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Abstract 
 

We present in this paper a system of Amazigh handwriting recognition based on 

horizontal and vertical centerline of the character. After the image preprocessing, the text is 

segmented into lines and then into characters. The positions of the vertical and horizontal 

centerline of the character are used to obtain a set of independent and dependent features to 

those lines. These features are related to the densities of pixels and are extracted on binary 

images of characters using the sliding window technique. Finally, a multilayer perceptron is 

used for character classification. The system was tested on two bases of the Amazigh 

characters: on a printed database of Amazigh characters and on another one for handwritten 

characters created locally. The correct average recognition rate obtained using 10-cross-

validation was 99.28 % for the 19437 Amazigh printed characters and 96.32% for the 20150 

Amazigh handwritten characters. 
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1.  Introduction 
 

The recognition of characters and handwriting has been a popular research area for many 

years because of its potentials and various applications, such as bank cheque processing, 

postal automation, documents analysis, reading postal codes and reading different forms, etc. 

Several scientific researchers have been carried out for handwritten recognition of English 

language, Chinese/Japanese/Hindi languages, and Arabic/ Farsi language [1], [2], [3], [4], [5], 

[6], [7]. Various approaches have been proposed by researchers for automatic recognition of 

these characters. However, less attention had been given to Amazigh language recognition. 

Recently, some efforts have been reported in literature for Amazigh characters: based on the 

Hough transformation [8], the statistical and geometrical approaches [9], [10], artificial neural 

network [11], [12], [13], Hidden Markov Models [14], [15], syntactical method based on the 

finite-state machines [16], [17] and dynamic programming [18].  

In this paper, we propose a recognition system for handwritten Amazigh characters. The 

scanned document is pre-processed to ensure that the characters are in a suitable form. Then 

the text is segmented into lines and then into characters. Parameters such as vertical and 

horizontal centerlines are used to derive a subset of dependent centerline features from the 

segmented characters. For Latin and Arabic writing, several baselines have been used to 

extract features that depend on these baselines; For this reason, different approaches based on 

the positions of these lines have been proposed in the literature [19], [20] [21], [22]. For 

Amazigh writing, we use the positions of the vertical and horizontal centerline of the 

character to derive a set of dependent and independent features to those lines. Finally a 
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multilayer perceptron with one hidden layer are used for the training step of extracted features 

and the recognition of characters. 

The paper is organized as follow: Section 2 presents an overview about the Amazigh 

language. In Section 3, we refer to recent related works on the recognition of character and 

handwriting Amazigh. Section 4 displays the system architecture of the proposed method and 

we will deeply discuss, respectively, pre-processing and feature extraction. Section 5 presents 

the database developed. In Section 6, we present the training and recognition steps. Results 

are given in section 7. Finally, conclusions and future work are discussed in section 8. 
 

2.  The Amazigh Language 
 

The Amazigh (Berber) language is spoken in Morocco, Algeria, Tunisia, Libya, and Siwa 

(an Egyptian Oasis); it is also spoken by many other communities in parts of Niger and Mali. 

It is used by tens of millions of people in North Africa mainly for oral communication and 

has been integrated in mass media and in the educational system in collaboration with several 

ministries in Morocco [23]. In linguistic terms, the language is characterized by the 

proliferation of dialects due to historical, geographical and sociolinguistic factors (the 

orthographic details are discusses in [24]). In Morocco, the term Berber (Amazigh) 

encompasses the three main Moroccan varieties: Tarifite, Tamazighte and Tachelhite. More 

than 40% of the country‟s populations speak Berber. So, all the Moroccans are concerned 

with this language. The establishment of The “Royal Institute of the Amazigh Culture” 

(IRCAM) carried out a major action to standardize the Amazigh language. In the same tread, 

and since 2003, the Amazigh language has been integrated in the Moroccan Educational 

System. It is taught in the classes of the primary education of the various Moroccan schools, 

in prospect for a gradual generalization at the school levels and extension to new schools [25]. 

