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Abstract

This study proposes a novel OCR system for the Syloti Nagri script, addressing the complexities of segmenting and
classifying its unique characters. Given the limited annotated data and intricate structures, a tri-level segmentation ap-
proach was applied, involving line, word, and character segmentation. Deep learning models-VGG16, VGG-19, ResNet-
50, MobileNet-v3, and Xception, were evaluated, with VGG-19 achieving the highest scores in accuracy, precision, recall,
and F1 metrics. The segmentation process attained 98% accuracy for word and 94% for character segmentation, while
the classification model reached a test accuracy of 99.78%, demonstrating robust recognition of complex patterns. This
work advances OCR technology and supports the preservation and accessibility of the Nagri script.
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Streszczenie

W pracy zaproponowano nowatorski system OCR dla pisma Syloti Nagri, uwzgl¢dniajacy ztozonos¢ segmentacji i kla-
syfikacji jego unikalnych znakow. Biorac pod uwage ograniczong liczbg¢ danych z adnotacjami i skomplikowane struk-
tury, zastosowano tréjpoziomowe podejscie do segmentacji, obejmujace segmentacje linii, stoéw i znakow. Oceniono mo-
dele glebokiego uczenia— VGG16, VGG-19, ResNet-50, MobileNet-v3 i Xception, przy czym VGG-19 uzyskat najwyz-
sze wyniki w zakresie dokladnosci, precyzji, zapamigtywania i wskaznikow F1. Proces segmentacji osiagnat 98% do-
ktadno$ci w przypadku stow i 94% w przypadku segmentacji znakow, podczas gdy model klasyfikacji osiagnat doktad-
nos$¢ testowa na poziomie 99,78%, co $wiadczy o solidnym rozpoznawaniu ztozonych wzorcow. Ta praca w znaczacy
sposob rozwija technologi¢ OCR i wspiera dostgpno$¢ pisma Nagri.
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1. Introduction The digitization of ancient scripts has emerged as a
critical area of research within the broader field of OCR.
Among these, the ‘Nagri’ script, an ancient and histori-
cally significant language, presents unique challenges
due to its complex character structures and limited avail-
able resources. The Syloti Nagri script, alternatively re-
ferred to as Sylheti Nagri or Sylheti Nagari, is an ancient
Indic script belonging to the Brahmic family. It was his-
torically employed in the eastern regions of Bengal and
Assam, specifically in the eastern zone of the Sylhet re-
gion, situated east of the Padma River. The script played
a crucial role in the documentation of Muslim religious
poetry, commonly referred to as puthis. Notwithstanding
its historical importance, Sylheti Nagri did not possess a
formal presence in the documents and has gradually been
supplanted by the standardized Eastern Nagari script over
the 20th century [5]. OCR systems have shown consider-
able progress in recognizing widely used scripts, yet an-
cient scripts like Nagri remain underexplored, largely due
to the scarcity of annotated data and the script's intricate

glyphs.

Optical character recognition (OCR) is an essential tech-
nology for automating the conversion of printed and
handwritten text into machine-readable formats, facilitat-
ing numerous applications in document digitization, in-
formation retrieval, and linguistic analysis [1]. OCR
plays a crucial role in the digitization of handwritten an-
cient manuscripts, as well as in the conversion of type-
written materials into digital formats [2]. The implemen-
tation of this technology has facilitated the process of ac-
cessing necessary information, eliminating the need to
sift through extensive collections of documents and files
in order to locate the desired information [3]. Developing
an OCR system for a particular language necessitates the
identification and classification of its characters, which
demands the use of language-specific OCR models. The
absence of electronic transcriptions for text graphics in
different languages poses a significant obstacle to their
immediate conversion. Hence, efficient OCR technolo-
gies serve to close this disparity [4].
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The Nagri script, once widely used in historical doc-
uments across various regions, now faces the threat of
becoming obsolete. Its preservation and accessibility
through digital means are crucial for historical research
and cultural heritage [5]. However, the development of
OCR systems for Nagri is fraught with challenges, in-
cluding the segmentation of complex characters, han-
dling of noise in aged manuscripts, and the accurate clas-
sification of similar-looking glyphs. These challenges are
compounded by the limited availability of digitized re-
sources and annotated datasets specific to Nagri. Nagri
characters resemble both Bangla and Hindi characters.
Therefore, in this present research we looked for charac-
ter recognition systems that were customized to these re-
lated languages, which helped us make our decision. Pre-
vious research in OCR has predominantly focused on
more commonly used scripts such as Latin, Arabic, and
Devanagari, with methods ranging from traditional pat-
tern recognition techniques to more recent deep learning
approaches [6,7].

