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Abstract - The Devanagari script is extensively used for documenting information in both the government and private sectors
in India. In Devanagari documents, modified and conjunct characters frequently appear alongside consonants. Intricate forms
of these characters, combined with variations in writing patterns, make the recognition process a challenging task. Most
Devanagari datasets available online lack modified and conjunct characters. To address this issue, a dataset comprising basic,
modified, and complex conjunct characters of the Devanagari script, which includes 580 classes, is created. Additionally, a
segmentation algorithm is developed to automatically segment filled forms from different writers, thereby accelerating dataset
processing. To classify these characters accurately, three convolutional neural networks, SmartNetl, SmartNet2, and
SmartNet3, were designed by experimenting with various hyperparameters, such as the number of layers, filters, nodes in the
fully connected layer, and kernel size. Each SmartNet was modified using a support vector machine and a k-nearest neighbors
classifier, yielding a total of nine configurations. All nine configurations were tested on both self-generated and benchmark

datasets. These networks are relatively shallow and have fewer parameters, enabling faster convergence and accomplishing

remarkable results across different datasets.
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1. Introduction

The majority of Indian government entities, including
courts, grampanchayats, post offices, and municipal
corporations, receive thousands of documents every day that
contain crucial information, both handwritten and printed
forms. Manually digitizing this data is a laborious process.
Automating this procedure [1, 2] will save administrative
staff a great deal of time. Optical Character Recognition
(OCR) has emerged as one of the most significant fields of
study in pattern recognition over the past several decades [3].
The diverse applications of OCR technology in academia [4-
6], the medical field [7, 8], and industry [9] are among the
important reasons for active research in this field. The
traditional method of data entry on a computer is via the
keyboard, which is a time-consuming and cumbersome task,
especially when processing large numbers of documents in
government offices, banks, or courts. OCR helps alleviate
this problem by automatically segmenting and recognizing
characters in a text document. Compared to Roman [10] and
Chinese script, OCRs on Indic scripts are rare. Lately, some
researchers have developed OCR for Indian languages such
as Bangla [11, 12], Malayalam, Telugu [13], Marathi [14],
Hindi [15], Sanskrit [16, 17], and other multilingual [18, 19]

OSOE)

scripts. Being an ancient script, Devanagari is used for
writing various Indian languages, including Hindi, Sanskrit,
and Marathi. It is widely used for official documentation,
government communication, and administrative purposes in
the regions where these languages are spoken. Developing
OCR for the Devanagari script can not only help restore
knowledge of ancient documents [20, 21] but also automate
document processing in government offices. A typical OCR
consists of three main  modules:  Preprocessing,
Segmentation, and Recognition modules. The document to
be digitized is first scanned to generate a PDF or converted
to an image using a camera, and then fed to the preprocessing
module. The preprocessing module converts the input
document to a standard format by performing operations
such as size normalisation, skew correction, binarisation, and
more.

This preprocessed document is given to the
segmentation module, which segments the entire document
from lines to words to characters. These isolated characters
are then fed to the recognition module, which extracts
various shape-related features and assigns a class label based
on them.
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1.1. Devanagari Script, Characteristics, and Challenges
Devanagari script has 13 vowels, 34 consonants, and 10
numerals. The Devanagari characters, along with their
corresponding  International ~ Alphabet of  Sanskrit
Transliteration (IAST) representation, are given below.
Vowels: 31, 3, 8, 3,3, 3, T, T, 3, 3, 3f, 3,
IAST: a a iTuilea oau m h r
According to the origin of sound for consonants in the mouth
[22], they are divided into five groups <& -- Varga or
Gutturals, where the origin is in the mouth, 9 -- Varga or
Palatals, the sound is produced when the back of the tongue
touches the palate, or the tongue touches the lower part of the
gum area in the lower teeth. The Retroflex or € -- Varga

corresponds to the center of the palate, and the Dental or d --
Varga is produced when the tip of the tongue is between the
teeth. Finally, the Labials or U -- Varga are produced using
the lips.

