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Abstract 

This paper presents a dataset for detecting and classifying Bangla fonts, consisting of 28,000 images across 45 classes, 

aimed at supporting font users and typography researchers. Four traditional machine learning models— Support Vector 

Classifier (SVC), Logistic Regression (LR), K-Nearest Neighbors (KNN), and Random Forest—achieved accuracies of 

93.43%, 92.37%, 84.71%, and 81.48%, respectively, with SVC performing best. Six transfer learning models—VGG-16, 

VGG-19, ResNet-50, MobileNet-v3, Xception, and Inception—were trained, yielding accuracies of 87.74%, 80.00%, 

87.26%, 80.55%, 82.30%, and 80.11%, respectively. The results highlight the effectiveness of both traditional and transfer 

learning models in font detection, with SVC and VGG-16 emerging as top performers.  

Keywords: Typography; image recognition; Xception; Support Vector Classifier (SVC). 

Streszczenie 

W artykule przedstawiono zbiór danych do wykrywania i klasyfikacji czcionek Bangla, składający się z 28 000 obrazów 
w 45 klasach, mający na celu wsparcie użytkowników czcionek i badaczy typografii. Cztery tradycyjne modele uczenia 
maszynowego — klasyfikator wektorów nośnych (SVC), regresja logistyczna (LR), k-najbliższych sąsiadów i losowy las 

— osiągnęły dokładność odpowiednio 93,43%, 92,37%, 84,71% i 81,48% przy Najlepiej radzi sobie SVC. Przeszkolono 

sześć modeli uczenia się z transferem — VGG-16, VGG-19, ResNet-50, MobileNet-v3, Xception i Inception — uzysku-

jąc dokładność na poziomie 87,74%, 80,00%, 87,26%, 80,55%, 82,30% i Odpowiednio 80,11%. Wyniki podkreślają 
skuteczność zarówno tradycyjnych, jak i transferowych modeli uczenia się w wykrywaniu czcionek, przy czym SVC i 
VGG-16 okazały się najskuteczniejsze.   
Słowa kluczowe: Typografia; rozpoznawanie obrazu; Xcepcja; Klasyfikator wektorów nośnych (SVC).  
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1. Introduction 

Typography is the art of arranging type to make written 

language legible, readable, and visually appealing when 

displayed. Typography plays a critical role in both the 

visual and functional aspects of written communication 

[1]. It not only shapes the aesthetic presentation of text 

but also influences readability, user experience, and ac-

cessibility. One of the primary functions of typography is 

to enhance communication by bridging verbal and visual 

messages. Effective typography can convey meaning and 

emotion, making the text more engaging and memorable 

for the audience [2]. For instance, the layout and design 

of typography can significantly impact the viewer's abil-

ity to process information, as a well-organized typo-

graphic structure facilitates comprehension and retention 

of the message [3]. Moreover, typography plays a signif-

icant role in user experience, particularly in digital  

 
 

interfaces. Research indicates that typographic proper-

ties, such as font size and line length, are crucial for leg-

ibility and overall user satisfaction [4]. In digital environ-

ments, where attention spans are limited, effective typog-

raphy can guide users through content, enhancing their 

interaction with the interface and improving information 

retention [4]. The visual hierarchy established through ty-

pography helps users navigate digital content more effi-

ciently, ultimately leading to a more satisfying user ex-

perience [5].  

In a digital era where multilingual content is increas-

ingly prevalent, ensuring that typographic designs are op-

timized for various scripts is of paramount importance. 

Variable Typography employs artificial intelligence (AI) 

to adapt typographic styles, improving information ac-

quisition and reducing cognitive load during reading. 

This approach is particularly beneficial in digital 
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environments where users engage with content in multi-

ple languages [6]. Bangla, one of the most widely spoken 

languages globally, presents unique challenges and op-

portunities in the realm of typography. With over 245 

million speakers, primarily in Bangladesh and the Indian 

state of West Bengal, Bangla is a significant language for 

digital communication, yet it remains underrepresented 

in typographic research and development compared to 

Latin-based scripts [7]. Despite being one of the world's 

most widely spoken languages, Bangla faces unique chal-

lenges in text recognition due to its complex script struc-

ture, including graphemes and diacritics [8]. Efforts to 

address these challenges include developing character-

level recognition models for both printed and handwrit-

ten documents [8], as well as language and printing style 

detection systems [9]. Font recognition has emerged as a 

crucial area of study, with researchers employing transfer 

learning methods [10] and deep learning approaches [11] 

to achieve high accuracy in Bangla font detection. 