Both feature extraction and classification play a criti-
cal role in OCR systems, significantly impacting the total
accuracy. Previous studies have investigated several
techniques, including Euclidean distance, HOG, Fourier
descriptor, and directional chain code, for the purpose of
feature extraction. Additionally, classification models
such as CNN, KNN, ANN, and SVM have been em-
ployed in these investigations [8]. The recognition of
Sanskrit characters poses unique challenges as a result of
the intricate nature of the script and the similarities
among symbols [9]. Recent developments in OCR tech-
nology have involved the incorporation of machine learn-
ing and artificial intelligence (AI) techniques, specifi-
cally aimed at comprehending ancient scripts and trans-
forming them into contemporary languages [8]. Deep
learning architectures, such as CNN-Bidirectional
LSTM, have demonstrated promise for detecting Sanskrit
manuscripts [9]. The advancement of OCR systems cus-
tomized for Indian scripts holds considerable implica-
tions in the conservation of historical manuscripts and
their subsequent accessibility via digital libraries [10].
Using CNN architectures such as ResNet and VGG, re-
searchers achieved a recognition accuracy of 97.009% on
ancient character datasets, highlighting the potential of
deep learning for digitizing historical manuscripts [11].
Various approaches, such as Euclidean distance and
HOG, are used to improve classification accuracy, espe-
cially for ancient scripts [8].

Despite the success in these domains, applying these
techniques to Nagri is not straightforward due to the
script's distinct morphological characteristics and the
lack of standardized orthography in historical texts.
Therefore, there is a pressing need for a specialized ap-
proach that can effectively segment and classify Nagri
characters, taking into account the script's unique attrib-
utes. This paper proposes a novel segmentation and clas-
sification approach tailored to the specific requirements
of Nagri OCR. This study aims to address the existing
gap by proposing a comprehensive approach to Nagri
OCR that includes both segmentation and classification

of Nagri text images. Utilizing the dataset, we employ a
tri-level segmentation method—Iline, word, and character
segmentation—followed by classification using deep
learning-based Convolutional Neural Network (CNN)
models. By integrating these models, we seek to create a
functional OCR system that can accurately convert Nagri
text into electronic formats, thereby contributing to the
digitization and preservation of the Nagri language. This
study not only contributes to the field of OCR by address-
ing the challenges associated with Nagri but also plays a
pivotal role in the preservation of a valuable cultural as-
set. To guide this research, we hypothesize that among
the evaluated deep learning models (VGG-16, VGG-19,
ResNet-50, MobileNet-v3, and Xception), VGG-19 will
achieve the highest classification accuracy, precision, re-
call, and F1-score. This is based on prior studies high-
lighting the effectiveness of deeper architectures like
VGG-19 in handling complex patterns of ancient scripts.
The study aims to validate this by systematically compar-
ing these models on a custom Nagri script dataset.