Devanagari IAST
Characters

+H, 9,79, S, ka, kha, ga, gha, na
9,9, S, <, 9, ca, cha, ja, jha, fia
E-l 3! g! al UTI

a’y u’ E(r’ a-, :|-’ ta’ thas da7 dha’ na
9%, d Y H, ta, tha, da, dha, na
4,3, d,4d, 1, pa pha ba bha ma

Y,¥4,8 %

yaralava$a
sasahala

Numerals o, , %, 3, %, 4, 0,1,2,3,4,56,7,8,9

& 19,¢,%
Semi Vowels I,X, &, d Sibilants R, ¥, ¥
Aspirate @ Conjunct Consonants &, o, I

Vowels can modify these 34 consonants to generate the so-
called Barakhadi.
T, B 15, 3.5, F, &, 5, 3, D, 5, &
Also, different consonants can come together to create
conjunct characters. According to [22], there are specific
rules under which two consonants can join to form a
conjunct character. They are listed as follows.
Combining consonants with consonants:
One point touch characters:- d, o, =f, d, 9, 3,
Rule 1: Drop the first and the only contact or stick and
attach to another
d+d->Jeg., I
d+d->deg., 3TUH
Two point touch characters:- 9, 9, &, 4, 4, T, 4, H, 9, §,
3, &
Rule 2: Drop the second contact and attach to the other
H+d > HWe.g., A&l
H+d>XWe.g., 3
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Rounded bottom characters:- §, 9, 3,8, @
T+T > D eg., TS
A Combination of some other consonants

W+d-> Yeg., HY

P+ D > db eg., PIPC

Inherent characteristics of the Devanagari script, along with
other factors, make script recognition challenging among the
few challenges mentioned below.

1. Presence of modifiers and conjunct characters, which are
complex in structure.

2. Variation in the writers' writing styles, such as skew,
stroke thickness, and character spacing.

3. Two characters having almost the same shape,
confusing during recognition, e.g., 9 and H or & and T

4. Lack of an annotated dataset corresponding to modified
and conjunct characters.

5. Poorly scanned documents, low quality of writing tools,

and spreading of ink.

These challenges make it difficult to develop an accurate
OCR for the Devanagari script. Along with basic characters,
modified and conjunct characters frequently occur in the
Devanagari document. Most of the research done so far
focuses only on basic character recognition, lacking modified
and conjunct characters.  The unavailability of a dataset
corresponding to modified and conjunct characters poses
difficulties. The primary focus of this research is to address
these challenges by developing an OCR classification
module that accurately classifies not only basic but also
modified and conjunct characters in the Devanagari script,
along with a full-fledged dataset of 580 classes comprising
basic, modified, and conjunct characters. It is anticipated that
the availability of this dataset will have a positive impact on
research in this direction.

The paper is structured as follows. Section 2 gives a
detailed literature exploration.  Section 3 discusses the
methodology. Section 4 presents the results and discussion,
and the conclusion and future scope are presented in Section
5.

2. Literature Exploration

An optical character recognition system enables a
machine to recognize various patterns, including alphabets,
numerals, and other symbols such as commas, question
marks, and different characters. This type of machine
learning is achieved by presenting examples of different
characters from different classes to the machine and teaching
it to learn distinct patterns within each class. Based on
samples shown to the machine, it builds an instance, or
prototype, of each class of characters. In the recognition
phase, an unknown character is fed to the machine, which is
then compared to previously obtained descriptions or
instances. This test character is assigned to a particular class
to which it matches the best. The discriminative capabilities
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of the extracted features affect the classification result.
Especially while dealing with handwritten documents, slight
intra-class variation and large inter-class variation are
expected in the feature vector corresponding to each
character.

In OCR systems, various features can be extracted from
the individual characters, such as texture, shape, stroke, and
geometry. As shown in Figure 1, these features can be
broadly categorized into two types: textual and structural.
Textual features are based on the general appearance and
geometry of the character and extracted using different
transforms, such as Fourier, Gabor [23], Scale-Invariant
Feature Transform(SIFT), and wavelet, among others.
Structural features are based on strokes, trajectory,
constellation diagram [19], etc.