The Tifinagh is the writing system of the Amazigh language. An older version of 

Tifinagh was more widely used in North Africa. It is attested from the 3rd century BC to the 

3rd century AD. The Tifinagh has undergone many changes and variations from its origin to 

the present day [17]. The old Tifinagh script is found engraved in stones and tombs in some 

historical sites in northern Algeria, in Morocco, in Tunisia, and in Tuareg areas in the Sahara. 

The Fig. 1 shows a picture of an old Tifinagh script found in site of rock carvings near from 

Intedeni Essouk in Mali [26].  

 

  

Figure 1. Old Tifinagh Script, Site of Rock Carvings Near from Intédeni Essouk 
Mali [ 26] 
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The Amazigh alphabet which is called “Tifinagh-IRCAM”, adopted by the Royal 

Institute of the Amazigh Culture, was officially recognized by the International Organization 

of Standardization (ISO) as the basic multilingual plan [27]. The Fig. 2 represents the 

repertoire of Tifinagh which is recognized and used in Morocco with their correspondents in 

Latin characters. The number of the alphabetical phonetic entities is 33, but Unicode codes 

only 31 letters plus a modifier letter to form the two phonetic units:  (g  ) and  (k ). 

 

 

Figure 2. Tifinaghe Characters Adopted by the Royal Institute of the Amazigh 
Culture with their Correspondents in Latin Characters. 

 

In contrast to Latin and Arab, the Amazigh alphabet is never cursive which facilitates the 

operation of segmentation. The Amazigh script is written from left to right; it uses 

conventional punctuation marks accepted in Latin alphabet. Capital letters, nonetheless, do 

not occur neither at the beginning of sentences nor at the initial of proper names. So there is 

no concept of upper and lowercase characters in Amazigh language. Regarding the figures, it 

uses the Arabic Western numerals. The majority of graphic models of the characters are 

composed by segments. Moreover, all segments are vertical, horizontal, or diagonal. Fig. 3 

shows some of these characteristics in a few Amazigh texts from a schoolbook. 

 

 

Figure 3. An example of a Amazigh Text from a Schoolbook 

 

3.  State of the Art 
 

Comparing to English, Arabic or Chinese languages, researches on handwriting 

recognition of Amazigh language have not achieved perfection. As far as we know, few 

attempts have been carried out on the handwriting Amazigh recognition. In this section, we 

give a brief overview of recent works. 
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In [8], Oulamara and al. has described a statistical approach for Berber character 

recognition based on the Hough transform to extract straight line segments. The features are 

defined and measured in the parameter space obtained by the Hough transforming of the 

character shape. A single master frame that generates all alphabetic characters has been 

found; it allows the implementation of a new coding scheme in the Hough space. Then, a 

reading matrix is defined in order to match input characters with a reference alphabet. An 

original encoding is inferred and then used as the basis for construction of the matrix 

representing a coded reading of this alphabet. The results seem interesting on a set of printed 

Amazigh characters on a local database. 

Djematene and al. consider that the approach in [8] is not a suitable technique for 

Amazigh handwritten characters since it produces incorrect segmentation [10]. To overcome 

this difficulty when the characters consist of curved strokes, Djematene and al. propose in 

([9], [10]) a complete geometrical feature-points method for multiple font styles and 

handwritten script. The character is described by a set of feature points: the points of 

intersection, end points, corner points, dominant points, and significant dots, incorporated in a 

letter. By examining the position of these points in the input image bounding-rectangle; the 

skeleton of the normalized image is coded into a 27-letter string. The coding of character is 

often unique, so the character can be identified unambiguously by using a distance metric. 

The results obtained are encouraging especially for character consisting of straight strokes. 

In [11], Ait Ouguengay and al. proposed an artificial neural network (ANN) approach for 

Amazigh characters recognition. The latter was trained on a database that contains the 

Amazigh spelling patterns of different fonts and sizes. The simulation of the neural network 

was carried out by the Free Software JavaNNS (Java Neural Network Simulator). A vector of 

primitives such as horizontal and vertical projections, gravity center, perimeter, area, 

compactness and central moments of order 2 are extracted on each character and feeds a 

multilayer perceptron with one hidden layer. The approach was tested on a database of 

printed Amazigh patterns. This approach has produced good results on all the training 

patterns. However, test results are still far from satisfactory because of the test database which 

is very low compared to the weight of ANN to be determined. 