2. Materials and methods
2.1. Dataset

The Nagri script consists of 32 letters, including 5 vowels
and 27 consonants. It also incorporates a variety of com-
pound characters. The Sylheti Nagri script supports
Unicode, which allows for the digital representation of
consonants, vowels, and vowel marks. However, it is im-
portant to note that compound characters currently lack a
Unicode equivalent. The absence of a Unicode standard
for these compound characters presents an opportunity
for future advancements and research in the digital repre-
sentation of Sylheti Nagri. The Nagri alphabet is illus-
trated in Figure 1.
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Figure 1: The Nagri alphabet: An illustration of 32 letters including
vowels and consonants.
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Accessing open-source datasets related to print Nagri
materials is challenging. Therefore, the development of
our Nagri OCR system relied on a custom dataset,
“NagriOCRbd” (Figure 2), which comprises 1,486
printed text images of Nagri. This dataset includes pages
with printed Nagri text alongside their corresponding
Bangla translations. To prepare the dataset for OCR, we
conducted extensive pre-processing steps, including
noise removal, skew correction, and digitization. A tri-
level segmentation process: line segmentation, word seg-
mentation, and character segmentation was then em-
ployed. For line segmentation, we utilized connected
component (CC) analysis, Hough transform, filling, and
smoothing techniques to identify word components
within the text. After successfully segmenting the lines,
we performed word segmentation, creating a word da-
taset from the “NagriOCRbd” dataset. This step facili-
tated the separation of characters for model training. The
resulting character dataset contains 18,411 segmented
words and 58,343 segmented characters, organized into
54 distinct categories, with a total of 11,473 individual
characters. This meticulous organization and categoriza-
tion of segmented characters into distinct folders pro-
vided a solid foundation for developing our Nagri OCR
system. The classification into 54 unique categories is
predicated on individual characters (5 vowels and 27 con-
sonants), compound characters, and special symbols and
signs. These are crucial for precisely replicating the script
and preserving linguistic integrity during digitization. By
categorizing the dataset into 54 classifications, we guar-
antee that all unique components of the script are in-
cluded. This classification facilitates efficient segmenta-
tion and categorization during model training, ensuring
the OCR system can accommodate the extensive diver-
sity intrinsic to the script.
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Figure 2: Sample images from the NagriOCRbd dataset: printed Nagri
text.

2.2.  Overview of implementation stages

The process for developing an OCR system for the Nagri
script is illustrated in Figure 3. This hybrid approach con-
sists of two primary components: character segmentation
and model training. The first phase of our methodology
involves the segmentation of individual characters. We
begin with word segmentation on text document images,

which is then followed by character segmentation. This
process ensures that each character is accurately identi-
fied and isolated for subsequent processing. In the next
stage, we employ a deep learning-based convolutional
neural network (CNN) model. Transfer learning tech-
niques are applied to enhance the model's performance
and efficiency. Each stage of our methodology is care-
fully designed to maximize precision and reliability in
character recognition applications.
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Figure 3: Implementation stages of the Nagri OCR system: character
segmentation and model training process. (a) Data pre-processing, (b)
Model training.

2.3. Data pre-processing

Effective OCR systems require precise segmentation of
text into recognizable components. Our proposed meth-
odology involves a sequential segmentation process that
operates at the line, word, and character levels, with each
phase subdivided into specific steps. Initially, the images
are converted to binary format to clearly distinguish the
text from the background. The processed images are then
digitized to create a uniform dataset for further analysis.

2.3.1. Segmentation process

Line detection is facilitated through the application of the
dilation technique, which aims to expand and connect
text components. We utilize a large kernel size of (3, 85)
of ones for dilation, ensuring the creation of new pixels
that bridge adjacent words and maintain text continuity.
After detecting contour points for each line, they are
sorted based on their y-coordinates. Subsequently,
bounding boxes are drawn to visually confirm the accu-
racy of the detected lines. It’s important to note that the
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contour points are used solely for visualization purposes
and are not employed for slicing or further processing.
Figure 4a represents the steps of line detection. Words
within each line are identified by analyzing the contour
lines, using a dilation operation with a small kernel to ac-
curately determine the boundaries of each word. The seg-
mented words are then saved as individual images, form-
ing a word dataset (Figure 4b).

Dilated For Word
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Word Bounding Box

Orgrl Dt e

B T rage

Figure 4: Steps in the segmentation process: (a) line detection and (b)
word segmentation.

