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This thesis presents an adaptive system based on deep learning for the identification of unidentified Arab historical documents. This problem has always been a limitation for the study of historical texts, many of which lack information on their origin, date, authors and palaeographic characteristics. During the last decade, several works have been published to solve this problem. However, many ambiguities and challenges remain in this area. On the other hand, the lack of databases in Arabic has limited the progress of testing algorithms.

Image Retrieval Backgroud

This chapter describes in the first section the basics of image retrieval and its process, which is based on two main steps: feature extraction and encoding. We review in details all the algorithms and methods used for those two steps, along with the techniques used for normalization. In the second section, we describe the fundamentals of deep learning and the uses of neural network methods for classification.

As part of our work at the University of Balamand's Center for Digital Humanities, we saw the need for an automated system that works on the recovery of authors and copyists of unidentified historical documents. This center had a unique large database which contains a large register of digitized and transcribed historical Arabic manuscripts and documents.

There are over 567 manuscripts owned by the center and hundreds imported from different parts of the Middle East. This immense corpus is defined by the following important characteristics: a large volume of preserved textual heritage, a wide variety of text formats, a wide period covered (from the 13th to the 19th century), a vast geographical extent (from the Middle East and North Africa) and a wide variety of Vorlagen (translations).

As part of this thesis, a bibliographic study was carried out to study the performance of different existing identification and verification systems. Therefore, we investigated and proposed a system based on "Scale-Invariant Feature Transform" as a feature extraction method coupled with a convolutional neural network. The system was tested on four different large datasets: two Latin historical databases, a modern Arabic database and the database of historical Arabic documents from the Balamand center. This system took first place in the ICFHR20 competition. Our system based on the convolutional neural network has demonstrated its efficiency and accuracy in predicting authors for both categories: Latin and Arabic documents. Moreover, the integration of ResNet in the model gave much better results for the classification than the other traditional existing methods. On the other hand, to improve the accuracy of our method we studied an end-to-end system based on Deep Learning as a single solution, instead of traditional multi-pipeline systems.

The results obtained show that our system provides better precision (96. 
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• RPN: Region Proposal Network. 90

• SDNN: Space Displacement Neural Network. 38

• SGD: Stochastic Gradient Descent. 35, 36

• SGLD: Spatial Gray Level Dependence. 14, 47

• SIFT: Scale-Invariant Feature Transform. 15, 17, 22-25, 31, 33, 39, 45-47, 68, 76, 79, 81, 85, 90 • SP: Steerable Pyramids. 15, 47

• SPP: Spatial Pyramid Pooling. 82

• SRS: Sparse Radial Sampling. 90

• SURF: Speeded-Up Robust Features. 25

• SV: Spatial Verification. 18, 49

• SVM: Support Vector Machine. 13, 14, 30, 31, 33, 39, 44-46, 49, 82 • TEI: Textual Encoding Initiative. 12

• UBM: Universal Background Mode. 15, 29, 47, 71, 72, 80

• UOB: University of Balamand. 12, 42, 53, 67 [START_REF] Rehman | Writer identification using machine learning approaches: a comprehensive review[END_REF]. They depend on many specific characteristics to determine the typography and the era of the text. One of their main concerns is to identify or predict the scribe of the text, where most of the time stay uncertain.

Lot of documents have a lack of information about their origin, date, authorship, biometric [START_REF] Chaurasia | Biometrics minutiae detection and feature extraction[END_REF] and paleographical features [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF]. This issue has always been a limitation for the study of historical texts. In many manuscripts, the writer's name and the manuscript date are mentioned at the last page in a small paragraph called colophon (176), through which they could recognize the identity of the writer. Being located at the end of the codex, the colophon is exposed to various risks: lost folio, damage due to poor conservation conditions, illegal traffic and circulation, etc. Therefore, Experts focus on comparing the writing style of the text to other manuscripts, which belong to the same writer. This work requires a considerable amount of time and effort. They put big efforts on the recognition of writers or copyists by reading, analyzing and processing biometric features of hundreds of manuscripts.

Therefore, It has created a challenge for scientists to find an automated solution that reduces difficulties and accelerates processing time. Whilst the development of automated learning techniques facilitated the prediction of writer identity, but this topic remains a challenge with the difficulty of reading some texts or detecting their origins (173).

According to many studies (206) [START_REF] Uhlíř | Digitization is not only making images: manuscript studies and digital processing of manuscripts[END_REF] the rise of digitization started in end of eighties and grew further in the beginning of nineties with the development of the World Wide Web (WWW). At beginning, the digitization intended to create a digital copy of historical documents in order to preserve them from damage. Later new approaches of digitization have been developed with the establishment of Textual Encoding Initiative (TEI) as a standard for encoding transcription using Extensible Markup Language (XML) (220), to the evolution of the Optical Character Recognition (OCR) softwares. However, the advancement of Artificial Intelligence and Machine

Learning have took this field to a next level, specially in pattern recognition and document analysis [START_REF] Marinai | Artificial neural networks for document analysis and recognition[END_REF].

Our research in this field started as an answer to the paleographical studies on the collection of the Digital Humanities Center (DHC) at the University of Balamand (UOB). Since 2012, we started the digitization and transcription process for hundreds of manuscripts. At later stage, we developed an online database for the Platform of the Arabic Versions Of the New testament (PAVONE). The database is accessible online and it's open for scholars 1 . PAVONE was dedicated to the manuscripts of the four gospels, but the collection of the center was broader and contains a wide variety of topics.

Many historians were working at the center on the analysis and transcription of the manuscripts.

They were facing a lot of problems to identify some documents and specially the identity of the writer or copyist. As a researcher at the center, I noticed the need to have an automated system that works on detecting those unidentified historical documents using machine learning (156). The objective was to create an adaptive Writer Identification system that helps the researchers solve the ambiguity behind a lot of unidentified manuscripts.

For this purpose, we developed a dataset of historical Arabic documents to use it on our research. We selected more than 567 manuscripts owned by the center, where hundred of them were imported from different areas in the Middle East. This huge corpus is defined by the following important features: a large volume of conserved textual heritage, a wide variety of text format, a broad span of time covered (from 13th to 19th century), a vast geographic scope (from Middle East and North Africa) and a wide variety of Vorlagen (translations).

1.2/ Challenges

The process of identifying the author or copyist of the text was considered a tiring-job before the development of automated systems, as it requires a lot of focus and visual motor skills [START_REF] Schomaker | Writer Identification and Verification[END_REF]. While many researchers worked to solve this issue, a lot of ambiguities and challenges remain in this area. Those challenges divides on different aspects and levels: Biometric factors, Limitation for the study of historical texts in general, lack of information about their origin, date, authorship and paleographical features due to historical manuscripts physical conditions, lack of Arabic datasets, and the need to have an automated adaptive system that generalizes on all data. We discuss in details in this section the most important challenges related to the 1 http://pavone.uob-dh.org/ writers and documents: the biometric factors and the lack of Arabic datasets. In chapter 3, we discuss the other challenges related to the writer identification system and its process.

1.2.1/ Biometric factors

According to Schomaker [START_REF] Schomaker | Writer Identification and Verification[END_REF], different biological factors affect the visual appearance of the text (see Figure 1.1). They are considered genetic as they are related to writer itself.

The first factor is the affine transforms, where the writer intentionally scale, transform or rotate the text, as shown in figure 1.1a. Those issues are considered difficulties but they can be avoided using some algorithms and pre-processing techniques, so they do not affect the verification system.

Second, the neuro-biomechanical variability which is related to the physiological state of the writer and might affect the character-shape. This allows to have different shape of the text for the same writer, as shown in figure 1.1b.

Third, the sequencing variability of the handwriting process, where the script order and punctuation may vary during writing. Figure 1.1c shows in different colors the sequence order of the script.

The last factor is the allographic variation, where the character shape can vary between the same words as shown in figure 1.1d.

Also, Schomaker (50) mentioned another aspect that influences the text style and character shapes. The cultural factor which differs based on the geographic origin, epochs or the religion and school types.

1.2.2/ Arabic datasets

The lack of Arabic datasets has limited the progress of testing algorithms on Arabic Handwritten documents. Latest studies on Writer identification were made on Latin Historical datasets.

Most of the Arabic datasets were non-historial, very small number of documents and writers, and some of them limited to fragments, paragraphs or even sentences and words. Matrices.

Refer to table 3.1 for a complete list of available Arabic datasets.

1.3/ Contributions

This thesis investigates different methods and techniques for Writer Identification (WI) in Historical documents. In particular, we contributed to the field of Writer Identification with two different approaches: a state-of-the-art traditional multi-pipeline technique and an end-toend approach based on Deep Learning. Also, we introduced a unique Historical Arabic dataset with large collection of documents which is ideal for Writer Identification and Handwriting Recognition.

1.3.1/ New Historical Arabic dataset

The manuscripts in Arabic script have been produced constantly starting the seventh century.

Since the eighteenth century, they have begun to coexist with printed books (incunabula).

Arabic manuscripts were produced in Islamic and non-Islamic areas as well, either as standalone codices or as bi-lingual compilations. They cover a vast geographic scope extending from the Atlantic Ocean to the China Sea and from Zanzibar to the banks of the Volga. The surviving Arabic manuscripts cover a wide variety of scientific, cultural and religious topics.

The corpus consists of 567 manuscripts collected from various collections conserved at Antiochian Orthodox monasteries and bishoprics in Lebanon and Syria [START_REF]The Arabic Manuscripts in the Antiochian Orthodox Monasteries in Lebanon[END_REF]. Among them 409 manuscripts have their date recognized, whereas 158 manuscripts remain without any explicit information about their date. The information collected from the dataset led to identifying the names of 256 copyists who produced 329 manuscripts. In result, the dataset contains 11610 digital photos2 .

1.3.1.1/ Manuscript Digitization & Data Preparation

A preliminary selection was done from a huge number of manuscripts based on the recommendation of the historians and manuscript experts at the Digital Humanities Center. After that, the digitisation process started at the center studio. We used a professional DSLR camera with a fixed prime lens: Nikon D600 with AF-S DX NIKKOR 35mm f/1.8G.

Consequently, the digitized images were edited using Adobe Photoshop CS6 software. The editing process consists of cropping the unwanted extra parts of the images and resizing the images to an optimal 65535 dpi resolution (horizontal ad vertical) with 24-bit depth uncompressed.

The double folio image dimensions were around 1024x768 (HD resolution) in landscape layout and the single folio images dimensions were almost similar resolution in a portrait layout. Also, color corrections were made when necessary to fix the levels and brightness of the images without modifing the colors or doing any binarization (black and white). No cleaning was made to the images, we kept all the graphics, drawings and illustrations. Also, we didn't remove the noise, holes, etc... All the images were saved as jpeg. Following that, the images were named based on their place of origin or their location, for example: "bala00001 030r v" bala is the abreviation of Balamand which means this manuscript belongs to the Balamand Monastery collection, 00001 is the manuscript number, 030 is page number, r and v to indicate the recto or verso side of the page (if the image contains one page on a portrait layout, see Figure 4.7)

or it could be two pages (a recto of a page and a verso of the next page) on the same image in a landscape layout (see Figure 4.8).

The images were divided randomly between the training and testing data based on almost 1/3 ratio. We selected 11610 images in total, 3110 for training and 8500 for testing. The images were indexed on an excel sheet, which contains all the information that describe an image: ID, file name, title, length, width, thickness, place of copy, ink, author/translator/copyist (could be unknown), copy date, century, languages (could be more than one language on the same page), category and library. Another ground truth file was created that contains all the file names of the images used in the CNN training, along with a unique writer ID (same writer can have two different IDs for two different manuscripts) in order to compare the results and complete the verification process.

1.3.2/ Traditional Multi-pipeline approach

We started our research by identifying the latest techniques in this field using hand-crafted and auto-derived algorithms (described in details in Chapter 3). Several methods were used for feature extraction like SIFT, RootSIFT, Contour, Hinge, Path Signature and many more handcrafted techniques (152) [START_REF] Lai | Offline writer identification based on the path signature feature[END_REF].

We defined a system workflow with the most used algorithms (See Figure 5.4 in chapter 5).

After that, we identified through readings and experiments the best algorithms for each process.

We developed the approach used by Christlein et al. According to them, CNN achieved better performance when using the SIFT descriptors as a local feature extractor [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF]. Then, we used VLAD to create a global descriptor that represents each document. At the end, cosine distance or ESVM are used for similarities.

We used this approach on the ICDAR19 dataset and achieved the best result using a single feature extraction method [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF]. After that, we participated in the ICFHR20 competition using this system and we clinched the first position(228).

1.3.3/ End-to-end approach

While developing the first system, we noticed the need of an end-to-end system that uses a single pipeline to perform all the tasks. Most used techniques rely on a three individual algorithmic components. Wherefore, we tried to optimize the system by using one algorithm to perform the task. This approach was proposed by certain researchers but in different techniques. Yang et al. [START_REF] Yang | Deepwriterid: An end-to-end online textindependent writer identification system[END_REF] were the first to develop an end-to-end system called DeepWriterID. It is almost similar to ResNet20 + NetVLAD system, but with a different CNN configuration and an additional supporting layer to select the best local features.

Following these findings, we developed our end-to-end system based on the most successful approaches. The system will be described in details in Chapter 6.

1.4/ Thesis Outline

This thesis is structured in two main parts: the first part contains the state-of-the-art and a technical background, and in the second part our contributions: the Arabic historical dataset and two state-of-the-art systems.

The first part consists of the following chapters:

1. In chapter 1, we introduce the thesis topic, the challenges and contributions.

2.

In chapter 2, we present the basics of image retrieval and fundamentals of Deep Learning.

3.

In chapter 3, we outline the problems, challenges and existing works in the field of Writer Identification.

The second part consists of the following chapters:

1. In chapter 4, we describe the preparation of the Balamanad Arabic Historical dataset and the other datasets used in our experiments.

2.

In chapter 5, we present our first state-of-the-art baseline system, winner of ICFHR20.

3.

In chapter 6, we present our second state-of-the-art end-to-end system.

The last chapter is the conclusion of the thesis.

2.1/ Introduction

Image Retrieval (IR) is the detection and sorting of similar images from a group of images or a collection (dataset) (209). The retrieval process works on selecting some visual features (area, spot, point, etc...) from the image in order to compare it with other images. The IR process is based on three approaches: text based annotation, content based retrieval and Automatic Image Annotation (AIA) [START_REF] Zhang | A review on automatic image annotation techniques[END_REF]. The first approach requires a human interaction, where the text areas are annotated manually in the documents. The second approach is the Content Based Image Retrieval (CBIR) which is based on an automatic indexing using Machine Learning algorithm [START_REF] Zhang | A review on automatic image annotation techniques[END_REF]. The CBIR uses low level content features like colors, texture, shape, pattern, etc... to compare the images. CBIR is used to compare and querry the content of the images in many fields like medical image analysis, remote sensing, crime detection, video analysis, military surveillance, etc... (209). The third approach is the Automatic Image Annotation, which is used in writer identification and hand writing recognition to detect and highlight the text area in the documents using Machine Learning or some traditional algorithms like vector quantization (94) [START_REF] Mori | Image-to-word transformation based on dividing and vector quantizing images with words[END_REF]. The main idea of AIA is to create a semantic concept model from a large set of images, then uses this model to label new images [START_REF] Zhang | A review on automatic image annotation techniques[END_REF]. The AIA is not only applicable on text, but it could be also a visual object. The greatest challenge for IR is to narrow the semantic gap between the high-level representation of the image and its low-level visual features [START_REF] Wan | Deep learning for content-based image retrieval: A comprehensive study[END_REF]. The uses of Deep Learning has improved this field and helped to obtain better results in comparing to the traditional algorithms(25) [START_REF] Wan | Deep learning for content-based image retrieval: A comprehensive study[END_REF]. 

2.2/ Image Retrieval Basics

Image retrieval for text analysis consists of two main steps: Feature extraction and encoding.

The feature extraction techniques are either a traditional handcrafted algorithms or using Deep Learning (DL) (181). Several handcrafted technique are discussed in details below: Contour, Scale-Invariant Feature Transform, Keypoint-based sampling, etc... Then Encoding algorithms are presented in details with all their functions and data normalization options.

2.2.1/ Feature Extraction

Before the emergence of Deep Learning, image local features were located and extracted through handcrafted algorithms (181). A local feature is the vector representation of a certain region of an image [START_REF] Wallraven | Recognition with local features: the kernel recipe[END_REF]. There are several feature sampling approaches to locate and extract the local features of an image:

• Keypoint-based sampling: interest operators find keypoints that match certain requirements. High-entropy areas include edges, spots and corners. This eliminates local descriptors and focuses on picture components.

• Dense sampling: each image point is sampled based on the density of pixels. Due to the overlap of feature descriptors, they are usually sampled rather than extracted densely.