In [15], Amrouch and al. have given a simple and global approach for the Amazigh 

handwritten characters recognition based on Hidden Markov Models. The input is a vector of 

features extracted directly from an image of Amazigh characters using the Hough transform. 

This vector is translated into sequence of observations that is used for the learning phase. This 

task involves several of processing steps, typically, pre-processing and feature extraction. 

Finally the class of the input characters is determined by the Forward classifier. The authors 

obtained promising results on a locally database of handwritten Amazigh characters. 

However, the discrimination of these models is not very good because each Hidden Markov 

Model uses the learning of a single character. The error rate was recorded mainly due to bad 

writing and the training data. 

In [18], El Ayachi and al. have presented a method for recognizing script's Tifinagh using 

dynamic programming, which contains three main parts: pre-processing, features extraction 

and recognition. In the preprocessing process, the scanned image document is midline skew 

corrected then segmented into lines using vertical histogram, lines into words, and words into 

character using the horizontal histogram. In the features extraction process, invariant 

moments and Walsh coefficients are computed. Finally, the dynamic programming is adopted 

in the recognition part. The tests are applied on several images. The experimental results 

showed that the recognition method using invariant moments give better results comparing to 

the method based on Walsh transform in terms of recognition rate and computing time. 
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In previous works, we had proposed two methods that contributed to increase the 

performance of Amazigh characters and handwriting recognition: a Syntactic Approach using 

Finite Automata [17] and an Automatic Recognition of Amazigh script based on Centerline of 

writing [13]. The choice of the syntactic approach [17] was justified by the fact that most 

Amazigh characters have segmented forms. After the pre-processing, appropriate algorithms 

allow to build the representative chain of the character from the Freeman coding. The chain 

will be used in the input of a finite automaton, which recognizes all the segmented Amazigh 

characters. This global automaton is built from specific automata of recognition for each 

Amazigh character. This automaton has been stored in a text file. The experimental results 

show the robustness of the approach. We have tested the proposed system on 660 characters 

of a local database of isolated printed Amazigh characters. 617 characters were well 

recognized that represents a rate of 93, 48% of good recognition. The errors come from some 

form of unrecognized characters skeleton which includes non-orthogonal segments. The 

limitation of this approach is that it is not applicable for non-segmented Amazigh characters.  

In [14], we have developed a system of Amazigh handwriting recognition based on 

horizontal centerline of writing. After the pre-processing step, the text is segmented into lines 

and then into characters using the analysis techniques histogram of horizontal and vertical 

projections. The positions of the baselines of character (a central line, upper and lower line of 

writing) are used to derive a subset of baseline independent and dependent features. A subset 

of the features is related to the position of the horizontal centerline to take into account the 

association of the majority of Amazigh characters by this line. These features are related to 

the densities of pixels are extracted on binary images of characters using the sliding window 

technique. Some of these features have been used for Arabic and Farsi Handwriting 

Recognition in [19] and [28]. We used a multilayer neural network in the learning stages and 

recognition. The system showed good performance on a database of 19437 printed Amazigh 

characters developed in [11]. Significant increase in accuracy levels has been found in 

comparison of our method with the others for Amazigh character recognition. Furthermore, 

the experimental results have showed a significant improvement in recognition rate when 

integrating the features dependent on the horizontal centre line. The causes of errors are 

mainly due to the resemblance between certain Amazigh characters. To overcome these 

limitations, we will add, in this paper, other features based on the vertical centerline of the 

letter that will improve the results. 
 

4.  Our System Architecture 
 

Generally, a system of off-line handwritten character recognition includes three stages: 

pre-processing, feature extraction, and classification. The process of handwriting recognition 

involves extraction of some defined characteristics called features permitting to classify an 

unknown character into one of the known classes. The pre-processing is primarily used to 

reduce variations of handwritten characters, to correct the skew of the text lines and to 

segment the text into isolated characters. The feature extraction step is essential for efficient 

data representation and extracting meaningful features for later processing. The classifier 

assigns the characters to one of classes. The architecture of our system is shown in Fig. 4. 
 