2.3.2. Image processing

Characters within each word are detected by enhancing
the word images using Gaussian blur, followed by con-
tour point detection. The Gaussian blur is applied with a
kernel size of (3, 3) (as detailed in SM1). At this stage,
skew correction is applied once again to ensure horizon-
tal alignment, and a specialized technique is employed to
eliminate matra lines (horizontal lines above characters)
before the final character segmentation. We use the
Canny edge detection and Hough line transform tech-
niques for this purpose. By testing angles ranging from
0.1 to 180 degrees, the Hough line transform identifies
pixels forming straight lines within the image, as shown
in the supplementary material (SM1). Subsequently,
lines with the highest pixel content are identified. These
lines undergo angle testing to correct the skew in the
word image, aiming to maximize the row histogram. The
image is then skew-corrected based on the angle corre-
sponding to the maximum row count. Once the skew cor-
rection is complete, we remove the matra line by deter-
mining the exact coordinates of the maximum row and
applying a threshold value—in this case, 3. Pixels within
the range from max row index — threshold to
max_row_index + threshold are rendered white, effec-
tively removing the entire matra from the word images.
Following matra removal, contour point detection is used
to identify the position of each character devoid of mat-
ras. A specific point for each matra, located just above
the bounding box of a character without matra, is approx-
imated. Based on these marked cut points, a strategy is
implemented to separate characters from matras by re-
moving a fixed length of pixels, typically 2 pixels, from
the actual word image with matra. At the final stage, the
word image undergoes matra cutting, resulting in indi-
vidual characters each connected to their respective mat-
ras while being disconnected from one another. Finally,
contour point detection is performed once more on the

matra-cut word image, combined with binarization and
dilation using a small kernel. As a result, each character
becomes encapsulated within a bounding box. Using the
coordinates of these bounding boxes, the individual char-
acters are accurately sliced and saved for further pro-
cessing. Initially, we executed the code on our dataset,
saving each character separately for manual segmenta-
tion, as shown in Figure 5, to train our classification
model. However, in real-world scenarios, we plan to feed
the characters directly into our classification model for
automatic classification, thereby generating their corre-
sponding electronic forms.
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Figure 5: Character segmentation process: From Gaussian blur to final
Matra-cut character extraction.

2.4. Model training

For the classification task, we employed several CNN-
based models: VGG-16, VGG-19, ResNet-50, Mo-
bileNet-v3, and Xception. The dataset was divided into
three subsets: training (75%), validation (10%), and test-
ing (15%). The VGG-19 model consists of 19 layers, or-
ganized sequentially with convolutional layers followed
by max-pooling layers, as illustrated in Figure 6. The fi-
nal output layer was customized to match the number of
Nagri character classes in our dataset.
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Figure 6: Architecture of the VGG-19 model: Sequential arrangement
of convolutional and max-pooling layers.

We utilized an image size of 224 x 224 pixels for
training, with "Adam" as the optimizer and "Sparse Cat-
egorical Cross Entropy" as the loss function. The final
output layer was tailored to align with our specific clas-
sification needs, accommodating the required number of
classes. Figure 7 shows the distribution of class counts
across the training, validation, and test sets. After split-
ting, the training set contains 8,588 images, the testing set
has 1,715 images, and the validation set includes 1,170
images.
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Figure 7: Distribution of class counts across training, validation, and
test sets.

The models were trained using specific parameters,
including batch size, learning rate, and the number of
epochs, as detailed in Table 1. The selected image size of
224 x 224 pixels was consistently applied across all mod-
els during training.

Table 1: Training parameters for the CNN models

Model Epoch Batch size | Learning
rate
VGG-16 7 32 0.0001
VGG-19 14 64 0.00001
ResNet-50 9 64 0.0001
MobileNet- 10 128 0.001
v3
Xecption 10 128 0.0001
2.5. Model pipelining

To integrate the segmentation and classification models
into a cohesive OCR system, we employed a pipelining
approach. In this system, the segmentation model first
processes the entire document image, segmenting it into
individual characters. These segmented characters are
then fed into the classification model, which assigns the
appropriate electronic form to each character based on
the trained CNN model. The final output is a digitized
version of the Nagri text, which can be used for various
applications in document digitization and language
preservation. Figure 8 provides an overview of the sys-
tem architecture after deployment.