• Contour-based sampling: uses the image's contours to extract features. It works great with texts independent on the used language. Scripts has a clean outlines, which makes contour sampling ideal for feature extraction.

• Scale-Invariant Feature Transform: is used as an advanced sampling technique, by detecting invariant key-points and extracting their related patches.

In the next subsections will focus on the contour-based sampling and scale-invariant feature transformation strategies because they outperform the other two algorithms based on several studies.

2.2.1.1/ Contour-based feature extraction

Detecting relevant contours is essential for future classification tasks like Writer Identification, where dense contour sampling may yield more personality coverage [START_REF] Rehman | Writer identification using machine learning approaches: a comprehensive review[END_REF]. Image noise or artifacts, such as holes or rips, are a problem in text document images. Decorations and drawings should be avoided for text-only activities. Otherwise, these traits will classify the document, not the script. Contour extraction can either be done by detecting edges and dropping unclosed contours, or by binarizing image. This require documents' pre-processing techniques to clean the images, crop the text area or make it in black and white (204).

Edge Detection

Edges are closely related to differences in the geometry of the pixel intensity distribution. They include substantial supporting evidence concerning an object (210). Edge detection is thus consistently thought of as a simple operation accomplished at the low levels of image processing and in a variety of computer vision applications (210). Edges have sudden changes in intensity, therefore image gradient [START_REF] Szeliski | Computer vision. texts in computer science[END_REF] The Sauvola et al. [START_REF] Mustafa | An improved sauvola approach on document images binarization[END_REF] and Bradley and Roth (46) techniques are popular.

2.2.1.2/ Scale-Invarient Feature Transformation

The unsupervised Scale-Invariant Feature Transform (SIFT) [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF] method is used to localize potential image samples for feature extraction. SIFT method has the advantage of being invariant to basic transformations such as scaling, resizing, transition, rotation and translation [START_REF] Lowe | Distinctive image features from scale-invariant keypoints[END_REF]. SIFT is one of the top techniques to extract local features [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF]. Adding to that, they are invariant against modest data perturbations. Comparing two photos using color histograms is easy [START_REF] Ballard | Color indexing[END_REF]. They're invariant yet lack discrimination.

HOG is a popular histogram-based descriptor [START_REF] Dalal | Histograms of oriented gradients for human detection[END_REF]. The descriptor resembles a thick variant of SIFT [START_REF] Lowe | Distinctive image features from scale-invariant keypoints[END_REF], however it offers higher contrast invariance thanks to overlapping blocks. PHOW [START_REF] Bosch | Image classification using random forests and ferns[END_REF] 

2.2.1.3/ Zernike Moments

Fritz Zernike (5) created Zernike polynomials in 1934. They're crucial to optics (97) (30) [START_REF] Dai | Wavefront optics for vision correction[END_REF].

Zernike polynomials are orthonormal and circular [START_REF] Dai | Wavefront optics for vision correction[END_REF]. Hu moments (6) aren't orthogonal.

Because picture moments are redundant, inverse image transformation can be difficult [START_REF] Khotanzad | Invariant image recognition by zernike moments[END_REF].

Teague [START_REF] Teague | Image analysis via the general theory of moments[END_REF] suggested employing orthogonal Zernike polynomials for image analysis.

Another essential aspect is rotational invariance. Simple method to do this is to measure difficult moments. Zernike moments are helpful for identifying copy-move fraud (83) [START_REF] Christlein | On rotation invariance in copy-move forgery detection[END_REF].

They're used to classify images and handwritten text scores. We used Zernike moments for author identification and signature verification.

In the case of diverse data sources, scale invariant aspects should be addressed. Binary images can be scaled using the image patches (17) [START_REF] Chong | The scale invariants of pseudo-zernike moments[END_REF]. Scale-space techniques can be used to make grayscale descriptors scale invariant, such as recognizing scale-invariant regions in SIFT and replacing the descriptor component with Zernike moments. A Gaussian pyramid creates descriptors for each scale-space image. The problem would then be classified, and the best photo would be chosen.

Other circular harmonic transformations, including Polar Cosine Transform (PCT) (65), perform better in image forensics (141). Deep harmonic networks achieve rotation equivariance by substituting circular harmonic filters for CNN filters. We don't care about rotational invariance because script rotation is a writer attribute. 

KL-Norm

Campbell et al. [START_REF] Campbell | Support vector machines using gmm supervectors for speaker verification[END_REF] present a linear kernel that approximates the symmetrized KL divergence.

This kernel meets the Mercer requirement [START_REF] Steinwart | Support vector machines[END_REF], thus the kernel trick can be utilized and a dot product can be employed. This kernel can be used to map (or normalize) features and obtain a vectorial representation. ( 42) defines feature mapping for k. Both feature mappings (normalizations) can be applied to any vocabulary-based encoding method if dictionaries give first and second order statistics.

Reduction & Whitening

Principal Component Analysis (PCA) reduces the feature vector's dimensionality. Dimensionality reduction may improve recognition performance using GMM-based encodings such the Fisher Vector (FV) [START_REF] Jégou | Aggregating local image descriptors into compact codes[END_REF]. Implicit centering and rotation of the data decorrelate the feature descriptors, allowing a GMM with a diagonal covariance matrix to better represent them. By maintaining only the largest dimensions, lesser component noise is eliminated.

The feature vectors can also be whitened to match the identity matrix. 

2.2.2/ Encoding

Encoding creates a global-description of an image from many local feature descriptions [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF].

The process of encoding involves two steps: (1) an embedding step in which a local feature vector is exposed to a non-linear function to produce a high dimensional representation, and

(2) an aggregation step in which the embedded local descriptors are gathered into a global vector. The global models can be compared to one another following a potential normalization step. This is frequently carried out in the case of picture retrieval using the cosine distance between the global representations [START_REF] Christlein | Encoding cnn activations for writer recognition[END_REF]. In computer vision, a visual word represents a local feature descriptor. Based on the Bag-of-Words (BoW) technique [START_REF] Fiel | Writer identification and writer retrieval using the fisher vector on visual vocabularies[END_REF], which was established in document retrieval and text classification, a document is represented by an unordered collection of its words or parts. Each word occurrence in a specified lexicon is counted, and the histogram of counts is used as the document representation (204).

Sivic and Zisserman [START_REF] Sivic | Efficient visual search of videos cast as text retrieval[END_REF] were the first to apply document retrieval to images, substituting words with visual equivalents like picture locations. Fei-Fei and Perona [START_REF] Fei-Fei | A bayesian hierarchical model for learning natural scene categories[END_REF] were the first to employ "Bag-of-Words" in computer vision.

BoW is a discrete data variation of Vector Quantization (VQ) [START_REF] Buzo | Speech coding based upon vector quantization[END_REF]. VQ quantifies and com-presses speech data. In computer vision, zeroth-order statistics encoding is called VQ. VQ is a "Bag-of-(visual)-Words," unfortunately. Instead of "BoW", this thesis uses "encoding" to avoid confusion.

Sivic and Zisserman (61) distinguish between "Bag-of-Words" and "Bag-of-(visual)-Words":

1. Descriptor types can overlap local descriptors. When document retrieval loses word order, localization is kept.

2.

Web searches use all query terms to find relevant pages, but image retrieval uses only a subset of visual words.

3.

Search engines may use web structure to refine results and add ranking systems.

Query expansion [START_REF] Chum | Total recall: Automatic query expansion with a generative feature model for object retrieval[END_REF] where a texture is characterized by the recurrence of fundamental components, called textons [START_REF] Cula | Compact representation of bidirectional texture functions[END_REF]. Texture classification frequently uses low-dimensional representations, unlike picture retrieval [START_REF] Cula | Compact representation of bidirectional texture functions[END_REF]. Encoding is often divided into two phases:

1. an embedding phase in which a non-linear function is applied to local feature vectors to produce a high-dimensional representation.

2. an aggregation stage in which embedded local descriptors are collected into a fixed-length global descriptor (supervector).

After that, supervectors are normalized in order to reduce their size and make them comparable.

The Cosine distance is used to compare the vectors for picture retrieval and grouping.

2.2.2.1/ Aggregation

Local descriptors are aggregated to create a global image descriptor. Max-pooling and Sumpooling may be used for aggregation. The first requires embedding functions that assign a specific strength to each visual word, which is not relevant to most embedding algorithms that rely on higher order statistics [START_REF] Murray | Interferences in match kernels[END_REF] 

2.2.2.3/ Gaussian Mixture

The l2 norm makes k-means clusters circular. If the data are dispersed in multiple directions, the clustering result may not be as planned. GMMs have many advantages, it can be used to model data by explicitly modeling the variance to account for clusters with different variances.

Future encoding may use higher-order statistics. GMMs don't have a rigid decision limit like k-means, GMMs can estimate continuous densities with arbitrary precision. A GMM with diagonal covariance matrices can estimate a GMM with complete covariances [START_REF] Reynolds | Speaker verification using adapted gaussian mixture models[END_REF].

2.2.2.4/ GMM supervectors

GMM Supervector (GMM-SV) is used to compute statistics. This method was created for speaker verification [START_REF] Reynolds | Speaker verification using adapted gaussian mixture models[END_REF] employing "local" short-time spectral feature vectors. Maximum-A-Posteriori (MAP) is used to adapt the UBM in the form of a GMM to the feature descriptors of a specific speaker's speech samples (utterances). This method allowed age and gender assessment in audio signals in addition to speaker [START_REF] Bocklet | Age and gender recognition for telephone applications based on gmm supervectors and support vector machines[END_REF] and was extended to picture classification (59) [START_REF] Zhou | Novel gaussianized vector representation for improved natural scene categorization[END_REF]. Using the GMM directly (107) or a normalization acquired from the Kullback-Leibler (KL) kernel (139) [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF], we showed that this encoding strategy performs well in Writer Identification and retrieval.

Identity vector extraction from a complete variability space yields i-vectors [START_REF] Dehak | Front-end factor analysis for speaker verification[END_REF]. The entire variability space encodes both document and writer variability. Instead of using a Joint Factor Analysis (JFA) to model writer and document changes in distinct spaces, this method models them in the same space. The inter-session adjustment is then conducted using the obtained i-vectors.

2.2.2.5/ Fisher vectors

The FV-encoding models how to change a training distribution to meet image descriptors [START_REF] Jégou | Negative evidences and co-occurences in image retrieval: The benefit of pca and whitening[END_REF].

Perronnin and Dance classified pictures using Fisher Vector [START_REF] Perronnin | Improving the fisher kernel for large-scale image classification[END_REF]. Fisher vectors are constructed from Fisher kernels by translating each sample to the parameter gradient space (101). Fisher

Vectors and GMM-SVs are similar since they encode second-order statistics. S'anchez et al.

(101) argue that FV encoding yields a vectorial representation compared to Reynolds et al. [START_REF] Reynolds | Speaker verification using adapted gaussian mixture models[END_REF], who compare two speaker-adapted GMMs using the log-likelihood ratio. As proven in (107), GMM-SVs can also be used as vectorial representations and perform better than FV. 188) improved NetVLAD by learning dictionary assignments from descriptors. We used NetVLAD in our second system, it is described in details in Chapter 6.

2.2.2.8/ Global Descriptor Normalization & Whitening

In a second phase of global supervector normalization, further variables may be included. Visual burstiness is when a visual element appears more frequently than others [START_REF] Jégou | Aggregating local image descriptors into compact codes[END_REF]. This idea denies that the local descriptors are expected to be distributed identically and independently, which trace the measure of similarity between two feature vectors (75) [START_REF] Cinbis | Image categorization using fisher kernels of non-iid image models[END_REF].

Supervectors can be coupled like local descriptors. Decoupling them is beneficial. PCA decorrelates and reduces the dimensionality of encoding representations. To avoid overcounting co-occurrences, descriptors may be whitened. Inter-session variability describes differences between recordings. Vectors can also be decorrelated in a supervised manner, unlike the previous two challenges. Inter-session variability can be reduced. Res-Norm and Intra-Norm were recommended for VLAD but are adaptable to various background-model-based encoding systems.

Decorrelation and whitening help counteract correlated descriptors and co-occurrences. PCAs handle both activities at several pipeline stages. J'egou and Ondrej [START_REF] Jégou | Aggregating local image descriptors into compact codes[END_REF] propose using multisupervectors that can be dimension-reduced and whitened. This improves picture retrieval [START_REF] Jégou | Aggregating local image descriptors into compact codes[END_REF] (128) and writer retrieval (139) (177). M codebooks (we used 5 in our system) are created using k-means initializations and training data. Each codebook produces a Dg supervector per image. Concatenating vectors creates RMDg.

The supervector can be reduced in dimension to Dg min(NT, MDg), where NT is the number of training supervectors. PCA-lightened encodings must be l2-normalized again; otherwise, performance may drop 10%. (75) Multiple vocabularies can be optimized concurrently using combined inverted indexing [START_REF] Xia | Joint inverted indexing[END_REF]. Decorrelation can also be regarded probabilistically, and several codebooks can be integrated using a Bayes form [START_REF] Zheng | Bayes merging of multiple vocabularies for scalable image retrieval[END_REF].

Rotation and Normalization (Rot-Norm) ( 148) is a substitute to PCA whitening that normalizes power to eigenvalues. First, feature vectors can be rotated using PCA and normalized by power.

This normalization method is gaining popularity (148) (87) [START_REF] Murray | Interferences in match kernels[END_REF]. Visual burstiness and co-occurrences don't need supervision, but intra-session variability must.

Majority encodings are described as match kernels (131), permitting individual similarity functions to be applied to the dot product of two embeddings. Feature space can highlight places (131). Individual's similarity may be learned using example classifiers [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF]. In traditional Machine Learning, feature extraction and classification are crucial. [START_REF] Hart | Pattern classification[END_REF] The boundary between them is arbitrary. For each task, we define the attributes and classifiers to use. Classification is simple with an optimum feature representation, and feature extraction may be avoided [START_REF] Hart | Pattern classification[END_REF]. Strong characteristics should be distinct, behave independently, and be computationally efficient in order to describe a low-dimensional phenomena. Many of these characteristics were previously made by hand. The HMAX model ( 23) ( 91)) has produced biologically inspired descriptors that outperform SIFT [START_REF] Pinto | Comparing state-ofthe-art visual features on invariant object recognition tasks[END_REF]. The convolutional filters were not trained end-to-end, despite the fact that several hierarchies incorporating convolution and max-pooling layers were utilized [START_REF] Theriault | Extended coding and pooling in the hmax model[END_REF]. According to [START_REF] Cybenko | Mathematics of control[END_REF], every continuous function may be approximated by a single hidden sigmoid layer. The addition of layers may improve efficiency.

2
While DNNs are often used for classification, the features learned may also be utilised. 

2.3.1/ Neural Network

The human nervous system is used to simulate Neural Network [START_REF] Bishop | Pattern recognition and machine learning[END_REF]. While there are parallels to human physiology, particularly in the primary visual cortex (105), the visual cortex's mechanism is unknown. The human neural system, unlike ANNs, does not employ a feed-forward mechanism or hierarchical presentation, as Herzog and Clarke (114) shown. ANNs need unnecessary assumptions to function like the human nervous system [START_REF] Bishop | Pattern recognition and machine learning[END_REF]. Further changes are discovered by Goodfellow et al. [START_REF] Goodfellow | Maxout networks[END_REF].

2.3.1.1/ Feed-forward Neural Networks

Multi-Layer Perceptron (MLP) is one of the most prominent ANN, known for its powerful modeling method that employs a supervised training process [START_REF] Bishop | Neural networks for pattern recognition[END_REF]. This process creates a nonlinear function model that provides the capability to predict final output from provided input data (201). MLP is a layered Feed-forward Neural Networks wherein data is transmitted linearly from the input to the output layers via hidden layers [START_REF] Bishop | Neural networks for pattern recognition[END_REF]. There is a weight associated with each neuronal connection. The activation function of perceptrons is consistent across layers (201). MLPs contain N layers, and the number of layers determines the depth of the network, thus the term "Deep Neural Networks". Layer-by-layer input is passed forward in Feedforward Neural Networks [START_REF] Chammas | An efficient data model for energy prediction using wireless sensors[END_REF]. There are no feedback channels for sending model output back in. The input layer comprises:

1. the input data or features.

2. one or more intermediate layers, nicknamed hidden layers since they don't see the actual output value.

the output layer, which should yield to a True close (157).

A deep network with four hidden layers and one output layer is shown in Figure 2.2. The circles represent the neurons in the layer (or units). The number of nodes in each layer may be customized.

2.3.1.2/ Optimization

Optimization is a major element of Machine Learning. Machine Learning algorithms are designed to build a modeling framework and discover the variables throughout the optimal solution from input data (216). Throughout the age of massive data, the efficiency and effectiveness of an optimized statistical model have a significant impact on the prominence of Machine Learning algorithms (216). Optimization algorithms are classified into three types: 1) Firstorder methods, that are expressed by the most-used stochastic gradient methods; 2) Heuristic derivative-free methods; and 3) High-order methods like Newton's method. We will discuss below the Stochastic Gradient method, as it is the most used optimization method (216)(204).