4.1 Pre-Processing  
 

Such as was presented in figure 4, the procedure of pre-processing which refines the 

scanned input image includes several steps: Binarization, for transforming gray-scale images 

in to black and white images, noises removal, and skew correction performed to align the 
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input paper document with the coordinate system of the scanner and segmentation into 

isolated characters. 

 

Figure 4. Architecture of our System 

 

4.1.1. Binarization and Noise Removal: We used the Otsu method for binarization [29]. 

This method of thresholding is performed as a preprocessing step to remove the background 

noise from the picture prior to extraction of characters and recognition of text. This method 

performs a statistical analysis of histograms to define a function to be maximized to estimate 

the threshold. Fig. 5 (a) shows a sample input handwritten character image and Fig. 5 (b) 

shows the binarized image after the thresholding step using Otsu‟s method. 
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Figure 5.  (a) Example of an input image of a text Amazigh, (b) Thresholded 
image with Otsu's method. 

 

4.1.2. Skew detection and correction: Skew correction methods are used to align the paper 

document with the coordinate system of the scanner. Main approaches for skew detection 

include line correlation [30], projection profiles [31], Hough transform [32], etc. For this 

purpose two steps are applied. First, the skew angle is estimated. Second, the input image is 

rotated by the estimated skew angle. In this paper, we use the Hough transform to estimate a 

skew angle θs and to rotate the image by θs in the opposite direction.  

 

4.1.3. Line Segmentation: Once the image of the text cleaned, the text is segmented into 

lines. This is used to divide text of document into individual lines for further preprocessing. 

For this, we used analysis techniques of horizontal projection histogram of the pixels in order 

to distinguish areas of high density (lines) of low-density areas (the spaces between the lines) 

(see Fig. 6). These techniques were often used to extract lines in printed texts, which do not 

show much variability in the spatial arrangement of related entities such as writing Amazigh. 

 

 

 

Figure 6. Image Text and Horizontal Projection Histograms Corresponding. 

 

4.1.4. Character Segmentation: The Amazigh writing is not cursive which facilitates the 

segmenting of a text line of characters. We used the vertical projection histogram to segment 

each text line of characters. Fig. 7 shows a text line, the vertical histogram and the result of 

segmentation into characters. 
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Figure 7. (a) A text Line, (b) the Vertical Histogram, (c) the Result of 
Segmentation. 

 

4.2 Features Extraction 
 

After pre-processing, a feature extraction method is applied to extract the most relevant 

characteristic of the character to recognize. The performance of a character recognition 

system largely depends on the quality and the relevance of the extracted features. In this 

paper, the extracted features consist of two groups. The features of the first group based on 

the horizontal centerline of the letter and, the features of the second group based on the 

vertical centerline of the letter.  

 

4.2.1. Features based on the horizontal centerline: This step separates the image of the 

character into two zones: an upper zone that corresponds to the area above the baseline, which 

is the horizontal central line, and a lower zone which corresponds to the area below the 

baseline. Fig. 8 shows the line position of writing on a few Amazigh characters. 

 

Figure 8. Line position of writing on a few Amazigh characters. 

To create the first group of the feature vector, the letter is then scanned from left to right 

and from top to bottom with a sliding window. The image is divided into vertical frames (Fig. 

9). The height and width of the frame are constant and are considered as parameters. The 

window height varies according to each image.  

 

Figure 9. Dividing letters into vertical frames 

(a) 

 

 

(b) 

 

 

(c)  
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Each frame is divided into cells where the height cell is fixed (in our experiments to 4 

pixels) [19]. This yields to variable number cells in each frame according to the word image 

height. In each window, we generate a set of 9 features. These are representative of the 

densities of pixels. 

Let H be the height of the frame in an image, h be the fixed height of each cell, and w the 

width of each frame. The number of cells in each frame nc is:  nc=H/h. 

Suppose n(i) is the number of black pixels in cell i, r(j) is the number of black pixels in 

the j
th
  row of a frame, and b(i) is the density level of cell i. If the n(i) of cell i is equal to 0 

then we assign 0 to it, otherwise, we assign 1. This procedure is presented in (1). 