Text Document Images

Input
Output

i Output Input
Iladc
Predicted Class

Figure 8: System architecture of the OCR pipeline: Integration of seg-
mentation and classification models.

Classification
Model

2.6. Evaluation metrics

In character segmentation, established algorithms for
measuring accuracy are not readily available. To address

this, we devised a technique to roughly measure the ac-
curacy of our segmentation method. We randomly se-
lected 2 document images and compared the number of
words identified by our model against the actual count.
The word segmentation accuracy was determined using
equation 1. Similarly, we randomly selected 10-word im-
ages and assessed the number of distinct characters pre-
sent, comparing our segmentation output with the actual
count. The character segmentation accuracy was deter-
mined using equation 2. This methodology allowed us to
evaluate the accuracy of our segmentation technique,
providing insights into its performance in segmenting
words and characters within documents.

Word segmentation accuracy = Segmented word
count/Actual word count €Y

Similarly, we randomly selected 10-word images and
assessed the number of distinct characters present, com-
paring our segmentation output with the actual count.
The character segmentation accuracy was determined us-
ing the formula.

Character segmentation accuracy = Segmented char-
acter count/Actual character count 2)

Key statistical metrics are computed using equation 3
— equation 6 [12,13].

L _ TP
Precision = (TP+FP) )
TP
Recall = o= @
__ (TP+TN)
ACCU-T'aCy - (TP+TN+FP+FN) (5)
2 (6)

F1 — score = T T
(precision)+(recall)

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, compatible
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. Segmentation and model evaluation

Character segmentation, particularly for ancient and
complex scripts like Nagri, presents unique challenges
due to the absence of standardized evaluation metrics, es-
pecially for unsupervised segmentation techniques. To
rigorously assess the performance of our segmentation
model, we developed a tailored evaluation methodology.
For word segmentation, two randomly selected document
images were used to measure accuracy by comparing the
number of segmented words to the actual word count.
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Our model achieved an impressive word segmentation
accuracy of 98%, successfully segmenting 262 words out
of 266 actual words. Character segmentation was evalu-
ated using 50 randomly selected word images, where the
segmented characters were compared against the actual
character count. The character segmentation process
demonstrated an accuracy of 94%, accurately segmenting
358 characters out of 337 actual characters. The present
performance is consistent with the results obtained from
other research that emphasize the significance of employ-
ing efficient segmentation approaches. In the Devanagari
script, the inclusion of modified and conjunct characters
introduces complexities in the process of segmentation.
The accuracy of segmentation might vary between
91.84% and 99.11%, contingent upon the specific tech-
nique employed [14]. In the study of Jindal and Ghosh
[15], their proposed method segmented ancient Devana-
gari documents with 96.31% and 98.35% word and char-
acter accuracy. In Maithili script, the suggested method
achieved 97.39% and 98.65% accuracy for word and
character segmentation in ancient handwritten manu-
scripts.

3.3. Classification model performance

The classification of Nagri characters was achieved using
five CNN-based models: VGG-16, VGG-19, ResNet-50,
MobileNet-v3, and Xception. Among these, the VGG-19
model demonstrated the best performance across various
metrics, including accuracy, precision, recall, and F1-
score. Figure 9 presents the accuracy curves for the dif-
ferent deep learning models applied to the Nagri script
classification task. The accuracy curves reflect how well
each model performs over the training epochs. Notably,
the VGG-19 model exhibits a consistently high accuracy,
converging towards 99.78% by the end of the training pe-
riod, outperforming the other models. This indicates its
superior capability in recognizing and classifying the in-
tricate characters of the Nagri script.
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Figure 9: Comparison of model accuracy curves for Nagri script
classification.

Figure 10 illustrates the loss curves for the same set
of models, showing the reduction in loss (error) as the
training progresses. The model's loss during training was
minimal, indicating robust learning and generalization
capabilities. Together with its remarkable accuracy, the
model's minimized loss of 0.03724 demonstrated how

well it could learn from and generalize the training set of
data. The VGG-19 model demonstrates the most rapid
decrease in loss, stabilizing at a lower value compared to
the other models. This suggests that VGG-19 not only
achieves higher accuracy but also learns more efficiently,
minimizing errors effectively as it trains.
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Figure 10: Comparison of model loss curves for Nagri script
classification.