Stochastic Gradient Descent

The gradient can't be calculated throughout the whole dataset. Mini-batches, or random subsets of the training data, are increasingly common. Because the training set is redundant, the global gradient may be approximated well. The predicted gradient matches the true generalization error when no sample is repeated, as in a live data stream (157). This is called mini-batch Stochastic Gradient Descent (SGD), as opposed to pure SGD, which only evaluates one sample at a time. Mini-batch SGD reduces training time by maximizing hardware use.

Gradient mini-batch: [START_REF] Dauphin | Identifying and attacking the saddle point problem in highdimensional non-convex optimization[END_REF]. In reality, SGD seems to work effectively with a well-chosen learning rate and associated schedule or algorithm.

θ = θ-η • ∇ θ J(θ; x (i:i+n) ; y (i:i+n) ) (2.

Backpropagation

Backpropagation was invented by Werbos [START_REF] Werbos | Beyond regression: New tools for prediction and analysis in the behavioral sciences[END_REF] to calculate MLP gradients. Rumelhart et al. [START_REF] Rumelhart | learning representations by backpropagating errors[END_REF] were the first to promote backpropagation. Backpropagation changes the weight of each neuron depending on its share of the preceding layer's error. Two-step method:

1. The loss function is evaluated when an input sample is transmitted layer by layer through the network until it reaches the output layer.

2.

The error share from the output layer is sent backwards to each neuron so it can adapt to the loss. This is accomplished by chain rule recursion.

In (154), backpropagation computes partial derivatives linearly. The runtime of a naive implementation is reduced since errors are not computed many times, which might be exponential if subexpressions are evaluated each time (157).

2.3.1.3/ Hidden Layers

For representation, DNNs use non-linear hidden units. Until 2012, the sigmoid and tanh functions were used. ReLUs have acquired prominence as a result of their success in large-scale image recognition [START_REF] Krizhevsky | Imagenet classification with deep convolutional neural networks[END_REF]. In RNNs, the sigmoid and tanh functions are common. Because early perceptrons' step-functions are not differentiable, Rumelhart et al. [START_REF] Rumelhart | learning representations by backpropagating errors[END_REF] suggested utilizing the sigmoid function to incorporate backpropagation.

The sigmoid function's gradient saturates at the tails because Neural Networks are trained using gradient-based optimizers. This results in diminishing or zero gradients. The network stops learning because the gradient is a product of many items in the chain rule. Because learning may come to a stop early, it's critical to set the network's parameters [START_REF] Ioffe | Batch normalization: Accelerating deep network training by reducing internal covariate shift[END_REF]. Pooling is no longer used in newer designs, and instead a larger convolution stride is used (128). This is a convolution with downsampling.

2.3.1.4/ Convolutional Layers

Because pooling and convolutional layers implicitly impose priors, such as the infinitely strong prior that each unit should be translationally invariant to tiny shifts (157), they may cause underfitting.

2.3.1.6/ Network architectures

Two research architectures have been used:

1. The LeNet is a deep CNN with six layers. The LeCun98 architecture [START_REF] Lecun | The mnist database of handwritten digits[END_REF] was used as a model. . We used ResNet with 20 layers in our baseline system [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF] and 50 layers in our end-to-end system [START_REF] Chammas | An end-to-end deep learning system for writer identification in handwritten arabic manuscripts[END_REF]. Due to several challenges, researchers found that using deeper models in some cases would worsen the result [START_REF] Duta | Improved residual networks for image and video recognition[END_REF] 

A Residual

2.4/ Conclusion

This section presented a general literature review about Image Retrieval and Deep Learning.

In each section we described the most used algorithms in this field. In the next chapter, we will present their application to Writer Identification (WI). In the first part, we described in details all the traditional algorithms used in handcrafted local features extraction and global features encoding. In the second part, we described all the Deep Learning models used for through the entire set of pages, it is frequently sufficient if the writer in question is located in a small list (204).

Writer Identification

This signifies the identification of the correct writer to a query providing a collection of documents in which the writer is recognized for each image. It is suitable for training and evaluation.

This concept is useful for forensic analysis (204).

Writer Verification

In contrast to Writer Identification and writer retrieval, just one unique document is compared with the collection in this scenario. It determines whether or not the scribe is the appropriate writer by establishing a criteria for distance or similarity score (204).

3.2/ Problem & Motivation

Our research in this field started as an answer to the paleographical studies on the collection of the Digital Humanities Center at the University of Balamand. Many historians were working at the center on the analysis and transcription of the manuscripts. They were facing a lot of problems to identify some documents and specially the identity of the writer or copyist. As a researcher at the center, I noticed the need to have an automated system that works on detecting those unidentified historical documents using machine learning (156). The objective was to create an adaptive Writer Identification system that helps the researchers solve the ambiguity behind a lot of unidentified manuscripts. Also, we found a lack of Arabic datasets to train the system. For that purpose, we found a necessity to build a corpus for Historical Arabic manuscripts that could serve the research on the field of Writer Identification and Handwriting Recognition. The available Arabic datasets were very limited. Table 3.1 shows the available Arabic documents datasets.

The Balamand Arabic Historical dataset contains a large number of digitized and transcribed manuscripts. It consists of a large set of historical Arabic documents, more than 500 manuscripts owned by the center and hundreds imported from different areas in the middle east. This huge corpus is defined by the following important features: a large volume of textual heritage, a wide variety of text format, a broad period of time (from 13th to the 19th century), a vast geographic scope (from middle east and north Africa), and a wide variety of Vorlagen (translations). The average number of pages is around 150 per manuscripts, which means many thousands of pages and hundreds of authors. Around 60% of the documents have identified authors and dates while 40% are still unrecognized. This ratio is very ideal to train and test a deep neural network algorithm. 

3.3/ Challenges

This section presents the main challenges in this field based on our readings. First, there is a need of a system that generalize on all data type and languages. Most of the experiments and international competitions (228)(205) in this field focus on Latin documents, while there's a lack of studies on other languages specially on Arabic datasets. Second, most of the studies and competitions (228)(205) works Historical documents, as they present a real challenge for the researchers due to their physical condition. Wherefore, they need to solve this issue using pre-processing techniques before testing their systems. Third, there is a need to develop a system that can process the raw data in one shot, that combine all phases in a single model (240).

3.3.1/ An adaptive system for all languages and documents

The main challenge was to develop a generalized system that fit all languages and type of documents. Most of the competitions in this field focus on Latin documents. To solve this issue, we tested our baseline and end-to-end systems on Latin and Arabic datasets. The four datasets have different physical characteristics in terms of size, number and condition. The ICDAR19 and ICFHR20 are both Latin historical datasets but they have different shapes (205)(228).

The first contains full documents, while the second contains fragments. The KHATT dataset contains paragraphs of modern Arabic text, but not full documents (118). And, our Balamand dataset that contains single and double folio Arabic historical full documents (242).

For that purpose, it is required to develop a text-independent system. The text-dependent system compares specific characters or words with known semantic content, which is comparable to signature verification techniques [START_REF] Bulacu | Text-independent writer identification and verification using textural and allographic features[END_REF]. As a result, these approaches necessitate the previous segmentation and localization of useful details (text areas, sentences, words, etc...), which is traditionally done by a human intervention [START_REF] Bulacu | Text-independent writer identification and verification using textural and allographic features[END_REF]. Although text-dependent methods are highly accurate, they cannot be used when there is no handwritten text [START_REF] Yang | Deepwriterid: An end-to-end online textindependent writer identification system[END_REF]. Textindependent techniques, in contrast, are resistant to handwritten text contents, but they need a lot of information to ensure their generalizability [START_REF] Yang | Deepwriterid: An end-to-end online textindependent writer identification system[END_REF]. Text-independent techniques for Writer Identification require features extraction from the entire image that contains text. To create stable features that are unaffected by the samples' text content, only a minimal piece of handwriting (such as a paragraph with a few text lines) is required [START_REF] Bulacu | Text-independent writer identification and verification using textural and allographic features[END_REF].

Several studies dealt with this approach on worked on multilingual documents. He et al. [START_REF] He | Writer identification of chinese handwriting documents using hidden markov tree model[END_REF] proposed a novel text-independent system for Writer Identification. They developed a new approach based on Hidden Markov Tree (HMT) for the Writer Identification on Chinese scripts in place of the effective and widely used two-dimensional Gabor model for text-independent handwriting recognition. The suggested approach is also applicable to Latin, English, Japanese, and Korean. A segmentation-free method for text-independent Writer Identification was put forth by Mohammed et 

3.3.2/ Physical issues

Most of the historical manuscripts have a bad physical conditions due to the bad reservation.

The physical condition of the documents is a real challenge. Some documents were exposed to various risks: lost folio, damage due to poor conservation conditions, illegal traffic and circulation, etc. Adding to that, some manuscripts contains illustrations, decorations, icons, drawings and sketches, which create a trouble for the system to separates them from the texts.

In addition to that, Arabic text contains lot of punctuation, which could be chaotic with some black dots or small holes that emerge due to bad conservation over the time. To solve those issues, some pre-processing techniques and algorithms are required to separate non-text objects from the texts, specially when extracting keypoints from the images.

3.3.3/ One system that does all

Another important challenge was to develop a system with a single pipeline that extract local features and encode the global descriptor in one shot. A system that combine all phases: feature extraction, classification, normalization and encoding, in one optimized architecture.

Before Deep Learning this was impossible, as most of the traditional techniques rely on different algorithms to process the documents. The challenge with Deep Learning was to embed some algorithms as a Neural Network layer. Few approaches can currently be trained end-to-end;

the majority of them are based on two or more distinct pipeline steps (240). The available end-to-end approaches are presented in the next section.

3.4/ Existing works

This section presents in the first part the related works for Writer Identification using traditional Machine Learning and Handcrafted feature extraction methods, and in the second part the related works for the latest techniques of Writer Identification using the new end-to-end approach. This method was tested on small datasets (Firemaker and IAM database) and achieved better results than the textural and allographic handcrafted features extraction methods used in [START_REF] Bulacu | Text-independent writer identification and verification using textural and allographic features[END_REF]. Liang and Wu used ResNet50 as a feature extractor along with Exemplar Support Vector Machine (ESVM) for classification [START_REF] Liang | A multi-patch deep learning system for textindependent writer identification[END_REF]. Also, they used ResNet50 with VLAD encoding in a second study [START_REF] Liang | Offline writer identification using convolutional neural network and vlad descriptors[END_REF]. In their two presented studies, their systems were using a deep architecture but not an end-to-end approach. They used a multi-pipeline system with a data segmentation process. On the other hand, all the features extracted from CNN are aggregated using Softmax with a Fully-Connected (FC) layer architecture. The aggregated selected features are used to create a global feature to train the A-VLAD core, which uses NetVLAD for encoding. It is almost similar to ResNet20 + NetVLAD system, but with a different CNN configuration and an additional supporting layer to select the best local features.

3.4.1/ Machine learning

3.5/ Conclusion

In this chapter, we presented the problems related to paleographical studies and Writer Identification. We stated all the challenges in this field and our motivation to solve these issues that can make a breakthrough in Digital Humanities.

In the existing works section, we presented the contribution of Machine Learning to this field.

The studies show the progress from the traditional handcrafted techniques to the Deep Learning algorithms. We can notice the improvement made by the use of Convolutional Neural Network systems, and specially the ResNet models.

After that, we presented the studies related to the end-to-end architecture, the latest approach in this field. In which, the three WI methods were combined into one optimized Deep Learning system.

Arabic Balamand Dataset

Description and preparation

This chapter presents an important contribution to the Arabic Historical datasets. A detailed description of the Balamand dataset preparation, partitions and technical information. Also, it presents three different datasets used in our experiments in order generalize our state-of-the-art systems, which are described in the next two chapters.

4.1/ Introduction

In this thesis we tested our systems on four different datasets:

• Two historical Latin datasets: ICDAR19 and ICFHR20. The two datasets are different from the physical condition perspective. The ICDAR19 contains full documents, while ICFHR20 contains very large number of fragments.

• One modern Arabic dataset: KHATT, which is used in several studies but we split the documents in a similar partition of the previous two datasets (similar to the competitons setup). The division of the training and testing sets is described in details in each section.

The images are a set of paragraphs not full documents, and the number of writers is limited. KHATT was the only Arabic dataset that has enough images and writers for our experiments, and accessible for us.

• One historical Arabic dataset: Balamand manuscripts, which is a unique dataset and not published yet. This dataset is considered special, as we have a lack of historical datasets.

The other available datasets are either modern or limited in the number of images and writers.

4.2/ Balamand Arabic historical dataset

The manuscripts in Arabic script have been produced constantly starting the seventh century.

Since the eighteenth century, they have begun to coexist with printed books (incunabula).

Arabic manuscripts were produced in Islamic and non-Islamic areas as well, either as standalone codices or as bi-lingual compilations. They cover a vast geographic scope extending from the Atlantic Ocean to the China Sea and from Zanzibar to the banks of the Volga. The surviving Arabic manuscripts cover a wide variety of scientific, cultural and religious topics.

Although the study of Arabic codicology and paleography has been approached from philological and literary perspectives, this field is still insufficiently explored. Previous studies (136)

have had almost exclusively focused on studying the manuscripts individually rather than comprehensive quantitative analysis 1 .

In this study, a special collection of Arabic manuscripts is used, it is described as follows: 

4.2.1/ Volume

The corpus consists of 567 manuscripts collected from various collections conserved at Antiochian Orthodox monasteries and bishoprics in Lebanon and Syria [START_REF]The Arabic Manuscripts in the Antiochian Orthodox Monasteries in Lebanon[END_REF]. These manuscripts are digitized at the University of Balamand2 .

The dataset contains 11610 digital photos3 . For medium and large manuscripts, most of the photos are produced in portrait format; each photo corresponds to one page (recto or verso of one folio). In the case of small manuscripts, two pages (the verso and recto of two consecutive folio) are combined into one landscape photo.

4.2.2/ Date

The date of the manuscript is usually mentioned in the colophon4 . Being located at the end of the codex, the colophon is exposed to various risks: lost folio, damage due to poor conservation conditions, illegal traffic and circulation, etc. For this reason, the date is susceptible to loss. In the used dataset, 409 manuscripts have their date recognized, whereas 158 manuscripts remain without any explicit information about their date. 

4.2.3/ Copyists

The information collected from the dataset led to identifying the names of 256 copyists who produced 329 manuscripts; a dataset may contain more than one manuscript copied by the 

4.2.4/ Topology of the MSS (Geography)

The manuscripts are collected from 14 repositories in Lebanon and Syria:

4.2.5/ Paleographical and codicological features

Since the paper used in these manuscripts is not lined, Mist . ara5 was used to define the writing area, the lines, the margins and the layout of the page. The dimensions of the written area and the number of lines reflect some features related to the geographical and chronological distribution [START_REF] D 'e Roche | The manuscripts in Arabic characters[END_REF].

Decorators and painters of these Christian manuscripts used to develop iconic and aniconic ornamentation (tahīb in Arabic). Aniconic ornamentation is based on three components: geometry (tas . t . īr), stylized vegetal motifs with arabesque (tawrīq), and epigraphy. Decorative elements are found at the beginning and the end of text units. The text is usually written in black while the red is used for titles, drop caps, rubrics and punctuation.

Western watermarked paper was used in Arabic oriental manuscripts by the end of the thirteenth century. Since the majority of the manuscripts in the corpus of this study are copied after that date, most of them are manufactured using western watermarked paper.

4.2.6/ Data preparation

A preliminary selection was done from a huge number of manuscripts based on the recommendation of the historians and manuscript experts at the Digital Humanities Center. After that, the digitisation process started at the center studio. We used a professional DSLR camera with a fixed prime lens: Nikon D600 with AF-S DX NIKKOR 35mm f/1.8G. Figure 4.9 shows an image from the Manuscripts' digitization process.

Consequently, the digitized images were edited using Adobe Photoshop CS6 software. The editing process consists of cropping the unwanted extra parts of the images and resizing the images to an optimal 65535 dpi resolution (horizontal ad vertical) with 24-bit depth uncompressed.

The double folio image dimensions were around 1024x768 (HD resolution) in landscape layout and the single folio images dimensions were almost similar resolution in a portrait layout. Also, color corrections were made when necessary to fix the levels and brightness of the images without modifing the colors or doing any binarization (black and white). No cleaning was made to the images, we kept all the graphics, drawings and illustrations. Also, we didn't remove the noise, holes, etc... All the images were saved as jpeg. Following that, the images were named based on their place of origin or their location, for example: "bala00001 030r v" bala is the abreviation of Balamand which means this manuscript belongs to the Balamand Monastery collection, 00001 is the manuscript number, 030 is page number, r and v to indicate the recto or verso side of the page (if the image contains one page on a portrait layout, see Figure 4.7)

or it could be two pages (a recto of a page and a verso of the next page) on the same image in a landscape layout (see Figure 4.8).