The importance of typography extends beyond mere 

aesthetics; it has implications for legibility, cultural rep-

resentation, and the effectiveness of communication [12]. 

In the context of Bangla, the script's intricate design, rich 

historical context, and diverse usage across various me-

diums necessitate specialized approaches in font detec-

tion and classification. This becomes especially pertinent 

as digital content in Bangla continues to grow, spurred by 

increased internet penetration and digital literacy in the 

Bangla-speaking regions. However, the development of 

tools and techniques for Bangla typography lags behind, 

posing challenges for designers, developers, and end-us-

ers alike [13]. The use of machine learning in typography 

is a burgeoning field, offering new possibilities for font 

detection, classification, and even creation. Traditional 

methods of font identification, which often rely on man-

ual inspection or simple rule-based systems, are increas-

ingly being supplemented or replaced by machine learn-

ing approaches [14]. Machine learning has revolution-

ized typography, offering new possibilities for font 

recognition, classification, and generation. Deep learning 

approaches have shown promise in font recognition and 

retrieval, outperforming traditional manual methods [15]. 

Neural networks can learn typographic styles from a 

small subset of letters, enabling both discrimination and 

generation tasks [16]. Recent advancements include us-

ing auto encoders to generate skeleton-based typography, 

allowing for the creation of diverse and experimental 

fonts [17]. These techniques offer improved control over 

style and the ability to interpolate between characters. 

The motivation for this study arises from a critical gap 

in the existing technological landscape. On a daily basis, 

we encounter various types of banners, posters, and dig-

ital media that employ a range of fonts, particularly on 

roadsides and social platforms. Frequently, a distinctive 

font piques our interest, prompting us to explore its name 

or origin. Typically, this leads to taking a photograph, 

cropping the text, and utilizing font identification plat-

forms like 'WhatFontIs.' However, these platforms are 

predominantly tailored to English and a few other lan-

guages, with none offering support for Bangla fonts—a 

glaring omission given the widespread use of Bangla in 

South Asia. To address this gap and driven by the curios-

ity to fill this void, we initiated an exploration aimed at 

developing a tool specifically designed for Bangla font 

detection. Our initial approach centered on word-based 

dataset creation, but it produced suboptimal results. In 

Bangladesh, a large majority of people are unaware of the 

diverse array of Bangla fonts available, primarily due to 

the lack of accessible tools for font recognition. This pro-

ject, therefore, seeks to fill this gap by curating a com-

prehensive dataset and developing a tool that not only 

identifies Bangla fonts but also encourages the use and 

appreciation of a broader spectrum of Bangla typogra-

phy. In this study, we explore several machine learning 

approaches for font detection and classification using the 

developed 'BanglaFont45' dataset. Following the dataset 

description, we present the machine learning models de-

veloped for font detection and classification. These mod-

els include traditional approaches, such as support vector 

machines (SVMs) and k-nearest neighbors (k-NN), as 

well as more advanced techniques like convolutional 

neural networks (CNNs) and transfer learning. Each 

model is evaluated on its ability to accurately detect and 

classify fonts from the 'BanglaFont45' dataset, with per-

formance metrics including accuracy, precision, recall, 

and F1-score. 