In the past few years, with the advancement of deep
learning, there has been a sudden shift towards automated
feature extraction using Convolutional Neural Networks

(CNNs). Convolutional neural networks automatically
extract features from edges, textures, and shapes in an image.
Features
Textual Structural CNN
Wavelet Edges
Gabor Stroke Corners
SIFT Trajectory Textures
Hartley Shape Shapes
DCT Constellation Patterns
Gradient Objects

Fig. 1 Different types of features

A comparative analysis of recent literature work is given
in Table 1.

Table 1. Comparative analysis of recent literature work

Year Obijective Features Classifier Dataset Accuracy | Ref
Fixed Center
Distance based . .
. For Latin Script
Multilingual Feature (FCDF), | k-Nearest Neighbor | - 2 "~\/) 5p
character Fixed Center Cut Classifier with and proprietary, for | 87.42% to
2018 . based different distances - : [19]
segmentation and - . . Devanagari CPAR, 99.84%
- Feature(FCCF), like Euclidean, city
recognition - . V2DMDCHAR,
Neighborhood block, and cosine and proprietar
Count based prop y
Feature(NCF)
Handwritten
Devanagari i Layer-wise trained V2DMDCHAR 0
2018 character CNN-based features six DCNN models and ISIDCHAR 98% [24]
recognition
Handwritten
2018 Devanagari CNN-based features 5 different CNN DHCD dataset 96.9% [25]
character models
recognition
Structural/Statistical Dataset of 6152
. - intersection and characters(34
l_)evanagarl open endpoints, CNN,MLP, RBF- classes) pre-
2019 ancient document - . 88.95% [26]
. centroid, horizontal SVM segmented from
recognition . -
and vertical peak ancient
extent manuscripts
Devanagari 0
dataset creation DHCD dataset gg fg£
2020 and handwrltyen CNN-based features Two-stage VGG16 CMATERdb 95.83%- | [27]
Devanagari model Bangla dataset, 97 45
character HMDC dataset 4%,
T 96.55%
recognition
Dataset creation -
2022 of Devanagari CNN-based features Modified Lenet and Self-created 99.9% [28]
Alexnet Dataset
Numerals and
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Vowels, and
recognition of
handwritten
Devanagari
characters

2022

Digitization of
handwritten
Devanagari text

CNN-based features

12-layer CNN model
including Dropout
layer

DHCD dataset 99.13% [7]

2022

Recognition of
handwritten
Devanagari
characters

Textual: Zigzag
DCT feature
Structural:-

intersection points,
number of
horizontal lines,
number of vertical
lines, length of
vertical lines

3877 characters
extracted from the
handwritten
Devanagari
documents

Linear Discriminant
Analysis(LDA),
SVM,kNN, and
Weighted kNN

93.6% | [29]

2023

To recognize
Devanagari
handwritten

Numerals using a
less
computationally
complex network

CNN-based features

Shifted Window
Transformer fine-
tune with VGG-
16Net, ResNet-50,
and DenseNet-121

DHCD Numeral

0,
Dataset 99.20%

[30]

2024

Augment the
existing dataset
with synthetic
images to enhance
handwritten
Devanagari
character
recognition.

CNN-based features

98.33% to
98.86%

Generative

Adversarial Networks DHCD dataset

[31]

2024

Handwritten
Devanagari
character
recognition using
transfer learning

CNN-based features

Fine-tuned VGG16 [32]

0
model 96.58%

DHCD dataset

2025

Handwritten
Devanagari
character
recognition

CNN-based features

Modified CapsNet DHCD dataset 99.30% [33]

Although there has been a significant amount of research 1.
done on the classification of basic characters that are
consonant, an exhaustive study on modified and conjunct
lacking. The absence of a dataset o
corresponding to modified and conjunct characters poses a
difficulty for the study. The use of deep networks with a
large number of parameters for recognizing character images 3.
with minimal background details should be questioned.

characters

This directs research toward the problem statement:
Recognition of handwritten modified and conjunct characters
of the Devanagari script using convolutional neural networks

is still

Development of the only dataset of Devanagari
characters to encompass 580 classes comprising
consonants, modified, and complex conjunct characters.

The inclusion of the character @, which is specific to
the Marathi language, has not been adequately addressed
by many researchers so far.

Conjunct characters are developed by considering the
rules mentioned in the introduction section.

