 61.43 

Statistical 

approach 
(group B) 

LBP 20.88 29.47 34.67 47.73 84.11 93.79 95.11 95.42 33.46 44.85 50.81 63.63 

LBP4,1 16.25 28.25 36.36 52.22 89.50 92.70 96.25 99.22 27.51 43.30 52.78 68.42 

LBP8,1 17.00 29.67 38.21 53.60 88.79 98.70 99.49 100 28.54 45.63 55.21 69.80 

LBP12,1.5 28.41 25.99 33.35 49.90 65.02 99.29 99.80 100 39.55 41.20 49.99 66.58 

LBP16,2 14.46 26.39 33.53 45.64 98.64 99.10 99.77 99.97 25.22 41.68 50.19 62.67 

F − LBP 19.59 29.91 37.73 48.64 93.13 95.09 99.05 99.58 32.37 45.51 54.64 65.36 

LBPCM 11.03 23.15 29.50 44.79 100 100 100 100 19.87 37.60 45.56 61.87 

MBP 20.43 28.67 35.49 46.91 84.92 92.22 95.59 98.16 32.94 43.74 51.76 63.48 

ILBP 27.57 29.65 36.95 49.54 69.28 91.46 97.97 97.95 39.44 44.78 53.66 65.80 

LTP 27.54 38.55 43.39 50.39 91.76 96.13 97.10 97.76 42.37 55.03 59.98 66.51 

ILTP 24.37 26.37 38.60 44.23 84.16 85.16 90.78 92.09 37.79 40.27 54.17 59.76 

BGC1 26.80 32.57 37.96 50.61 80.11 92.40 93.76 98.44 40.16 48.17 54.04 66.85 

BGC2 22.38 23.38 24.45 28.77 71.78 73.78 95.31 98.07 34.12 35.51 38.92 44.49 

BGC3 34.23 36.64 42.68 56.71 86.32 89.67 91.41 93.50 49.02 52.03 58.19 70.60 

LQP 24.40 41.72 50.51 61.53 99.95 99.35 99.98 100 39.22 58.77 67.11 76.19 

3𝐷𝐿𝐵𝑃 15.07 26.67 34.72 47.68 95.29 96.27 98.48 99.63 26.02 41.77 51.34 64.50 

CLBP 27.41 41.08 51.04 61.53 86.64 92.39 94.46 95.80 41.64 56.87 66.27 74.93 

𝑇𝑆0                         18.60 28.47 38.65 57.11 98.32 99.74 100 100 31.28 44.30 55.76 72.70 

𝑇𝑆∆   25.29 41.66 52.28 65.20 95.26 96.51 97.77 98.87 39.97 58.20 68.13 78.58 

CSLBP 20.22 31.92 42.93 60.36 92.99 95.24 96.79 98.69 33.22 47.82 59.48 74.91 

D-LBP 16.64 27.90 34.42 47.54 93.89 94.24 95.13 98.99 28.27 43.06 50.55 64.24 

ID-LBP 19.60 31.95 40.35 52.93 93.15 94.96 96.63 98.65 32.39 47.81 56.92 68.90 

𝐵𝑇𝐶𝑆 15.93 29.37 40.32 53.95 92.31 96.61 97.60 98.51 27.17 45.04 57.07 69.72 

𝐶𝐵𝑃 19.36 19.36 35.40 49.31 88.63 89.63 92.69 95.32 31.78 31.84 51.24 65.00 

CS − TS 19.38 31.55 42.59 59.99 96.14 96.96 97.40 98.75 32.26 47.61 59.26 74.64 

𝐶𝐶𝑅 20.28 22.28 33.49 39.82 92.32 94.32 96.87 98.00 33.26 36.05 49.77 56.63 

GLBP 22.76 24.76 36.71 44.82 93.88 93.88 94.70 96.16 36.64 39.19 52.91 61.14 

GTUC 25.58 46.56 57.37 58.37 94.81 95.56 96.19 97.88 40.30 62.62 71.87 73.13 

MTS 19.10 32.05 37.61 49.73 93.51 96.65 98.72 99.63 31.71 48.13 54.47 66.34 

STS 16.96 24.63 31.71 48.82 97.99 99.74 100 100 28.92 39.50 48.15 65.61 

STU + 23.31 34.56 42.69 55.38 91.33 92.67 95.08 98.08 37.14 50.35 58.93 70.79 

STU × 23.94 38.36 44.83 55.26 87.21 93.54 97.52 97.98 37.57 54.41 61.42 70.67 

RT 18.57 28.57 34.45 48.77 98.36 98.90 99.79 100 31.24 44.33 51.22 65.57 

RTU 18.61 28.79 33.71 47.10 99.12 99.91 99.99 100 31.33 44.70 50.42 64.04 

Transform-
based 

approach 

Wavelet 44.56 57.96 64.01 71.20 91.22 93.75 95.29 99.77 59.88 71.63 76.58 83.10 

Fourier 25.32 36.27 41.13 59.80 40.67 63.59 97.94 99.83 31.21 46.19 57.93 74.80 

Gabor 42.06 49.98 57.84 68.03 86.68 91.86 95.75 97.93 56.64 64.74 72.11 80.29 

Radon 33.02 42.62 52.07 65.33 62.38 93.56 95.10 98.59 43.19 58.56 67.29 78.58 

Contourlet 43.57 56.74 61.12 70.09 98.52 99.08 99.23 99.58 60.42 72.16 75.65 82.27 

Gist 46.15 60.54 67.33 75.86 98.10 98.67 98.95 99.49 62.77 75.04 80.14 86.08 

Model-based 

approach 
MRF 25.35 32.98 37.92 54.16 98.85 99.49 99.56 99.69 40.36 49.54 54.93 70.18 

Fractal 30.53 32.53 43.34 49.98 98.95 99.95 100 100 46.66 49.08 60.47 66.65 

Auto-reg. 44.20 57.75 62.48 68.19 98.18 98.70 99.38 100 60.96 72.87 76.72 81.08 

Structural 

approach 
ACF 25.37 39.85 44.76 50.49 92.82 96.56 97.86 98.66 39.85 56.41 61.43 66.79 

Edge det.  12.02 25.64 35.60 54.33 97.86 99.09 99.74 99.99 21.41 40.74 52.47 70.41 

Morphology 36.28 48.04 54.20 61.53 97.97 98.37 98.54 99.98 52.95 64.55 69.93 76.18 
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DIR results obtained from thumbnail resolution samples of the MTDB dataset using four 

distances are shown in Tables 6.20, 6.21, 6.22, and 6.23. Table 6.20 shows the experimental 

results with Tanimoto distance. In group A of the statistical approach, the GLTCS method at Top-

1 and the GLDM at other levels showed the highest performance in the group. In group B, 

standard LBP obtained the highest F-scores at Top-1in the group. By applying transform-based 

approaches on thumbnail size document images, the Contourlet method provided the highest F-

scores from Top-1 to Top-10. In model-based and structural-based approaches, the autoregressive 

and morphology methods performed well, similar to the results using high and low-resolution 

images for training.  