Our work goes beyond merely improving font recog-

nition technology. It aspires to foster greater adoption of 

Bangla fonts by simplifying the process of font identifi-

cation and making typographic resources more accessible 

to users. This effort contributes to the preservation and 

promotion of the richness inherent in Bangla script 

through both technological innovation and cultural 

awareness. In light of this unmet need, we propose a 

novel methodology utilizing computer vision techniques 

to automate the identification of Bangla fonts—encom-

passing typeface, weight, and slope—directly from im-

ages and graphical representations. We term this ap-

proach Bangla Font Detection and Classification 

(BFDC). Unlike the well-explored field of optical char-

acter recognition (OCR), BFDC specifically focuses on 

the visual attributes of Bangla script rather than character 

recognition alone, setting it apart from conventional doc-

ument analysis paradigms. However, real-world Bangla 

text is often presented in varied fonts, styles, and contex-

tual settings, necessitating an approach that accounts for 

these complexities. This research aims to bridge that gap 

by introducing innovative algorithms specifically de-

signed to address the unique characteristics of Bangla 

script. Our objective is to empower both designers and 

enthusiasts to easily recognize and engage with the di-

verse landscape of Bangla typography. 

 

2. Materials and methods  

2.1. Dataset 

The dataset was constructed in a three-step process aimed 

at capturing a wide variety of commonly used fonts in 

Bangla ANSI and Unicode. The initial step involved se-

lecting fonts frequently used in banners, posters, roadside 
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advertisements, and social media. From an initial pool of 

50 font classes, 45 were chosen based on overall outputs 

to ensure diversity and relevance. Professional help was 

enlisted to create an Adobe Illustrator file, which served 

as the basis for generating the dataset. This file contained 

art boards for each character, including 11 vowels, 39 

consonants, 10 numerals and basic symbols. Each char-

acter was exported as a separate PNG image. The font 

size of each character was adjusted based on its position 

to enhance identification. The styles considered were reg-

ular, bold, and italic. All styles of a single font were or-

ganized into the relative font folder. 

 

2.2. Image generation and organization 

Each folder held, on average, approximately 560 images, 

although the quantity fluctuated based on the images' ac-

curacy. A total of 18,000 images were initially produced 

from the Illustrator file. Image augmentation techniques 

were employed to expand the dataset to 28,000 images, 

as illustrated in the class count bar chart in Figure 1. This 

augmentation was essential to increase unpredictability 

and enhance the efficacy of the font recognition models. 

 

Figure 1: Class distribution of images in the BanglaFont45 dataset. 

 

2.3. Image augmentation 

Image augmentation techniques were carefully em-

ployed, primarily targeting underperforming font images 

and those deficient in specific styles. The employed aug-

mentation strategies included rotation, width shifting, 

and the increase of width. Every folder was carefully la-

belled in accordance with its corresponding font. The da-

taset consists of 28,000 photos, obtained from an original 

collection of 18,000 by careful augmentation. This exten-

sive dataset includes a diverse array of Bangla characters 

in multiple fonts and styles, rendering it an invaluable re-

source for the development of effective font recognition 

models. The meticulous stages and considerations in-

volved in the dataset generation process emphasise the 

dedication to quality and diversity, which are crucial for 

attaining optimal performance in font recognition tasks. 

Figure 2 illustrates the visual data. 

 

Figure 2: Visual representation of BanglaFont45 dataset fonts. 

2.4. Implementation procedures 

Figure 3 outlines the procedure for generating a dataset 

of Bangla font images, augmenting the dataset, and using 

it to train multiple machine-learning models for font clas-

sification. The process begins with the manual generation 

of 18,000 images. These images include Bangla charac-

ters (vowels, consonants, numerals, and symbols) in dif-

ferent fonts and styles (regular, bold, italic). To increase 

the dataset's size and variability, image augmentation 

techniques are applied. After augmentation, the dataset 

grows to 28,000 images, providing a more comprehen-

sive set of examples for training ML models. 

 

Figure 3: Workflow for BanglaFont45 dataset generation, augmenta-

tion, and machine learning model training. 

 

2.5. Data preparation 

The initial stage in the data preparation process for the 

ML model entails turning images into NumPy arrays. 

The method commences by loading each image from the 

dataset and scaling it to a designated target dimension 

(e.g., 224x224 pixels) with three color channels (RGB). 

The images are then transformed into arrays and normal-

ized by dividing by 255.0 to scale the pixel values to a 

range between 0 and 1. During data preprocessing, we 

utilized Keras's `ImageDataGenerator` to supplement 

and prepare the training, validation, and testing datasets. 