4. Developed a segmentation algorithm for automatically
segmenting the filled forms, avoiding the need for
manual cropping of each character, resulting in fast
processing of the dataset. With a minimal threshold

with fewer parameters and faster convergence. The key
contributions of this research are listed as follows:-
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change, the same can also be used to generate other
datasets.

5. Comprehensive  experimentation across  different
hyperparameters yielded three innovative models with
two variants of each model, making a total of 9
architectures designed for classification. Innovative
models developed have fewer trainable parameters,
hence saving time and memory.

6. Performed exhaustive experimentation on different
available standard datasets, achieving state-of-the-art
results with developed intelligent networks. The
networks are found to be escalating the test accuracy for
different datasets.

3. Methodology
3.1. SFIT_char Dataset Development

Although a few datasets are available online, most
include only vowels, consonants, and numerals. It was highly
necessary to create a dataset of modified and conjunct
characters, as they appear frequently alongside the basic
characters in Devanagari documents. The main reason for
developing this dataset is to provide data for modified and
conjunct characters, as well as consonants. This dataset was
developed over 1.5 years by collecting samples from more
than 150 individuals of varying ages, academic backgrounds,
and professions, leading to font size and style variations
across the images. Writers were instructed to write within the
provided box. The kind of pen, ink color, and writing hand
were all unrestricted. Sufficient time was given to the writers
to complete the form. All the filled forms are scanned at 200
dpi. The characters are extracted by an algorithm written
explicitly for the given form, improving the time efficiency.
The extracted dataset is then cleaned to remove incorrectly
cropped characters, as the process was automated. It was
later realized that occurrences of some characters
corresponding to barakhadi are rare, so they were removed.
The final dataset comprises 36 classes for consonants, 465
classes for modified characters, and 79 classes for conjunct
characters. The images corresponding to each class range

from approximately 140 to 220. The total number of images
in the dataset is 103,115. So far, this is the only dataset with
such a diverse range of character classes. The total number of
images corresponding to consonants is 6767, the total
number of images corresponding to modified characters is
83169, and the total number of conjunct characters is 13179.

Characters in the dataset

Complete set of consonants: &, 9, 7, Y, &, d, 9, VI, &, 9,
¢,0,8,6,U,d,4<% YU Wl d Y HIR ATV,
& 49,8933

Few examples of modified characters: 3, T, fdb, I, D, D,
& BB, PL BB B, D, D

Few examples of conjunct characters: ¥dT ¥d ;&4 ,&d & &I
o i i B e i e s I B

Developing a dataset is a cumbersome task because form
processing takes significant time, especially when manually
cropping characters. To expedite this process, a segmentation
algorithm, as shown in Table 2, has been developed, which
automatically crops the characters from the scanned
document and stores them in a designated folder. It involves
two stages, preprocessing and segmentation. In the
preprocessing stage, scanned documents are brought into a
standard format.

In the segmentation stage, horizontal and vertical
projection profiles are calculated, based on which the
segmentation paths are generated. Using the horizontal
segmentation path (hg,)shown by red lines and the vertical
segmentation path (v,,) shown by blue lines in Figure 2, the
character is cropped. This algorithm was effective in
segmenting over hundreds of forms in a very short period. A
few samples of segmented characters are shown in Figure
2(c). By adjusting the threshold values, the algorithm can
also be used to segment other forms of data.

Table 2. Algorithm for segmenting the first and second pages of the form

Algorithm 1. Segmentation path calculation
Input:  First and second page of the form in the form of an image |
Output:  Individual segmented characters
Steps:
1. Start

Preprocessing
2. RGB to grayscale Conversion
gray = 0.33R + 0.33G + 0.33B

Where R, G, B> Red, green, and blue channel pixel magnitude of input image |

gray-> grayscale image
Thresholding

Consider wd,, and ht, Be the width and height of the gray image.
newgray->thresholded image i,j=> row and column number
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3. fori=1: ht,do
4. forj=1:wd, do
5. if gray[i,j]>=180 then
6. newgray[i,j]1=255
7. else
8. newgrayl[i,j]=0
9. end if
10. end
11 end
Skew Correction
12. Use the standard skew correction method to correct the skew of the thresholded image, yielding the
final preprocessed image Ipre.
Segmentation
Plot the Horizontal (Hp) and Vertical (Vp) projection profile of preprocessed image Ipre.
Let hty and wdy Be the height and width of the preprocessed image.
wdN
13. Hp; = Z Ipre(i,j) =0 Vi € hty
j=1
htN
14. Vp; = lere(i,j) =0Vj€eEwdy
i=1