In Table 6.21, the SDH features provided the best retrieval results amongst the features in 

group A of the statistical approach. The LBP feature extraction method provided relatively high 

F-scores in group B of the statistical approach. The Contourlet feature extraction methods showed 

the best performances at Top-1 to Top-10 among the transform approaches. Moreover, fractal and 

morphology feature extractions could achieve the better DIR results amongst the methods of 

model-based and structural approaches with the Euclidean similarity measure. 

The DIR results obtained when the system was trained with thumbnail size samples of 

MTDB with City-block are presented in Table 6.22. In group A of the statistical approach, the 

SDH performed better compared to the other methods in the group. The ILBP method showed the 

highest F-score results at the Top-1, in group B. The Contourlet method from the transform-based 

approach provided the highest F-scores from Top-1 to Top-10. In the model-based and structural-

based approaches, the autoregressive and morphology methods performed well in their respective 

groups providing high F-scores compared to the other methods in their categories. 

The DIR results in Table 6.23 illustrate that in group A the DIR system with the SDH feature 

extraction method could obtain better F-scores compared to the other feature extraction methods 

in that category. In group B, the GLBP method provided better DIR results compared to other 

features in the group. For the transform-based features, the Contourlet method performed better 

at the levels. The autoregressive and morphology features, respectively from the model-based and 

structural approaches, performed well for all the resolutions. 
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Table 6.20. The results obtained using different approaches for documents with thumbnail resolution from 

the MTDB dataset with Tanimoto distance. 

  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 

approach 
(group A) 

GLCM 16.56 31.76 39.38 51.45 99.54 99.91 100 100 28.40 48.20 56.51 67.94 

GLRLM 13.58 26.92 37.01 52.40 100 100 100 100 23.91 42.41 54.03 68.77 

GLDM 39.94 51.92 61.87 72.89 84.35 85.35 89.91 85.36 54.21 64.56 73.30 78.64 

SDH 40.79 57.91 65.33 72.25 68.33 70.98 77.57 78.67 51.09 63.79 70.92 75.32 

GLTCS 42.06 53.03 61.35 72.50 78.89 75.20 82.72 80.64 54.87 62.20 70.45 76.36 

Statistical 

approach 
(group B) 

LBP 45.10 57.85 65.34 77.75 78.65 79.39 80.68 82.21 57.33 66.93 72.21 79.92 

LBP4,1 41.13 56.15 63.67 74.22 77.52 79.57 81.79 83.94 53.75 65.84 71.60 78.78 

LBP8,1 41.53 55.22 67.32 75.20 81.10 82.61 83.31 85.80 54.93 66.19 74.47 80.15 

LBP12,1.5 43.30 56.50 61.22 70.08 74.39 76.38 77.70 78.62 54.74 64.95 68.48 74.10 

LBP16,2 33.91 49.98 56.34 66.56 80.11 81.92 82.42 83.78 47.65 62.08 66.93 74.18 

F − LBP 45.69 60.96 65.86 76.82 73.72 74.10 76.17 80.95 56.42 66.89 70.64 78.83 

LBPCM 10.10 21.05 30.40 45.12 100 100 100 100 18.35 34.78 46.63 62.18 

MBP 41.33 56.59 63.05 72.45 65.12 68.16 69.43 73.17 50.57 61.84 66.08 72.81 

ILBP 44.01 56.79 67.96 78.52 73.84 74.55 76.28 79.06 55.15 64.47 71.88 78.79 

LTP 30.45 45.66 54.04 65.73 83.64 84.94 85.41 87.76 44.64 59.39 66.20 75.16 

ILTP 26.64 41.81 50.32 62.85 85.69 86.16 87.18 88.55 40.64 56.30 63.81 73.52 

BGC1 41.71 56.51 64.19 70.38 75.51 77.81 78.81 79.39 53.74 65.47 70.75 74.61 

BGC2 44.91 58.51 63.96 70.79 73.71 74.85 77.10 78.82 55.81 65.68 69.92 74.59 

BGC3 42.48 58.26 66.93 75.76 75.77 76.71 78.66 79.83 54.44 66.22 72.32 77.74 

LQP 42.94 58.94 67.15 75.65 74.99 75.89 77.36 79.91 54.61 66.35 71.89 77.72 

3𝐷𝐿𝐵𝑃 20.60 26.95 33.66 46.05 97.42 99.97 99.97 100 34.01 42.45 50.36 63.06 

CLBP 39.20 53.43 61.38 72.56 79.35 84.71 84.52 85.48 52.47 65.53 71.11 78.49 

𝑇𝑆0                         40.15 51.84 57.64 63.42 74.43 82.50 87.27 90.00 52.17 63.67 69.43 74.41 

𝑇𝑆∆   34.88 47.11 54.83 66.57 81.57 85.01 85.36 87.38 48.86 60.62 66.77 75.57 

CSLBP 17.34 35.67 47.40 62.92 85.95 86.40 87.76 89.97 28.86 50.50 61.56 74.05 

D-LBP 41.58 52.91 59.43 66.15 76.45 78.24 79.03 82.09 53.86 63.13 67.84 73.26 

ID-LBP 41.54 61.81 65.67 73.36 79.01 80.63 81.04 82.97 54.45 69.98 72.55 77.87 

𝐵𝑇𝐶𝑆 20.73 36.33 45.04 60.52 95.15 97.58 98.11 99.24 34.05 52.95 61.74 75.19 

𝐶𝐵𝑃 31.43 49.00 55.83 67.48 76.71 84.30 87.52 89.87 44.59 61.97 68.17 77.08 

CS − TS 23.88 44.40 51.75 66.32 82.34 83.83 87.00 88.43 37.02 58.05 64.90 75.80 

𝐶𝐶𝑅 15.84 32.67 39.29 54.80 92.49 96.45 97.56 98.25 27.05 48.81 56.02 70.35 

GLBP 50.34 54.76 63.83 75.92 57.85 70.68 72.34 87.22 53.84 61.71 67.82 81.18 

GTUC 29.25 41.27 53.76 66.97 76.14 78.60 80.06 87.43 42.27 54.12 64.33 75.84 

MTS 37.85 50.93 57.17 69.19 75.32 81.77 83.74 87.19 50.38 62.77 67.95 77.15 

STS 41.20 56.55 61.20 69.78 77.39 80.62 81.36 82.55 53.77 66.47 69.86 75.63 

STU + 23.57 41.05 50.17 67.24 82.86 83.82 85.66 87.63 36.70 55.11 63.28 76.09 

STU × 15.28 29.07 36.82 53.25 94.47 95.60 99.11 99.93 26.31 44.58 53.69 69.48 

RT 33.91 49.96 61.65 73.27 76.68 77.92 84.32 85.93 47.02 60.88 71.22 79.09 

RTU 37.62 54.98 61.40 70.33 76.39 79.58 81.25 83.07 50.41 65.03 69.94 76.17 

Transform-
based 

approach 

Wavelet 36.27 50.22 54.86 64.45 99.24 99.75 100 100 53.12 66.81 70.85 78.38 

Fourier 18.45 29.48 36.77 43.14 89.54 92.43 95.43 94.96 30.60 44.70 53.09 59.33 

Gabor 26.81 41.16 48.86 59.65 96.58 97.41 98.52 98.61 41.97 57.86 65.32 74.33 

Radon 25.27 41.10 50.12 61.91 93.29 95.79 97.82 98.82 39.77 57.52 66.28 76.13 

Contourlet 40.02 53.29 57.55 66.00 98.73 99.88 99.93 100 56.95 69.50 73.04 79.52 

Gist 42.45 50.84 53.75 57.25 78.92 88.72 89.56 94.15 55.21 64.64 67.18 71.20 

Model-based 

approach 
MRF 23.28 30.16 34.28 46.40 91.33 91.38 91.52 91.93 37.10 45.35 49.87 61.66 

