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ADVANCED APPROACH FOR MOROCCAN ADMINISTRATIVE DOCUMENTS 

DIGITIZATION USING PRE-TRAINED MODELS CNN-BASED:  

CHARACTER RECOGNITION 
 

In the digital age, efficient digitization of administrative documents is a real challenge, particularly for lan-

guages with complex scripts such as those used in Moroccan documents. The subject matter of this article is the 

digitization of Moroccan administrative documents using pre-trained convolutional neural networks (CNNs) for 

advanced character recognition. This research aims to address the unique challenges of accurately digitizing 

various Moroccan scripts and layouts, which are crucial in the digital transformation of administrative pro-

cesses. Our goal was to develop an efficient and highly accurate character recognition system specifically tai-

lored for Moroccan administrative texts. The tasks involved comprehensive analysis and customization of pre-

trained CNN models and rigorous performance testing against a diverse dataset of Moroccan administrative 

documents. The methodology entailed a detailed evaluation of different CNN architectures trained on a dataset 

representative of various types of characters used in Moroccan administrative documents. This ensured the 

adaptability of the models to real-world scenarios, with a focus on accuracy and efficiency in character recog-

nition. The results were remarkable. DenseNet121 achieved a 95.78% accuracy rate on the Alphabet dataset, 

whereas VGG16 recorded a 99.24% accuracy on the Digits dataset. DenseNet169 demonstrated 94.00% accu-

racy on the Arabic dataset, 99.9% accuracy on the Tifinagh dataset, and 96.24% accuracy on the French Special 

Characters dataset. Furthermore, DenseNet169 attained 99.14% accuracy on the Symbols dataset. In addition, 

ResNet50 achieved 99.90% accuracy on the Character Type dataset, enabling accurate determination of the 

dataset to which a character belongs. In conclusion, this study signifies a substantial advancement in the field 

of Moroccan administrative document digitization. The CNN-based approach showcased in this study signifi-

cantly outperforms traditional character recognition methods. These findings not only contribute to the digital 

processing and management of documents but also open new avenues for future research in adapting this tech-

nology to other languages and document types. 

 

Keywords: Character Recognition; Pre-trained Models; Convolutional Neural Networks (CNNs); Moroccan 

Official Documents; Digital Transformation. 

 

Introduction 
 

Advancements in machine learning [1] have signif-

icantly improved the field of optical character recogni-

tion [2], which is crucial for document digitization. These 

advancements [3] have led to the development of more 

accurate character recognition systems [4] and innova-

tive methods such as image classification [5, 6], which 

have proven effective in recognizing characters from var-

ious sources, including different fonts and handwriting 

styles. Object detection, a key component of pattern 

recognition in computer vision [7], has seen widespread 

application across sectors such as education [8], medi-

cine [9], video surveillance [10], entertainment [11], and 

security [12]. The Moroccan government has recently be-

gun trying to digitize its public administration under Law 

No. 55.19, which the Ministry of Economy, Finance, and 
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Administration Reform issued on March 19, 2020. This 

move is crucial because many older archives and new 

documents are still in paper form, often in multiple lan-

guages such as French, Arabic, and Amazigh. The chal-

lenge lies in efficiently processing these multilingual 

documents to enhance Morocco's public administration 

system. Recent studies have contributed to addressing 

these challenges through innovative OCR technologies. 

Mohammad Anwarul Islam and Ionut E. Iacob [13] 

delves into the OCR of historical manuscripts, using the 

Beowulf manuscript as a case study. Their research 

demonstrates the effectiveness of combining machine 

learning and deep learning techniques, particularly con-

volutional neural networks (CNNs), for character recog-

nition in documents with unique challenges such as cur-

sive writing and historical wear. This approach under-

scores the importance of adaptable OCR systems capable 

of handling the diversity of scripts found in Moroccan 

administrative documents, aligning with the need for ro-

bust solutions that accommodate script diversity and doc-

ument quality variations. Furthermore, Another study by 

Yiyi Liu, Yuxin Wang, and Hongjian Shi [14] proposed 

a novel OCR model that integrates CRNN with Differen-

tiable Binarization (DBNet) and incorporates a text di-

rection classifier and the Retinex algorithm for image en-

hancement. This model significantly improves the detec-

tion and recognition of text within complex scenes, in-

cluding multi-oriented texts, offering a promising solu-

tion for digitizing multilingual documents. Their meth-

odology presents a pathway for enhancing OCR technol-

ogies to meet the digitization requirements of the Moroc-

can government's initiative, offering a promising direc-

tion for our research in developing a comprehensive char-

acter recognition system for diverse administrative docu-

ments. By focusing on these two recent studies, this re-

search benefits from cutting-edge OCR advancements, 

aiming to develop a system that effectively addresses the 

challenges presented by the multilingual and multi-font 

nature of Moroccan administrative documents. This ap-

proach contributes to the broader efforts of digital trans-

formation in public administration, highlighting the im-

portance of innovative OCR solutions in the efficient pro-

cessing and management of multilingual documents. 

This analysis underscores the gap between existing OCR 

advancements and the practical requirements of the mul-

tilingual document digitization initiative, pointing to-

wards an area for focused research and technological ad-

aptation.  

Research is motivated by the need to improve the 

digitization of administrative documents on a global 

scale, addressing the substantial challenge posed by the 

diversity of scripts and languages. Focusing on the intri-

cacies of converting paper-based records into digital for-

mats, this study tackles the limitations of current optical 

character recognition (OCR) technologies. By focusing 

on pre-trained CNN models, we endeavor to improve the 

accuracy and efficiency of processing multilingual ad-

ministrative documents. This effort is rooted in the un-

derstanding that effective digitization is essential not 

only for streamlining administrative operations world-

wide but also for ensuring equitable access to and preser-

vation of vital government records. The motivation lies 

in leveraging technological innovations to support the 

global digital transformation ambitions of administra-

tions, thereby facilitating a more connected and effi-

ciently managed digital future. 

The objective of this research is to automate the 

recognition and extraction of content from these multi-

lingual Moroccan documents using advanced digitization 

and character recognition techniques, with a measurable 

target to significantly enhance character recognition ac-

curacy beyond current standards. This automation is in-

tended to streamline administrative procedures, save time 

and resources, and increase the overall effectiveness of 

Morocco's public administration.  