Horizontal segmentation paths(h,)
15. for i=1: hty do
16. if Hp[i] > dwd and i > fp

17. hsp [i]=i
18. endif

Where dwd-> width threshold set as 550 pixels, fp—>first peak
Vertical segmentation paths(vs,)

20. for j=1: wd, do

21. if Vp[j] > oht

22. Usp[i]:j
23.  endif

Where dht—-> height threshold set as ht,, -25 pixels
25.  Crop the characters using hg, and vy,

26. End
Table 3. Details of other standard datasets
omaras | Gharasrs | Soracrs | crrseers
DM_char /V. Dongare, V. Mankar [34] 10/5137 50/20305 Absent Absent
CPAR /Rajiv K., Amresh K., Pervaiz A.[35] 10/ 35,000 49/83,300 Absent Absent
ISI_char/U. Bhattacharya, B.Chaudhuri 10/ 22,556 49/ 30,000 Absent Absent
DHCD/S. Acharya,P. Gyawali [36] 10/ 20,000 36/ 72,000 Absent Absent
HMDCI/S. Deore,A. Pravin 10/1000 48 / 4800 Absent Absent
Proposed 580/1,03,115 Present Present

Along with our dataset, some online available datasets are also used to test the performance of the developed network. The
details of these datasets are given in Table 3.
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3.2. Network Architecture

Convolutional layers are primarily responsible for
feature extraction, while fully connected or dense layers
handle classification tasks. Conducting experiments on the
number of convolutional layers, the number of filters, the
pool size, and the number of dense connections in the dense
layer ultimately led to the development of three innovative
models for character classification. The summary of the
different network parameters for each of the three networks
is presented in Table 4. The first network, referred to as
SmartNetl, consists of 7 convolutional layers and 2 dense
layers, each with 1024 neurons. In the second architecture,
SmartNet2, the number of convolutional layers is reduced to
6, and 1x1 filters are introduced in the initial layers. Finally,
SmartNet3 is developed by reducing the number of
convolutional layers to 4, removing 1 dense layer, but
increasing the size of the remaining dense layer to 2048
neurons. It is believed that the features extracted by
SmartNetl are more robust than those of the other two

bl
T

(b) Second page

%
fa

(©
Fig. 2 Horizontal and vertical segmentation paths on (a) First page, (b)Second page, and (c)Sample of segmented characters.
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networks. However, due to its greater number of dense
connections, SmartNet3 exhibits superior classification
capabilities compared to SmartNetl and SmartNet2. In
addition to these three networks, two variants for each
network are created by replacing the dense layers used for
classification with Support Vector Machine (SVM) and k-
Nearest Neighbors (kKNN) models, selecting k = 7 for the
kNN algorithm. This resulted in nine distinct configurations.
For SVM, the Radial Basis Function (RBF) kernel,
commonly known as the Gaussian kernel, is used. The reason
for selecting the RBF kernel is its flexibility in handling
nonlinear relationships and its effectiveness in high-
dimensional spaces.

CN-> Convolutional layer
BN-> Batch Normalization layer
MP-> Max Pool layer

DP-> Dropout layer
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Table 4. Architectural details of 3 smartnets