Fractal 23.16 42.25 49.40 60.88 95.69 98.04 98.95 99.45 37.29 59.05 65.90 75.52 

Auto-reg. 35.90 47.91 52.14 57.39 98.38 99.10 99.80 99.94 52.60 64.59 68.49 72.91 

Structural 

approach 
ACF 12.59 26.75 32.31 41.18 85.98 92.07 94.63 91.27 21.97 41.45 48.17 56.76 

Edge det.  22.24 36.36 43.24 59.25 85.53 86.64 89.57 88.14 35.30 51.23 58.33 70.86 

Morphology 36.22 47.23 49.27 55.49 96.15 96.95 98.63 99.75 52.61 63.51 65.72 71.31 
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Table 6.21. The results obtained using different approaches for documents with thumbnail resolution from 

the MTDB dataset with Euclidean distance. 

  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 

approach 
(group A) 

GLCM 16.51 32.53 39.86 50.89 97.12 98.27 98.85 99.81 28.22 48.87 56.81 67.41 

GLRLM 13.71 26.98 37.51 53.25 100 100 100 100 24.11 42.49 54.55 69.49 

GLDM 39.95 52.09 62.01 69.92 86.87 87.87 88.11 89.36 54.73 65.41 72.79 78.45 

SDH 45.63 60.15 68.31 73.30 76.57 78.44 85.36 86.32 57.19 68.09 75.89 79.28 

GLTCS 41.37 53.44 62.89 72.75 78.27 81.12 85.51 87.77 54.13 64.43 72.48 79.56 

Statistical 

approach 
(group B) 