( ) 0  ( ) 0   ( ) 1b i if n i else b i        

Let LH the position of the horizontal centerline, we consider it the baseline of the letter. 

For each frame 9 features are extracted. The first feature, f1, is the density of foreground 

pixels (black).  

1

1

1
( )      

cn

i

f n i
H w 



     2

2

1       
cn

i

f b i b i


    

The second feature, f2, is the number of transitions between two consecutive cells of 

different density levels of a frame. 

The third feature, f3, is the derivative feature which represents the difference between the 

gravitational center of black pixels of frame t and its previous frame.  

3 ( ) ( 1)f g t g t             (4)                   Where g is the position of gravitational center. 

The vertical position of the gravity center in each frame is considered as the forth feature. 

This feature is normalized by the height of each frame. 

1

1

. ( )

( )

H

j

H

j

j r j

g

r j










                     (5) 4

g LH
f

H


   

The fifth and sixth features that represent the density of foreground pixels over and under 

the horizontal center line for each frame. 

5

1

1
( )

H

j LH

f r j
H w  




 

1

6

1

1
( )

LH

j

f r j
H w








   

The seventh and eighth features are similar to the third one.  But only those cells that are 

above the horizontal center line are considered in, and the cells that are below the horizontal 

center line are considered in, f8. 

   7

2

1  
k

i

f b i b i


       8 1  
cn

i k

f b i b i


    

The ninth feature, f9, is the density of foreground pixels in the horizontal centerline. This 

feature was added to distinguish between some resembling Amazigh characters. 
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4.2.2. Features based on the vertical centerline: For exploiting the information coming 

from the detection of the vertical centerline of the character, we generated a new group of the 

features. To create the second group of the feature vector, the letter image is then scanned 

from top to bottom and from left to right with a sliding window. The image is divided into 

horizontal frames (Fig. 10). The number of the frame is constant and is considered as one of 

the system parameters (5 frames in our experiments). Each frame is divided into cells where 

the cell height is fixed (in our experiments to 4 pixels). In each window we generate a set of 9 

features. These 9 features (f10 to f18) are similar to (f1 to f9), respectively. We use the same 

formula used for vertical windows. 

 

Figure 10. Dividing Letters into Horizontal Frames 

 

5. Database 
 

To evaluate the performance of the proposed method, the experiments were performed on 

both bases of the Amazigh patterns: a printed database of Amazigh characters and another 

one for handwritten characters created locally. The first is a database of printed Amazigh 

patterns of different fonts and sizes [11]. It contains a total of 12 fonts and sizes of 10 points 

to 28 points for each model.  

Our database of isolated Amazigh handwritten characters was collected from 50 people. 

These people were selected to represent various age, gender, and educational background 

groups. The samples were collected by asking the participants to write on a form 13 examples 

for each Amazigh character.  We collected 350 documents forms. After the digitizing these 

documents, we have developed an automatic system to processes and segment them into 

isolated characters. In total, we obtained 650 variations for each character led to an overall of 

21450 isolated Amazigh handwritten characters (650×33). Some Amazigh handwriting 

samples are given in Table 1. 
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Table1. Some Amazigh Handwriting Samples. 

 

 

6. Training and Recognition 
 

Before feature extraction, each letter is normalized to 60×50 pixels. Then, two different 

sets of features (45 features based on the vertical centerline and 45 features based on the 

horizontal centerline giving a total of 90 features) are used in the training and testing 

modules.  

There are several available architectures and learning methods which may be selected 

depending on a given problem. In this paper, we choose a multi-layer perceptron architecture 

using the back propagation with momentum learning scheme. The multilayer perceptron 

architecture consists of an input layer of information processing nodes, a hidden layer with 

hidden nodes and an output node which consists of output nodes that usually equal the 

number of data classes. The Fig. 11 presents the Artificial Neural Networks (ANN) 

Architecture. The number of neuron outputs is 31. The numbers of hidden nodes vary across 

different applications and this number must be experimentally determined [7], [33], [34], 

[35], [36]. In our case, we adopted a number of hidden layer neurons equivalent to the 
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number of attributes and classes divided by two. The network learned on the entire training 

set using the back propagation method, and was then tested (with the validation set) for its 

performance with a limit of 1000 epochs. The network is trained with 0.3 learning rate and 

0.2 momentums constant. This multilayer perceptron implementation is available in the Weka 

collection of machine learning algorithms [37]. 