The images were divided randomly between the training and testing data based on almost 1/3 ratio. We selected 11610 images in total, 3110 for training and 8500 for testing. The images were indexed on an excel sheet, which contains all the information that describe an image: ID, file name, title, length, width, thickness, place of copy, ink, author/translator/copyist (could be unknown), copy date, century, languages (could be more than one language on the same page), category and library. 

4.3/ Ohter Datasets used for comparison

In this section we describe the three datasets used in our experiments: ICDAR19 competition dataset which contains historical Latin manuscripts from different sources (205), the ICFHR20 competition dataset which contains a huge number of Latin historical manuscripts' fragments (228) and the KHATT dataset which contains paragraphs from modern Arabic documents (118).

4.3.1/ ICDAR 2019 Latin historical dataset

The primary interest of this dataset is on manuscripts from the European Middle Ages, particularly the 9th to 15th centuries CE (205). The vast majority of the corpus is anonymous and the images are from different sources: Manuscripts, letters and charters. In fact, very few authors from this era signed their works, and even very few are recognized. The organizers propose that subsequent pages in a manuscript that is uniform belong to one specific author because paleographers' assessments throughout all manuscripts may be debated. A few part of the dataset is made up of excerpts from manuscripts that are thought or proved to belong to the same writer (205). The dataset is publicly available at the following URL6 . were used to extract the fragments from all of the images. Second, small parts were removed because they did not contain enough details, and finally, the documents were re-fragmented with fewer fragments using the technique that generates rectangular shape fragments (228).

4.3.2/ ICFHR 2020 Latin historical dataset

The dataset is publicly available at the following URL8 .

4.3.3/ KHATT Arabic non-historical dataset

The Arabic KHATT dataset (Non-historical documents) (90)(118) consists of 4000 small paragraphs for 1000 writers. The data was divided as follow: 2800 for training, 600 for testing and 600 for validation. The KHATT dataset is very small, where it contains only text paragraphs from 9327 lines in total. Each writer has almost 4 paragraphs. 

4.4/ Conclusion

Four different types of dataset were selected for our experiments: full Latin historical documents, fragments of Latin historical documents, paragraphs from modern Arabic documents and full Arabic historical documents. All datasets were divided and set on a similar approach to the ICDAR and ICFHR competitions, to ensure the same conditions when comparing our systems with other systems. Our contribution with the Balamand Arabic Historical dataset solved the issue of the absence of a large Arabic historical dataset. All the available Arabic datasets were limited in terms of quantity and quality. Also, the Balamand dataset represent a real challenge for researchers, as it contains manuscripts with different physical conditions and format. More datasets to be selected in our future experiments. CNN proved good results in predicting the genre and handedness of authors using documents from English and Arabic handwriting datasets. The developed system was very robust and accurate for identifying the authorship of historical documents, it has yielded the best performance when comparing it to state-of-the-art algorithms in this field. The system was compared with different systems on different datasets.

5.2/ System

The Writer Identification system was built on three main functions: feature extraction, classification and encoding. Normalization was used twice after the feature extraction and classification in order to improve recognition performance. Figure 5.4 shows the descriptive diagram of the system workflow, and the possible algorithms in each process based on the previous studies. The algorithms used in this system are in red.

5.2.1/ Feature Extraction

First, image samples were localized for features extraction using an unsupervised Scale-Invariant Feature Transform (SIFT) [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF] method. The advantage of using SIFT is to preserve the sample properties and keeps them invariant from transformations such as scaling, rotation and translation. Image patches (32x32) are extracted from the document image at the center of each key point. Then, the image patches are mapped with their corresponding SIFT descriptors to create a 128-dimension vector. Image 5.2 (178) demonstrates the process. Afterwards, a

Principal Component Analysis (PCA) method (with whitening) [START_REF] Chen | Semi-supervised feature learning for improving writer identification[END_REF] was applied on the SIFT descriptors to improve recognition performance and reduce vectors dimension, in order to obtain a compact representation. This process reduces descriptors dimension from 128 to 32, which decreases the processing cost of the clustering.

5.2.1.1/ Clustering

A random batch of descriptors (75 million) were selected from hundred millions extracted through SIFT. The descriptors were grouped into 5000 clusters (with an initial size of 15000) using mini batch k-means clustering algorithm (177).

The clusters were used as labels for image patches, which are labeled according to the closest The extracted patches were used to train a deep Convolutional Neural Network (CNN) in a way that it would serve as a feature extractor [START_REF] Nguyen | Text-independent writer identification using convolutional neural network[END_REF]. The trained model is given a 32x32 patch as input with its respective associated cluster as output. We split that data such that 900 thousand patches were used for training and 90 thousand patches were used for testing.

For this purpose we trained a Residual Neural Network with 20 layers (ResNet20). The ResNet20 network is composed of residual building blocks with multiple branches. Some branches contain two or more convolutional layers, while others simply forward the result of the preceding layers, consequently avoiding the other branch. These building blocks assist in the preservation of the model identity and allow deeper training [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF]. Figure 5.

illustrates a

ResNet basic block as used in our system. 

5.2.1.2/ CNN training

The image patches were mapped into their respective labels using CNN, which was used for feature extraction [START_REF] Nguyen | Text-independent writer identification using convolutional neural network[END_REF]. The data were split for training (900k) and testing (90k). A deep Residual Neural Network with 20 layers (ResNet20) was implemented to extract the local descriptors for each document [START_REF] Fiel | Writer identification and retrieval using a convolutional neural network[END_REF]. Upon convergence, the ResNet network can then be used as a feature extractor. For instance, 64-dimensional local descriptors (features) are extracted from the penultimate layer of the network and used to create an UBM model. We used k-means algorithm to cluster these local descriptors into 100 centroids. At the end, l2-norm (5.1) was applied for data normalization [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF]. 

l2(v) = √︁ a1 2 + a2 2 + a3 2 (5.1)

5.2.2/ Encoding

A VLAD codebook [START_REF] Rehman | Writer identification using machine learning approaches: a comprehensive review[END_REF] was created via k-means clustering of all the local descriptors and was used to encode each document (193). The VLAD performs as UBM, where the local descriptors of each document were aggregated into a global descriptor vector with a dimension of 6400. Next, it was normalized via l2 norm (107).

A multi-VLAD [START_REF] Li | Multiple vlad encoding of cnns for image classification[END_REF] approach was used to improve the encoding performance, where 5 different codebooks were created and concatenated into global descriptor vector with a dimension of 32000. At the end, the global descriptor was reduced to the dimension of 3200 via regularized PCA (193). Figure 5.6 [START_REF] Li | Multiple vlad encoding of cnns for image classification[END_REF] demonstrates the multi-VLAD architecture.

Σ = 1 n -1 (︂ (X -x ¯)T (X -x ¯))︂ (5.2) x ¯= 1 n n ∑︂ i=1 x i (5.3)

5.2.3/ Similarity

Finally, The documents were compared by computing the cosine distance between their VLAD vectors [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF]. An Exemplar Support Vector Machine (ESVM) with a linear kernel was imple- This method was originally proposed for object detection, where an ensemble of ESVMs is used for each object class. Conversely, ESVMs can also be used to adapt to a specific face image or writer [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF]. In principle, we follow the approach of Christlein et al. [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF] and use ESVMs at query time. Since we know that the writers of the training set are independent from those of the test set, an ESVM is trained using the query VLAD encoding as positive sample and all the training encoding as negatives. This has the effect of computing an individual similarity for the query descriptor.

5.3/ Comparison

This system has been tested first on the ICDAR 2019 dataset, which contains a large collection of Latin manuscripts and it has proven important results comparing to other systems [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF].

The dataset contains 3600 documents from 720 writers for the training set and around 20000 documents for 10000 writers for the testing set. Table 4 shows ICDAR 2019 submissions. Also, the system yielded the best results on another Latin dataset at the ICFHR 2020 compe- The TwoPath models outperform in the low pixel regime (1 x 10 4 px to 1 x 10 5 px). But whenever the number of pixels increases, the ResNet20ssl method (our system) takes over all methods. made up of samples produced using the rectangle algorithm, so their influence on the mAP as a whole is quite minimal. Additionally, it should be noted that the rectangular shape fragments have a much higher density of valid pixels (0.60) than the random shape fragments (0.35).

Most methods produce significantly better results when rectangular-shaped samples are used.

Our system (using ResNet20) achieved the best result with almost 62% mAP.

The ICFHR20 dataset contains more than 100k fragments for the training set and 20k for the testing set. Table 5 shows the overall results of ICFHR-HisFragIR20 competition on rectangular and random shape (fragments) of manuscripts.

The system has been also tested on the Arabic KHATT dataset (Non-historical documents) (90)(118) and achieved better results than the previous multi-step system. While the system focus on historical datasets, we suggested that it can also be validated on modern datasets like KHATT, as it is one of the fewest Arabic datasets which has enough documents to be used as benchmark for Writer Identification. Table 6.3 shows the results for training, testing and validation sets. The KHATT dataset consists of 4000 small paragraphs, we divided them as follow: 2800 for training, 600 for testing and 600 for validation.

And finally, the system has been tested on the first historical Arabic Manuscripts dataset and the results were as shown in Table 7. The dataset has a total 11610 images, they were divided 3110 for training and 8500 for testing. The training set contains random images from part of manuscripts. While, the testing set contains random images from all the manuscripts where The metric used in our evaluations is mean Average Precision (mAP) [START_REF] Nicolaou | Nondeterministic behavior of ranking-based metrics when evaluating embeddings[END_REF] as computed in the ICDAR19 (205) and ICFHR20 competitions (228). mean Average Precision is computed as follows: For each query, the Average Precision (AP) is computed. Therefore, the precision over all ranks r is computed. Given the retrieved list of size S in which R documents are relevant for the query q, then the AP is computed as:

AP q = 1 R S ∑︂ r=1 P r q (r).rel q (r) (5.4) 
where P r q (r) is the precision at rank r and rel q (r) is an indication function returning 1 if the document at rank r is relevant and 0 otherwise. The mAP also approximates the area under the curve of the precision recall curve (69), i.e., the curve that is created when plotting the precision as a function of recall.

5.4/ Analysis

The Balamand Arabic Historical Dataset is presented, which contains 11610 images from 567 unique manuscripts. The documents were collected from 14 different repositories between The challenges were to achieve high results on different Arabic and Latin datasets with the same system and to tackle the challenging physical conditions of the manuscripts without any pre-processing techniques. Mentioning that no previous study has been tested on such manuscripts.

Most of the systems use pre-processing techniques to avoid the bad physical conditions of the manuscripts, while our system has proved to surpass any conditions. It was tested on four different Latin and Arabic datasets and it was compared with different systems. No previous studies have such wide comparison. Adding to this, the system results has surpassed all the other techniques.

5.5/ Conclusion

In this chapter we presented a state-of-the-art baseline system for Writer Identification. This multi-pipeline system is based on well known techniques that were intensively used by many researchers in the field. Usually, CNN requires fixed size input, where images have to be cropped into small patches similar to the previous approach. In this study, ResNet50 is used with Spatial Pyramid Pooling (SPP), which can allow any input sizes (144).

The DeepTen approach (188) is implemented by only using the convolutional layers, while projection layer after the last convolutional network is replaced with the SPP layer. It has a fixed dimensional output, which serve as an input vector to the Fully-Connected layers. While the convolutional layers accept various input sizes, they also produce variable-sized outputs.

Fixed-length vectors are required by classifiers like SVM, softmax or FC layers. By aggregating the features together, the BoW method can produce such vectors (144). BoW is enhanced by SPP because it can preserve spatial information by combining data from nearby spatial bins.

Because the sizes of these spatial bins are equivalent to the image size, the number of bins remains constant whatever is the size of the image. In contrast, the number of sliding windows of the latest deep networks is dependent on the input size. The final pooling layer is swapped out for a Spatial Pyramid Pooling layer so that the deep network can be applied to images of any size. With SPP, the input image can be of any sizes (144). Figure 6.4 (144) illustrates the SPP method.

The output of each image is a D-Dimentional matrix of descriptors extracted at H x W locations (H, W, D), where H and W are the height and width of the image, and D is the dimension of the feature vector. SPP uses max pooling after the last convolutional layer to produce a fixed-dimension output.

The final output has a D-Dimensional vector of W x H x 2048, then a 1 x 1 convolutional layer is used with a ReLU activation function to reduce the number of channels. ReLU is a Rectified Figure 6.4: A network architecture that includes a layer for spatial pyramid pooling. Conv5 is the final convolutional layer, and its filter number in this example is 256 (144).

Linear Unit function that helps to generalize non-linear data. Then the 2048 vector dimension is reduced to 64 using L2-normalization [START_REF] Chen | Semi-supervised feature learning for improving writer identification[END_REF] in order to obtain a compact representation of the local descriptors (1 x 1 x 64).

6.2.2/ Encoding

The locally extracted feature vectors are concatenated and passed to a NetVLAD network instead of the last Fully-Connected (FC) layer in order to compute the global descriptor.

NetVLAD operates as an encoding layer in the DeepTen architecture, where it aggregates the local features into a global descriptor vector.

The NetVLAD is a trainable VLAD layer, which is plugged on top of the CNN architecture (153). Figure 6.5 demonstrates the NetVLAD layer embedded in the CNN architecture. The layer can be implemented using standard CNN layers (convolutions, softmax, L2-normalization) and one simple aggregation layer (153).

The network learns from the 64-dimensional local descriptor to produce a global dimensional vector of K x D, where K is the number of clusters and D the dimension of the feature vector.

Similar to the original VLAD, the sum of residuals of each visual words are stored in clusters.

L2-normalisation is applied at the end. 

6.2.3/ Loss function

To optimize global descriptors (embeddings) generated by NetVLAD, we chose the triplet loss function ( 149) to train our system in an end-to-end fashion. The triplet loss function, inspired from nearest-neighbor classification, tries to enforce a margin between each pair of documents from one writer to all other documents. This allows the documents for one writer to live on a manifold, while still enforcing the distance and thus discriminability to other writers. For instance, we want to ensure that an image x a i (anchor) of a specific writer is closer to all other images x p i (positive) of the same writer than it is to any image x n i (negative) of any other writer. Thus loss function can be defined as:

N ∑︂ i [︂ ∥f (x a i ) -f (x p i )∥ 2 2 -∥f (x a i ) -f (x n i )∥ 2 2 + α ]︂ + (6.1) ∀ (f (x a i ) , f (x p i ) , f (x n i )) ∈ T (6.2)
where f (x) is the embedding (global descriptor), α is a margin enforced between positive and negative pairs, and T is the set of all possible triplets in the training set with cardinality N . Generating all possible triplets results in too many triplets which slow down network convergence. Therefore, we applied a hard-batch online triplet selection where each mini-batch contains P writers with K patches each. The following parameters were used: P = 7, K = 3, and α = 0.1. Adam optimizer (116) is used with a weight decay of 10 -3 , and a learning rate of 10 -5 . The experiment runs for 100 epochs, where best validation accuracy models are selected for the testing set.

Figure 6.6 shows the complete end-to-end architecture.

6.2.4/ Similarity

Finally, The documents were compared by computing the cosine distance between their global descriptor vectors [START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF]. An Exemplar Support Vector Machine (ESVM) with a linear kernel 

6.3/ Comparison

The proposed system has been tested on the ICDAR 2019 dataset, which contains a large collection of Latin manuscripts and it has proven important results comparing to the other systems. It has surpassed our state-of-the-art system (221) which was leading the results as a single extraction method, and also the combination of two methods (SIFT + Pathlet) that was proposed by the SCUTT team. Table 6.1 shows ICDAR 2019 submissions. Also, the system has improved our best result on the ICFHR20 competition dataset (228) in which we previously clinched the first position. Our state-of-the-art system was the only to reach above 60% mAP on the normal-shaped manuscripts (rectangular). Table 6.2 shows the overall results of ICFHR20 competition on rectangular and random shape (fragments) of manuscripts. The newly proposed end-to-end system has increased our previous result by almost 13%, which is a significant improvement.

The system has been also tested on the Arabic KHATT dataset (Non-historical documents) (90)(118) and achieved better results than the previous multi-step system. While the system focus on historical datasets, we suggested that it can also be validated on modern datasets like KHATT, as it is one of the fewest Arabic datasets which has enough documents to be used as benchmark for Writer Identification and accessible for us. Table 6.3 shows the results for training, testing and validation sets. The KHATT dataset consists of 4000 small paragraphs, we divided them as follow: 2800 for training, 600 for testing and 600 for validation. 