The VGG19 model demonstrates excellent perfor-
mance in deepfake detection, surpassing both VGG16
and ResNet50 models in terms of accuracy, obtaining a
robust 98% accuracy rate [16]. In the present study, its
superior accuracy curve indicates that it learns the distin-
guishing features of the Nagri script more effectively
than other models. This is particularly important given
the complex nature of the script, which includes numer-
ous intricate glyphs and character variations. Fig. 10 fur-
ther supports these findings by demonstrating that the
VGG-19 model not only achieves high accuracy but also
does so efficiently, with a steep and steady decline in the
loss curve. The VGG-19 model routinely outperforms
other architectures in various classification tasks. For in-
sect classification, the VGG-19 model demonstrated an
accuracy of 97.07%, which exceeded the accuracy of
96.28% recorded by VGG-16 [17]. The VGG-19 model,
when combined with feature selection techniques,
achieved an accuracy of 98.34% in the identification of
diabetic retinopathy [18]. The VGG-19 model exhibited
exceptional performance, attaining an accuracy rate of
94.12% when applied to previously unknown data [19].
These results demonstrate that the deeper architecture of
VGG-19 enables it to effectively capture intricate infor-
mation, leading to enhanced classification accuracy
across a wide range of domains. Despite the success of
the VGG-19 model, the other models, such as ResNet-50
and Xception, also demonstrated competitive perfor-
mance, with reasonably high accuracy and low loss val-
ues. However, their performance did not match the levels
achieved by VGG-19, which may be due to differences
in their architectural design, such as the number of layers
and the type of operations performed within each layer.
The VGG-19 architecture facilitates more intricate fea-
ture extraction in comparison to ResNet-50. ResNet-50,
with its 50 layers, incorporates skip connections that may
restrict feature learning in specific scenarios [16].
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3.4. Test results

Table 2 presents the performance metrics—accuracy,
precision, recall, and Fl-score—of five different deep
learning models applied to the Nagri script classification
task. These outcomes provide valuable insights into the
models' effectiveness in generalizing to new instances,
essential for assessing their real-world applicability and
robustness. Among the models, VGG-19 achieved the
highest performance across all metrics, with an accuracy
01 99.78%, precision of 99.99%, recall of 99.99%, and an
F1-score of 99.99%. This indicates near-perfect classifi-
cation capabilities for the Nagri script.

Table 2: Performance metrics of different deep learning models for
Nagri script classification

Models Accu- Precision | Recall F1-
racy score
VGG-16 97.47% | 97% 97% 97%
VGG-19 99.78% | 99.99% 99.99% | 99.99%
ResNet-50 98.71% | 99% 99% 99%
MobileNet-v3 | 99.48% | 99% 99.99% | 99%
Xception 98.43% | 98% 98% 98%

The results clearly indicate that the VGG-19 model
outperformed the other models in every metric, making it
the most effective for classifying Nagri script characters.
The high accuracy, precision, recall, and F1-score met-
rics achieved by VGG-19 underscore its robustness in
handling the complex and intricate features of the Nagri
script. The near-perfect scores across all metrics reflect
the model's capability to accurately distinguish between
the subtle differences in character shapes, which is cru-
cial for effective OCR. According to Shaha and Pawar
[20], VGG-19 has demonstrated exceptional efficacy in
the domain of image classification, surpassing alternative
CNN designs and hybrid methodologies. VGG-19
demonstrated superior effectiveness in Tamil character
recognition when compared to HOG-based feature ex-
traction [21]. According to Zahoor et al. [22], the VGG-
19 model demonstrated a remarkable accuracy rate of
99.03% in the recognition of Pashto ligatures. The appli-
cation of the Show, Attend, and Read (SAR) approach
has demonstrated efficacy in the recognition of Syloti
Nagri text, effectively tackling the difficulties presented
by complex character features [5]. These findings under-
score the resilience of deep learning models in effectively
managing intricate scripts. Notably, VGG-19 continually
exhibits exceptional levels of accuracy, precision, recall,
and F1-scores when applied to diverse Indic and cursive
script datasets. MobileNet-v3's performance is also note-
worthy, as it provides a balance between accuracy and
efficiency, achieving high performance metrics while be-
ing computationally less demanding than VGG-19. This
makes it a viable alternative in scenarios where compu-
tational resources are limited. ResNet-50 and Xception,
while demonstrating strong performance, did not reach
the same level of accuracy as VGG-19. This could be at-
tributed to the specific architectural designs of these
models, which may not be as well-suited for capturing
the unique features of the Nagri script as VGG-19. VGG-
19 has demonstrated outstanding efficacy in multiple