The approach involves utilizing deep learning with 

pre-trained models based on CNNs [15] from the Tensor-

Flow Keras Library  [16] and applying transfer learning 

techniques [13], which are known for their effectiveness 

in classification problems. To support this research, we 

constructed a new dataset including various characters 

from the languages used in official Moroccan documents 

and selected 11 models for evaluation, such as Mo-

bileNet, ResNets, DenseNets, and VGGNets. We will 

evaluate the effectiveness of each model using metrics 

such as the number of parameters, accuracy validation, 

recall validation, F1-score validation, and predict valida-

tion. This study identifies the most effective model for 

different datasets and present a comparative analysis be-

tween the presented approach and existing techniques. 

 

1. State of the art 
 

In the past few years, many approaches and meth-

ods of deep learning for character identification and 

recognition have been proposed. To apply these ap-

proaches and methods, numerous datasets have been 

built for different languages, such as Arabic, Alphabet, 

Tifinagh, and Digits. 

CNN has made a breakthrough by introducing ad-

vanced performance in character recognition. 

Hinton et al. [17] investigated Deep Belief Net-

works (DBN), which have three layers and an assimila-

tion algorithm, and scored an accuracy of 98.75% for the 

MNIST dataset. 

Using the dropout regulation method for unre-

stricted handwriting recognition, Pham et al. [18] made 

recurrent neural networks (RNNs) work better by lower-

ing the number of word and character errors. 
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A portion of the approach described in the paper 

[19] had already been initiated: a custom dataset with five 

categories was created, each representing a group of 

characters in the Moroccan language, to identify charac-

ters in Moroccan documents. The custom dataset was 

trained using pre-trained models, achieving a 98% accu-

racy score with the DenseNet201 model. A modified pre-

trained model based on the DenseNet201 model was pro-

posed, which achieved a 99% accuracy score. 

Mohamed N AlJarrah et al. [20] proposed a model 

based on CNN to recognize Arabic handwritten charac-

ters. The model used in their experiment worked on a da-

taset containing 16800 images of Arabic handwritten 

characters in different shapes and forms. Their proposed 

model achieved a 97.2% accuracy rate without data aug-

mentation; when they also used data augmentation, the 

accuracy increased to 97.7%. 

Tapan Kumar Hazra et al. [21] presented an appli-

cation of pattern recognition using KNN to recognized 

handwritten or printed text with some advantages. One of 

these advantages is that it works well with multimodal 

classes because its inference is based on comparison, re-

gardless of whether the target class is multimodal or not. 

This technique always leads to high accuracy. 

Duddela Sai Prashanth et al. [22] produced a dataset 

of 38,750 images of Davangari digits, and experiments 

were conducted by applying three networks based on 

CNN to their proposed dataset. Using the proposed CNN 

architecture, they achieved a recognition rate of 99% on 

training data and 94% on evaluation data. Using the pro-

posed CNN architecture, a modified LeNet achieved an 

accuracy rate of 99% and 98% with less computational 

cost. Finally, AlexNet achieved a recognition rate of 99% 

on training data and 98% on evaluation data. They per-

formed a series of experiments using a different split of 

data, and the outcome was that they found a minimal loss 

of 0.001%. 

Waleed Albattah et al. [23] created several deep-

learning and hybrid models. Using two datasets in the ex-

periments, the transfer-learning model on the Arabic 

MNIST digit dataset achieved 99.67% accuracy, and the 

hybrid models achieved an accuracy between 93.88% 

and 97.10%. The results of the hybrid models on the Ar-

abic MNIST dataset were poor, not exceeding 87.2% ac-

curacy.  

This state-of-the-art review encapsulates the dy-

namic and rapidly evolving field of character recognition, 

highlighting the significant strides made through the 

adoption of CNNs and other deep learning architectures. 

The continuous development of tailored datasets and in-

novative model architectures promises further advance-

ments, pushing the boundaries of what is achievable in 

character recognition and offering new opportunities for 

practical applications in document digitization and be-

yond. 

2. Problem statement 

 

Take Morocco as an example to show how this 

method is used in practice. In Morocco, official docu-

ments are often multilingual, featuring content in Arabic 

(the primary official language), French (the secondary of-

ficial language), and Tamazight (Tifinagh as the written 

form of the language), which was recognized as an offi-

cial language in a 2011 constitutional reform. In addition, 

recent news suggests that English may soon become an-

other official language in the country. Despite the pres-

ence of multiple languages, the aim is to recognize all of 

them, even when they appear within the same document, 

using the proposed approach. However, recognition sys-

tems such as OCR struggle to identify these languages 

because of the similarities between their written forms. 

Table 1 presents similarities between characters across 

different scripts used in Moroccan administrative docu-

ments, specifically highlighting the resemblance among 

characters in Alphabet, Digits, Arabic, and Tifinagh 

scripts. This comparison illustrates the potential chal-

lenges faced by optical character recognition (OCR) sys-

tems because of the similarities between characters in dif-

ferent scripts. Examples are listed where characters from 

the Alphabet script resemble those in other scripts, such 

as Arabic and Tifinagh, potentially complicating the 

OCR process for multilingual documents containing 

these scripts. This insight underscores the complexity of 

accurately digitizing Moroccan administrative docu-

ments that feature multiple languages and scripts, moti-

vating the need for the advanced approach discussed in 

the paper to improve character recognition accuracy us-

ing pre-trained CNN models. 

 

Table 1 

Similarities between the characters 

Alphabet Digits Arabic Tifinagh 

Q 9 هـ ⵕ 

Y - - ⵖ 

E - - ⴹ and ⵟ 

A - - ⴷ 

O and o 0 ه ⵔ and ⴰ 

l 1 ا and إ ⵏ 

 

To better understand why recognition systems may 

struggle with multilingual documents, it is necessary to 

look at how CNNs work. In this type of machine learning, 

a model is trained on a dataset that contains various clas-

ses or categories. These classes can represent different 

languages, letter forms, or other characteristics of the 

data. However, as the number of categories increases, the 

model's performance can degrade significantly. In a 
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study by Chao Luo et al. [24], it was found that perfor-

mance begins to decrease significantly when there are 

eight categories. Given that there are more than 153 cat-

egories in the built dataset, one can imagine how CNN 

models can give disastrous performances both in terms of 

accuracy and precision. Therefore, in this research, a hi-

erarchical approach is proposed that uses pre-trained 

CNN models to identify and recognize Moroccan char-

acters smoothly, considering the challenges posed by 

multiple languages, various letter forms, and similarities 

between them. 

 

3. Proposed system and datasets 

 

3.1. Proposed system 

 

This is an overview of the system, as shown in  

Fig. 1. The system is designed to perform two tasks: 

character type identification and character recognition, 

which are described below. 