Method mAP Accuracy

Our state-of-the-art system 95.5 % 94.0 % Our end-to-end system 97.7 % 98.6 % And finally, the system has been evaluated on the Balamand historical Arabic Manuscripts dataset and the results were as shown in Table 6.4. The dataset has a total 11610 images, they were divided 3110 for training and 8500 for testing. The training set contains random images from part of manuscripts. While, the testing set contains random images from all the manuscripts where a large part of them not included in the training set. The images were used without any pre-processing techniques.

The end-to-end system has a slightly better performance. The results were 96.4% mAP and 99.2% accuracy, while our previous system had also a good performance of 95.2% mAP and 99.1% accuracy. The dataset will be published in order to test it with other systems and compare them with the results of our two systems and the two different approaches. Table 6.4: Balamand Arabic Historical dataset results

Method mAP Accuracy

Our state-of-the-art system 95.2 % 99.1 % Our end-to-end system 96.4 % 99.2 %

The metric used in our evaluations is mean Average Precision (mAP) [START_REF] Nicolaou | Nondeterministic behavior of ranking-based metrics when evaluating embeddings[END_REF] as computed in the ICDAR19 (205) and ICFHR20 competitions (228). mean Average Precision is computed as follows: For each query, the Average Precision (AP) is computed. Therefore, the precision over all ranks r is computed. Given the retrieved list of size S in which R documents are relevant for the query q, then the AP is computed as in equation (5.4) .

6.4/ Analysis

The Balamand Arabic Historical Dataset is presented, which contains 11610 images from 567 unique manuscripts collected from 14 different repositories between Lebanon between the 13th and 19th centuries, along with three other datasets used in our experiments: the ICFHR20 (Historical Latin), ICDAR19 (Historical Latin) and KHATT (modern Arabic) datasets.

An End-to-end system was implemented and compared with our state-of-the-art system, winner of ICFHR20 competition. The system showed high performance and surpassed all other systems on the four different datasets. Therefore, we can conclude that the ResNet50 along with NetVLAD as an end-layer has surpassed all other methods by far and proved high performance on Latin and Arabic datasets with different image shapes. The improved DeepTen approach has proved the power of Deep Learning methods for an end-to-end local feature extraction.

The proposed End-to-End system for Arabic Writer Identification works directly on raw input without any pre-processing techniques. This system has proved better results comparing to our previous state-of-the-art system on most datasets, especially on our unique Balamand dataset.

This system forms an end-to-end network based on an optimized DeepTen, by combining the power of ResNet50 along with NetVLAD.

6.5/ Conclusion

In this chapter, we presented a novel end-to-end system for Writer Identification. The system is meant to address the problem of scalability and complexity when dealing with different datasets on similarity, the collected results are re-ordered based on specific criteria.

On the dataset level, we will test our end-to-end system on multilingual datasets. Some manuscripts might contains two or more languages in the same document, like Greek-Arabic, Latin-Arabic, Syriac-Arabic, Syriac-Greek, etc... Adding to that, Transfer Learning approach can be used, where a model trained on a base dataset is then retrained on a target dataset (222). This approach will make the system more generalized and it has proved important results in document analysis (222).

Also, we will launch a competition on our Balamand dataset in order to compare more systems with our results. This opportunity will help to improve this field and specially in Arabic, as most of the competition are testing Latin datasets.

Finally, our goal is to extend our research in this field out of the Writer Identification scope, by using the outcome of this thesis in order to solve another research question. The methodology of this research arises from the need of an automated Writer Identification system for historical Arabic manuscripts at the Digital Humanities Center. Moreover, a similar important need is to develop a handwriting recognition system that works on the historical Arabic manuscripts.

As one of the most important and time-consuming task at the center is the transcription of historical Arabic manuscripts. From this approach, the Balamand dataset-which includes a significant number of old Arabic documents-fits well in the growth of this subject. Whereas, the transcription of those texts is consuming lot of efforts from the historians at the center. Therefore, the need of an automated handwriting recognition system is essential to their research.

Our preliminary study on this field shows different approach when dealing with texts. Where some techniques work on words level [START_REF] Hamdi | Online arabic handwriting recognition using graphemes segmentation and deep learning recurrent neural networks[END_REF], while others work on lines segmentation [START_REF] Geetha | Effective offline handwritten text recognition model based on a sequence-to-sequence approach with cnn-rnn networks[END_REF] or even full pages [START_REF] Singh | Full page handwriting recognition via image to sequence extraction[END_REF]. Our proposition is to build on top of our end-to-end writer identification system, which works on extracting local and global features from full documents, to develop a state-of-the-art handwriting recognition for historical Arabic manuscripts. We will work on expanding the feature extraction methods to focus more on the script level by developing more the text localisation approach. Our goal is to reach a system that can do both jobs. 

Abstract:

This thesis presents an adaptive system based on deep learning for the identification of unidentified Arab historical documents. This problem has always been a limitation for the study of historical texts, many of which lack information on their origin, date, authors and palaeographic characteristics. During the last decade, several works have been published to solve this problem. However, many ambiguities and challenges remain in this area. On the other hand, the lack of databases in Arabic has limited the progress of testing algorithms. As part of our work at the University of Balamand's Center for Digital Humanities, we saw the need for an automated system that works on the recovery of authors and copyists of unidentified historical documents. This center had a unique large database which contains a large register of digitized and transcribed historical Arabic manuscripts and documents. There are over 567 manuscripts owned by the center and hundreds imported from different parts of the Middle East. This immense corpus is defined by the following important characteristics: a large volume of preserved textual heritage, a wide variety of text formats, a wide period covered (from the 13th to the 19th century), a vast geographical extent (from the Middle East and North Africa) and a wide variety of Vorlagen (translations). As part of this thesis, a bibliographic study was carried out to study the performance of different existing identification and verification systems. Therefore, we investigated and proposed a system based on "Scale-Invariant Feature Transform" as a feature extraction method coupled with a convolutional neural network. The system was tested on four different large datasets: two Latin historical databases, a modern Arabic database and the database of historical Arabic documents from the Balamand center. This system took first place in the ICFHR20 competition. Our system based on the convolutional neural network has demonstrated its efficiency and accuracy in predicting authors for both categories: Latin and Arabic documents. Moreover, the integration of ResNet in the model gave much better results for the classification than the other traditional existing methods. On the other hand, to improve the accuracy of our method we studied an end-to-end system based on Deep Learning as a single solution, instead of traditional multi-pipeline systems.

The results obtained show that our system provides better precision (96.4% mAP & 99.2% accuracy) by comparing with the various other existing multi-pipeline and end-to-end methods.

Titre : Identification des Auteurs des Documents Arabes Historiques en Utilisant des Techniques de l'Apprentissage Profond
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Résumé :

Cette thèse présente un système adaptatif basé sur l'apprentissage profond pour l'identification des documents historiques Arabes non identifiés. Ce problème a toujours été une limitation pour l'étude des textes historiques, dont beaucoup de documents manquent d'informations sur leur origine, leur date, leurs auteurs et leurs caractéristiques paléographiques. Durant la dernière décennie, plusieurs travaux ont été publiés pour résoudre ce problème. Cependant, beaucoup d'ambiguïtés et de défis subsistent dans ce domaine. D'un autre côté, le manque des bases de données en Arabe a limité les progrès des algorithmes de test. Dans le cadre de notre travail au Centre des Humanités Numériques de l'Université de Balamand, nous avons constaté le besoin d'un système automatisé qui fonctionne sur la récupération des auteurs et copistes de documents historiques non identifiés. Ce centre possédait une large base de données unique qui contient un grand registre de manuscrits et de documents arabes historiques numérisés et transcrits. Il s'agit de plus de 567 manuscrits appartenant au centre et des centaines importés de différentes régions du Moyen-Orient. Cet immense corpus est défini par les caractéristiques importantes suivantes: un grand volume de patrimoine textuel conservé, une grande variété de formats de texte, une large période couverte (du XIIIe au XIXe siècle), une vaste étendue géographique (du Moyen-Orient et d'Afrique du Nord) et une grande variété de Vorlagen (traductions). Dans le cadre de cette thèse, une étude bibliographique a été réalisée pour étudier la performance de différents systèmes d'identification et de vérification existant. Par conséquent, nous avons étudié et proposé un système basé sur "Scale-Invariant Feature Transform" comme méthode d'extraction de caractéristiques couplé à un réseau de neurones convolutifs.

Le système a été testé sur quatre grands ensembles de données différents : deux bases de données historiques latins, une base de données arabe moderne et la base de données de documents arabes historiques du centre de Balamand. Ce système a décroché la première position au concours ICFHR20. Notre système basé sur le réseau de neurones convolutifs a démontré son efficacité et précision dans la prédiction des auteurs pour les deux catégories : documents Latin et Arabes. De plus, l'intégration de ResNet dans e modèle a donné des résultats bien meilleurs pour la classification que les autres méthodes existantes traditionnelles. D'un autre côté, pour améliorer la précision de notre méthode nous avons étudié un système système end-to-end basé sur l'Apprentissage profond comme une solution unique, au lieu des systèmes multipipelines traditionnels. Les résultats obtenus montre que notre système assure une meilleure précision (96.4% mAP & 99.2% accuracy) en comparant avec les différentes autres méthodes multi pypeline et end-to-end existante.
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  Figure 1.1: Different forms of the word "manuscript" in Arabic based on the four biometric factors.

  (205), by using SIFT for feature extraction and CNN to extract the local descriptor. Christlein et al. used CNN along with SIFT for feature extraction and encoded the result vector with Gaussian Mixture Model (GMM) (177).

Later in 2020 ,

 2020 Wang and Christlein (240) proposed a customized DeepTen architecture, along with U-Net for segmentation and Deep Generalized Max Pooling (DGMP) instead of max pooling for encoding. They concluded that U-Net outperform the traditional binarization methods for pre-processing, but the original DeepTen method worked better than the optimized DeepTen + DGMP. Rasoulzadeh et al. (227) proposed an end-to-end architecture by using ResNet20 as a feature extractor and implemented NetVLAD as an encoding end-layer. The output of the last convolutional layer is normalized to a 1x1 vector to allow aggregation at the NetVLAD layer using Softmax. The achieved the best mAP on the ICDAR13 dataset, where ResNet20 + NetVLAD outperform the other non end-to-end models: ResNet20 + VLAD, Contour-Zernike + VLAD, LeNet-5 + SV, RootSIFT + SV. The latest study on this approach was made by Tan Ngo et al. (235), who proposed A-VLAD as an end-to-end network model. They used CNN-based ResNet32 for feature extraction, but only 13 layers were used instead of 32. They implemented an attention filter in the convolutional layers to help them identify the important key-points in the images to obtain useful local features. On the other hand, all the features extracted from CNN are aggregated using Softmax with a fully connected layer (FC) architecture. The aggregated selected features are used to create a global feature to train the A-VLAD core, which uses NetVLAD for encoding.

  Lately, the most common techniques for writer identification work on the retrieval of local 21 descriptor based on defined keypoints along the image (205). Those keypoints are detected through a feature extraction algorithm on different positions. At each place, a local descriptor describing an area around the picture position is extracted. Those local descriptors are aggregated and encoded into a global descriptor (193). In Figure 2.1, we show how keypoints are extracted from a sample image (on the right) and the descriptor vector for each keypoint (on the left).

Figure 2 . 1 :

 21 Figure 2.1: Extracting keypoints and their descriptors from a sample image.

  they're light-resistant. Balntas et al.[START_REF] Balntas | Hpatches: A benchmark and evaluation of handcrafted and learned local descriptors[END_REF] found it outperforms Deep Learning-based feature extraction in image matching and patch retrieval. We will discuss the SIFT algorithm in details in Chapter 5, as it used in our first baseline system.SIFT Feature ExtractionSIFT keypoints are local extrema in Difference of Gaussians (DoG) scale-space. Gaussian scalespace has numerous blurred Gaussian images. They're created with a constant scale factor. When k=1, approximation error is zero, but more DoG images are needed to cover the same scale-space. Too high k can lose structures. Lowe (36) says a scale factor of k = 2 is sufficient for SIFT keypoint localization. LoG-Filter requires factor 2 for scale invariance, however DoG approximation uses a fixed factor k for each scale. Looking for local extrema in a 3-D DoG scale-space neighborhood finds candidate critical locations. A quadratic interpolation then refines their sub-pixel positioning. Other similar approaches are the Histogram of Oriented Gradients (HOG) descriptor (37) and the dense SIFT-variant Pyramid Histogram of Visual Words (PHOW) (45). Histograms are used to describe local and global attributes. Histograms quantify range values and facilitate statistical comparisons. When the number of potential data values is enormous,

2. 2

 2 .1.4/ Normalization techniques Data normalization is among the pre-processing techniques in which the data is resized or adjusted to ensure that each feature contributes equally (229). The accuracy of the data needed to create a generalized predictive model for the classification task is essential to the achievement of Machine Learning algorithms (229). Recent studies have demonstrated the significance of data normalization for enhancing system performance and consequently the effectiveness of Machine Learning algorithms (205). Different normalization algorithms for local descriptors have been tested, the most used are for histogram-based descriptors because they represent a probability mass distribution. We describe below the most used normalization algorithms. Hellinger Feature mapping boosts performance. Arandjelovic et al. (80) suggested replacing the Euclidean kernel with the Hellinger kernel, derived from the Hellinger distance, also called the Bhattacharyya distance. The l2-kernel's approximation feature mapping (92) improves picture categorization. Hellinger normalization is faster and has equivalent retrieval performance (80). Dirichlet Kobayashi (117) developed descriptors mapping for histogram-based feature extraction, leading to a Dirichlet-derived GMM Fisher kernel. The l1-normalized histogram is a Dirichlet probability mass function. Dirichlet normalization simplifies to a simple feature transformation if the histogram-based feature descriptor is already l1-normalized. l2-normalize the feature descriptor. Log-Norm Gosselin et al. (113) recommended Log Normalization (Log-Norm). Since this normalization follows PCA-based dimensionality reduction, the absolute values of the feature elements are acquired and the element's sign is restored using the sign function, which returns +1 for a positive element, 0 for a zero element, and a rotated feature descriptor. Decorrelation and1 otherwise are rare. This adjustment reduces the influence of large PCA components after normalizing local descriptor (131).

  Previous normalizing procedures reduced visual burstiness or co-occurrence. Normalization processes adjust for inter-session variance. Recordings can change handwriting. Alcohol and fatigue can also influence handwriting. Dehak et al. (67) advocated using i-vector extraction.

16. 4

 4 percent to 6.7 percent. The winning design in 2015 was (161), which reduced the error rate to 3.6 percent while having 152 layers. We employ the architecture known as Residual Neural Network (ResNet) in our work as well.Data from digital or phone cameras can be used to train deep models. With the introduction of GPUs, it became feasible to train DNNs with over 100 million parameters. The availability of Deep Learning frameworks like "torch"[START_REF] Collobert | Torch7: A matlab-like environment for machine learning[END_REF] or "tensorflow" (135) as well as the practice of pre-publishing papers, code, and trained models were non-technical drivers. This simplified academic and non-academic software while also speeding up research results.
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 22 Figure 2.2: Example of a multilayer perceptron with four hidden layers.

2. 3

 3 .1.5/ Pooling Layers A pooling layer uses l2-norm function to pool spatial activations given an activation map. The output volume layer with receptive field size 2x2 and stride 2 of one fourth the input volume size is obtained by max-pooling two non-overlapping windows. Average pooling and l2-norm are two more pooling operators. Pooling reduces the number of subsequent layer parameters, minimizing overfitting, and makes the network insensitive to minor input translations (157).

  This section briefly reviews related works to Writer Identification. Previous research worked initially on the techniques of extracting writer-specific features from handwritten patterns. Several methods were used for feature extraction like SIFT, RootSIFT, Contour, Hinge, Path Signature and many more handcrafted techniques (152)[START_REF] Lai | Offline writer identification based on the path signature feature[END_REF]. Afterward, the extracted features descriptors were either classified using traditional classifiers such as distance-based classifier, Support Vector Machine (SVM), Hidden Markov Model (HMM) and Fuzzy based classifier, or trained using a Deep Neural Networks[START_REF] Nguyen | Text-independent writer identification using convolutional neural network[END_REF]. Neural Networks were also used for automatic feature extraction[START_REF] Fiel | Writer identification and retrieval using a convolutional neural network[END_REF].Most of the previous techniques were based on supervised learning through a single or a combination of multi handcrafted feature extractors. He. et al used handcrafted features by computing the junctions of the handwriting along with SVM. But they used clustering to create an unsupervised approach, which proved better features extraction (161). However, Deep Neural Networks, specially CNN, showed superior performance as unsupervised learning[START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF].