Indic and cursive scripts. VGG-19 attained an excep-
tional accuracy of 99.03% for Pashto ligatures [22], sur-
passing previous CNN architectures. In Tamil character
recognition, VGG-19 exhibited greater efficacy than
HOG-based feature extraction [21]. The Show, Attend,
and Read (SAR) methodology has demonstrated efficacy
in Syloti Nagri text recognition, tackling difficulties as-
sociated with complex character attributes [5]. These
findings underscore the resilience of deep learning algo-
rithms in managing intricate scripts. Transfer learning
and data augmentation approaches have been effectively
utilised to improve recognition rates. For example,
DenseNet attained a 99.31% recognition rate for Pashto
ligatures with the utilisation of fine-tuned pre-trained
models and data augmentation [22].

Figure 11 and Table 3 provide a comprehensive
breakdown of the accuracy, precision, recall, and F1-
score metrics for individual classes, culminating in an
overview of Average, Macro-Average, and Weighted-
Average scores. This empirical analysis underscores
VGG-19's superior ability to accurately classify data
across multiple classes, reaffirming its efficacy in com-
plex classification tasks.

Precision, Recall, and F1-Score by Class
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Figure 11: Class-wise performance metrics for Nagri script
classification using VGG-19.

Figure 11 complements these results by providing a
class-wise breakdown of these metrics, revealing that the
model maintains high performance even at the individual
character level. This uniformity in performance across
classes demonstrates the model’s ability to handle the
variability and complexity of the Nagri script.

Table 3: Summary of accuracy, macro-average, and weighted-average
metrics for Nagri script classification

Class Precision | Recall F1- Support
Name score
Accuracy --- - 99.78 1715
Macroav-1 g9 99 | 9999 | 9999 | 1715
erage
Weighted | g9 99 | 99.99 | 99.99 | 1715
average

The high accuracy of 99.78% reflects the model's ro-
bustness in distinguishing between various characters, a
crucial feature given the intricate nature of the Nagri
script. The macro-average and weighted-average metrics,
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both at 99.99%, further emphasize the model's balanced
performance across all classes. This balance is signifi-
cant, particularly in OCR systems, where certain classes
may have fewer samples or be more challenging to clas-
sify due to subtle differences in character shapes. The re-
sults from Figure 11 suggest that the VGG-19 model not
only excels in aggregate metrics but also performs con-
sistently well at a granular level, accurately classifying
individual characters with minimal deviation in perfor-
mance. This consistent performance across classes is es-
sential for practical OCR applications, ensuring that all
characters, regardless of frequency or complexity, are ac-
curately recognized. In Devanagari handwritten charac-
ter recognition, a fine-tuned Deep Convolutional Neural
Network (D-CNN) attained 99.94% training accuracy
and 99.57% testing accuracy [23]. A CNN-based OCR
system exhibited resilience to picture quality, contrast,
font style, and size for Sanskrit manuscripts in Devana-
gari script, rendering it effective for digitizing inade-
quately preserved ancient texts [1].

The confusion matrix in Figure 12 offers critical in-
sights into the VGG-19 model's classification capabilities
for Nagri script characters. The confusion matrix pro-
vides a detailed overview of the model's performance by
displaying the number of correct and incorrect predic-
tions for each class [24]. Diagonal elements of the matrix
represent the number of instances correctly classified by
the model, while off-diagonal elements indicate misclas-
sifications.
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Figure 12: Confusion matrix for Nagri script classification.