 

 
 

Fig. 1. Proposed Character Recognition System 

 

The proposed character recognition system consists 

of four main steps to accurately recognize different types 

of characters from the input images: 

1. Input Image: The first step in the process involves 

providing an input image containing a character to the 

system. The system then identifies the type of character 

in the input image, which can be alphabet, Arabic, digit, 

or other types of characters. This identification is crucial 

for selecting a suitable pre-trained model that can accu-

rately recognize the character. 

2. Model Selection: after character type identifica-

tion, the system employs a meticulous model selection 

procedure from a curated set of pre-trained models. The 

identified character type, ensuring the use of an appropri-

ate model tailored to recognize the specific character cat-

egory present within the input image, drives this selection 

process. 

3. Character Recognition: Following meticulous 

pre-trained model selection, the system leverages the 

chosen model to perform character recognition within the 

input image. By employing a range of techniques, includ-

ing machine learning, computer vision, and pattern 

recognition, the selected model processes the input image 

to recognize the specific character contained within it. 

4. Result Output: Finally, the system outputs the re-

sult of the character recognition process, which is the rec-

ognized character in digital format. 

 

3.2. Datasets 

 

This section provides an overview of the datasets 

used in this study, which encompass characters from var-

ious languages used in Moroccan official documents, in-

cluding Arabic, French, and Tamazight. The dataset was 

developed to facilitate research and analysis in this do-

main. The previously published datasets [25] provide a 

comprehensive collection of characters, presenting valu-

able resources for further research. The datasets cover 

various characters, including lowercase and uppercase 

letters, numbers, special characters, and symbols. These 

datasets were meticulously curated to ensure accuracy 

and representativeness. By utilizing a diverse selection of 

commonly used fonts, the aim is to capture the richness 

and diversity of character forms. The resulting dataset 

provides a reliable foundation for further investigations 

in this field. 

 

3.3. Datasets parameters 

 

To proceed, a discussion of the dataset parameters 

is necessary. In this study, each dataset is partitioned into 

a train set and an evaluation set, following an 80% and 

20% split, respectively. Within the training set, a subset 

comprising 20% of its samples is designated as the test 

set. It is crucial to highlight that the evaluation set is ex-

clusively used for evaluation. Consequently, during the 

training phase, the model solely uses the training set and 

the designated test set, ensuring the integrity of the train-

ing process and accurate assessment of the model’s per-

formance. 

As an example, the Alphabet dataset contains 52 

categories with 91505 total images; these images com-

prise the training set (17242), test set (4311), and evalu-

ation set (5385). The same is true for the other datasets, 

with a different number of pure data, as  

Table 2 details the other datasets. 
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Table 2 

Datasets parameters 

N Dataset Samples 
Categories 

number 

Pure 

data 
Train set Test set 

Evaluation 

set 

1 Alphabet 

 

52 91505 17242 4311 5385 

2 Digits 

 

10 64567 6816 1705 2127 

3 Arabic 

 

28 66164 42358 10590 13216 

4 Tifinagh 

 

33 6930 4435 1109 1386 

5 
French Special 

Characters 

 

16 25600 16384 4096 5120 

6 Symbols 

 

14 22400 14336 3584 4480 

7 Character Type  6 205758 131685 32922 41151 

8 All-Classes  135 203921 130535 32634 40752 

Two additional datasets were built: the Character 

Type Dataset and the All-Classes Dataset. The Character 

Type Dataset encompasses the combined data from the 

Alphabet, Digits, Arabic, Tifinagh, French Special Char-

acters, and Symbols datasets. It served the purpose of de-

termining the category to which a specific character be-

longed. The All-Classes Dataset incorporated all catego-

ries from the Alphabet, Digits, Arabic, Tifinagh, French 

Special Characters, and Symbols datasets. Its purpose 

was to provide a comparative basis during the experi-

ment, allowing for exploration of the challenges associ-

ated with character recognition when dealing with sev-

eral categories. 

 

4. Experiments setup 
 

4.1. Models training 

 

A system was developed that is capable of loading 

local datasets and training Keras models on them. The 

system's flowchart is shown in Fig. 2. The system's run-

ning process can be divided into six parts. 

In the first part, the system is initiated, and in the 

second part, a local dataset is loaded and then split into 

training, validation, and testing sets. The images in the 

dataset were resized to the given dimensions, normalized, 

and categorized. In the third part, the system loops over 

each available Keras model, downloads it, and trains it. 

If there are any other models that have yet to be 

trained, the system trains them until all suitable models 

are trained. In the fourth part, the system evaluates the 

models and saves their weights. In the fifth part, the sys-

tem lists the results of the training and evaluation process. 

Finally, in the sixth part, the system ends its execution. 

 

 
 

Fig. 2. Model training flowcharts 
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4.2. Hyper-parameters 

 
Began with a pure dataset, which was then divided 

into training and evaluation sets. Provided both directory 

paths to the scripts and ensured that the training and eval-

uation sets contained different images. Selected the test 

dataset from the training set, which accounted for 20% of 

the data. Finally, we evaluated the pre-trained models on 

the evaluation dataset, which the models had not seen be-

fore. 

To compile the models, used the 'Adam' optimizer 

[26, 27] with a default learning rate of 0.001 to minimize 

the error function. We applied the categorical cross-en-

tropy function as the loss or error function and measured 

the performance using accuracy (1), precision (2), recall 

(3), and F1-score (4) metrics: 

 

TP TN
accuracy ,

TP TN FP FN




  
          (1) 

 

precision
TP

,
TP FP




                    (2) 

 

TP
recall ,

TP FN



                      (3) 

 

2*(recall*precision)
F1 score ,

recall precision
 


           (4) 

 

where TP – True Positives, TN – True Negatives,  

FP – False Positives, FN – False Negatives. 

During the training process, validation accuracy 

was monitored, and if it did not improve for two consec-

utive epochs, the learning rate was reduced. The learning 

rate is updated by multiplying the default learning rate 

(0.001) by a default factor (0.01). Furthermore, to prevent 

overfitting and optimize accuracy, an early stopping 

mechanism was employed that stops the model fitting 

process if there is no improvement in the accuracy metric. 

This criterion serves as a reliable indicator to ensure that 

the model's training terminates at an optimal point, avoid-

ing unnecessary computational efforts. 
 

5. Theory validation 
 

To validate the theory, the dataset categories were 

collected in one directory, forming a single dataset. The 

same hyper parameters as mentioned earlier were used 

and the dataset was trained on different pre-trained mod-

els. The results are presented in Fig. 3 and Table 3. 

Based on Fig. 3, we observe that the pre-trained 

models perform poorly. The models with the highest ac-

curacy measures are DenseNet169 and DenseNet201, 

with accuracy rates of 89.34% and 89.27%, respectively. 