LBP 45.61 62.00 69.21 80.64 91.12 93.08 94.98 95.21 60.79 74.43 80.07 87.32 

LBP4,1 40.91 54.20 62.82 73.69 76.96 88.92 90.18 92.68 53.42 67.35 74.05 82.11 

LBP8,1 42.57 54.08 63.56 74.26 76.18 89.11 88.62 83.59 54.62 67.31 74.03 78.65 

LBP12,1.5 45.27 57.87 61.69 71.26 80.47 81.35 83.84 84.53 57.94 67.63 71.08 77.33 

LBP16,2 31.80 51.57 50.60 66.06 80.20 81.80 85.43 91.29 45.54 63.26 63.56 76.65 

F − LBP 45.73 62.29 67.72 77.89 69.80 79.40 80.85 81.61 55.26 69.81 73.71 79.71 

LBPCM 10.09 21.06 30.41 45.12 100 100 100 100 18.34 34.79 46.64 62.18 

MBP 39.43 57.04 63.82 72.53 78.03 83.91 86.71 85.24 52.39 67.92 73.52 78.37 

ILBP 42.84 57.02 63.17 77.70 73.40 79.07 81.96 82.67 54.10 66.26 71.35 80.11 

LTP 30.06 45.51 54.10 65.39 91.27 92.17 92.14 92.79 45.22 60.93 68.17 76.72 

ILTP 26.56 41.67 49.73 62.49 90.04 91.06 92.21 93.50 41.02 57.17 64.61 74.91 

BGC1 41.01 54.28 64.09 71.06 75.24 76.50 78.31 80.83 53.09 63.50 70.49 75.63 

BGC2 44.56 58.43 61.78 72.13 69.57 73.27 77.56 79.84 54.32 65.01 68.77 75.79 

BGC3 42.78 58.78 67.15 75.54 74.99 75.89 76.36 79.91 54.48 66.25 71.46 77.66 

LQP 42.64 59.31 66.87 76.67 71.01 80.09 81.43 82.94 53.28 68.16 73.43 79.68 

3𝐷𝐿𝐵𝑃 20.87 30.12 31.48 50.21 93.96 99.97 100 100 34.16 46.29 47.88 66.85 

CLBP 39.49 53.41 60.63 72.23 91.31 92.41 92.64 93.22 55.14 67.70 73.29 81.39 

𝑇𝑆0                         48.96 55.75 60.30 67.29 80.63 82.63 86.90 87.23 60.93 66.58 71.19 75.97 

𝑇𝑆∆   34.38 46.97 54.27 66.96 88.93 90.01 91.77 93.12 49.58 61.73 68.21 77.90 

CSLBP 17.24 35.75 47.46 63.22 82.91 90.24 92.44 93.29 28.54 51.21 62.72 75.36 

D-LBP 42.86 53.12 58.17 65.81 80.15 81.11 82.42 83.13 55.85 64.19 68.20 73.47 

ID-LBP 32.72 62.23 55.66 64.55 81.22 83.64 86.37 88.75 46.65 71.37 67.70 74.74 

𝐵𝑇𝐶𝑆 20.56 36.06 44.47 61.14 99.66 100 100 100 34.09 53.00 61.57 75.88 

𝐶𝐵𝑃 30.80 49.06 54.89 67.08 91.43 92.25 92.31 89.61 46.08 64.06 68.84 76.72 

CS − TS 23.42 43.89 51.40 65.72 90.17 92.38 92.43 93.45 37.18 59.51 66.06 77.17 

𝐶𝐶𝑅 16.64 31.53 38.02 55.04 94.11 95.70 99.52 100 28.28 47.43 55.02 71.00 

GLBP 46.47 52.44 58.61 75.91 69.19 85.63 88.57 85.22 55.60 65.05 70.54 80.30 

GTUC 29.25 40.93 50.88 67.71 90.97 92.33 93.40 94.43 44.27 56.72 65.88 78.87 

MTS 40.75 46.80 52.45 67.96 79.40 80.17 85.94 88.73 53.86 59.10 65.15 76.97 

STS 40.13 55.62 61.36 69.03 80.26 81.08 83.84 84.86 53.50 65.98 70.86 76.13 

STU + 23.55 40.55 50.24 66.65 89.98 90.29 91.89 92.55 37.33 55.96 64.96 77.49 

STU × 15.65 28.61 37.01 53.21 100 100 100 100 27.06 44.49 54.03 69.46 

RT 34.22 49.70 60.41 72.70 72.75 76.21 81.82 82.04 46.55 60.17 69.51 77.09 

RTU 38.45 55.01 61.93 70.47 67.26 70.06 79.58 84.74 48.93 61.63 69.65 76.95 

Transform-
based 

approach 

Wavelet 29.89 42.92 49.15 57.76 89.89 96.90 97.69 99.04 44.86 59.49 65.40 72.97 

Fourier 19.10 31.20 37.30 43.44 93.77 94.82 95.06 96.15 31.74 46.95 53.57 59.84 

Gabor 29.08 43.20 50.07 59.57 97.28 98.41 99.01 99.82 44.78 60.04 66.50 74.62 

Radon 26.19 42.03 51.05 62.59 99.65 100 100 100 41.47 59.18 67.60 76.99 

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

Gist 35.61 46.16 52.75 61.92 97.28 98.71 99.08 99.74 52.14 62.91 68.84 76.41 

Model-based 

approach 
MRF 19.09 28.95 33.36 58.70 95.40 98.46 99.85 99.89 31.82 44.75 50.01 73.95 

Fractal 26.43 46.86 51.09 59.36 83.30 94.71 97.52 98.87 40.13 62.70 67.05 74.19 

Auto-reg. 29.30 40.78 46.55 55.69 85.84 94.23 96.51 98.54 43.68 56.93 62.80 71.16 

Structural 

approach 
ACF 12.84 28.06 33.83 43.66 93.55 94.99 95.90 96.03 22.58 43.32 50.02 60.03 

Edge det.  22.25 36.39 43.50 59.44 88.42 91.08 91.80 90.84 35.55 52.00 59.03 71.86 

Morphology 27.26 41.25 47.48 55.83 97.94 98.99 99.70 100 42.64 58.24 64.32 71.66 
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Table 6.22. The results obtained using different approaches for documents with thumbnail resolution from 

the MTDB dataset with City-block distance. 

  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 

approach 

(group A) 

GLCM 18.19 32.72 38.33 50.85 89.71 94.29 97.90 99.00 30.25 48.58 55.09 67.19 

GLRLM 13.52 26.06 36.51 52.80 100 100 100 100 23.82 41.34 53.49 69.11 

GLDM 43.37 54.97 63.23 71.96 89.74 91.00 92.25 93.26 58.47 68.53 75.03 81.24 

SDH 53.42 68.21 74.84 79.90 70.93 72.90 77.48 84.89 60.94 70.48 76.14 82.32 

GLTCS 42.00 56.54 65.87 75.25 90.91 91.04 91.87 92.38 57.46 69.76 76.73 82.94 

Statistical 

approach 

(group B) 

LBP 49.75 66.77 70.76 81.68 79.48 82.57 85.47 88.87 61.20 73.83 77.42 85.13 

LBP4,1 40.69 57.16 64.91 74.55 91.14 91.88 92.31 92.56 56.26 70.48 76.22 82.59 

LBP8,1 46.83 60.08 67.50 78.00 89.64 91.11 92.43 93.32 61.52 72.41 78.02 84.98 

LBP12,1.5 49.30 60.46 66.94 73.06 85.59 89.46 92.19 91.91 62.57 72.16 77.56 81.40 

LBP16,2 41.37 63.87 59.26 69.84 82.37 84.17 87.82 90.93 55.07 72.63 70.77 79.00 

F − LBP 46.89 62.83 69.70 80.57 90.48 91.85 92.31 93.40 61.77 74.62 79.43 86.51 

LBPCM                 10.08 21.37 30.13 45.09 100 100 100 100 18.31 35.21 46.30 62.16 

MBP 47.00 59.33 66.40 75.76 85.15 86.18 88.36 89.45 60.57 70.28 75.82 82.04 

ILBP 52.96 65.75 73.34 81.69 82.15 83.45 84.69 86.15 64.40 73.55 78.61 83.86 

LTP 36.14 51.59 59.37 70.47 81.93 82.81 83.20 84.72 50.16 63.57 69.30 76.94 

ILTP 33.36 51.20 58.22 68.51 83.18 84.22 85.31 91.99 47.62 63.68 69.21 78.53 

BGC1 47.51 60.10 65.68 75.64 87.28 88.96 89.61 90.17 61.53 71.73 75.80 82.27 

BGC2 49.30 62.39 68.64 76.40 87.05 88.50 89.83 90.47 62.95 73.19 77.82 82.84 

BGC3 42.83 59.39 67.13 76.76 77.01 80.09 81.43 82.94 55.05 68.21 73.59 79.73 

LQP 46.40 63.46 69.38 78.82 84.54 86.82 88.70 89.55 59.91 73.33 77.86 83.84 

3𝐷𝐿𝐵𝑃 43.10 55.99 64.58 71.54 87.12 89.33 91.07 99.77 57.67 68.84 75.57 83.33 

CLBP 47.44 61.86 70.06 78.30 82.01 84.77 87.26 88.88 60.11 71.53 77.72 83.25 

𝑇𝑆0                         38.62 55.67 59.67 73.61 66.09 69.57 77.91 87.08 48.75 61.85 67.58 79.78 

𝑇𝑆∆   44.38 55.98 59.79 68.98 81.01 83.07 83.45 84.74 57.35 66.89 69.67 76.05 

CSLBP 19.18 37.92 47.95 64.15 81.96 82.17 84.77 87.05 31.09 51.89 61.25 73.87 

D-LBP 43.24 53.05 60.46 68.36 90.61 90.95 91.17 91.91 58.55 67.01 72.71 78.40 

ID-LBP 47.29 61.80 68.18 77.34 77.89 82.53 86.46 87.04 58.85 70.68 76.24 81.90 

𝐵𝑇𝐶𝑆 21.33 35.84 43.82 58.59 98.09 98.49 99.45 99.61 35.04 52.56 60.84 73.78 

𝐶𝐵𝑃 41.39 53.95 61.28 77.46 80.90 81.78 81.14 81.43 54.76 65.01 69.83 79.40 

CS − TS 36.20 50.16 57.82 69.88 84.66 85.33 85.84 85.13 50.72 63.18 69.10 76.76 

𝐶𝐶𝑅 19.98 40.04 51.01 62.12 98.49 98.95 99.42 100 33.22 57.01 67.43 76.63 

GLBP 54.90 66.22 71.05 75.65 77.57 86.44 87.90 89.62 64.30 74.99 78.58 82.05 

GTUC 34.52 47.99 59.01 71.24 85.91 86.32 87.60 89.26 49.25 61.68 70.51 79.24 

MTS 39.69 52.79 59.19 71.11 75.63 85.81 89.01 92.11 52.06 65.37 71.10 80.26 

STS 45.00 58.75 64.04 70.77 89.70 90.19 91.82 92.47 59.93 71.15 75.45 80.18 

STU + 30.78 45.12 55.27 70.65 75.07 83.22 84.28 85.24 43.66 58.52 66.76 77.26 

STU × 17.38 31.10 41.02 57.75 99.19 99.78 99.98 100 29.57 47.42 58.17 73.22 

RT 34.24 52.24 60.86 71.21 87.95 90.30 91.98 92.29 49.29 66.19 73.25 80.39 

RTU 38.36 54.65 61.11 72.18 85.67 86.69 89.71 90.71 52.99 67.04 72.70 80.39 

Transform-

based 
approach 

Wavelet 32.53 45.31 52.08 61.68 94.77 95.66 97.23 99.53 48.43 61.49 67.83 76.16 

Fourier 26.71 37.12 41.76 48.58 79.73 85.18 91.95 95.30 40.01 51.71 57.43 64.36 

Gabor 34.53 48.64 54.86 62.29 95.13 96.65 98.13 98.90 50.67 64.71 70.37 76.43 

Radon 25.96 41.84 49.96 61.70 99.54 99.78 100 100 41.18 58.95 66.63 76.31 

Contourlet 49.33 61.96 66.63 73.01 74.60 90.58 92.80 96.80 59.39 73.58 77.57 83.24 

