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Abstract. Among the various means of document authentication, handwriting 

fragments represent one of the challenging tasks for automatic handwritten writer 

identification. Usually, the writer is represented by a set of features extracted for 

each handwritten fragment. However, feature components might be irrelevant 

due to their redundancy, affecting the pertinence of the feature vector. Hence, 

this paper proposes a feature-selection strategy based on a hybrid F-score 

method, performed genuinely for multi-class classification. The F-score is used 

conjointly to a classifier based-distance. According to a statistical analysis per-

formed on F-score distribution during the training step, the number of pertinent 

feature components is deduced from the highest F-score value. The experimental 

evaluation performed on the well-known IFN/ENIT handwritten fragment da-

taset shows an improvement of the identification rate of 94.20% while reducing 

the size of the feature vector of 54%. 

Keywords: Handwritten fragments, writer identification, LPQ, feature-selec-

tion, hybrid method, F-score. 

1 Introduction 

The development of an Automatic Handwritten Analysis System (AHAS) in offline 

context can be useful for many civilian applications such as forensic, digital libraries, 

and text retrieval from historical documents [1-2]. Generally, offline AHAS are per-

formed using either the entire document, paragraph, line, word, or the character [3]. 

Recently, a novel approach in offline AHAS consists of using some fragments of the 

whole document image and then performing the writer-identification process. Besides, 

the use of handwritten fragments provides additional information about the writing 

style which is the local information.  

Hence, the literature has recently reported some attempts, exploring the use of hand-

written fragments for writer identification, using particularly textural feature-de-

scriptors such as Local Phase Quantization (LPQ) [4], Local Binary Patterns (LBP) [5], 

and Run Length (RL) descriptor [6]. However, feature vectors generated from these 
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descriptors can include irrelevant feature components due to their redundancies, which 

affects negatively the identification accuracy.  

To handle this issue, various feature selection algorithms can be performed for se-

lecting only pertinent features. Basically, three main approaches for feature-selection 

can be found: Filter, wrapper and hybrid. Filter models rely on applying various fast 

algorithms for ranking features according to an evaluation of their relevance such as 

Chi-square (CHI), Information Gain (IG) and T-Test based Feature Selection (TTFS) 

[7-8]. In contrast, wrapper models are based on generating feature sets via classifiers 

such as Naïve Bayes, Support Vector Machine (SVM), K-Nearest Neighbor (K-NN) 

[9]. Although encouraging performances are achieved, both approaches cost usually 

significant memory and time execution due to their complexity. For better efficiency, 

hybrid algorithms have been introduced combining the two feature-selection ap-

proaches (i.e. filter and wrapper) [9]. It consists of employing, first, a filter evaluation 

function to preselect the most discriminating feature subspaces. Then, a classification 

step is performed on the previous selected subspaces for selecting the final subspace. 

Hence, this paper proposes the use of the hybrid selection method, namely F-sore, 

for offline Arabic handwritten fragments identification. The evaluation of the proposed 

system on the ENIT-IFN dataset shows the improvement of performances after apply-

ing the proposed feature selection scheme. To the best knowledge, the use of F-score 

method has never been explored for Arabic handwritten fragment identification.  

The remaining of this paper is structured as follows: Section 2 gives a review of F-

score method. Section 3 explains the proposed methodology. In section 4, the obtained 

results are presented and discussed. Finally, the last section presents the conclusion and 

future works.  

2 Review of F-Score Algorithm for Bi-class 

Fisher-score or commonly called F-score, is one of the most widely used supervised 

feature selection methods. It is a simple but effective method to measure the discrimi-

nation between two sets of real numbers. Early works applying F-score were introduced 

by Yi-Wei Chen et al., [10] for face recognition problem. In writer identification con-

text, F-score can be used for measuring the degree of feature’s relevance, discriminating 

between two different writers.  

Originally, the F-score has been designed for discriminating between two classes. Let 

a data sample represented by its feature vector 𝑋𝑘 = {𝑥𝑘,1, 𝑥𝑘,2, … , 𝑥𝑘,𝑁} of size 𝑁, 𝑘 =

{1,2, … . , 𝑅}, where 𝑅 is the number of samples. For Bi-class classification, a given 

feature vector of a sample can belong either to the positive class denoted 𝑋𝑘
(+)

or the 

negative class denoted 𝑋𝑘
(−)

. Hence, the F-score measure computed for a given feature 

component  𝑥𝑖,𝑘 in Bi-Class classification namely 𝐹𝐵𝐶 , is defined as follows: 
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where 𝑊𝐵𝐶  represents the number of classes in the Bi-class context (i.e.𝑊𝐵𝐶 = 2). 