Finally, MobileNetV2 is at the bottom of the list with the 

weakest performance, achieving only 36.80% validation 

accuracy.  

. 

  

Fig. 3. Pre-trained models’ accuracy against the parameters number on Al l Classes dataset 
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Table 3 

Models’ performance results 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

DenseNet169 12642880 89.34% 87.25% 91.46% 96.28% 

DenseNet201 18321984 89.27% 86.99% 91.29% 96.21% 

DenseNet121 7037504 87.17% 84.63% 89.33% 94.78% 

VGG16 14714688 84.07% 78.08% 85.63% 95.16% 

VGG19 20024384 83.37% 76.56% 84.53% 94.75% 

ResNetRS152 84724256 71.50% 62.45% 72.48% 87.01% 

ResNet50V2 23564800 71.04% 60.36% 71.15% 87.38% 

ResNet101V2 42626560 70.19% 58.30% 69.84% 87.93% 

ResNet50 23587712 67.00% 56.12% 67.87% 86.70% 

ResNet152V2 58331648 65.50% 50.81% 63.76% 86.75% 

MobileNetV2 2257984 36.80% 19.05% 30.31% 79.98% 
 

Based on Table 3, it is evident that DenseNet169 

achieved the highest accuracy, precision, recall, and  

F1-score of 89.34%, 87.25%, 91.46%, and 96.28%, re-

spectively. These results were achieved because of the 

large parameter numbers, as presented in Fig. 3. On the 

other hand, MobileNetV2 has the smallest number of pa-

rameters and achieves the lowest accuracy, precision, re-

call, and F1-score of 36.80%, 19.05%, 30.31%, and 

79.98%, respectively. However, despite the large param-

eter numbers of pre-trained models, their performance on 

the All-Classes dataset was poor because the results 

achieved by DenseNet169 were not sufficient to accu-

rately identify characters. Furthermore, we applied the 

method proposed by Waleed Albattah [23] to the All-

Classes dataset, which is a combination of CNN and 

SVM. The result was poor, with an accuracy rate of 0.6%. 

To enhance character recognition, we will use a hierar-

chical structure in the upcoming experiments, replacing 

the current flat structure used in this experiment (a single 

dataset with all classes). Each language part will be used 

as a separate dataset to build a hierarchical structure, as 

shown in Fig. 4. 
 

6. Results 
 

This section presents the approach, in which we em-

bark upon the selection of the most suitable model for a 

given dataset. We conducted a comprehensive analysis, 

comparing multiple models in terms of their accuracy and 

parameter count. Through a thorough examination of the 

outcomes, we identify the model that attains the highest 

accuracy while simultaneously ensuring reasonable com-

putational efficiency. This endeavor seeks to strike an op-

timal equilibrium between accuracy and the allocation of 

computational resources. The findings, which delineate 

the performance evaluation of the pre-trained models, are 

expounded upon in the ensuing discussion. Furthermore, 

we contextualize the results by juxtaposing them with re-

cent advancements in the field of character recognition. 

 

6.1. Alphabet 
 

The performance of the pre-trained models on the 

Alphabet dataset is presented in Fig. 5. DenseNets and 

VGGs achieved the best performance followed by Res-

Nets with medium performance, and MobileNetV2 with 

the worst results. 

Table 4 shows the performance of each model, in-

cluding validation accuracy, recall, F1-score, and preci-

sion. DenseNet201 had the highest performance, with a 

validation accuracy of 95.78%. DenseNet121 and Dense-

Net169 followed, with validation accuracy of 95.00% 

and 94.64%, respectively. VGG16 and VGG19 achieved  
 

 

 
 

Fig. 4. Hierarchical approach 

Type character recoginition

Alphabet Digits Arabic Tifinagh French speacial 
characters

Symbols

Model selector
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Fig. 5. Pre-trained models’ accuracy against the parameters number on the alphabet dataset 

 

Table 4  

Pre-trained models’ performance on the alphabet dataset 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

DenseNet201 18321984 95.78% 94.10% 95.62% 97.24% 

DenseNet121 7037504 95.00% 93.14% 94.99% 96.98% 

DenseNet169 12642880 94.64% 92.39% 94.53% 96.85% 

VGG16 14714688 91.71% 87.86% 91.39% 95.33% 

VGG19 20024384 90.84% 86.88% 90.74% 95.09% 

ResNetRS152 84724256 83.61% 75.59% 82.70% 91.64% 

ResNet50V2 23564800 81.09% 71.41% 79.47% 90.03% 

ResNet101V2 42626560 81.02% 72.62% 80.28% 90.14% 

ResNet50 23587712 77.20% 61.25% 72.94% 91.05% 

ResNet152V2 58331648 75.52% 63.51% 73.34% 87.32% 

MobileNetV2 2257984 49.92% 27.30% 40.58% 83.35% 

 
validation accuracy of 91.71% and 90.84%, respectively. 

ResNets had validation accuracy ranging from 83.61% to 

75.52%. Finally, MobileNetV2 had the lowest validation 

accuracy at 49.92%. 

To determine the optimal model for the task of rec-

ognizing the alphabet based on the Alphabet dataset, we 

will compare the performance of the top two models. Af-

ter analyzing the accuracy and number of parameters for 

each model, it is evident that DenseNet121 is the superior 

choice. This is because DenseNet121 achieved a high 

level of accuracy while also having a relatively low num-

ber of parameters, which can lead to improved computa-

tional efficiency and reduced overfitting. Therefore, we 

can conclude that DenseNet121 is the optimal model for 

the alphabet recognition task. 
 

6.2. Digits 
 

Fig. 6 displays the results of the pre-trained models 

on the Digits dataset. VGG16, DenseNet201, and Res-

Net50 achieved the highest performance on this dataset, 

whereas VGG19, DenseNet121, ResNetRS152, and 

DenseNet169 showed moderate performance. On the 

other hand, MobileNetV2 achieved the poorest results 

compared with the other models. Overall, the analysis of 

these results highlights the superiority of the VGG16, 

DenseNet201, and ResNet50 models for the task of digit 

recognition on this particular dataset. 