SmartNetl SmartNet?2 SmartNet3
Layer
Number Layer Type | # of parameters | Layer Type | # of parameters | Layer Type | # of parameters
1 CN(7x7) 6400 CN(7x7) 6400 CN(3x3) 960
2 CN(7x7) 802944 CN(1x1) 8256 BN 384
3 BN 512 BN 256 MP(3,3) 0
4 MP(2,2) 0 MP(2,2) 0 CN(3x3) 221440
5 CN(5x5) 819456 CN(5x5) 409856 BN 1024
6 CN(5x5) 1638656 CN(5x5) 16488 MP(3,3) 0
7 BN 1024 BN 256 CN(3x3) 885120
8 MP(2,2) 0 MP(2,2) 0 BN 1536
9 CN(3x3) 590080 CN(3x3) 147712 CN(1x1) 12320
10 BN 1024 CN(1x1) 256 BN 128
11 CN(1x1) 65792 MP(2,2) 0 Flatten 0
12 BN 1024 BN 256 Dense(2048) 2361344
13 CN(1x1) 32896 Flatten 0 DP(0.5) 0
14 BN 512 Dense(1024) 263168 Softmax(49) 1188420
15 MP(2,2) 0 DP(0.5) 0
16 Flatten 0 Dense(1024) 1049600
17 Dense(1024) 1180672 DP(0.5) 0
18 DP(0.5) 0 Softmax(49) 50255
19 Dense(1024) 1049600
20 DP(0.5) 0
21 Softmax(49) 50255
The detailed architecture of these models is illustrated in Figure 3.
‘15 ¢
4 “H024 1024
| - /Dense
| ‘,poﬂ
; 001 \I?’\l} , , ,\[?T\
! LAl 256256128
7 256 256 Conv+Relu S
Comihe Fiagten e

@
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1024 1024

T . |Dense
) ﬁ?"‘}l 2
AW mees
256 64 Conv+Relu z
Conv+Relu
128 64 256 Num _classes
Conv+Relu Flatten Softmax
(b)
J
00 ;
b[zﬂ’ 38432 .
256 Conv+Relu ™. |
96 Conv+Relu 800 Num_classes
Conv+Relu Flatten Softmax

©
Fig. 3 Different architectures of smartnet (a) SmartNet 1, (b) SmartNet 2, (c) SmartNet 3.

3.3. Experimental Setup

Exhaustive experimentation is carried out on the three
developed networks and their variants. Data augmentation is
applied to all datasets, and a learning rate reduction is
implemented using a patience parameter. Data augmentation
is used to unnaturally increase the dataset size by subjecting
images to various operations, such as shifting, scaling,
rotating, and flipping. This expanded dataset enables the
model to be trained on various images, which helps improve
generalization and reduce overfitting. The initial learning rate
is fixed, but is decreased later based on a patience parameter.
This helps in faster convergence and can lead to better
overall performance. Additionally, the risk of overfitting
during the latter part of training is mitigated due to the

decreasing learning rate. More details about the experimental

setup are given below.

e Train validation Test split:-60 20 20

e Optimizer used: RMSprop: Root
propagation

e Loss function:- Categorical cross-entropy

Mean Squared

num_classes

Loss = — )=y

yilogy; @
e Data Augmentation:-
Rotation:-Randomly rotates the image in the range

of 5°
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Zoom:- 0.1, Zoom image to 10%

Width shift:- 0.1, horizontal shift in image by 10%
Height shift:- 0.1, vertical shift in image by 10%
Horizontal Flip:- Randomly flips the image
Reduce Learning rate:-

Monitor:- Validation loss

Patience parameter:- 5

Factor:-0.1

The training is carried out for 30, 50, and 100 epochs to
determine the optimal number of epochs and achieve the best
accuracy.

The Models are executed in GPU runtime using Keras
and TensorFlow framework. Google Colaboratory Pro, a
paid cloud service, is used to perform the experiments. It
offers 16 GB NVIDIA Tesla with GDDR6 memory.
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4. Results and Discussion

To assess network performance, Test Accuracy (TA) is
used as the performance metric. The formula for the same is
given below.