𝜇𝑖
(+)

 and 𝜇𝑖
(−)

 are the mean value calculated for the feature component 𝑥𝑘,𝑖 of the rank 

𝑖, belonging to the positive and the negative classes, respectively. While 𝜇𝑖 is the mean 

value calculated for the feature component of the rank 𝑖 considering all the samples 

belonging to the set 𝑅. The numerator indicates the inter-class discrimination, while 

the denominator indicates the intra-class discrimination. Hence, the relevance of the 

feature is determined via computing the 𝐹𝐵𝐶 , i.e. the higher F-score is, the more the 

feature is relevant.  Nevertheless, the Bi-class F-score (𝐹𝐵𝐶) formulation is not adapted 

to the targeted application, which is the writer-identification. Thus, a general formula-

tion of F-score should be considered in the context of the multi-class classification. In 

the section, the extension of the F-Score for multi-class classification is proposed for 

writer identification using handwritten text fragments. 

3 Proposed System 

The proposed Offline Writer Identification System (OWIS) is composed of three main 

modules as depicted in Fig. 1: Feature generation, feature selection and classification. 

The details of each module are provided in the next sections. 

 

Fig. 1. Scheme of the proposed OWIS. 
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3.1 Feature generation  

Among the various existing feature generation methods, the Local Phase Quantization 

(LPQ) is employed in this work for its efficiency in characterizing the text fragment, 

and for the fair comparison with the state-of-art. LPQ is based on quantized phase in-

formation of the 2D Discrete Fourier Transform (DFT). More precisely, the local phase 

information is extracted using the Short-Term Fourier Transform (STFT), computed at 

each pixel position 𝑥 of the image 𝐼(𝑥), over a rectangular 𝑀 × 𝑀 neighborhood 

namely 𝑁𝑥, such as: 

 𝑆𝑇𝐹𝑇(𝑢, 𝑥) =  ∑ 𝐼(𝑥 − 𝑦)𝑒−𝑗2𝜋𝑢𝑇𝑦 = 𝑤𝑢
𝑇

 𝑦 ∈ 𝑁𝑥
𝐼𝑥  (4) 

where  𝑤𝑢 is the basis vector of the 2D STFT at the frequency 𝑢. Besides, LPQ uses 

only four complex coefficients that corresponds to the following 2-D frequencies: 𝑢1 =
[𝑎, 0]𝑇, 𝑢2 = [0, 𝑎]𝑇, 𝑢3 = [𝑎, 𝑎]𝑇, 𝑢4 = [𝑎, −𝑎]𝑇, where 𝑎 is a scalar sufficiently 

small to satisfy 𝐻(𝜇𝑖) > 0.  

Therefore, the feature vector obtained via LPQ method namely 𝑆𝑇𝐹𝑇𝑋 can be repre-

sented as: 

 𝑆𝑇𝐹𝑇𝑋 = [ 𝑆𝑇𝐹𝑇( 𝑢1, 𝑥), 𝑆𝑇𝐹𝑇( 𝑢2, 𝑥), 𝑆𝑇𝐹𝑇( 𝑢3, 𝑥), 𝑆𝑇𝐹𝑇( 𝑢4, 𝑥) ]  (5) 

The size of the obtained feature vector is 𝑁 = 255. Further details about the mathe-

matical formulation of LPQ can be found in [11]. 

3.2 Feature selection 

The proposed feature selection is performed through two steps: Computing the F-score 

on multi-class classification and selecting optimal features using a threshold. 

Computing the F-score for multi-class classification. Let 𝑆𝑗 be a set of 𝑅 handwritten 

fragments (𝑠1
𝑗
, 𝑠2

𝑗
, … , 𝑠𝑅

𝑗
) of the class 𝑗, such that 𝑗 = 1,2, … , 𝑊𝑀𝐶, where 𝑊𝑀𝐶  repre-

sents the number of writers. Let the feature vector 𝑋𝑘
𝑗

= {𝑥𝑘,1
𝑗

, 𝑥𝑘,2
𝑗

, … , 𝑥𝑘,𝑁
𝑗

}  of size 𝑁, 

generated from the handwritten fragment 𝑠𝑘
𝑗
, such that  𝑘 = 1,2, … , 𝑅, belonging to the 

class 𝑗.  Hence, the F-score measure computed for a given feature component 𝑥𝑘,𝑖
𝑗

 where 

𝑖 = 1,2, … , 𝑁, in a Multi-Class classification namely 𝐹𝑀𝐶 , is defined as follows: 
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)) (8) 

 

where 𝜇𝑖
𝑗
 represents the mean value computed for the feature component 𝑥𝑘𝑖

𝑗
 of the 
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rank 𝑖, belonging to the writer 𝑗. While 𝜇𝑖 is the mean value calculated for the feature 

component of the rank 𝑖 considering all the fragments 𝑅 and all the writers 𝑊𝑀𝐶. 