Table 5 presents the performance results of the dif-

ferent pre-trained models on the Digits dataset. The mod-

els were evaluated based on four metrics: validation ac-

curacy, validation recall, validation F1-score, and valida-

tion precision. Among the tested models, VGG16, 
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Fig. 6. Pre-trained models’ accuracy against the parameters number on the digits dataset 

 

Table 5 

Pre-trained models’ performance on the digits dataset 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

VGG16 14714688 99.24% 99.14% 99.19% 99.25% 

DenseNet201 18321984 99.21% 99.17% 99.35% 99.53% 

ResNet50 23587712 99.14% 99.10% 99.26% 99.43% 

VGG19 20024384 99.03% 99.03% 99.06% 99.10% 

DenseNet121 7037504 97.48% 97.31% 97.41% 97.51% 

ResNetRS152 84724256 97.05% 95.97% 97.09% 98.29% 

DenseNet169 12642880 96.33% 96.23% 96.42% 96.61% 

ResNet50V2 23564800 88.08% 88.07% 88.07% 88.07% 

ResNet152V2 58331648 80.44% 80.39% 80.43% 80.47% 

ResNet101V2 42626560 75.50% 75.51% 75.53% 75.54% 

MobileNetV2 2257984 33.57% 5.88% 10.61% 68.35% 
 

DenseNet201, ResNet50, and VGG19 achieved the high-

est validation accuracy with 99.24%, 99.21%, 99.14%, 

and 99.03%, respectively. DenseNet121, ResNetRS152, 

and DenseNet169 followed with 97.48%, 97.05%, and 

96.33% validation accuracy, respectively. ResNet50V2, 

ResNet152V2, and ResNet101V2 achieved validation 

accuracy values of 88.08%, 80.44%, and 75.50%, respec-

tively. MobileNetV2 had the lowest performance, with a 

validation accuracy of 33.57%. 

Therefore, VGG16, DenseNet201, ResNet50, and 

VGG19 are the top-performing models, whereas Mo-

bileNetV2 is the worst performing model. 

We found that VGG16 outperforms DenseNet201 

in terms of validation accuracy, achieving the highest ac-

curacy with the fewest parameters. VGG16's high accu-

racy on the validation set indicates that it can generalize 

well and make accurate predictions on unseen data.  

Furthermore, VGG16’s lower number of parameters 

compared with DenseNet201 makes it a more computa-

tionally efficient model. Therefore, based on these find-

ings, we can confidently conclude that VGG16 is the best 

model for recognizing digits. 
 

6.3. Arabic 
 

The performance of the pre-trained models on the 

Arabic dataset is depicted in Fig. 7. The results indicate 

that ResNet50, DenseNet169, DenseNet201, and VGG19 

are more effective than DenseNet121, VGG16, and Res-

NetRS152, whereas MobileNetV2 outperforms Dense-

Net121, VGG16, and ResNetRS152.  

Table 6 displays a detailed breakdown of the per-

formance results for each model, including their valida-

tion accuracy, recall, F1-score, and precision. Among the  
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Fig. 7. Pre-trained models’ accuracy against the parameters number on Arabic dataset 

 

Table 6 

Pre-trained models’ performance on Arabic dataset 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

ResNet50 23587712 94.00% 92.01% 93.83% 95.78% 

DenseNet169 12642880 93.34% 92.36% 93.61% 94.94% 

DenseNet201 18321984 92.10% 89.15% 91.92% 94.96% 

VGG19 20024384 90.58% 88.93% 90.68% 92.56% 

DenseNet121 7037504 87.18% 85.78% 87.62% 89.67% 

VGG16 14714688 85.73% 81.37% 85.89% 91.16% 

ResNetRS152 84724256 84.78% 76.13% 83.47% 92.77% 

ResNet50V2 23564800 78.77% 78.08% 78.79% 79.53% 

ResNet101V2 42626560 74.56% 74.51% 74.81% 75.11% 

ResNet152V2 58331648 74.35% 73.40% 74.57% 75.89% 

MobileNetV2 2257984 27.46% 4.88% 8.88% 60.73% 

 

models tested on the Arabic dataset, ResNet50, Dense-

Net169, DenseNet201, and VGG19 achieved the highest 

validation accuracy of 94%, 93.34%, 92.10%, and 

90.58%, respectively. The middle performers were 

DenseNet121, VGG16, and ResNetRS152, with valida-

tion accuracy of 87.18%, 85.72%, and 84.77%, respec-

tively. In addition, ResNet50V2, ResNet101V2, and Res-

Net152V2 obtained validation accuracy values of 

78.77%, 74.34%, and 74.34%, respectively.  Mo-

bileNetV2 had the weakest performance, with a valida-

tion accuracy of 27.45%. ResNet152V2 obtained a vali-

dation accuracy of 78.77%, 74.34%, and 74.34%, respec-

tively. MobileNetV2 had the weakest performance, with 

a validation accuracy of 27.45%. 

To choose the optimal model for recognizing Ara-

bic characters, we compare the top two performing mod-

els, ResNet50 and DenseNet169. By evaluating the mod-

els based on their validation accuracy and parameter 

count, we can confidently state that DenseNet169 is the 

superior model. With a higher validation accuracy and a 

lower number of parameters, DenseNet169 demonstrates 

better performance and efficiency than ResNet50. There-

fore, we selected DenseNet169 to recognize Arabic char-

acters. 
 

6.4. Tifinagh 
 

The performance of the pre-trained models on the 

Tifinagh dataset is shown in Fig. 8. DenseNet201, Dense-

Net169, ResNet50, ResNet50V2, and VGG19 achieved 

the best performance, whereas VGG16 and Res-

NetRS152 achieved good performance. Medium perfor-

mance was achieved by ResNet152V2 and Res-

Net101V2, and DenseNet121 also showed decent perfor-

mance. However, MobileNetV2 achieved the worst per-

formance among the models evaluated. 

Table 7 provides a detailed summary of the perfor-

mance results of each model on the Tifinagh dataset, in-

cluding validation accuracy, validation recall, validation  
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Fig. 8. Pre-trained models’ overall accuracy against the parameters number on Tifinagh dataset 

 

Table 7 

Pre-trained models’ performance on Tifinagh dataset 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

DenseNet121 7037504 99.91% 99.55% 99.73% 99.91% 

DenseNet201 18321984 99.82% 99.82% 99.82% 99.82% 

DenseNet169 12642880 99.64% 99.64% 99.73% 99.82% 

ResNet50 23587712 98.83% 98.21% 98.87% 99.55% 

VGG19 20024384 98.02% 97.90% 98.20% 98.52% 

VGG16 14714688 97.66% 96.61% 97.85% 99.18% 

ResNetRS152 84724256 97.57% 95.45% 97.25% 99.17% 

ResNet50V2 23564800 96.30% 95.94% 96.27% 96.62% 

ResNet101V2 42626560 90.35% 90.13% 90.77% 91.44% 

ResNet152V2 58331648 61.14% 60.38% 61.25% 62.16% 

MobileNetV2 2257984 22.00% 1.12% 2.16% 32.86% 

 

F1-score, and validation precision. Among the pre-

trained models evaluated, DenseNet121, DenseNet201, 

DenseNet169, ResNet50, and VGG19 exhibited the 

highest performance with validation accuracies of 

99.91%, 99.82%, 99.64%, 98.83%, and 98.02%, respec-

tively. Following closely were VGG16, ResNetRS152, 

and ResNet50V2, which achieved validation accuracies 

of 97.66%, 97.57%, and 96.30%, respectively. 