We normalised the training data by rescaling pixel values 

to the [0, 1] range and employed augmentation tech-

niques including random rotations, width and height 

shifts, shear transformations, zoom operations, and hori-

zontal flips, filling vacant areas with nearest neighbor 
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pixels. The validation and test datasets were solely re-

scaled, without any supplementary augmentation, to pre-

serve data integrity throughout evaluation. Utilizing the 

`flow_from_directory` function, we import photos from 

designated folders, resize them to the appropriate dimen-

sions, and batch them for processing, configuring the 

`class_mode` to 'categorical' for multi-class categoriza-

tion. This guaranteed an uninterrupted supply of prepro-

cessed and enriched data during training and evaluation. 

2.6. Data splitting 

The dataset, consisting of 28,000 images, is divided into 

training and testing subsets. 90% of the data (25,200 im-

ages) is designated for training the ML models, while the 

remaining 10% (2,800 images) is allotted for testing. The 

dataset is divided into three subsets: 70% (19,600 im-

ages) for training, 10% (4,200 images) for validation, and 

10% (4,200 images) for testing. The training subset is 

employed to train deep learning (DL) models, the valida-

tion subset is utilized to optimize the models and mitigate 

over fitting, and the testing subset is used to assess the 

final performance of the trained models. 

2.7. Model training 

2.7.1. Machine learning classifiers 

We explored different machine learning models for clas-

sification tasks, with four demonstrating superior perfor-

mance: Random Forest, Support Vector Machines 

(SVMs), Logistic Regression, and K-Nearest Neighbours 

(KNN). Each model offers a distinct methodology for 

categorisation, enabling us to evaluate which one most 

effectively addresses the particular requirements of our 

dataset. The Random Forest model, a prevalent ensemble 

learning technique, functions by generating several deci-

sion trees during the training process. Each tree is con-

structed by random picks of characteristics and data sub-

sets, and the individual forecasts from these trees are ag-

gregated to provide a final prediction [18]. SVMs, an al-

ternative model we evaluated, classify by identifying the 

best hyperplane that delineates distinct classes within the 

training data. SVMs seek to optimize the margin between 

the hyperplane and the nearest data points from each 

class, thereby establishing a resilient classification border 

[19]. In addition, we utilised Logistic Regression and K-

Nearest Neighbours (KNN), each possessing distinct ad-

vantages. Logistic Regression, or the logit model, is ex-

tensively utilised in predictive analytics and classifica-

tion endeavours [20]. K-Nearest Neighbours (KNN) pro-

vides a straightforward and efficient non-parametric 

method for classification. KNN predicts outcomes by ex-

amining the 'k' nearest data points in the training set, clas-

sifying new data according to its proximity to these 

neighbors, rather than constructing a model during train-

ing [21].  We adopted an image size of 224 × 224-pixels 

and before fitting the model, the MobileNet architecture 

was employed for feature extraction on the numpy train 

and test data, resulting in 4D arrays with dimensions of 

(25200, 5, 5, 1280) for the training set and (2800, 5, 5, 

1280) for the test set. Here, 25200 and 2800 represent the 

number of samples. The feature maps contain 1280 

channels for the training set and 1280 channels for the 

test set. Subsequently, these 4D arrays were reshaped into 

2D arrays without altering the data, maintaining the num-

ber of samples as 25200 for the training set and 2800 for 

the test set. The reshaping process resulted in dimensions 

of (25200, 32000) for the training set and (2800, 32000) 

for the test set. 