 

 

Figure 11. ANN Architecture (three layers: input, hidden and output) 

 

7. Results and Analysis 
 

We have tested the proposed system on two bases of the Amazigh characters: a printed 

database of Amazigh characters [11] and another one for handwritten characters presented 

previously. The tests were performed according to the integration of features dependent and 

independent on the vertical and horizontal centerline. Also, we have used a 10-fold cross 

validation scheme for recognition result evaluation. For 10 fold cross validation, 90% of the 

data was used for training and this performance was tested on the remaining 10%. We divided 

database in 10 major groups and measured recognition accuracy for each group separately. 

The recognition rates of all the 10 test subsets of the dataset are averaged to get the 

recognition result. Table 2 shows the experiments results using ten-fold cross-validation on 

the base of printed Amazigh characters and on the base of handwritten characters. 

 For the base of printed Amazigh characters, the recognition rate is 98.49% when 

integrating the features based on the position of the horizontal centerline and increases to 

99.28% when adding features based on the position of the vertical centerline. This 

demonstrates that the features based on the position of central lines offer a significant 

improvement in the recognition performance. 
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Table 2. Recognition  Results Using Ten-fold Cross-validation 

 

 

Table 3. Confusion Matrix of the System on the Base of Printed Amazigh 
Characters 

 

 

Table 3 shows the confusion matrix of the system on the base of printed Amazigh 

characters. Only four letters from 31 had few errors. The first error is due to the resemblance 

between some letters in different fonts. For example, 37 images of letter yan ( ) are 
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recognized as letter yaj ( ). Moreover, in the database used, the form of the letter yan ( ) on 

the 'tassafut' font resembles entirely to the letter yaj ( ), such as shown in the Fig. 12. The 

second error consists of twenty four replacements of the letter ya ( ) by the letter yar ( ) out 

of 627 instances. This problem is due to the database. Furthermore, in this database used, the 

images of patterns are stored in a way which does not allow the possibility of renormalizing 

their sizes to a fixed average size. Indeed, this can be particularly troublesome because of the 

resemblance of the characters ya ( ) and yar ( ), which differ only in size: the character ya 

( ) is a small circle, while the character yar ( ) is a big circle. In some cases, there will be a 

real confusion between the images of these two characters. This problem has an influence on 

the results. It is something that has been resolved in our database of handwritten Amazigh 

characters. The third error consists of thirteen replacements of the letter yazz ( ) by the letter 

yaz ( ). This problem caused by the similarity between these two letters. The only difference 

between these two letters is the dash in the centre of the letter. 

 

Table 4. Confusion Matrix on the Base of Handwritten Amazigh Characters 
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Figure 12. Some Examples of Character yan ( ) in the Base, which is 'tassafut' 
Font. 

 
In Table 4, we present the confusion matrix of the system on the base of handwritten 

Amazigh characters. The study of this confusion matrix showed that most errors are mainly 

due to the resemblance between some Amazigh characters. For examples, confusions between 

the two letters yaz ( ) and yazz ( ), between the two letters yatt ( ) and yadd ( ), between 

the two letters yaz ( ) and yaq ( ) and between the two letters yey ( ) and yu ( ). 
 

8.  Conclusion and Perspectives 
 

In this paper, we have presented a system for automatic recognition of Amazigh 

handwriting based on the position of the vertical and horizontal centerline of each character. 

Several features have been studied and compared. The importance of using the position of the 

centerline in the image of the character has been proved. The extracted features are based on 

the density of pixels derived from a sliding window. The developed system was tested on two 

databases, a database of printed Amazigh patterns and another base of handwriting Amazigh 

character developed locally. These results show a significant improvement in recognition rate 

when integrating the features dependent on the vertical and horizontal centerline. In future 

work, we will add other features that improve the results for some characters, such as 

information on the possible inclination of writing using the windows inclined. In addition, we 

will experiment our approach on a database of Amazigh handwritten documents. 
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