Selecting the threshold. After calculating the F-score of each feature component (𝑥𝑘,𝑖
𝑗

) 

of the feature vector (𝑋𝑘
𝑗
), the next step consists of defining a convenient threshold 

value namely 𝜏 with which irrelevant feature components will be deleted.    

 Hence, the first step consists of taking the 𝑚𝑒𝑑𝑖𝑎𝑛 F-score value namely 𝛿𝑖, consid-

ering all F-score values (i.e. 𝑊𝑀𝐶 × 𝑅) computed for each feature component (𝑥𝑘,𝑖
𝑗

), 

belonging to the same rank 𝑖, taken from the feature vector of the fragment 𝑘, and as-

sociated to the writer 𝑗, such that: 

 𝛿𝑖 = 𝑚𝑒𝑑𝑖𝑎𝑛𝑗
𝑊𝑀𝐶 (𝑚𝑒𝑑𝑖𝑎𝑛𝑘

𝑅(𝐹𝑘,𝑖
𝑗

)) (9) 

Consequently, a set Δ = {𝛿1, 𝛿2, … , 𝛿𝑁} is obtained, where 𝑁 the size of the feature vec-

tor is (𝑋𝑘
𝑗
). For selecting the optimal threshold value 𝜏, the 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 metric is used 

as follows: 

 𝜏 = 𝑚𝑎𝑥𝑖
𝑁(𝛿𝑖) (10) 

 

Finally, the feature-selection rule denoted Γ, used for deleting irrelevant feature 

components, is defined according to the following equation: 

 𝛤 = {
𝑥𝑘,𝑖

𝑗
  𝑎𝑐𝑐𝑒𝑝𝑡𝑒𝑑      𝑖𝑓        𝑖 < 𝑁𝜏  

         𝑥𝑘,𝑖
𝑗

  𝑟𝑒𝑗𝑒𝑐𝑡𝑒𝑑                     𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (11) 

where 𝑁𝜏 represents the corresponding number of necessary feature components for 

having the maximum F-score value τ. During the evaluation step, the same percentage 

corresponding to 𝑁𝜏  found during the training step, is kept and used straightforward 

for reducing the irrelevant feature components.  

3.3 Classification 

For comparing a query handwritten fragment represented by its feature vector 𝑋𝑞 =

{𝑥𝑞,1, 𝑥𝑞,2, … , 𝑥𝑞,𝑁} of size 𝑁, against a reference handwritten fragment 𝑘 represented 

by its feature vector 𝑋𝑘
𝑗

= {𝑥𝑘,1
𝑗

, 𝑥𝑘,2
𝑗

, … , 𝑥𝑘,𝑁
𝑗

}, belonging the writer 𝑗, the Hamming dis-

tance based-classifier [7] is applied for its efficiency, such as: 

 𝐷𝐻(𝑋𝑞 , 𝑋𝑘
𝑗
) = ∑  |𝑥𝑞,𝑖 − 𝑥𝑘,𝑖

𝑗
| 𝑁

 𝑖  (12) 

 Finally, based on the 𝐷𝐻  value, the query handwritten fragment represented by its 

feature vector 𝑋𝑞 is assigned to the class label 𝑦(𝑋𝑞) through the following equation:  

 𝑦(𝑋𝑞) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑗
𝑊𝑀𝐶(𝐷𝐻(𝑋𝑞 , 𝑋𝑘

𝑗
)) (13) 
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4 Experimental Results  

4.1 Dataset description 

For evaluating the proposed OWIS, the large Arabic handwritten dataset namely 

IFN/ENIT dataset [7] is used. It is the most widely used Arabic handwritten dataset 

proposed by Pechwitz et al., [11]. It comprises 2200 forms with more than 26 000 hand-

written Arabic Tunisian town/village names collected from 411 different writers. All 

forms are scanned at a resolution of 300 dpi and are available as binary images.  

4.2 Experimental protocol 

In this work, the IFN/ENIT dataset is subdivided into two subsets: Subset 1 contains 

2/3 of the entire IFN/ENIT dataset, which is used for training the OWIS. While, the 

Subset 2 contains the remaining 1/3 of the entire IFN/ENIT dataset, which is used for 

testing the proposed OWIS.  