2.7.2. Transfer learning classifiers 

The standout model, VGG-16, has a straightforward yet 

powerful design with 16 layers predominantly composed 

of convolutional layers, which aim to extract hierarchical 

patterns and textures from input images. Each block in 

VGG-16 includes 3x3 convolutional filters stacked on 

top of each other, using ReLU activation functions to in-

troduce non-linearity, and max-pooling layers to progres-

sively reduce spatial dimensions. The final layers are 

fully connected and serve to classify the extracted fea-

tures, assigning each image to a specific category. With 

a total of approximately 15.3 million parameters, VGG-

16’s architecture is large but well-optimized for image 

recognition tasks. Most of its parameters are non-traina-

ble, representing pre-trained weights from large datasets 

like ImageNet, which is crucial in transfer learning, as 

these weights enable the model to generalize effectively 

on new tasks with limited training data. In addition to 

VGG-16, other architectures were assessed, each pos-

sessing unique characteristics tailored to specific facets 

of image processing. VGG-19, an enhanced variant of 

VGG-16 including 19 layers, adheres to a comparable ar-

chitecture, augmenting depth to apprehend more com-

plex patterns. Xception employs depthwise separable 

convolutions in lieu of traditional convolutional layers, 

yielding a more economical model that diminishes com-

putational expense while maintaining performance [22]. 

ResNet50 incorporates residual connections, or "skip 

connections," across layers, facilitating the training of 

significantly deeper networks by maintaining gradient 

flow during back propagation. The residual connections 

alleviate the vanishing gradient issue, rendering Res-

Net50 exceptionally efficient for deep networks that may 

face training challenges [23]. Inception v3 utilizes dis-

tinctive modules that capture multi-scale features through 

various filter sizes within a single module [24], whereas 

MobileNetV3, recognized for its lightweight design, in-

corporates inverted residual blocks with depthwise sepa-

rable convolutions and squeeze-and-excitation modules, 

rendering it efficient and suitable for resource-limited 

settings [25]. A 224 × 224 pixel picture was used to train 
the network. When it comes to picture classification jobs, 

our optimizer of choice, "Adam," is a popular pick. Given 

the nature of our multi-class classification task, we set up 

the output layer using a "Softmax" activation function 

and utilized "Categorical Cross Entropy" as the loss func-

tion, following accepted industry standards. Table 1 pre-

sents the hyper parameters used for training these five 

models, including the number of epochs, learning rate, 

and batch size. These parameters were carefully selected 

to optimize the performance of each model during train-

ing.  
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Table 1: Training model parameters 

Model Epoch Batch size Learning 

rate 

VGG-16 80 64 0.001 

VGG-19 80 64 0.001 

ResNet-50 30 64 0.001 

MobileNet-v3 80 64 0.0001 

Xecption 35 64 0.001 

Inception 30 64 0.01 

 

2.8. Evaluation metrics 

The experimental results comprised four outcomes: true 

positive (TP), false positive (FP), true negative (TN), and 

false negative (FN) [26]. For evaluating the performance 

of a CNN in a classification task, several evaluation met-

rics are commonly used to gauge its accuracy and effec-

tiveness, namely, precision, recall, accuracy, F1-score, 

confusion matrix, and categorical cross entropy loss. 

These evaluation metrics collectively provide a compre-

hensive assessment of CNN’s classification perfor-
mance, considering factors such as accuracy, precision, 

recall, and the ability to handle imbalanced datasets. 

Evaluating CNN models using these metrics helps in un-

derstanding their effectiveness in solving classification 

tasks across various domains. Prominent statistical Met-

rics are calculated using the following equations [27,28]. 

                              𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃(𝑇𝑃+𝐹𝑃)                       (1) 

                                  𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃(𝑇𝑃+𝑇𝑁)                              (2) 

                      𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃+𝑇𝑁)(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)                      (3) 

                     𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2( 1𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)+( 1𝑟𝑒𝑐𝑎𝑙𝑙)                 (4) 

Here, TP = true positive, FP = false positive, TN = 

true negative, and FN = false negative.  

 

3. Experimental results and analysis 

3.1. Experimental environment 

The model was created in the research lab server of 

Sylhet Engineering College, Bangladesh, and is compat-

ible with a Windows server 2019 system. Python 3.10.14, 

Tensorflow 2.10 and PyTorch 1.11 were employed for 

the development. The experiment was executed using a 

single GPU NVIDIA RTX A4000 with 16 GB of 

memory and CPU RAM 64 GB. 

 

3.2. Machine learning classifier result 

The performance of ML classifiers on the BanglaFont45 

dataset demonstrates distinct differences in their ability 

to effectively classify fonts, as summarized in Table 2. 