ResNet101V2 also achieved good performance, 

with a validation accuracy of 90.35%. At the bottom of 

the list were ResNet152V2 and MobileNetV2, which 

achieved the worst results with validation accuracies of 

61.14% and 22.27%, respectively. 

To choose the best model, we compare the top two 

performing models in terms of validation accuracy and 

parameter count. Based on these criteria, DenseNet121 

emerges as the best model. 

6.5. French Special Characters 

 

The performance of the pre-trained models on the 

French Special Characters dataset is presented in Fig. 9, 

DenseNet169, DenseNet201, and DenseNet121, along 

with VGG16, VGG19, ResNet50V2, and ResNet101V2, 

achieved the highest performance. Models such as Res-

NetRS152, ResNet152V2, and ResNet50 achieved mod-

erate performance, whereas MobileNetV2 had the worst 

performance. 

Table 8 provides a detailed comparison of the per-

formance results for each model on the French Special 

Characters dataset. The Table 8 reports the validation ac-

curacy, validation recall, validation F1-score, and valida-

tion precision metrics for each model. Among the mod-

els, DenseNet169, DenseNet201, and DenseNet121 
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Fig. 9. Pre-trained models’ accuracy against the parameters number on French Special Characters dataset 

 

Table 8 

Pre-trained models’ performance on French special characters dataset 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

DenseNet169 12642880 96.24% 95.12% 96.74% 98.48% 

DenseNet201 18321984 96.04% 94.38% 96.37% 98.54% 

DenseNet121 7037504 95.95% 94.46% 96.48% 98.67% 

VGG16 14714688 89.33% 81.40% 88.38% 97.02% 

VGG19 20024384 88.16% 78.61% 86.57% 96.76% 

ResNet50V2 23564800 86.82% 79.79% 85.98% 93.52% 

ResNet101V2 42626560 86.01% 77.39% 84.61% 93.61% 

ResNetRS152 84724256 83.33% 73.73% 82.07% 93.03% 

ResNet152V2 58331648 81.45% 70.70% 79.95% 92.37% 

ResNet50 23587712 80.88% 64.60% 76.41% 94.41% 

MobileNetV2 2257984 47.07% 21.34% 33.08% 80.39% 

 

achieved the highest performance with validation accu-

racy scores of 96.24%, 96.04%, and 95.95%, respec-

tively. The VGG16 and VGG19 models achieved me-

dium performance, with validation accuracy scores of 

89.33% and 88.16%, respectively. On the other hand, the 

ResNet models achieved moderate performance, with 

ResNet50V2, ResNet101V2, ResNetRS152, and Res-

Net50 obtaining validation accuracy scores of 86.82%, 

86.01%, 83.33%, and 80.88%, respectively. 

To select the best model, the comparison will be 

made between the two highest-performing models based 

on two criteria: accuracy and parameter count. Based on 

this comparison, we can conclude that DenseNet169 is 

the best model. It achieved a validation accuracy of 

96.24%, which is slightly higher than DenseNet201's ac-

curacy of 96.04%. In addition, DenseNet169 has fewer 

parameters than DenseNet201, which makes it computa-

tionally more efficient. Therefore, DenseNet169 is the 

best model for the French Special Characters dataset. 

 

6.6. Symbols 

 

Fig. 10 displays the performance of the pre-trained 

models on the Symbols dataset. DenseNet169 demon-

strated the best performance, followed by ResNet50, 

VGG19, VGG16, DenseNet121, ResNetRS152, and 

DenseNet201, respectively. Note that ResNet50V2 and 

ResNet101V2 achieved good performance. However, 

MobileNetV2 exhibited poor performance on the dataset. 

Table 9 displays the validation accuracy of the pre-

trained models on the Symbols dataset. Notably, Dense-

Net169, VGG19, VGG16, DenseNet121, ResNetRS152, 

and DenseNet201 achieved the highest performance, at-

taining validation accuracies of 99.14%, 98.83%, 

98.49%, 98.41%, 98.35%, and 98.33%, respectively. 

ResNet50V2 and ResNet101V2 also demonstrate ed 

strong results with validation accuracies of 93.50% and 

91.55%, while ResNet152V2 achieved an accuracy of 

87.50%. In contrast, MobileNetV2 exhibited lower per-

formance, with a validation accuracy of only 50.45%. 
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Fig. 10. Pre-trained models’ accuracy against the parameters number on Symbols dataset 

 

Table 9 

Pre-trained models’ performance on Symbols dataset 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

DenseNet169 12642880 99.14% 99.02% 99.17% 99.33% 

ResNet50 23587712 98.83% 98.83% 98.83% 98.83% 

VGG19 20024384 98.49% 98.35% 98.49% 98.63% 

VGG16 14714688 98.41% 98.19% 98.51% 98.85% 

DenseNet121 7037504 98.35% 98.24% 98.36% 98.49% 

ResNetRS152 84724256 98.33% 98.21% 98.43% 98.66% 

DenseNet201 18321984 97.94% 97.88% 98.05% 98.24% 

ResNet50V2 23564800 93.50% 93.42% 93.52% 93.63% 

ResNet101V2 42626560 91.55% 91.43% 91.56% 91.69% 

ResNet152V2 58331648 87.50% 87.42% 87.55% 87.69% 

MobileNetV2 2257984 50.45% 24.58% 36.04% 70.36% 

 

To select the best model, a comparison is needed 

based on two criteria: accuracy and parameter numbers. 

The aim is to find a model with the highest accuracy and 

the fewest parameters. After comparing the performance 

of all models on the Symbols dataset, it was found that 

DenseNet169 achieved the highest validation accuracy of 

99.14%, making it the best model based on the criteria. 

 

6.7. Character type 

 

In this section, the outcomes obtained from pre-

trained models on the Character Type dataset are pre-

sented. These results will help in choosing the best model 

to act as the selector for another specified model. 