Gist 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 

approach 

ACF 13.18 28.09 33.77 43.91 92.70 93.83 95.04 96.00 23.08 43.24 49.84 60.25 

Edge det.  22.53 35.72 43.65 59.20 88.33 89.31 90.54 91.86 35.90 51.03 58.91 72.00 

Morphology 29.16 42.95 48.91 55.80 99.97 100 100 100 45.16 60.09 65.69 71.63 
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Table 6.23. The results obtained using different approaches for documents with thumbnail resolution from 

the MTDB dataset with Cosine distance. 

  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 
approach 

(group A) 

GLCM 16.32 32.28 40.89 52.27 99.99 100 100 100 28.06 48.80 58.04 68.65 

GLRLM 14.56 28.96 37.79 51.35 97.94 98.12 98.85 99.62 25.35 44.72 54.68 67.76 

GLDM 23.65 31.43 39.56 57.43 90.10 98.47 99.98 100 37.46 47.66 56.69 72.96 

SDH 24.77 42.33 51.14 62.44 97.55 100 100 100 39.51 59.48 67.67 76.88 

GLTCS 15.32 23.61 30.61 44.90 93.09 97.81 99.17 99.81 26.31 38.04 46.78 61.94 

Statistical 

approach 

(group B) 

LBP 21.57 32.31 38.40 49.13 90.10 92.98 96.18 98.94 34.81 47.95 54.88 65.66 

LBP4,1 17.23 30.06 38.62 51.65 99.54 99.90 100 100 29.37 46.21 55.72 68.12 

LBP8,1 18.99 29.95 36.60 49.88 93.50 98.74 99.88 100 31.56 45.96 53.57 66.56 

LBP12,1.5 18.49 28.20 33.62 43.39 99.95 100 100 100 31.21 43.99 50.32 60.52 

LBP16,2 14.46 26.39 33.53 45.64 98.64 99.30 99.77 99.97 25.22 41.70 50.19 62.67 

F − LBP 19.48 31.44 40.56 50.33 92.26 99.58 99.89 99.99 32.16 47.79 57.70 66.96 

LBPCM                 11.27 25.46 33.27 47.25 100 100 100 100 20.26 40.58 49.93 64.18 

MBP 18.42 29.51 36.55 47.22 91.92 96.97 99.18 99.99 30.68 45.25 53.42 64.14 

ILBP 17.83 29.16 35.96 47.91 97.85 99.13 99.86 99.97 30.16 45.07 52.88 64.78 

LTP 20.12 32.18 38.81 52.74 98.07 99.96 100 100 33.40 48.69 55.92 69.06 

ILTP 17.10 17.10 31.90 39.61 98.10 99.10 99.86 99.98 29.12 29.16 48.35 56.74 

BGC1 17.86 29.16 35.98 47.89 97.44 98.48 99.09 99.99 30.19 44.99 52.80 64.76 

BGC2 18.35 19.35 29.86 36.50 95.34 97.34 99.30 99.83 30.78 32.28 45.91 53.46 

BGC3 21.35 30.31 36.35 46.81 84.36 95.70 99.41 99.82 34.08 46.04 53.23 63.73 

LQP 17.59 30.03 37.69 47.69 98.12 98.97 99.09 99.83 29.84 46.08 54.61 64.55 

3𝐷𝐿𝐵𝑃 16.56 31.55 40.22 54.29 99.35 99.79 100 100 28.39 47.94 57.37 70.37 

CLBP 17.55 25.18 33.35 54.87 97.89 98.93 99.96 99.99 29.76 40.14 50.02 70.86 

𝑇𝑆0                         21.60 29.56 33.01 43.17 93.01 96.36 99.68 100 35.05 45.25 49.60 60.30 

𝑇𝑆∆   19.09 27.26 34.18 47.99 98.68 99.21 99.92 99.94 31.99 42.77 50.94 64.84 

CSLBP 11.70 23.51 31.09 48.22 97.39 98.83 99.20 99.67 20.89 37.98 47.34 64.99 

D-LBP 25.95 27.26 31.12 42.45 78.57 97.75 99.62 100 39.01 42.63 47.42 59.60 

ID-LBP 19.60 31.95 40.35 52.93 93.15 94.96 96.63 98.65 32.39 47.81 56.92 68.90 

𝐵𝑇𝐶𝑆 21.54 36.51 46.36 60.34 97.93 100 100 100 35.32 53.49 63.35 75.27 

𝐶𝐵𝑃 21.71 27.71 36.95 43.88 98.87 98.87 99.85 99.97 35.60 43.29 53.94 60.99 

CS − TS 18.16 31.84 41.98 56.57 98.95 99.98 100 100 30.69 48.30 59.13 72.26 

𝐶𝐶𝑅 19.04 29.04 36.29 43.86 100 100 100 100 31.98 45.00 53.26 60.97 

GLBP 54.90 66.22 71.05 75.65 77.57 86.44 87.90 89.62 64.30 74.99 78.58 82.05 

GTUC 17.28 28.63 35.87 49.81 98.90 99.98 100 100 29.42 44.51 52.80 66.50 

MTS 16.25 28.60 34.75 46.54 97.99 99.75 100 100 27.88 44.45 51.57 63.51 

STS 17.47 30.26 35.69 48.44 99.96 100 100 100 29.75 46.46 52.61 65.26 

STU + 15.18 28.27 35.95 49.15 98.89 99.29 99.99 100 26.32 44.00 52.89 65.91 

STU × 15.76 30.43 38.66 50.65 98.88 99.77 99.98 100 27.18 46.63 55.76 67.25 

RT 15.96 29.18 38.53 51.12 98.13 100 100 100 27.46 45.18 55.62 67.65 

RTU 17.90 30.59 37.95 49.82 98.91 99.78 99.98 100 30.31 46.82 55.02 66.50 

Transform-

based 

approach 

Wavelet 46.97 53.18 53.59 59.46 62.33 79.90 86.15 89.12 53.57 63.86 66.07 71.33 

Fourier 25.28 31.25 41.50 57.26 69.97 98.53 99.68 99.69 37.14 47.45 58.61 72.74 

Gabor 23.63 39.11 46.30 60.35 97.00 98.64 99.39 99.74 38.00 56.01 63.17 75.20 

Radon 22.48 34.95 41.86 50.39 98.74 100 100 100 36.62 51.79 59.01 67.02 

Contourlet 41.19 53.48 55.68 60.93 80.01 93.78 94.45 98.77 54.38 68.12 70.06 75.37 