Among the four models—SVC, LR, KNN, and Random 

Forest—SVC emerges as the most effective classifier, 

achieving an accuracy of 93.43%, along with high preci-

sion, recall, and F1-score values of 93%, 92%, and 93%, 

respectively. Sentiment analysis of Bengali news articles 

using supervised classifiers demonstrated high accuracy, 

with Random Forest achieving 99% [29]. The superior 

performance of SVC can be attributed to its ability to de-

fine an optimal hyperplane that maximizes the margin be-

tween classes, which is particularly beneficial for da-

tasets with high-dimensional feature spaces. 

 

Table 2: Performance metrics of machine learning classifiers on the 

BanglaFont45 dataset  

Model Accu-

racy 

Preci-

sion 

Recall F1-score 

SVC 93.43% 93% 92% 93% 

LR 92.37% 92% 91% 92% 

KNN 84.71% 85% 83% 84% 

Ran-

dom 

Forest 

81.48% 82% 81% 81% 

 

Logistic Regression closely follows SVC, with an ac-

curacy of 92.37%, precision of 92%, recall of 91%, and 

F1-score of 92%. Despite its relative simplicity, Logistic 

Regression performs well due to its efficiency in han-

dling linearly separable data, which aligns with the fea-

ture representations of the BanglaFont45 dataset. KNN 

and Random Forest, while still achieving acceptable re-

sults, lag behind SVC and LR. KNN records an accuracy 

of 84.71%, with a slight drop in precision (85%), recall 

(83%), and F1-score (84%). Its reliance on the local prox-

imity of data points, coupled with the inherent diversity 

in Bangla fonts, may have contributed to this marginally 

lower performance. Random Forest, on the other hand, 

yields an accuracy of 81.48%, with consistent precision, 

recall, and F1-score values at 82%, 81%, and 81%, re-

spectively. The ensemble nature of Random Forest ena-

bles it to handle complex decision boundaries; however, 

its performance is slightly hindered by the variability in 

font styles and augmentations present in the dataset. RF 

tends to be sensitive to small changes in training data and 

may overfit.  

 

 

Figure 4: Precision, recall, and F1-score distribution across Bangla 

fonts. 
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Figure 4 provides a deeper insight into the model per-

formance by visualizing the precision, recall, and F1-

scores for individual font classes. The consistency of 

these scores across most classes underscores the robust-

ness of the classifiers. However, certain font classes ex-

hibit slightly lower scores, indicating potential areas for 

model improvement. These discrepancies could stem 

from variations in font characteristics, such as subtle sty-

listic differences or overlapping visual features between 

certain classes. The recognition of handwritten Bangla 

characters and numerals has been extensively studied us-

ing various machine learning algorithms. For Bangla nu-

meral recognition, Support Vector Machines (SVM), Li-

brary for Large Linear Classification (LIBLINEAR), and 

Modified Quadratic Discriminant Function (MQDF) 

have demonstrated high accuracy [30]. In a recent study 

on Assamese word recognition, Gradient Boosting 

achieved the highest accuracy of 96.03%, closely fol-

lowed by Logistic Regression and SVM with RBF kernel 

at 95.64% and 95.60%, respectively [31]. 

3.3. Transfer learning classifier result 

The training and validation loss curves (Figure 5) and ac-

curacy curves (Figure 6) highlight the learning behavior 

and generalization capabilities of each model. Among the 

models, VGG-16 demonstrates the best performance 

with the highest validation accuracy (0.8784) and low 

validation loss (0.3591), followed closely by ResNet-50 

(validation accuracy: 0.8757, validation loss: 0.3765). 

Xception achieves moderate results (validation accuracy: 

0.8395), while VGG-19 and Inception show reduced gen-

eralization with validation accuracies of 0.8022 and 

0.8130, respectively. MobileNet-V3, although light-

weight and efficient, lags behind with lower validation 

accuracy (0.8058) and the highest training loss (0.8792). 

These findings establish VGG-16 as the most effective 

model for Bangla font classification, with ResNet-50 as 

a strong alternative and MobileNet-V3 suitable for re-

source-constrained applications. 

 

Figure 5: Training and validation loss for transfer learning models on 

the BanglaFont45 dataset. 