In Fig. 11, the performance of the pre-trained mod-

els on the Character Type dataset is displayed. Notably, 

ResNet50, DenseNet201, and DenseNet169 exhibited the 

highest performance, whereas VGG19, ResNetRS152, 

VGG16, ResNet50V2, ResNet152V2, and ResNet101V2 

achieved intermediate performance. MobileNetV2, how-

ever, demonstrated the lowest performance among the 

tested models. 

Table 10 presents the detailed performance results 

of each model in terms of validation accuracy, validation 

recall, validation F1-score, and validation precision. The 

top three performers, ResNet50, DenseNet201, and 

DenseNet169, achieved validation accuracy scores of 

99.90%, 92.39%, and 92.29%, respectively. VGG19, 

ResNetRS152, VGG16, ResNet50V2, ResNet152V2, 

and ResNet101V2 achieved medium performance, with 

validation accuracy scores ranging from 89.24% to 

84.21%. MobileNetV2 had the weakest performance 

with a validation accuracy score of 45.92% and was 

placed at the bottom of the list. 

Based on Table 10, ResNet50 was selected as the 

best model because it achieved the highest validation ac-

curacy, validation recall, validation F1-score, and valida-

tion precision. 
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Fig. 11. Pre-trained models’ accuracy against the parameters number on the Character Type dataset 

 

Table 10 

Pre-trained models’ performance on Character Type dataset 

Model name 
Parameters  

number 

Validation  

Accuracy 

Validation  

recall 

Validation  

F1-score 

Validation  

precision 

ResNet50 23587712 99.57% 98.05% 99.54% 99.05% 

DenseNet201 18321984 92.39% 91.62% 92.34% 93.09% 

DenseNet169 12642880 92.29% 91.73% 92.38% 93.07% 

DenseNet121 7037504 90.71% 89.97% 90.76% 91.59% 

VGG19 20024384 89.24% 87.88% 89.28% 90.76% 

ResNetRS152 84724256 88.63% 86.79% 88.53% 90.41% 

VGG16 14714688 87.47% 85.30% 87.30% 89.48% 

ResNet50V2 23564800 87.38% 87.25% 87.41% 87.57% 

ResNet152V2 58331648 85.95% 85.74% 85.93% 86.13% 

ResNet101V2 42626560 84.21% 84.06% 84.22% 84.39% 

MobileNetV2 2257984 60.30% 45.92% 55.39% 70.53% 

 

7. Discussion  
 

Here, we evaluate the models on the test, evaluation 

datasets, the models already know the first of which, and 

the second of which is new to them. The results are 

shown in Table 11. It can be observed that there is no 

significant difference between the test results and the 

evaluation results of each model, for example, on the 

French alphabet, where DenseNet121 has 95.0% valida-

tion accuracy on the test dataset and 95.09% validation 

accuracy on the evaluation dataset. 

The same thing is true for the Symbols Dataset; we 

see that for DenseNet169, while we have 99.14% of val-

idation accuracy on Test and 98.73% of validation accu-

racy on Evaluation, and so on.  

Researchers from all over the world have produced 

a great deal of work on character recognition. In the cur-

rent research, we present a system that includes many 

models for character recognition, and each model 

achieves very improved results. Recent works have 

shown how researchers process different models and da-

tasets. A summary is presented in Table 12, which shows 

the models and different datasets used for character 

recognition. Different types of datasets, including Arabic 

MNIST digits, Arabic MNIST characters, AHCD, Hijja, 

EMNIST, a proposed dataset by D.S. Prashanth, and 

MNIST Alphabet, have been used to train CNN or CNN 

with addition (e.g., CNN+SVM), "Their accuracy" refers 

to the accuracy figures reported by researchers in their 

respective studies, using specific datasets tailored for 

those analyses. On the other hand, "our accuracy" refers 

to the performance of these methods when applied to our 

"All Classes" dataset. Most models from recent studies 

achieved high performance on their dataset, but com-

pared with the All Classes dataset, most of them achieved 

from bad to medium performance. 
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Table 11 

Evaluation results for all datasets 

Model 
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Dataset % 

Alpha-

bet 

Test 95.00 94.64 95.78 49.92 81.03 75.52 77.20 81.09 83.61 91.71 90.84 

Eva. 95.09 94.77 96.08 48.10 81.07 76.77 76.77 81.97 83.64 91.64 91.18 

Digits 
Test 97.48 96.33 99.21 33.57 75.50 80.44 99.14 88.08 97.05 99.24 99.03 

Eva. 98.38 97.12 99.50 34.22 77.39 99.64 99.64 89.68 97.59 99.54 99.47 

Arabic 
Test 87.18 93.34 92.10 27.46 74.56 74.35 94.00 78.78 84.78 85.73 90.58 

Eva. 87.22 91.86 90.94 25.92 74.55 92.45 92.45 79.54 83.09 85.71 89.47 

Tifinagh 
Test 99.91 99.64 99.82 22 90.3 61.14 98.83 96.30 97.57 97.66 98.02 

Eva. 99.06 99.64 99.71 25.33 59.45 98.56 98.56 97.19 96.03 97.19 97.48 

Special 

charac-

ters 

Test 95.95 96.24 96.05 47.07 86.01 81.45 80.88 86.82 83.33 89.33 88.16 

Eva. 93.93 95.84 94.26 44.61 84.65 78.52 78.52 87.13 82.38 87.64 85.63 

Sym-

bols 

Test 98.35 99.14 97.94 50.45 91.55 87.50 98.83 93.50 98.33 98.41 98.49 

Eva. 98.10 98.73 97.86 49.55 90.25 98.30 98.30 93.26 98.62 97.59 97.90 

Charac-

ter type 

Test 90.71 92.29 92.39 60.30 84.21 85.96 99.90 87.38 88.63 87.47 89.24 

Eva. 90.63 92.61 92.82 60.16 84.33 94.67 98.68 87.54 88.69 87.33 89.27 

All  

classes 

Test 87.17 89.34 89.27 36.80 70.19 65.51 67.00 71.04 71.50 84.07 83.37 

Eva. 87.17 89.34 89.27 36.80 70.19 65.51 67.00 71.04 71.50 84.07 83.37 

 

Table 12 

Comparison with other models 

Authors Year Model Dataset 
Their  

accuracy 

Our  

accuracy 

Waleed Albattah 

[23] 
2022 

CNN+SVM 

Arabic MNIST digits 97.1%  

Arabic MNIST character 87.2%  

All classes (Our dataset)  0.6% 

CNN+LR 
Arabic MNIST digits 93.88%  

Arabic MNIST character 85.6%  

 

 

D.S.Prashanth et al. 