Fiel

  and Sablatnig used CNN to automatically extract the features vector. In their approach, they eliminated the last layer of the network and computed the distance using ChiSquare to identify the writers[START_REF] Fiel | Writer identification and retrieval using a convolutional neural network[END_REF].Christlein et al. used CNN along with SIFT for feature extraction and encoded the result vector with Gaussian Mixture Model (GMM) (177). According to Christlein, CNN achieved better performance when using the SIFT descriptors as a local feature extractor[START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF].Lai et al. introduced a different approach based on path signature, where they extract the pathlets from the polygonized handwriting contours. This technique requires first to binarize the image and extract the contour of the text. Then the extracted features are clustered using k-means to create a codebook[START_REF] Lai | Offline writer identification based on the path signature feature[END_REF].

In 2014 ,

 2014 Fecker et al. (111) (110) presented a small Arabic historical dataset and tested it using basic features extraction methods: Contour Based Features (CON), OBI, SIFT and HOG. The dataset consisted of 4595 images from 29 writers where only 174 images of them were unknown. Then in 2017, they compared the same methods on two different Arabic datasets KHATT (non-historical) and WAHD (historical) (174). In all experiments SIFT achieved the best results by far, so they compared different key point detector techniques by using SIFT as a key descriptor. They used pre-processing pipeline on the images before applying the feature extraction methods. They cropped the background to eliminate the noise and applied text segmentation. The WAHD dataset was previously introduced in 2017 by Abdelhaleem et al. (170) and it was tested using two classifiers: GMM and OBI/SIFT. The dataset contains 43976 images for 322 writers, where all writers are known. According to their experiments GMM proved better results than the combination of OBI/SIFT. In 2019, Hannad et al. (207) improved the results on the KHATT dataset by using a combination of HOG and Gray Level Run Length (GLRL) Matrices. Latest studies on Writer Identification were made on Latin Historical datasets. Fiel et al. (142) and later Christlein et al. (205) showed the importance of using Convolutional Neural Network (CNN) in Writer Identification. Christlein et al. introduced the combination of using SIFT as a feature extraction method along with CNN as a classifier and proved a state-of-the-art results. After that, Lai et al. (225) introduced a new method by encoding Pathlet and SIFT for feature extraction and they clinched the best result in the ICDAR19 competition. The best performing methods were using Vector of Locally Aggregated Descriptors (VLAD) encoding to create a global descriptor from the extracted features.

3. 4

 4 .2/ End to end system In this survey, we focus on the studies that use Deep Learning and end-to-end approach for Writer Identification. Most of the approaches use Deep Learning for features extraction. Vincent et al. (139) were among the first to use CNN for feature extraction instead of handcrafted methods. They used a multi-layer convolution network with a hidden layer and activation function to create a max-pooling for local features, but this pipeline was not for directly identifying the writer. They aggregate the local descriptors to create a global descriptor and use an encoding algorithm as a pre-trained model for identification. Later, Yang et al. (168) developed an end-to-end system called DeepWriterID. The system uses Deep CNN but it was not a complete end-to-end approach. It consists of different stages before reaching Deep CNN architecture: data pre-processing, segmentation and feature extraction using Path-signature. In 2016, Arandjelovic´et al. (153) developed an end-to-end architecture for image recognition based on CNN. The most important component of the system was a network layer of the Vector of Locally Aggregated Descriptors (VLAD). VLAD was used in Writer Identification as a standalone encoding pipeline to aggregate local descriptors into a global descriptor. NetVLAD is the plugable version of VLAD that fit in any CNN architecture to form a real end-to-end system. Another interesting approach was developed by Zhang et al. (169) in 2016, called DeepTen. It was based on ResNet50 architecture with an embedded residual encoding layer. DeepTen uses 50 layers and provides different integrated properties: feature extraction, learning and classification, along with residual encoding, fine tuning and multi-size input. It uses a 1x1 convolutional layer for projection and reshaping at layer 49 before the encoding end-layer. This approach was first introduced for image recognition (218)(217) and was lately applied for Writer Identification (240). In 2017, Zhang et al. (188) proposed a completely different end-to-end approach based on Recurrent Neural Network (RNN) applied directly on raw data with Long Short-Term Memory (LSTM) for classification. It was compared with the previous approaches similar to the Deep-WriterID system and the other handcrafted feature extraction methods. According to them, RNN achieved a better performance than CNN and outperform the other methods. In 2019, Ngyang et al. (211) worked on a text-independent Writer Identification system, that uses CNN as feature extraction method and aggregate the local features to form global features.

Later in 2020 ,

 2020 Wang and Christlein (240) proposed a customized DeepTen architecture, along with U-Net for segmentation and Deep Generalized Max Pooling (DGMP) instead of max pooling for encoding. They concluded that U-Net outperform the traditional binarization methods for pre-processing, but the original DeepTen method worked better than the optimized DeepTen + DGMP. Cilia et al. (222)(223) compared several ResNet and CNN architectures (VGG19, ResNet50, InceptionV3, InceptionResNetV2, and NASNetLarge) as direct feature extractors. They used row detector to feed the classifier. The InceptionResNetV2 was the best classifier at their experiments. They mentioned in their research that they have implemented two end-to-end systems, while they used two CNN's in two separate modules. Also, they used a pre-processing step to clean the images from noisy pixels, stains and holes. They used segmentation to extract the rows from the text and binarization to transform RGB colors into black and white.

  Salem et al. (236) proposed a multi-layer CNN for feature extraction where the combine all the features for classification using SVM. They improved the results of using HOG feature extractor with ResNet50. It is noticeable that a lot of experiments use a multi-layer CNN or ResNet50 for feature extraction, but all of them were not end-to-end systems. Rasoulzadeh et al. (227) proposed an end-to-end architecture by using ResNet20 as a feature extractor and implemented NetVLAD as an encoding end-layer. The output of the last convolutional layer is normalized to a 1x1 vector to allow aggregation at the NetVLAD layer using Softmax. The achieved the best mAP on the ICDAR13 dataset, where ResNet20 + NetVLAD outperform the other non end-to-end models: ResNet20 + VLAD, Contour-Zernike + VLAD, LeNet-5 + SV, RootSIFT + SV. Sheng He et al. (233) retested the RNN approach with a new strengthened model called the global-context Global-context Residual Recurrent Neural Network (GR-RNN) method. This method was compared with different CNN and handcrafted systems on several known datasets (Firemaker, IAM, CVL). It has showed good results in some experiments but did not outperform CNN as mentioned before. The latest study on this approach was made by Tan Ngo et al. (235), who proposed A-VLAD as an end-to-end network model. They used CNN-based ResNet32 for feature extraction, but only 13 layers were used instead of 32. They implemented an attention filter in the convolutional layers to help them identify the important key-points in the images to obtain useful local features.
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 41 Figure 4.1: Sample image from the Balamand Arabic Historical Manuscripts.
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 42 Figure 4.2: Sample image from the Balamand Arabic Historical Manuscripts.
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 43 Figure 4.3: Sample image from the Balamand Arabic Historical Manuscripts.
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 44 Figure 4.4: Sample image from the Balamand Arabic Historical Manuscripts.
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 45 Figure 4.5: Sample image from the Balamand Arabic Historical Manuscripts.
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 46 Figure 4.6: Sample image from the Balamand Arabic Historical Manuscripts.
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 47 Figure 4.7: Sample image from the Balamand Arabic Historical Manuscripts.
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 48 Figure 4.8: Sample image from the Balamand Arabic Historical Manuscripts.
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 49 Figure 4.9: Image from the Manuscripts' digitization process.

  Figure 4.10 shows sample data from the manuscripts' list. Another ground truth file was created that contains all the file names of the images used in the CNN training, along with a unique writer ID (same writer can have two different IDs for two different manuscripts) in order to compare the results and complete the verification process.

Figure 4 . 10 :

 410 Figure 4.10: Sample data from the Manuscripts' list.

The

  ICDAR 2019 dataset (205) contains 3600 documents from 720 writers for the training set and around 20000 documents for 10000 writers for the testing set. The training dataset contains 300 writers contributing one page, 100 writers contributing three pages, and 120 writers contributing five pages resulting in 1200 manuscript images of 520 writers. The rest is 200 writers contributing one or three letter images. The test dataset contains 20000 images: About 7500 pages from anonymous writers, contributing one page each, and about 12500 pages are from writers that contributed three or five pages.Figure 4.12 shows sample images from the training and testing sets.
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 411 Figure 4.11: Sample image from the ICDAR 2019 dataset.

The

  ICFHR 2020 dataset (228) was generated from the Historical-IR 19 dataset used in the ICDAR 2019 competition, which consists of 21000 document images for 10500 writers. The origin of this corpus were manuscripts written in the European Middle Ages from the 9th to the 15th century. A set of 120000 fragments were generated from 20000 documents for 9800 writers, where 101706 fragments written by 8717 writers from 17222 document images were used for the training set and 20019 fragments of 1152 writers from 2732 images were used for the testing set. The number of images used in training set was enough to try Deep Learning methods. The images were fragmented semi-automatically using an open source software 7 , by applying two different fragmentation methods resulting in a set of random-shape fragments(a) Sample page of training data. (b) Sample page of testing data.
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 412 Figure 4.12: Two sample images from the ICDAR19 dataset.
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 413 Figure 4.13: Sample fragment from the ICFHR 2020 dataset.
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 14 Figure 4.14: Sample paragraph from the KHATT dataset.
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 51 Figure 5.1: System workflow diagram for all algorithms in each process (used algorithms in red).

Figure 5 .

 5 Figure 5.2: A summary of unsupervised feature learning. SIFT descriptors and image patches are retrieved at SIFT keypoint spots. The extracted patches along with the indices of the clustered SIFT descriptors are used as input for the CNN training (178).
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 53 Figure 5.3: A ResNet basic block.

Figure 5 .

 5 5 shows the structure of the ResNet20 module.To reduce dimensionality, Global Average Pooling is used. A Fully-Connected layer is added at the end of the network for classification. For instance, the network is trained to assign each image patch to one of 5000 classes. Adam optimizer (116) is used with a weight decay of 10 -3 , and a learning rate of 10 -5 . We run the training for 400 epochs, then we select the model yielding the best accuracy on the validation data (see Figure5.5).
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 54 Figure 5.4: ResNet20 training and validation accuracy.
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 55 Figure 5.5: ResNet20 structure. 'conv1' is the initial convolution. It has 16 filters, a kernel size of 3 and a stride of 1. Subsequently, 'conv2' through 'conv4' make up the three groups, each consisting of N blocks. For ResNet20, N is equal to 3.
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 56 Figure 5.6: The expanding VLAD encoding layer embedded with three feature coding approaches (198).

  tition (228) and clinched the first position. It was the only system to reach above 60% mAP on normal shape manuscripts (rectangular). In comparison to the other Deep Learning-based methods, the ResNet20ssl has the advantage of not requiring any writer information. Seuret et al. (228) have evaluated the behavior of the methods in regards to the number of valid pixels.

Figure 5 .

 5 7a (228) displays plots of the average precision as the number of queries in relation to their pixels is varied. The various methods demonstrate an exciting behavior.

Figure 5 .

 5 Figure 5.7b (228) demonstrates the mAP that each technique achieves in relation to the fragment generation algorithm that produced each query sample. Only 8.7% of the test set is
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 57 Figure 5.7: (a) Plots of average precision (for writer labels) versus the number of valid pixels used in each query sample, smoothed by 500 samples (a form of local mAP). (b) illustrates the difference in average precision between fragments with random shapes and those with

  Figure 6.1 (188)shows the ResNet50 architecture used in the DeepTen approach.
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 61 Figure 6.1: DeepTEN configuration for 50 layer fully convolutional ResNet implementation. In order to reduce the number of channels after Res4, an 1x1 convolutional layer is implemented. (188).
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 63 Figure 6.3: System workflow diagram.
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 65 Figure 6.5: NetVLAD layer embedded in CNN architecture (153).
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 66 Figure 6.6: End-to-end deep architecture

  Similar to writer identification, the development and testing of handwriting recognition systems has always been done on Latin datasets(196). This field has reached important evolution with Deep Learning(191)(192). However, the experiments on Arabic datasets is still very limited to small non-historical datasets like KHATT (90)(118) or the Open Handwriting Recognition and Translation Evaluation (OpenHaRT) datasets by NIST (239).

I

  Appendix écol e doct oral e sci ences pour l 'i ngéni eur et mi crotechni quesUniversité Bourgogne Franche-Comté 32, avenue de l'Observatoire 25000 Besanc ¸on, France Title: Adaptive deep learning system for writer identification in historical Arabic documents Keywords: Deep Learning, Data Analysis, Writer recognition, Writer identification, Historical Documents

  

  

  Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6.2 System . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6.2.1 Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6.2.2 Encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6.2.3 Loss function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6.2.4 Similarity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6.3 Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

vii 6 End-to-end system 6.1 6.4 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 Conclusion and perspectives Conclusion Summary of the PhD thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . Persepctives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

  It contains 3710 text lines and 22,896 words written by 53 native writers of Arabic. KHATT was first introduced in ICFHR 2012 (90)(118), it was the largest dataset in terms of pages (2000 paragraphs) for 1000 writers. According to Slimane et al. (127), four different systems

	competed on those two datasets: Writer Identification Line Level (WILL)/Steerable Pyra-
	mids (SP), Edge-hinge and Edge-hinge and Multi-scale Run-length (EMR), Gaussian Mixture
	Model (GMM) and Oriented Basic Image (OBI)/Scale-Invariant Feature Transform (SIFT).
	The GMM model achieved the best results with 73.4% accuracy. This model was submitted
	by Christlein et al. (107), where they implemented RootSIFT as a feature extraction method.
	The SIFT descriptors were used to train the GMM, which serves as a Universal Background
	Mode (UBM).
	In 2014, Fecker et al. (111)(110) presented a small Arabic historical dataset and tested it

He extracted 640 features using GLCM and achieved the best result (85.77% accuracy) with AIRS when using all features together. Also,

Hannad et 

al. tested the same dataset (all 411 writers) by applying the Histogram of Oriented Gradients (HOG) for feature extraction and they achieved a better result (86.62% accuracy). Both datasets had a limited number of samples and texts. Abdleazeem et al. (51) introduced another dataset in 2008, the Arabic Digit database (ADBase) which consists of 70000 Arabic digits for 700 writers. This dataset contains only digits and it was used by several researchers for writer identification (72). Gazzah et al. (57) proposed a new approach by using Multi-Layer Perceptron (MLP) for features extraction. He compared MLP with SVM and achieved better results on a small dataset of 180 documents for 60 writers. Al-Aziz el al. used Spatial Gray Level Dependence (SGLD) to classify eight different texture features: Correlation, Inverse difference moment, Contrast, Angular second moment, Entropy, Mean, Sum of squares Covariance and Covariance. They worked on a dataset of old Arabic Manuscripts from the Mamluk and Ottoman age (90 documents from 10 books). In the International Conference on Frontiers in Handwriting Recognition (ICFHR) in 2014 (127), two datasets have been used in the first edition of the Arabic Writer Identification competition: The Arabic Handwritten Text Images Database (AHTID) and KFUPM Handwritten Arabic TexT (KHATT). AHTID dataset was introduced for the first time in the competition. using basic features extraction methods: Contour Based Features (CON), OBI, SIFT and HOG. The dataset consisted of 4595 images from 29 writers where only 174 images of them were unknown. Then in 2017, they compared the same methods on two different Arabic datasets KHATT (non-historical) and WAHD (historical) (174). In all experiments SIFT achieved the best results by far, so they compared different key point detector techniques by using SIFT as a key descriptor. They used pre-processing pipeline on the images before applying the feature extraction methods. They cropped the background to eliminate the noise and applied text segmentation. The WAHD dataset was previously introduced in 2017 by Abdelhaleem et al. (170) and it was tested using two classifiers: GMM and OBI/SIFT. The dataset contains 43976 images for 322 writers, where all writers are known. According to their experiments GMM proved better results than the combination of OBI/SIFT. In 2019, Hannad et al. (207) improved the results on the KHATT dataset by using a combination of HOG and Gray Level Run Length (GLRL)

  analyzes SIFT descriptors densely with variable bin sizes. This technique is typically employed with encoding, and we have no global picture representation. HOG is also local.Concatenating local HOG descriptors and resizing the input picture yields global.The best-known is Speeded-Up Robust Features (SURF)[START_REF] Bay | Speeded-up robust features (surf)[END_REF]. The authors say SURF is as accurate as SIFT but faster to assess. Box filters are used to construct the Hessian matrix, and integral pictures are used to assess it efficiently. Haar wavelet responses replace the descriptor's histogram of oriented gradients. KAZE[START_REF] Alcantarilla | European conference on computer vision[END_REF] replaces Gaussian scale-space with non-linear diffusion filtering. Non-linear diffusion preserves object boundaries, while Gaussian filtering edges, noise and blures equally. While the rest of feature detection and description is similar to SURF, the authors show that feature detection is better.