VGG-16 emerges as the top-performing model, 

achieving the highest validation accuracy with steady 

convergence and minimal overfitting, highlighting its 

suitability for extracting relevant features. VGG-19 fol-

lows closely with its deeper architecture, while Mo-

bileNet-v3 achieves competitive accuracy with lower 

computational overhead, making it ideal for resource-

constrained environments. Recent studies have explored 

deep learning approaches for Bangla font and character 

recognition. VGG-16 consistently emerges as a top-per-

forming model, achieving high accuracy in both font de-

tection (96.23%) and character recognition (98.65%) 

tasks [10]. VGG-19 and other architectures like Xcep-

tion, Inception V3, and Vision Transformer also show 

promising results [10]. ResNet-50-v2 and Xception ef-

fectively handle the complex features of Bangla fonts due 

to their advanced architectures, such as residual connec-

tions and depthwise separable convolutions, although 

their higher computational requirements may limit prac-

tical applicability in some scenarios. Inception, while 

slightly less accurate, demonstrates robust multi-scale 

feature extraction. The consistent reduction in loss and 

the minimal gap between training and validation metrics 

across all models indicate strong generalization, at-

tributed to the high quality and augmentation strategies 

of the BanglaFont45 dataset. These results affirm the po-

tential of transfer learning in Bangla font classification, 

with VGG-16 as the most accurate model and Mo-

bileNet-v3 providing a computationally efficient alterna-

tive. Researchers have developed large datasets of 

Bangla fonts and characters to train these models, with 

some studies using data augmentation to expand their 

training sets [11]. 
 

 

Figure 6: Training and validation accuracy for transfer learning mod-

els on the BanglaFont45 dataset. 

 

3.4. Test results  

Table 3 summarizes the performance of six transfer 

learning models in detecting and classifying Bangla 

fonts. These results offer critical insights into the models' 

ability to generalize to new instances, which is vital for 

evaluating their real-world applicability and robustness. 

VGG-16 leads with the highest accuracy (87.74%), pre-

cision (88%), recall (87%), and F1-score (86%), show-

casing its robust feature extraction and generalization. 
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Similarly, ResNet-50 achieves comparable metrics, with 

an F1-score of 87%, confirming its efficiency in handling 

the dataset's complexity through residual connections. 

Xception also delivers a strong performance with an F1-

score of 82%, benefiting from its use of depthwise sepa-

rable convolutions. A CNN-based approach using global 

average pooling achieved 96% line-level accuracy on a 

dataset of 10 Bangla fonts [32]. Another study proposed 

a CNN approach with a space adjustment method using a 

stacked convolutional auto-encoder, achieving 98.73% 

accuracy on a dataset of 7 Bangla fonts [11]. While these 

models show comparable performance, the challenges 

unique to Bangla fonts such as the intricacies of ligatures 

and diacritics require further refinement in transfer learn-

ing-based approaches. When comparing our findings 

with research focused on other languages' font detection, 

several significant observations emerge. For instance, Ali 

et al. (2023) deployed a Sindhi-ligature font-diverse 

large-scale recognition system, achieving an accuracy of 

92% [33]. Arafat et al. (2022) deployed detection and 

Urdu-text recognition at 89% accuracy [34]. These re-

sults suggest that models will need to be tuned to accom-

modate the distinctive problems posed by each script. 

Scripts derived from Latin are most likely to involve fre-

quent character shapes, while the complexity of Bangla 

fonts presents an isolated challenge, perhaps partially ex-

plaining the observed range in model performance. The 

close lines and intricate curves of the Bangla fonts add 

one level of complexity that is not as common in Chinese, 

Sindhi, or Urdu script font configurations. 