Gist 39.94 51.38 53.91 57.54 84.87 95.40 97.50 99.67 54.32 66.79 69.43 72.96 

Model-based 
approach 

MRF 19.09 42.64 43.61 45.60 98.04 95.66 99.25 99.60 31.96 58.98 60.60 62.56 

Fractal 20.55 21.58 35.90 47.41 98.24 99.17 99.72 99.98 33.98 35.44 52.79 64.32 

Auto-reg. 42.80 49.55 50.04 57.67 57.00 79.64 85.51 93.79 48.89 61.10 63.14 71.42 

Structural 
approach 

ACF 24.83 29.04 35.20 48.11 75.00 79.50 84.89 89.71 37.31 42.54 49.77 62.63 

Edge det.  13.83 26.70 35.14 50.52 99.98 100 100 100 24.30 42.14 52.00 67.13 

Morphology 36.43 48.30 52.34 58.96 77.81 88.39 91.87 98.88 49.63 62.46 66.69 73.87 
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To summarise the results and discussion on the impact of different resolutions on DIR, the 

retrieval results obtained (F-scores at Top-1) are presented in the box plots with different training 

resolutions and four similarity measures in Figure 6.3. There was no consistency in the obtained 

results when the system was trained by high-resolution, low-resolution, and thumbnail size 

document images. Nevertheless, the overall obtained results with Tanimoto distance in Figure 6.3 

(a), illustrated that training the system using high-resolution document images provided higher 

mean and quartile F-scores compared to the low-resolution and thumbnail size samples. Contrary 

to our expectations, training the DIR system using low-resolution document images demonstrated 

a higher mean and quartile compared to the results obtained from the system trained using high-

resolution document images with Euclidean and City-block similarity measures (Figure 6.3 (b, 

c)). 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. The overall obtained results with Cosine distance proved that 

three resolutions provided mean and quartile F-scores that were slightly close to each other. Thus, 

it can be asserted that Cosine distance is not sensitive to the resolution of document images on 

texture-based features for DIR, in spite of other similarity measures that have a direct impact on 

texture-based features for DIR.  

 

          

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

Figure 6.3. Comparison of the F-scores obtained at Top-1 for DIR using different document image 

resolutions of the MTDB with four similarity measures: (a) Tanimoto, (b) Euclidean, (c) City-block, and 

(d) Cosine distance. 

6.3. Comparing the DIR results obtained from the proposed F-LBP 

feature extraction method and various LBP-based features  

The percentages of correct document image retrieval results obtained from the proposed F-

LBP method [168] and the state-of-the-art LBP based feature extraction methods on three datasets 

of document images are presented in Table 6.24. From the results shown in Table 6.24, it can be 

noted that the proposed F-LBP feature extraction method at some levels provided better document 

image retrieval results compared to the other LBP family methods on both MTDB and ITESOFT 

datasets. The proposed F-LBP feature extraction method could provide DIR F-scores very close 

to, but lower than the other LBP-based methods on the CLEF_IP dataset.  

It is worth mentioning that the improvement in DIR results based on the proposed F-LBP 

feature extraction method was achieved using a smaller number of features, as well as by reducing 

computing time compared to all the other LBP-based feature extraction methods, with the 

exception of the 𝐿𝐵𝑃4,1 (refer to Table 6.25). In the 𝐿𝐵𝑃4,1 method, features are extracted from 

only four pixels around the centre pixels, but in the F-LBP, information in relation to all eight 

directions from the centre point was considered for feature extraction. So, richer texture feature 

information could be captured from the F-LBP compared to the other LBP variations that use 4 

or 8 directions with one-pixel radius around centre pixels.  
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Table 6.24. The obtained retrieval F-scores from the proposed F-LBP feature extraction method, and 

various LBP-based features in the literature on three datasets. 

  MTDB ITESOFT CLEF_IP 

Distance 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 

(%) 

Tanimoto LBP 63.58 75.31 77.43 84.68 67.45 83.84 88.94 91.42 - - - - 

LBP4,1 58.20 69.90 74.46 79.98 61.23 76.72 83.14 90.45 - - - - 

LBP8,1 62.17 73.34 77.58 82.85 60.15 76.79 83.81 91.71 - - - - 

LBP12,1.5 61.41 71.65 76.30 83.17 60.46 73.68 80.62 87.58 - - - - 

LBP16,2 57.59 69.39 75.15 81.56 59.48 73.70 79.79 87.61 - - - - 

F-LBP 64.27 73.56 77.98 82.98 64.84 77.64 82.31 88.68 - - - - 

Euclidean LBP 62.83 74.03 78.87 84.51 68.93 82.21 86.74 91.02 - - - - 

LBP4,1 57.24 69.54 74.25 79.76 61.89 77.05 83.25 90.66 - - - - 

LBP8,1 61.85 73.39 77.21 82.98 59.98 76.77 83.94 91.66 - - - - 

LBP12,1.5 61.03 71.50 76.21 83.09 60.61 73.56 80.57 87.68 - - - - 

LBP16,2 57.43 69.57 75.21 80.83 59.77 74.00 79.60 87.34 - - - - 

F-LBP 63.77 73.37 77.21 82.80 62.65 77.34 82.73 90.04 - - - - 

City-block LBP 67.66 79.52 82.25 86.36 68.90 80.86 88.53 93.93 - - - - 

LBP4,1 59.37 71.58 75.48 81.34 65.85 80.79 85.70 91.59 - - - - 

LBP8,1 65.76 76.84 81.20 85.71 62.94 81.14 88.83 94.89 - - - - 

LBP12,1.5 63.13 74.75 79.13 82.39 63.51 79.82 83.79 86.50 - - - - 

LBP16,2 65.56 77.34 80.76 83.13 67.63 78.99 84.10 89.90 - - - - 

F-LBP 62.65 74.22 78.85 83.62 65.12 81.87 85.60 90.54 - - - - 

Cosine LBP 62.07 72.49 77.13 84.11 65.81 81.74 84.43 88.85 - - - - 

LBP4,1 52.25 67.25 72.63 80.19 60.12 74.90 80.66 87.91 - - - - 

LBP8,1 60.90 69.17 74.29 81.37 61.37 75.91 81.34 87.40 - - - - 

LBP12,1.5 57.69 72.19 77.14 83.51 61.71 78.92 85.38 89.27 - - - - 

LBP16,2 57.90 69.32 74.13 79.70 63.91 77.83 81.62 89.34 - - - - 

F-LBP 63.11 74.28 79.23 83.94 62.84 76.35 81.86 89.46 - - - - 

LSH LBP - - - - - - - - 73.20 85.64 89.91 93.99 

LBP4,1 - - - - - - - - 66.00 82.42 87.73 92.84 

LBP8,1 - - - - - - - - 68.27 84.01 88.90 93.59 

LBP12,1.5 - - - - - - - - 74.23 85.80 89.79 94.11 

LBP16,2 - - - - - - - - 75.67 86.07 89.54 93.50 

F-LBP - - - - - - - - 68.34 83.95 88.83 93.51 

The proposed F-LBP method is most beneficial for extracting features from large document 