Oriented Texture Curve (OTC) descriptors were also studied

[START_REF] Margolin | Otc: A novel local descriptor for scene classification[END_REF]

. Rotational invariance may weaken a descriptor's discriminative power. Margolin et al. offer a rotationally sensitive descriptor that computes first and second-order derivatives. The gradients and curvatures are not quantized. The derivatives are sorted so that two descriptors have the shortest l-distance. l2-normalized patches produce illumination invariance. Descriptors are retrieved densely from homogeneous (textureless) patches. By applying the l2 norm to such patches, they may resemble high-entropy foreground patches. Using a minimum descriptor norm to filter these adjustments is one way. Margolin et al.

[START_REF] Margolin | Otc: A novel local descriptor for scene classification[END_REF] 

advocate adding H-bin to the feature vector before l2 normalization. Textured patch descriptors are unaffected, whereas textureless patch descriptors have a high H-bin value and low values everywhere.

  Murray et al. (121), who created GMP and democratic aggregation, are outliers. Both algorithms reweight patch statistics to balance the final similarity score. Murray et al. (164) compared the two aggregation methods and chose GMP. Max-pooling is generalized using Name-wise. It gives common and unusual patches the same similarity score. Recasting embedded descriptors balancing as a ridge regression problem guarantees this behavior (193).

	2.2.2.2/ Background Model
	Most encoding systems use a UBM, a dictionary, (visual) vocabulary, or codebook (221). The
	backdrop model approximates the true data distribution. It's calculated using the training
	set's (local) descriptors and used in the encoding step (204). The UBM is calculated using a

(163). While, Sum-pooling assumes picture descriptors are unrelated. Frequent descriptors will dominate the final representation and similarity. Encoding must take this into account. Embedding or normalizing representations does this. random selection of evenly distributed local descriptors from all images. We studied 500000 local descriptors in our first baseline system discussed in chapter 5. The mixture centers contain the code words, sometimes called visual phrases or anchor points, in a backdrop model. GMMs and k-means are the most common background models. Zhou et al. (190) list alternative choices. The k-means++ approach (48) is used to initialize cluster centers. It disperses early cluster cores to prevent Equation. Bachem et al. (155) have a sped-up version.

  Neural Network (NN). Local window descriptors are FVencoded after SIFT. Reduce the FVs' dimensions and re-encode them. Simonyan et al. (102) recommend layering two FVs. Peng et al. (123) encoded 3-D sub-volumes of frames before final aggregation. Dimensionality reduction is important for the FV supervector (DFV = 2KDl).

	(102) (123) used supervised dimensionality reduction.
	All these approaches are not considered end-to-end, unlike NNs. Sydorov et al. (130) solved
	this by estimating GMM parameters with a Support Vector Machine (SVM) using coordi-
	nate descent to minimise classification error. Arandjelovi'c et al. (153) design NetVLAD, a
	CNN-plugable VLAD layer. Zhang et al. (
	order statistics. They add second and third order VLAD stats. Contrary to Picard et al. (113),
	who calculate the complete DL covariance matrix, second order statistics are the diagonal.
	Peng et al. (124) propose overseeing dictionary revisions.

Campbell et al.

[START_REF] Campbell | Support vector machines using gmm supervectors for speaker verification[END_REF] 

combine mean-adapted GMM and SVM.

2.2.2.6/ Vectors of Locally Aggregated Descriptors

Vector of Locally Aggregated Descriptors (VLAD) encoding encodes first order statistics like a non-probabilistic Fisher Kernel

[START_REF] Jégou | Negative evidences and co-occurences in image retrieval: The benefit of pca and whitening[END_REF]

. Although it's more compact than Fisher Vector, VLAD is a common encoding method when paired with Residual Normalization, Intra Normalization, or whitening. It's utilized for classification and retrieval with Deep Learning features

[START_REF] Gong | Multi-scale orderless pooling of deep convolutional activation features[END_REF] 

(152)

[START_REF] Paulin | Convolutional patch representations for image retrieval: an unsupervised approach[END_REF]

. VLAD encoding pools the residuals of each local descriptor and its closest cluster center. VLAD employs a standardized codebook. In cases of inconsistent clusters, such as when the code words are from a separate dataset or from new data, two sets of descriptors may offer wildly different similarities. The solution is terminology

[START_REF] Arandjelović | Three things everyone should know to improve object retrieval[END_REF]

. Recalculating the means and VLAD descriptors using the revised means.

Other initiatives to improve the VLAD's accuracy include Res-Norm and Intra-Norm. Vectors of Locally Aggregated Tensors (VLAT) are the result of aggregating tensors instead of distances (113). Encoding second-order statistics. This method was improved for large-scale photo retrieval by reducing (global) descriptor size. Peng et al.

[START_REF] Peng | Action recognition with stacked fisher vectors[END_REF] 

improve VLAD with higher-

2.2.2.7/ Deep-learning-based encoding

Encoding's design is similar to Deep Learning. Each pipeline stage, such as the extraction of local descriptors, aggregation and embedding to a global vector, and final classification, may be compared to "layers" in a

  .2.2.9/ Re-ranking & Neighbor classification Many image retrieval methods re-rank images. After scores and a similarity-based ranking, traditional Machine Learning methods in terms of accuracy. In 2011, the Top-5 error rate with handcrafted features and SVMs was 25% (101). With a 16.4 percent error rate, Krizhevsky et al. (88) pioneered deep CNN. On the ImageNet dataset (147), He et al. (143) were the first to experimentally defeat a single untrained observer. This isn't to say that neural networks are better at recognizing objects. They excel in fine-grained classification but have trouble with context (143). In 2014, Cadieu et al. (105) reported that Deep Neural Networks (DNN) can recognize objects as well as the human IT cortex.Algorithmic advances such as Rectified Linear Unit (ReLU)[START_REF] Jarrett | What is the best multi-stage architecture for object recognition?[END_REF] and dropout[START_REF] Srivastava | Dropout: a simple way to prevent neural networks from overfitting[END_REF] are responsible for the improved performance of Deep Learning. They helped to solve overfitting and vanishing gradients problems as mentioned by Hochreiter[START_REF] Hochreiter | Studies on dynamic neural networks[END_REF]. At multi-levels, deep architectures reuse and abstract features[START_REF] Bengio | Representation learning: A review and new perspectives[END_REF]. Reuse potential increase considerably as network depth increases. Because a higher-layer feature isn't recomputed, this also saves network resources.

	are effective for matching high-dimensional data. Large-scale picture categorization requires
	matching millions of descriptors.

the results are reordered. Geometric verification, retrieval fusion and Query expansion are included. Geometric consistency is usually confirmed by anticipating a conversion between the query and gallery images. If the estimation algorithm recognizes a transformation, the image is restored accurately. Unlike objects or scenes, script has no macro-level structure when analyzed text-independently. Script analysis can't use these techniques. Global Spatial Pyramids (GSP)

[START_REF] Lazebnik | Beyond bags of features: Spatial pyramid matching for recognizing natural scene categories[END_REF] 

are also inapplicable. Spatial pyramids are a common strategy for example recognition in which the image is split into pieces and a supervector is created for each region. Contrast with aggregated vectors. Same goes for query expansion using geometrically validated queries. Geometrically validated queries from top-ranked retrievals are averaged to create the Average Query Expansion (AQE).

In Discriminative Query Expansion (DQE), a discriminative classifier is trained per query utilizing the least similar descriptors as negatives

[START_REF] Arandjelović | Three things everyone should know to improve object retrieval[END_REF]

. As a novel measure of similarity, distance to the decision border is used. In both cases, query-based classifiers are taught. In exemplar classification, there is no geometrical verification and negatives are "genuine negatives" in the sense that we know they are negatives; in the worst-case scenario, the DQE assumption for negatives is erroneous. Nearest-neighbor-based image classification (55) matches the query picture's local descriptors with image class descriptors. A picture gets the class with the fewest distances. Using global vectors, a k-Nearest Neighbors (kNN) classifier is often used for classification. Priority search k-means trees or k-d forests (120), Random Ball Cover (82), and hashing approaches (23) 2.3/ Deep Learning Fundamentals In recent years, scientific and public interest in Deep Learning (89) has grown. Several factors led to its success. Deep Learning methodologies, particularly Artificial Neural Network (ANN), have outperformed A feature hierarchy is formed by repeating characteristics in deeper levels. As a result, characteristics mirror abstract data concepts (95) (133). Deeper models resulted in lower error. AlexNet (88) had eight layers, but in 2014 (126), almost doubling them decreased error from

  If the training and test sets have distinct goals, this is advantageous. End-to-end DNN training is not

feasible in this case. Instead, we recommend employing authors from training sets as surrogates (138). If no labels are available, we recommend using a simple way to create surrogate classes (177).

  1)Nb. mini-batch size Learning is influenced by batch size and learning rate. The gradient is better approximated with larger mini-batch sizes. Due to noise supplied to the training process, a smaller mini-batch size may provide a regularization impact[START_REF] Lecun | Efficient backprop[END_REF]. Smaller batches include more variety, necessitating a slower learning rate (157). Learning at your own speed is crucial.We may overlook an ideal if it is too large. We miss a better optimum if it's too low, and training takes longer. The validation set is often lost. The learning rate slows if the error does Adaptive Moment Estimation (Adam) (109) employs first and second order moments of historical gradients. Both moment terms are exponentially decreasing. Adadelta (93) uses only first order moments, therefore Adam must provide a learning rate.Because of local minima, solving a non-convex (and non-concave (162)) function using convex optimization may look paradoxical. There are various local minima in Neural Networks.Permutations of the weights of one layer may provide similar results (157). Many of these minima are "good" minima close to the global optimum, as proved byChoromanska et al. (137). In deep linear networks, any local minimum is a global minimum (given a number of weak assumptions) (162). The exception is deep nonlinear networks. Saddle points may be eliminated using adapted saddle-free Newton optimization

	not alter.
	According to Sutskever et al.(103), this improves learning convergence. According to Good-

fellow et al.

(157)

, this has no effect on stochastic gradient convergence. For SGD-trained Neural Networks, it is the de facto standard.

Individual parameter updates are feasible using adaptive learning rate approaches, which eliminate the need for a learning rate schedule (however still possible). To estimate momentum,

  A Fully-Connected (FC) layer in a typical Feed-forward Neural Networks receives input from all previous nodes, while CNNs employ two-dimensional images[START_REF] Lecun | Generalization and network design strategies[END_REF] [START_REF] Lecun | Handwritten digit recognition with a back-propagation network[END_REF]. Convolutional Layers use many filters to convolve the input image. Filter kernel entries are parameters that have been educated. A non-linear activation function is used to each hidden unit in the Convolutional Layer of the network. A feature or activation map is created by each convolution filter.Convolutional layer characteristics include equivariant representations, parameter sharing, and sparse weights. Filter kernels interact on a very limited receptive field since they are generally smaller than the input image.Filter weights that are shared save storage expenses in half. Convolutional Layer is more efficient than FC, because overfitting is reduced by reducing parameters. Translation-equivariant Convolutional Layers are also available. This means that the outcome corresponds to the input (157). For example, an image object may cause output. The Convolutional Layer output changes as the image moves. Edge and form filters may appear in a variety of areas. Worrall et al. (185) suggest that circular harmonics might help with rotational equivariance in CNNs.

  LeNetEssential aspects identified by LeCun et al.[START_REF] Lecun | The mnist database of handwritten digits[END_REF] are still present in various recent designs(195).LeNet-5 is LeCun's latest convolutional network designed for handwriting recognition (219). It is a Convolutional Neural Network that can process many input and produce multiple outputs known as Space Displacement Neural Network (SDNN), which can identify strings in a single pass without prior classification (219). Average pooling subsampled spatial information derived by convolution. Convolutional and pooling layers alternate throughout the design. FC are the final layers. Until recently, this design served as the foundation for various more complex ones, such as VGG-Net (126).

	Residual Networks
	Residual Neural Network (ResNet) is an effective model of Convolutional Neural Network

Neural Network (ResNet) with up to 152 layers (161), with the authors testing with over 1000 layers. However, we often use 20 layers, which seems to be sufficient for categorizing small image patches.

(CNN) that is commonly used in a variety of tasks (159). ResNets are built by stacking a vast number of building blocks together

[START_REF] Duta | Improved residual networks for image and video recognition[END_REF]

. ResNets' main concept is to enhance the learning of identity mappings for its building blocks

[START_REF] Duta | Improved residual networks for image and video recognition[END_REF]

. ResNets are extremely effective at training deep networks for image recognition (159). Specially, for image classification and object identification (177) (161)

Table 3 .

 3 1: Arabic documents datasets.

	Database	Description	Writers #
	IFN/ENIT (32)	26,459 images of Tunisian city names	411
	Al Isra (24)	37,000 words, 10,000 digits, 2500 signatures, 500	500
		sentences	
	MADCAT (44)	9693 handwritten pages from news groups,	400
		newswire and weblogs	
	CENPARMI (33)	3000 checks (Legal and courtesy amounts and dig-	-
		its)	
	HACDB (100)	6600 segmented characters	50
	AHDB (29)	10,000 words for check processing	100
	Khedher et al. (31)	Characters	48
	Alamri et al. (52)	46,800 digits, 13,439 numerical strings, 21,426 let-	328
		ters, 11,375 words, 1640 special symbols	
	Gazzah et al. (57)	180 documents	60
	Feker et al. (110)	4595 images (174 unknown)	29
	AHTID (127)	3710 text lines and 22,896 word	53
	AD/MADBase (49)	70,000 digits	700
	KHATT (118)	1000 forms, 2000 free paragraphs	1000
	WAHD (170)	43976 images	322
	Balamand (242)	11610 images (single & double folio) from 567	
		manuscripts	
		329 manuscripts	256
		238 manuscripts	-

  Nguyen et al. used CNN end-to-end deep-learning method to extract local features, then they aggregated the results in a global feature vector. After that, they used a softmax classifier to predict the writers without requirement of prior identification of features[START_REF] Nguyen | Text-independent writer identification using convolutional neural network[END_REF]. 60 writers. Al-Aziz el al. used Spatial Gray Level Dependence (SGLD) to classify eight different texture features: Correlation, Inverse difference moment, Contrast, Angular second moment, Entropy, Mean, Sum of squares Covariance and Covariance. They worked on a dataset of old Arabic Manuscripts from the Mamluk and Ottoman age (90 documents from 10 books).

	In the International Conference on Frontiers in Handwriting Recognition (ICFHR) in 2014
	(127), two datasets have been used in the first edition of the Arabic Writer Identification com-
	petition: The Arabic Handwritten Text Images Database (AHTID) and KFUPM Handwritten
	Arabic TexT (KHATT). AHTID dataset was introduced for the first time in the competition.
	It contains 3710 text lines and 22,896 words written by 53 native writers of Arabic. KHATT
	was first introduced in ICFHR 2012 (90)(118), it was the largest dataset in terms of pages
	(2000 paragraphs) for 1000 writers.
	This dataset consists of 2200 documents for 411 writers and each document contains 12 names
	of Arabic towns/villages. Djeji (74) used part of this dataset (650 documents for 130 writers)
	to compare basic classifiers like Support Vector Machine (SVM), k-Nearest Neighbors (kNN),
	and Naïve Bayes with the Artificial Immune Recognition System (AIRS) classifier. He extracted
	640 features using GLCM and achieved the best result (85.77% accuracy) with AIRS when
	using all features together. Also, Hannad et al. tested the same dataset (all 411 writers) by
	applying the Histogram of Oriented Gradients (HOG) for feature extraction and they achieved
	a better result (86.62% accuracy). Both datasets had a limited number of samples and texts.
	Abdleazeem et al. (51) introduced another dataset in 2008, the Arabic Digit database (ADBase)
	which consists of 70000 Arabic digits for 700 writers. This dataset contains only digits and it

Based on those studies and experiments, we concluded that using SIFT in conjunction with CNN as feature extraction method would acquire the best results. We improved the approach of Christlein

[START_REF] Christlein | Unsupervised feature learning for writer identification and writer retrieval[END_REF] 

by training a CNN to extract local features from image patches. The SIFT was used to extract keypoint decriptors and image patches, where the descriptors were clustered and used to label the image patches. The local features extracted by the CNN network were used to create a VLAD codebook, which was encoded and normalized to perform as a global descriptor. In the next section we will describe the dataset used in our proposal. According to Djeddi et al. (74) the first study in this field was in 2005, when Al Zoubaidy et al. proposed a global approach based on multi-channel Gabor filter and Grey Level co-occurrence Matrices (GLCM). They applied it to a small database of 500 samples for 20 writers. Many other researchers worked with the same methods for feature extraction and used traditional classifiers, where most experiments were using the IFN/ENIT database (32) (81). was used by several researchers for Writer Identification (WI) (72). Gazzah et al. proposed a new approach by using Multi-Layer Perceptron (MLP) for features extraction. He compared MLP with SVM and achieved better results on a small dataset of 180 documents for According to Slimane et al. (127), four different systems competed on those two datasets: Writer Identification Line Level (WILL)/Steerable Pyramids (SP), Edge-hinge and Multi-scale Run-length (EMR), GMM Supervector (GMM-SV) and Oriented Basic Image (OBI)/Scale-Invariant Feature Transform (SIFT). The GMM model achieved the best results with 73.4% accuracy. This model was submitted by Christlein et al. (107), where they implemented RootSIFT as a feature extraction method. The SIFT descriptors were used to train the GMM, which serves as a Universal Background Mode (UBM).