For a fair comparison, text fragments generated by Hannad et al., [7] are straightfor-

ward used in this work. The procedure is briefly reviewed, which can be performed 

through the following steps: 

 Binarization of handwritten images via a global thresholding. 

 Extraction of connected components from the handwritten image. 

 Generation of small handwritten fragments by dividing each connected into a win-

dow size 100 × 100. 

 The performance of the proposed OWIS is evaluated using the Identification Rate 

(IR) expressed in percentage (%) as follows: 

 

 𝐼𝑅 = 100 ×
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑 ℎ𝑎𝑛𝑑𝑤𝑟𝑖𝑡𝑡𝑒𝑛 𝑓𝑟𝑎𝑔𝑚𝑒𝑛𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 ℎ𝑎𝑛𝑑𝑤𝑟𝑖𝑡𝑡𝑒𝑛 𝑓𝑟𝑎𝑔𝑚𝑒𝑛𝑡𝑠
  (14) 

 

4.3 Experimental evaluation 

For highlighting the effect of applying F-score on feature component values, Fig. 1 

depicts the distribution of the normalized F-score values versus the number of feature 

components, following the same technique detailed in section 3 (Selecting the thresh-

old). Hence, the obtained curve demonstrates clearly the usefulness of applying F-score 

for capturing the relevance of feature components. Indeed, it shows that F-score takes 

initially an oscillating values, until reaching the highest F-score value for the feature 

component number 139 (𝑁𝜏 = 139), which corresponds to the optimal number (i.e. 

~54% of the initial feature vector size) of pertinent feature components considered for 

the classification step.  
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Fig. 3. Evolution of F-score versus the number of feature components.  

 

The achieved results performed on the ENIT/IFN dataset, before and after feature-

selection denoted FS, are depicted in Table 1. As can be seen, an improvement of the 

identification rate is reported when a reduction of 54% of the initial feature vector size 

is performed. Hence, the obtained results demonstrate the effectiveness of the proposed 

feature-selection scheme, based on the hybrid F-score method, for writer identification. 

In other words, the presence of irrelevant feature components contained into the feature 

vector influences negatively the quality of the handwritten fragment representation, and 

thus, the process of recognition (writer-identification). 

Table 1. IR (%) obtained before and after feature selection performed on the ENIT/IFN 

dataset 

Method 𝑁 IR (%) 

Before FS 255 93.91 

After FS 139 94.20 

4.4 Comparative Analysis 

For a better evaluation of the proposed feature-selection method, a comparison against 

the-state-of-the-art works is performed using the same text fragments belonging to the 

dataset (ENIT/IFN). Table II summarizes the performance achieved by the last similar 

works reported in the literature using the LPQ descriptor.  
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Table 2. Comparison of performances achieved by the proposed work and the-state-of-the-art 

works on the ENIT/IFN dataset.  

Works #Features Distance FS IR (%) 

Abdi et al., [9] 240 Euclidean No 90.02 

Hannad et al., [7]  255 Hamming No 94.89 

Hadjadji et al., [6] 255 Hamming No 94.40 

Proposed work 139 Hamming Yes 94.20 

The best performance is achieved by Hannad et al., [7] namely 94.89% of IR. However, 

even the same feature descriptor is used (LPQ) for generating features, they used the 

entire feature components (255). In contrast, the proposed work achieves a close iden-

tification accuracy of 94.20% using only 139 feature components. Hence, the proposed 

writer identification scheme achieves a close performance with less complexity in time 

execution and memory space. 

4 Conclusion 

The objective of this paper aimed to explore the use of the F-score for feature selection 

in the context of the multi-class framework performed on the Arabic handwritten frag-

ment identification. Based on the statistical analysis performed during the training step, 

a new thresholding scheme based on the F-score is proposed for selecting only the rel-

evant feature components. The obtained results of the proposed Offline Writer Identi-

fication System (OWIS) demonstrate the effectiveness of using the F-score method for 

improving performances, even when a reduced number of feature components is used. 

F-score algorithm can be considered as a good alternative for feature-selection task, 

applied to the handwritten fragments of the ENIT IFN database. 

As future work, an interesting work consists of applying the feature selection on a 

larger and a consistent feature vector, along with a robust classifier, for improving the 

identification accuracy. Furthermore, the use of F-score for selecting pertinent hand-

written fragments (in addition to the feature-selection) can also be an interesting work 

for improving the effectiveness of the proposed OWIS.  
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