image sizes (Table 6.12-15), as it is fast and can extract information from all eight directions with 

respect to the centre point of every block sampled from an image. The computing time in the 

proposed F-LBP can be further reduced by using parallel programming, as the first and second 

components of the F-LBP can be developed using parallel implementation. This finding has 

important implications for developing a more efficient system for the collection of large size 

images. 
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6.4. Comparison of the time complexity of texture-based feature 

extraction methods applied for DIR 

Table 6.25. The results regarding number of extracted features and time complexity for extracting the 

features from a high-resolution document image of the MTDB. 

Category Method No. Feature Time complexity 

Statistical 
approach 

(group A) 

GLCM 4 1.4540 

GLRLM 7 0.5251 

GLDM 1024 0.9589 

SDH 4088 2.0581 

GLTCS 24 1.4949 

Statistical 
approach (group 

B) 

LBP 256 0.9882 

LBP4,1 15 0.6946 

LBP8,1 59 1.5323 

LBP12,1.5 135 3.3937 

LBP16,2 243 5.0382 

F − LBP 30 0.7632 

LBPCM  11 1.9561 

MBP 511 1.7615 

ILBP 511 1.0471 

LTP 512 1.4830 

ILTP 1024 2.1140 

BGC1 255 0.9470 

BGC2 225 1.2762 

BGC3 255 1.0995 

LQP 1024 1.6125 

3𝐷𝐿𝐵𝑃 1024 3.2215 

CLBP 256 0.8357 

𝑇𝑆0                         6561 1.2831 

𝑇𝑆∆   6561 1.1993 

CSLBP 16 0.4051 

D-LBP 16 0.5607 

ID-LBP 16 0.4788 

𝐵𝑇𝐶𝑆 16 0.5251 

𝐶𝐵𝑃 32 0.7354 

CS − TS 81 0.5811 

𝐶𝐶𝑅 512 1.0371 

GLBP 256 0.8525 

GTUC 4374 1.2506 

MTS 16 0.3907 

STS 81 0.6922 

STU + 81 0.5149 

STU × 81 0.5792 

RT 9 0.4286 

RTU 45 0.5467 

Transform-based 
approach 

Wavelet 149 0.6823 

Fourier 50 0.7296 

Gabor 120 0.3758 

Radon 581 0.2812 

Contourlet 258 0.0537 

Gist 512 0.5611 

Model-based 

approach 

MRF 12600 0.0946 

Fractal 18 0.0900 

Auto. reg 90 0.0092 

Structural 

approach 

ACF 50 1.6032 

Edge det.  4 1.1239 

Morphology 90 0.0404 
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The number of extracted features and time complexity of each texture-based feature 

extraction method discussed in this thesis are obtained from a high-resolution document image of 

the MTDB dataset. The number of features and time complexity were calculated for each feature 

extraction method, and these are presented in Table 6.25. 

From Table 6.25, it is apparent that the GLRLM is the fastest algorithm in terms of 

computing time in group A of statistical 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 group B of the statistical approach, the MTS method is the fastest method for feature 

extraction compared to the other methods in that group. However, the RT method with only 9 

features needs the smallest memory space for keeping the features. In the transform-based 

category, Contourlet feature extraction is the fastest method among all the methods. In contrast, 

extracting features using Fourier transform takes more computing time compared to other 

transform-based techniques, with the smallest memory space. In the same way, the autoregressive, 

and morphology methods are the fastest feature extraction methods among the model-based and 

structural approaches, respectively. However, the fractal and edge detection methods need smaller 

memory space for retaining the features. 

The results of this study indicate that autoregressive and morphology features were efficient 

and effective methods in the cases of time complexity and memory consumption. It should also 

be noted that they were comparably effective in terms of the retrieval results. 

6.5. Comparative analysis of the DIR results  

Comparing the experimental results (Table 6.10) of the different texture-based features on 

three datasets revealed that transform-based methods are more suitable for DIR compared to the 

other categories. In this research therefore, according to the outcomes attained from the discussed 

literature methods, the highest document retrieval F-scores achieved from the Gist descriptor 

(which belongs to the transform-based approach), using City-block distance, were chosen for a 

fair comparison with the best-proposed DIR method (fifth). To achieve a solid comparison of the 

selected methods (the best method in the literature and the best from the proposed method), the 

results obtained from three datasets were compared, as sequentially demonstrated in Figure 6.3. 
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(a) 

 

(b) 

 

(c) 

Figure 6.4. Comparison of the retrieval F-score of state-of-the-art methods with the best proposed DIR 

method in this research on (a) MTDB, (b) ITESOFT dataset, and (c) CLEF_IP dataset. 

Top-1 Top-3 Top-5 Top-10

Gist descriptor 74.37 81.74 84.37 88.21

Fifth proposed method 79.28 86.18 88.66 91.73

50

60

70

80

90

100

F-
sc

o
re

Top-1 Top-3 Top-5 Top-10

Gist descriptor 85.35 92.14 93.37 95.53

Fifth proposed method 91.1 94.81 96.16 97.68

50

60

70

80

90

100

F-
sc

o
re

Top-1 Top-3 Top-5 Top-10

Gist descriptor 80.87 91.13 93.93 96.5

Fifth proposed method 82.32 92.7 95.36 98.9

50

60

70

80

90

100

F-
sc

o
re



Chapter 6. Comparative Analysis of Results 

 

132 | P a g e  
 

From Figure 6.4, it is clear that the proposed methods were superior to the best methods in 

the literature, considering all three datasets used for experiments. 

 Considering the MTDB, the Gist descriptor from the literature methods and the fifth 

proposed method were compared, and the results are illustrated in Figure 6.4 (a). In the fifth 

proposed method, visual saliency map was considered to extract valuable features from the 

document images. Document image retrieval F-scores by the proposed method could increase 

more than 4% from Top-1 to Top-10 compared to the Gist transform-based DIR method.  

The performance of Gist descriptor from the literature and the fifth proposed method was 

also compared considering the ITESOFT dataset for experiments, and the results are shown in 

Figure 6.4 (b). These results revealed that the proposed (fifth) method performed approximately 

4% better in Top-1 compared to the DIR method using the Gist descriptor, which proved to be 

the best method in the literature when applied on the ITESOFT dataset.  