The majority of the predictions are concentrated along
the diagonal of the matrix, reflecting the model's high ac-
curacy in correctly identifying Nagri script characters.
The minimal number of off-diagonal entries suggests that
misclassifications are rare and typically involve charac-
ters with subtle visual similarities. The strong diagonal
dominance in the matrix highlights the model's effective-
ness in accurately distinguishing between different char-
acters. This accuracy is particularly notable given the
complex and intricate nature of the Nagri script, where

characters often have similar shapes and structures. Mis-
classifications, as indicated by the off-diagonal elements,
are relatively sparse, suggesting that the model is gener-
ally robust in its predictions. However, the few misclas-
sifications that do occur likely involve characters with
similar visual features, which could be challenging to dif-
ferentiate even for human observers [25]. These instances
underscore the importance of further fine-tuning the
model, possibly by augmenting the training data or em-
ploying more advanced pre-processing techniques to en-
hance character distinctiveness. The confusion matrix
also reveals the model's performance across different
character classes, offering insights into any potential bi-
ases or weaknesses [26]. For example, if certain charac-
ters are more frequently misclassified, this could indicate
areas where the model requires additional training or
where specific character features need to be more effec-
tively captured by the model's architecture.

4. Limitations

While the VGG-19 model demonstrated exceptional per-
formance in classifying the Nagri script, several limita-
tions were encountered in this study. One of the primary
challenges was the limited availability of annotated da-
tasets specific to the Nagri script, which constrained the
model's ability to generalize across a wider variety of text
images. Another limitation is the model's occasional dif-
ficulty in distinguishing between visually similar charac-
ters, as evidenced by the sparse misclassifications in the
confusion matrix. These errors highlight the need for
more sophisticated feature extraction techniques or en-
hanced pre-processing steps to improve the model's abil-
ity to differentiate between subtle variations in character
shapes. Moreover, the computational resources required
for training and fine-tuning deep learning models like
VGG-19 are substantial. This limitation may restrict the
deployment of such models in resource-constrained en-
vironments or for real-time applications, where faster and
more lightweight models might be preferable.

5. Conclusions and future works

This study presents a novel approach to optical character
recognition (OCR) for the Nagri script, employing deep
learning models, particularly VGG-19, to achieve high
accuracy in character classification. The results demon-
strate that the VGG-19 model is highly effective in rec-
ognizing and digitizing Nagri script characters, with per-
formance metrics surpassing those of other contemporary
models like ResNet-50, MobileNet-v3, and Xception.
The model's accuracy, precision, recall, and F1-score all
approached near-perfect levels, underscoring its robust-
ness in handling the intricate features of the Nagri script.
The successful implementation of this OCR system
marks a significant step forward in the digitization and
preservation of the Nagri script, contributing to the
broader field of cultural heritage preservation. By con-
verting ancient texts into machine-readable formats, this
research not only aids in preserving a valuable cultural
asset but also facilitates linguistic analysis and historical
research. However, the limitations identified in this study
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pave the way for future work. One avenue for improve-
ment involves expanding the dataset to include a more
diverse range of Nagri script texts, particularly those that
are rare or exhibit significant variation in character
forms. Additionally, future research could explore the in-
tegration of more advanced pre-processing techniques to
further reduce misclassification rates, particularly for vis-
ually similar characters. Another important direction for
future work is the adaptation of the model for real-world
applications, such as digitizing ancient manuscripts that
may be degraded or contain noise. This could involve the
development of more robust models that can handle these
challenges, possibly through the use of data augmenta-
tion techniques or the incorporation of additional contex-
tual information during classification. Exploring the use
of more lightweight and efficient models could be bene-
ficial for deploying OCR systems in resource-constrained
environments or for real-time applications. Balancing ac-
curacy with computational efficiency will be key to ex-
panding the practical applicability of this research. In
conclusion, while this study makes significant strides in
Nagri script OCR, ongoing research and development
will be essential to address the remaining challenges and
to fully realize the potential of OCR technology in pre-
serving and accessing ancient scripts.
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