[28] 

2021 

CNN 
Their dataset of 38,750 images  94%  

All classes (Our dataset)  89.92% 

Modified Lenet 

CNN 

Their dataset of 38,750 images 99%  

All classes (Our dataset)  93.02% 

AlexNet 
Their dataset of 38,750 images 98%  

All classes (Our dataset)  93.61% 

Y. B. Hamdan et al 

[29] 
2021 SVM 

MNIST Alphabet 94%  

All classes (Our dataset)  91.71% 

Ali Benaissa et al. 

[19] 
2022 Modified DenseNet201 Custom dataset 99%  

Current work  

DenseNet169 All Classes  89.34% 

DenseNet121 Alphabet  95.78% 

VGG16 Digits  99.24% 

DenseNet169 Arabic  94.00% 

DenseNet121 Tifinagh  99.91% 

DenseNet169 French Special Characters  96.24% 

DenseNet169 Symbols  99.14% 

ResNet50 Character Type  99.90% 
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In terms of performance on the built dataset, we 

trained them with pre-trained models, some of which 

achieved high performance and were generally better 

than CNN classic models or CNN with addition, espe-

cially when the dataset contained fewer classes. Thus, we 

can conclude that pre-trained models in our usage case 

are better and more effective. 

This comparison illustrates the adaptability of vari-

ous existing methods to complex datasets and under-

scores the need for more flexible and robust character 

recognition models. Such models must effectively handle 

the diverse linguistic and scriptural elements found in da-

tasets such as All Classes, while maintaining high accu-

racy. This highlights the importance of this approach in 

developing a character recognition system that incorpo-

rates multiple models, with each model specifically tai-

lored to a particular language/script. 

 

Conclusion 
 

In this era of rapidly advancing digital technology, 

the field of character recognition systems is becoming in-

creasingly significant in computer vision. This study con-

centrates on developing eight datasets that cover a variety 

of languages present in Moroccan documents. We have 

trained these datasets using selected pre-trained models 

based on convolutional neural networks (CNN) through 

transfer learning, and contribute to the development of a 

character recognition system that incorporates multiple 

models, each tailored for recognizing different lan-

guages. This multipronged approach not only highlights 

the adaptability of fine-tuned models to complex datasets 

like "All Classes" but also emphasizes the importance of 

creating flexible and robust character recognition sys-

tems capable of handling the varied linguistic and scrip-

tural elements encountered in such datasets. These ad-

vancements underscore our methodology’s significance 

in the broader context of digitizing and managing multi-

lingual documents, marking a pivotal step towards over-

coming the challenges of character recognition in diverse 

and evolving digital landscapes. The primary goal of this 

research is to determine the most effective model for 

meeting digitization requirements. 

We used pre-trained models such as DenseNet121, 

VGG16, DenseNet169, and ResNet50, which were 

trained on datasets including Alphabet, Digits, Arabic, 

Tifinagh, French Special Characters, Symbols, and Char-

acter Type. These models achieved validation accuracies 

ranging from 94.00% to 99.91%. In addition, we created 

a comprehensive dataset named 'All-Classes' by merging 

all individual datasets to test the versatility of the models. 

Unfortunately, the models exhibited lower performance 

on this combined dataset. Comparison with recent studies 

in the same field shows that our pre-trained models gen-

erally perform better.  

Moving forward, we plan to enhance this approach 

by incorporating a novel feature extraction technique. 

This technique blends the methodology discussed in this 

paper with semantic knowledge and Natural Language 

Processing (NLP) techniques. The aim is to improve the 

recognition capabilities of complex fonts and handwrit-

ing styles. This future direction in our research is ex-

pected to significantly advance the field of character 

recognition, particularly in handling more challenging 

and diverse text representations. 
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УДОСКОНАЛЕНИЙ ПІДХІД ДО ЦИФРОВОЇ ОБРОБКИ  

АДМІНІСТРАТИВНИХ ДОКУМЕНТІВ МАРОККО  

ЗА ДОПОМОГОЮ ПОПЕРЕДНЬО НАВЧЕНИХ МОДЕЛЕЙ НА ОСНОВІ CNN:  

РОЗПІЗНАВАННЯ СИМВОЛІВ  

Алі Бенаісса, Абдельхалак Бахрі, Ахмад Ель Аллауї,  

Мій Абдельуахаб Салахддін 

У цифрову епоху ефективна цифрова обробка адміністративних документів є справжнім викликом, осо-

бливо для мов зі складними скриптами, які використовуються у марокканських документах. Предметом цієї 

статті є цифрова обробка марокканських адміністративних документів за допомогою попередньо навчених 

згорткових нейронних мереж (CNN) для розширеного розпізнавання символів. Метою цього дослідження є 

вирішення унікальних викликів у точній цифровій обробці різних марокканських скриптів і макетів, що є 

важливим у цифровій трансформації адміністративних процесів. Нашою метою було розробити ефективну 

та високоточну систему розпізнавання символів, спеціально адаптовану для марокканських адміністративних 

текстів. Задачі включали всебічний аналіз та налаштування попередньо навчених моделей CNN та ретельне 

тестування продуктивності на різноманітному наборі марокканських адміністративних документів. Методо-

логія включала детальну оцінку різних архітектур CNN, навчених на наборі даних, що представляє різні типи 

використовуваних символів у марокканських адміністративних документах. Це забезпечило адаптивність 

моделей до реальних сценаріїв з акцентом на точність та ефективність у розпізнаванні символів. Результати 

були суттєвими, зокрема, DenseNet121 досяг 95.78% точності на наборі даних Alphabet, тоді як VGG16 зафі-

ксував 99.24% точності на наборі даних Digits. DenseNet169 продемонстрував 94.00% точність на арабському 

наборі даних, а також 99.9% на наборі даних Tifinagh та 96.24% точності на наборі даних French Special 

Characters. Крім того, DenseNet169 досяг 99.14% точності на наборі даних Symbols. Також ResNet50 досяг 

99.90% точності на наборі даних Character Type, що дозволяє точно визначити, до якого набору даних нале-

жить символ. На закінчення, це дослідження є суттєвим удосконаленням у галузі цифрової обробки марок-

канських адміністративних документів. Підхід на основі CNN, представлений у дослідженні, перевершує де-

які традиційні методи розпізнавання символів. Ці результати не лише сприяють цифровій обробці та управ-

лінню документами, але й відкривають нові можливості для майбутніх досліджень у адаптації цієї технології 

для інших мов та типів документів. 

Ключові слова: розпізнавання символів; попередньо навчені моделі; згорткові нейронні мережі (CNNs); 

офіційні документи Марокко; цифрове перетворення. 
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