The best retrieval results obtained from the CLEF_IP dataset when considering the DIR 

method based on the Gist descriptor and the fifth proposed method are compared in Figure 6.4 

(c). From Figure 6.4 (c), it can be noted that the document image retrieval results obtained from 

the fifth proposed method increased by approximately 2% compared to the Gist descriptor. 

6.6. Summary  

The purpose of this chapter was to compare the effectiveness of different texture-based 

features for document image retrieval. Moreover, several noteworthy contributions in relation to 

the use of texture-based methods for document image retrieval were discussed in this chapter.  

The direct impact of the resolution on texture-based features, using different similarity 

distances was evidenced. The effectiveness of the proposed F-LBP method was compared to the 

variety of LBP-based feature extraction methods in regard to performance, time complexity, and 

memory usage. By considering the performance, time complexity, and memory usage of different 

texture-based methods on three datasets, the best category of texture features for obtaining the 

best retrieval results was discussed. The effectiveness of the transform-based category over other 

categories in regard to obtaining higher retrieval F-scores was proven. By considering the F-score, 

time complexity and memory usage factors, the effectiveness of autoregressive, and morphology 

features was also notable for document image analysis. Towards the end of the chapter, the 

performance of our proposed methods and the uppermost literature results were later compared. 

Our proposed methods demonstrated higher performances compared to the best methods in the 

literature on three datasets.
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CHAPTER 7 

7-CONCLUSIONS AND FUTURE RESEARCH 

Throughout this thesis, several methods have been employed and a number of studies have 

been conducted to investigate the usefulness and effectiveness of texture-based features for DIR. 

The effectiveness of more than fifty texture-based features with a focus on DIR has been 

compared. In addition, some new texture-based feature extraction methods and five DIR systems 

using the new texture-based feature extraction methods were proposed to improve document 

image retrieval F-score. This chapter summarises the work presented in this thesis by revisiting 

contributions, strengths, and weaknesses. Finally, an overview of the future research possibilities 

in the area of DIR is provided. 

7.1. Summary of contributions 

This thesis has made a number of contributions towards the comparative analysis of the 

effectiveness of different texture-based features for the purpose of DIR. Comparison of the 

impacts of four different texture-based feature categories - statistical, transform-based, model-

based, and structural features - on DIR was also attempted. Different characteristics of the 50 

texture-based feature extraction methods for document image retrieval were examined in this 

thesis. By considering the performance, time complexity, and memory usage of each texture-

based method, the preferred method for obtaining the best retrieval results in each group was 

determined. The effectiveness of the transform-based category over the other categories in regard 

to obtaining higher retrieval results on three datasets - MTDB, ITESOFT, and CLEF_IP - was 

proven. Within the transform-based approach, the highest results were attained by the Gist feature 

extraction methods. The other significant findings to emerge from this study are that according to 

the F-score percentage, time complexity, and memory usage, the autoregressive and morphology 

features from the model-based and structural approaches performed comparatively well on all 

three datasets.  
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Document image retrieval using City-block distance provided better retrieval results 

compared to Tanimoto, Euclidean, and Cosine distances. The conducted experiments in this 

research work confirmed that the resolution of document images influences the performance of 

retrieval F-score when texture-based features are taken into account. The number of extracted 

features also has a direct impact on DIR effectiveness when the dataset is large in size; thus, in 

the first proposed method, an attempt was made to explore a fast-local binary pattern method for 

feature extraction towards document image retrieval. The spatial arrangement of the grey-level of 

the pixels in local patches of an image was considered for feature extraction. Since the 

neighbouring pixels were grouped into two categories, two separate texture features, one from 

each group, were computed for each local patch. The features were then concatenated to obtain 

the final F-LBP feature vector of size 30. The proposed F-LBP feature extraction method required 

less computing time and less memory space to extract the features from document images 

compared with most of the LBP-based feature extraction techniques in the literature.  

Furthermore, to acquire more discriminate features for DIR, document images were divided 

into four subsections based on the centre of gravity of the images. Features were extracted from 

each subsection as well as the whole image, and these were concatenated to obtain the final 

features used for DIR. In addition, to address the issue of different resolutions in document 

images, features were extracted from the generated under-sampled versions of the images and 

included in the knowledge-based features. In this way, better document image retrieval results 

were produced.  

In the third proposed method, a classifier fusion technique was introduced to consider the 

properties of the two categories of texture features for DIR. The F-LBP method from the statistical 

approach and wavelet transform method from the transform-based approach, both of which 

demonstrated retrieval F-score in their group quite well, were taken into account. The variances 

of multi-resolution images generated using the Haar wavelet transform were then computed. It 

can be noted that considering under-sampled images was helpful to improve the retrieval result 

when images with different resolutions were available in the dataset. Therefore, properties of both 

the methods were taken into account using classifier fusion. The results improved by considering 

classifier fusion for document image retrieval compared to the results obtained from employing 

each method separately.  

The usefulness of the appearance-based feature extraction method for DIR using the Gist 

descriptor was examined in the fourth proposed DIR system. The wavelet transform was taken 

into account and under-sampled images were generated from the original image. Gist features 

were then extracted from under-sampled images as well as the original image. By applying Gist 

descriptor, orientations and spatial frequencies of the document images were measured. 

Moreover, the variances of under-sampled images generated using the wavelet transform were 
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then obtained. The classifier fusion method with the average function was considered to obtain 

document image retrieval results. Experiments on three datasets revealed the promising results 

were obtained from appearance-based features for document image retrieval. 

 A DIR method based on human visual attention was further presented as the fifth proposed 

method. Visual saliency maps of document images were obtained and considered as weighting 

maps for the original images. Then, features were extracted from the weighted document images 

by employing the Gist descriptor. The DIR results increased compared to the Gist operator, and 

promising results were obtained from the fifth proposed method. 

7.2. Future research 

A variety of research areas in the field of DIR using texture-based features were 

investigated in this thesis with the objective of creating an effective and fast document image 

retrieval system. For further improvement and future research, several research areas and scopes 

were identified which can be summarised as follows: 

• The first aspect of future work will be the employment of the proposed DIR methods in 

this thesis on a larger dataset.  

• Creation of a larger, complex, unstructured, and multi-lingual document dataset will also 

help to benchmark the available methods in the processing of DIR.  

• Similar to the third proposed method, which is based on a combination of a transform and 

a statistical feature approach, a combination of other approaches is recommended in order 

to integrate other characteristics of document images and improve document retrieval. 

• Further employment of other classifiers can be taken into consideration in order to 

improve DIR results in future research. Moreover, prior knowledge about the document 

classes may also be integrated into the feature set to improve the retrieval performance. 

• For retrieval of document images, a Graphical User Interface (GUI) tool can be 

developed, particularly to include advanced human-computer interaction techniques. 

Thus, the way in which the users interact at different stages of DIR, including digitisation, 

pre-processing, feature extraction, and the classification/retrieval process may be 

optimized. 

Due to the existing variation in structure and content of the documents, DIR is still an 

open issue for both supervised/unsupervised methods and document image retrieval at the 

finer-level.
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