Table 3: Test results of transfer learning models  

Models Accuracy Precision Recall F1-

score 

Vgg-16 87.74% 88% 87% 86% 

Vgg-19 80.00% 82% 79% 78% 

ResNet-50 87.26% 88% 87% 87% 

MobileNet-

v3 

80.55% 80% 78% 78% 

Xception 82.30% 85% 82% 82% 

Inception 80.11% 81% 80% 80%  

Models like VGG-19 and MobileNet-V3, however, 

show slightly reduced accuracy (80.00% and 80.55%, re-

spectively) and precision-recall metrics, reflecting their 

limitations in extracting intricate font features. Inception, 

with an F1-score of 80%, demonstrates moderate capa-

bility but lags behind the top performers in precision and 

recall. The variability across individual font classes, il-

lustrated in Figure 7, shows most classes achieving high 

precision, recall, and F1-scores, though a few classes un-

derperform, likely due to overlapping visual characteris-

tics or insufficient representation in the dataset. Transfer 

learning methods have also been applied, with VGG-16 

achieving 96.23% accuracy on a dataset of five fonts 

[12]. Various models have been evaluated for Bangla Op-

tical Character Recognition (OCR), including Inception 

V3, VGG16, and Vision Transformer, with VGG-16 

achieving the highest accuracy of 98.65% on a large da-

taset of Bengali characters [35]. 

 

Figure 7: Precision, recall, and F1-Score across 45 BanglaFont classes 

using transfer learning models. 

3.5. Model performance 

The Support Vector Classifier (SVC) emerged as the top-

performing model in both traditional machine learning 

and transfer learning approaches, achieving an accuracy 

of 93%. Figure 8 illustrates the SVC model's perfor-

mance through its confusion matrix, which provides a de-

tailed breakdown of classification outcomes across 45 

font classes, including true positives, true negatives, false 

positives, and false negatives. The matrix highlights the 

model's high accuracy and effectiveness in handling the 

classification task, reinforcing its reliability for Bangla 

font recognition. 

 

Figure 8: Confusion matrix for transfer learning models. 

Figure 9 presents a visualization of the SVC model's pre-

dictions for randomly selected font classes. Each image 

is annotated with its true label and the corresponding pre-

dicted label, offering a clear depiction of the alignment 

between ground truth and the model's predictions. This 

visualization provides valuable insights into the model's 

performance across diverse classes, showcasing its abil-

ity to accurately classify Bangla fonts while also identi-

fying areas for potential improvement. Such visual tools 

play a crucial role in assessing and refining machine 

learning models applied to complex datasets. 
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Figure 9: Sample true and predicted classifications of BanglaFonts. 

4. Limitations 

While this study presents significant advancements in 

Bangla font detection and classification, certain limita-

tions should be acknowledged. Firstly, the dataset, alt-

hough comprehensive, may not fully represent the vast 

diversity of Bangla fonts, especially those in niche or re-

gional usage. The dataset's focus on specific fonts may 

limit the generalizability of the models to entirely new or 

custom fonts not included in the training set. Secondly, 

the study primarily addresses isolated font classification 

scenarios, whereas real-world applications often involve 

complex layouts, overlapping text, or degraded font sam-

ples, which could affect model accuracy. 

5. Conclusions and future works 

This study successfully demonstrates the feasibility of 

leveraging machine learning and transfer learning mod-

els for Bangla font detection and classification using the 

'BanglaFont45' dataset. The results reveal that traditional 

machine learning models, particularly the Support Vector 

Classifier (SVC), and transfer learning models like VGG-

16, deliver high accuracy and robustness in this domain. 

These findings contribute significantly to the field of 

Bangla typography and pave the way for the development 

of practical applications in font identification and digital 

design. Future work can address the identified limitations 

and extend the scope of this research. Expanding the da-

taset to include a broader variety of Bangla fonts, includ-

ing custom and regional designs, would enhance the gen-

eralizability of the models. Incorporating real-world sce-

narios, such as mixed-font layouts and degraded text 

samples, could further improve the models' applicability. 

Additionally, exploring hybrid approaches that integrate 

contextual information, such as linguistic features or se-

mantic cues, may provide a richer framework for font 

classification. Development of a specialized, lightweight 

Convolutional Neural Network (CNN) tailored to Bangla 

font classification could balance computational 

efficiency and accuracy, enabling deployment on mobile 

and embedded devices. Collaboration with typographers 

and software developers could lead to the creation of 

user-friendly tools for Bangla font recognition and rec-

ommendation. By addressing these areas, future research 

can continue to bridge the gap between technological ad-

vancements and practical needs in Bangla typography.  
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