Table 4 .
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	Century Number of manuscripts
	19	163
	18	122
	17	96
	16	20
	15	5
	14	2
	13	1
	Unkown	158

1: Collection by date

Table 4 .

 4 

2: Collection by copyist

Copyist

status Number of manuscripts Percentage % Number of Copyists

  

	Identified	329	58	256
	Unidentified	238	42	n/a
	Total	567	100	n/a

Table 4 .

 4 3: Collection by geographical location

	Country Repository Number of manuscripts
	Lebanon	422
	Balamand	197
	Bechmezin	15
	Bekhaaz	1
	Btaaboura	1
	Dimitrios	14
	Douma	16
	Haref	16
	Hamatoura	49
	Brumana	15
	Shwaya	62
	Syria	145
	Hmayra	47
	Homs	56
	Lian	42

Table 4 .

 4 4: Image providers and number of writers used in the ICDAR test dataset(205) 

	Provider	City	nb writers nb images/writer images total
	Manuscripts		2027		10135
	Bodleian Libr.	Oxford	9	5	
	BVMM		586	5	
		Boulogne	28		
		Chantilly	30		
		Nantes	13		
		Rennes	16		
		Saint-Omer	363		
		Toulouse	12		
		10 writers p. repository	124		
	Cambridge Dig. Libr.	2	5		
	e-codices	Geneva	2	5	
	Gallica		1352	5	
		Amiens	14		
		Paris	1232		
		Reims	41		
		Valenciennes	52		
		8 writers p. repository	13		
	Harvard		19	5	
	Stanford	Baltimore (Walters)	57	5	
	Letters A		831		2655
	Univ. Library	Erlangen			
	-Erlangen-Nurnberg		290	1	
			170	3	
			371	5	
	Letters B		2052		2052
	Univ. Library Basel	Basel	2052	1	2052
	Charters		5158		5158
	Monasterium		5158	1	5158
	Total		10068		20000

Table 5 .

 5 1: The results with single feature extraction method (205)

		Method	Accuracy [%] mAP [%]
	Baseline	SRS-LBP (a) Classification	92.2	84.0
		SRS-LBP (b) Retrieval	93.1	86.8
	SCUTT	SIFT	96.6	90.6
		Pathlet	96.0	89.8
	Groningen	Hinge	88.4	75.6
		Co-Hinge	92.9	84.5
		QuadHinge	91.3	80.2
		Quill	88.3	76.0
		TCC	89.7	79.0
	Tebessa	oBIFs	92.7	84.6
	The proposed system	SIFT	97.0	91.2

Table 5

 5 

		.2: ICFHR 2020 competition results (228)
			Method	Accuracy [%] mAP [%]
	Baseline		SRS-LBP	60.0	33.4
	Groningen		FragNet	32.5	6.4
	Belfort		TwoPathwriter	77.1	33.5
			TwoPathpage	61.1	25.2
	Tebessa		oBIF	55.4	24.1
	The proposed system ResNet20ssl	68.9	33.7
		Table 5.3: KHATT dataset results
	Partition Precision Recall F-Score mAP Accuracy
	Train	18.6 %	92.9 % 31.0 % 89.2 %	86.1 %
	Test	19.5 %	97.3 % 32.4 % 95.5 %	94.0 %
	Validate	19.3 %	96.3 % 32.1 % 92.8 %	90.3 %

a large part of them not included in the training set. The images were used without any preprocessing techniques. The final result was a 95.2% mAP with 99.1% accuracy. The dataset will be published in order to test it with other systems and compare them with the results of this baseline system.

Table 5 .

 5 4: Balamand Arabic Historical dataset resultsLebanon between the 13th and 19th centuries. The state-of-the-art baseline system was tested on two Latin historical datasets ICDAR19 and ICFHR20, and one Arabic non-historical KHATT dataset. The system showed high performance on all of them comparing to other systems. Then, the system was checked on the Balamand Arabic Historical dataset and yielded high results. Therefore, we can conclude that the ResNet20 has surpassed all other methods by far and proved high performance on Latin and Arabic datasets with different image shapes.The novelty of this work stands on two perspectives: the uniqueness of the Arabic Historical dataset and the high accuracy of the system on both Latin and Arabic datasets. There is a lack of experiments on such dataset, where most of the previous studies were tested on Latin Historical and Non-Historical datasets. While the Arabic datasets were very limited to non-historical manuscripts and good physical condition.

	Partition Precision Recall F-Score mAP Accuracy
	Train	95.8 %	61.9 % 75.2 % 95.4 %	99.0 %
	Test	98.1 %	30.1 % 46.0 % 95.2 %	99.1 %

  To cope with this problem, we propose in the following chapter a novel end-to-end system that can be easily scaled and trained on different datasets.

	More specifically, we used Scale-Invariant Feature Transform (SIFT)
	for sampling, Deep Convolutional Neural Network (DCNN) for feature extraction, Principal
	Component Analysis (PCA) for normalization, and Vector of Locally Aggregated Descrip-

tors (VLAD) for Encoding. When put together, these techniques proved to be successful for Writer Identification. For instance, our system outperformed all other systems submitted to ICDAR 2019 and ICFHR 2020 competitions. While this system yielded best results on multiple datasets, we find it hard to maintain and scale across datasets of different languages, types and sizes.

Table 6 .

 6 1: The results with a single feature extraction method (205) Table 6.2: ICFHR 2020 competition results (228)

		Method	Accuracy [%] mAP [%]
	Baseline	SRS-LBP (a) Classification	92.2	84.0
		SRS-LBP (b) Retrieval	93.1	86.8
	SCUTT	SIFT	96.6	90.6
		Pathlet	96.0	89.8
		SIFT + Pathlet	97.4	92.5
	Groningen	Hinge	88.4	75.6
		Co-Hinge	92.9	84.5
		QuadHinge	91.3	80.2
		Quill	88.3	76.0
		TCC	89.7	79.0
	Tebessa	oBIFs	92.7	84.6
	Our state-of-the-art system	SIFT	97.0	91.2
	Our end-to-end system	ResNet50	98.2	92.4
		Method	Accuracy [%] mAP [%]
	Baseline	SRS-LBP	60.0	33.4
	Groningen	FragNet	32.5	6.4
	Belfort	TwoPathwriter	77.1	33.5
		TwoPathpage	61.1	25.2
	Tebessa	oBIF	55.4	24.1

Our state-of-the-art system ResNet20ssl 68.9 33.7 Our end-to-end system ResNet50-NetVLAD 77.9 38.1Table 6 .
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3: KHATT dataset results

The total number of digitized pages exceeds the number of photos.

These manuscripts were digitized by Saint Joseph of Damascus Manuscript Conservation Center (http://www.balamandmonastery.org.lb/index.php/about-the-center) and the Digital Humanities Center (http://iohanes.uob-dh.org/?q=en/tags/digital-humanities).

[START_REF]A ResNet basic block[END_REF] The total number of digitized pages exceeds the number of

photos.4 "A statement providing information regarding the date, place, agency, or reason for production of the manuscript or other object" (241)

A frame made of cardboard or occasionally of wood on which cords of various thickness could be stretched, corresponding to the text frame lines and guidelines[START_REF] Déroche | Islamic codicology[END_REF].

https://doi.org/10.5281/zenodo.3262372

https://github.com/seuretm/diamond-square-fragmentation

https://doi.org/10.5281/zenodo.3893807
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A State of the Art of Writer Identification

In this chapter we discuss the problems and motivation for this work. Then, we describe in details the challenges related to Writer Identification's systems and their process. We have previously discussed in the introduction the challenges related to this field in general. In the last section, we present in the first part the existing works in writer identification using machine learning and in the second part, the latest works related to the end-to-end approach.

3.1/ Introduction

For many decades, historians were working on the identification of historical documents [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF].

Experts put big efforts on the recognition of writers or copyists by reading, analyzing and processing biometric features of hundreds of manuscripts [START_REF] Schomaker | Advances in writer identification and verification[END_REF]. Lot of documents have lacked information about their origin, date, authorship and paleographical features. This issue has always been a limitation for the study of historical texts (242). Therefore, It has created a challenge for scientists to find an automated solution that reduces difficulties and accelerates processing time. In addition, it was challenging to develop a globalized system that can deal with different document languages and surpass their physical condition problems.

In this thesis, we concentrate on the issue of writer recognition, particularly writer identification, which are specified below.

Writer Retrieval

The documents in the analyzed collection are classified in writer retrieval systems according to how similar they are to the query image. This does not require any writer-specific model training, in contrast to Writer Identification (see below). Since the retrieved list does not have to be faultless, not all images of the same writer as the query need to be placed top, the retrieval scenario is frequently interesting to historians or paleographers. Without having to go

Multi-pipeline system

This chapter presents our first state-of-the-art base-system based on a multi-pipeline architecture. The system uses SIFT for feature extraction, CNN for classification and multi-VLAD for encoding. It was tested on four different datasets (two Latin historical documents: ICDAR19 and ICFHR20, and two Arabic: KHATT and Balamand Historical Manuscripts) and compared with the results of two international competitions: ICDAR19 and ICFHR20. The system won the first position in the ICFHR20 competition.

5.1/ Introduction

This part introduces an adaptive Deep Learning based system that works on identifying the authorship of unidentified historical Arabic documents. This issue has always been a limitation for the study of historical texts, where a lot of documents have a lack of information about their origin, date, authorship, biometric [START_REF] Chaurasia | Biometrics minutiae detection and feature extraction[END_REF] and paleographical features [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF]. While many researchers worked to solve this issue, a lot of ambiguities and challenges remain in this area.

Furthermore, the lack of Arabic datasets has limited the progress of testing algorithms on Arabic Handwritten documents. As a researcher at the Digital Humanities Center at the University of Balamand, I noticed the need to have an automated system that works on detecting those unidentified historical documents using Machine Learning (156).

The Digital Humanities Center has a unique database that contains a large number of digitized and transcribed manuscripts. The dataset consists of a large set of historical Arabic documents, more than 500 manuscripts owned by the center and hundreds imported from different areas in the middle east. This huge corpus is defined by the following important features: a large volume of textual heritage, a wide variety of text format, a broad period of time (from 13th to the 19th century), a vast geographic scope (from middle east and north Africa), and a wide variety of Vorlagen (translations). The average number of pages is around 150 per manuscripts, which means many thousands of pages and hundreds of authors. Around 60% of the documents have identified authors and dates while 40% are still unrecognized. This ratio is very ideal to train and test a Deep Neural Networks algorithm.

End-to-end system

This chapter presents our second state-of-the-art system based on end-to-end architecture. The system uses a ResNet50 model with an embedded NetVLAD layer. The system was tested on four different datasets (two Latin historical documents: ICDAR19 and ICFHR20, and two Arabic: KHATT and Balamand Historical Manuscripts) and compared with the results of two international competitions: ICDAR19 and ICFHR20. This system has surpassed the results of our first based system.

6.1/ Introduction

This part introduces an end-to-end Deep Learning based system that works on identifying the authorship of unidentified historical Arabic documents. While many researchers worked to solve this issue, a lot of ambiguities and challenges remain in this area, like the needs of a pre-processing step like binarization (240), limited Arabic datasets (242), high-intra class variation and limited number of text per writer (237).

Typical identification methods work on a multi-pipeline system that consists of three main steps: images pre-processing, local features extraction and global descriptor encoding (240).

Different techniques were tested, where most of them uses a semi-supervised feature extraction method and a Deep Convolutional Neural Network to train the system (205) (242). Nowadays, several researchers tried to implement an end-to-end system that works on a single pipeline method, but the current studies were not tested on a different type of datasets (240)(211)(235).

A survey was done over different identification and verification systems, where most of the studies uses a multi-pipeline approach (242). Convolutional Neural Network (CNN) has been identified as the best model used in comparing to other methods (228). It proved good results in predicting the genre and handedness of authors using documents from English and Arabic handwriting datasets (242).

In a previous work, a state-of-the-art system was developed in [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF], with three main steps: Feature extraction using an unsupervised Scale-Invariant Feature Transform (SIFT) (178)

6.2/ System

The first Writer Identification system was built on three main functions: feature extraction, classification and encoding. Normalization was used twice after the feature extraction and classification in order to improve recognition performance [START_REF] Chammas | Writer identification for historical handwritten documents using a single feature extraction method[END_REF].

The new proposed end-to-end system was built using an optimized DeepTen approach with a single pipeline architecture. The three main functions of the first system were optimized on a single component. The CNN is used as local feature extractor and the NetVLAD solved the integration of the VLAD algorithm in the aggregation and encoding processes. Figure 6.3 shows the system workflow with two integrated functions: extraction of local descriptors and computation of a global descriptor (encoding). These steps are detailed in the next Sections.

6.2.1/ Feature Extraction

The classic approaches uses a handcrafted feature extraction method like SIFT (205) to extract image patches and descriptors. Where they cluster the descriptors and map them to their corresponding image patches. Then, CNN is trained to extract the local descriptors.

In this work, CNN is used as a local feature extractor and as an image classification method.

for Writer Identification. It is composed of two main components: a Deep Residual Neural Network (ResNet) for feature extraction, and a generalized NetVLAD layer for encoding. The two components can be trained simultaneously via backpropagation. The proposed end-to-end system outperformed our state-of-the-art baseline system on all datasets (ICDAR 2019, ICFHR 2020, KHATT, and Balamand). Identification is essential to facilitate an important task for historians working on paleographic studies. It has always been a difficult assignment to compare the text manually in order to identify the writer, copyist or translator. In this thesis, we addressed the problem of Writer Identification for Historical Arabic Manuscripts. In the first chapter, we introduced the needs of an automated Writer Identification system for the of paleographic studies, which could help the researchers in this field and save their time. Then, we discussed the main challenges in this field and specially on our main focus on the Arabic Historical documents. We reviewed the available studies on Arabic datasets. Also, we presented our three contributions on this field: a new Historical Arabic dataset, a state-of-the-art multi-pipeline system winner of ICFHR20 competition, and an end-to-end based system, which outperform our baseline system.

Conclusion and perspectives

Contents

Chapter 2 is a background study that review the Image Retrieval basics and the fundamentals of Deep Learning. We presented all the common traditional and Deep Learning methods used in Image Retrieval, Feature Extractions and data Normalization.

In chapter 3, we reviewed the state-of-the-art studies in this field and the existing works using Machine Learning on a multi-pipeline systems (in feature extraction and classification) and as an end-to-end approach.

Chapter 4 presents in details the Balamand Arabic Historical dataset and its preparation process. Also, a detailed presentation of three datasets used in our experiments: the ICDAR19 We presented a baseline system in chapter 5, which follows the traditional approach of a multipipeline architecture. In the first part, We looked into various feature extraction methods.

Several handcrafted methods were compared. Extracting SIFT descriptors were discovered to be the best approach In chapter 6, we proposed a novel end-to-end approach/system for Writer Identification. This

approach is an answer to the challenge of combining a multi-pipeline system in one optimized system for Writer Identification. The three main functions: feature extraction, classification and encoding, were all combined in one straightforward deep architecture. The system outperformed the traditional multi-pipeline system. It was tested on four different datasets (two Latin historical documents: ICDAR19 and ICFHR20, and two Arabic: KHATT and Balamand Historical Manuscripts) and compared with the results of two international competitions: ICDAR19 and ICFHR20. We achieved an improvement of around 13% increase in all results.

Persepctives

By acknowledging the improvement of end-to-end systems over traditional ones, we are looking forward to improve our results by testing more algorithms and apply them to the end-to-end deep architecture. As our methods depend on a priori computed background model. We'll look into new methods for extracting global image descriptors which can be compared directly, as well as comparing local image descriptors without encoding them.

Also, we will apply text localisation approach like Region Proposal Network (RPN) [START_REF] Ren | Faster r-cnn: Towards real-time object detection with region proposal networks[END_REF] or an attention filter can be integrated in our end-to-end system to find regions of interest and filter non-text areas, which might improve the results.

Further, we will try to apply the Re-ranking approach. Re-ranking techniques are used in many Image Retrieval systems (224). Since the scores are obtained following an initial ranking based 1 https://github.com/michelchammas/BalamandArabicHistoricalDataset