__ Accurately identified Charaters

TA x 100

@

Total Number of Characters

All three networks, along with 2 additional SVM and
kNN variants, are trained for 30, 50, and 100 epochs. All the
test accuracies are recorded, and it is observed that for each
network, the maximum accuracy is typically achieved at 100
epochs. After 100 epochs, no improvement in accuracy is
seen. The graphs in Figure 4 correspond to test accuracies of
50 and 100 epochs.
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Fig. 4 (a)-(f) Test accuracies of different network configurations OVER 50 and 100 epochs

It can be observed from Figure 4(a) and (b) that
SmartNetl performance is best compared to SmartNet2 and
SmartNet3 across all datasets. On the contrary, when it
comes to their SVM variants, Figure 4(c) and (d) shows that
SmartNet3 with its SVM variant is best compared to the
SVM variants of SmartNet2 and SmartNetl. In the kNN
variant corresponding to Figure 4(e) and (f), it can be seen
that SmartNetl with its KNN variant is best. ~ The top 2
accuracies across different datasets, along with the
experimental parameters, are shown in Table 5, indicating
that SmartNet3+SVM and SmartNetl+SVM perform
excellently compared to other configurations. Table 6
presents a comparison of three basic SmartNets based on the
number of convolutional layers, total parameters, number of

dense parameters, and training time for the DHCD dataset,
trained over 100 epochs. It can be observed that SmartNet1
has the maximum number of convolutional layers, so its
feature extraction capability is better than that of other
configurations, but its percentage of dense parameters, which
are responsible for classification, is lower than that of other
configurations.  In SmartNet2 and 3, the number of
convolutional layers is fewer, but the dense parameters are
more. The images to be classified have different strokes
depending on the shape of the character, displayed on a
plain white background, which implies fewer features. To
correctly classify these features, a more robust classifier with
denser connections is required. Therefore, SmartNet3
appears to be performing better than 1 and 2.

Table 5. Top 2 accuracies for different datasets

Dataset Network # of Epochs Test Accuracy
DHCD SmartNet3+SVM 50 99.78 %
SmartNet3+SVM 100 99.76 %
SmartNet3+SVM 100 97.66 %
CPAR_char SmartNet1+SVM 100 97.38 %
CPAR num SmartNet3+SVM 100 97.09 %
- SmartNet2+SVM 100 97.00 %
OM char SmartNet3+SVM 50 97.06 %
- SmartNet3+SVM 100 96.65 %
SmartNet3+SVM 100 97.29 %
HMDC_char SmartNet3+SVM 50 97.08 %
SmartNet3+SVM 50 100 %
HMDC_num SmartNet3+SVM 100 99 %
S| char SmartNet1+SVM 100 95.38%
- SmartNet1+SVM 50 94.89%
SEIT char SmartNet1+SVM 100 88.77%
- SmartNet1+SVM 50 88.43%
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Table 6. Model complexity of three networks

Network # of convolutional Total Dense % of Dense Train time for 100
layers parameters parameters parameters epochs
SmartNetl 7 6237742 2277422 36.5 1 hour
SmartNet2 6 1966062 1312768 66 43 min
SmartNet3 4 3578510 245598 68 35 min
Table 7. Comparative analysis of test accuracies of various techniques
Reference/Year Dataset Methodology Expgglcrssntal Test Accuracy
Geometrical shape-based features with 0
[19] 2018 CPAR_char KNN classifier 94.36%
Pl\r/loeﬁﬁzzd SmartNetl 96.98%
SmartNet1+SVM Number of Epochs: 97.38%
SmartNet1+kNN 50-100 97.16%
SmartNet2 96.62%
SmartNet2+SVM 97.25%
SmartNet2+kNN 97.03%
SmartNet3 96.66%
SmartNet3+SVM 97.67%
SmartNet3+kNN 96.45%
CNN-based features, different CNN Number of Epochs: | Maximum Accuracy
[25] 2018 DHCD models with 8 and 4 convolutional layers Not Reported 96.9%
CNN-based features, two different CNN
architectures, Model A:- 3 Convolutional . 0
Model B:- 2 Convolutional layers e
(Epochs=50)
CNN-based features, two-stage VGG 16 Tralné'ggls; split
architecture, Devanagari Handwritten B Characters: 97.80%
[27] 2020 Two-stage trainin
Character Recognition System (DHCRS) )-stag g Numerals: 99.40%
with 20 and 10
model
epochs
[32] 2024 CNN-based features, VGG 16 architecture | No of Epochs: 300 96.58%
CNN-based features, . 0
[31] 2024 Generator-Discriminator model No of Epochs: 100 | 98.86%(Augmented)
Train-Test split:
[33] 2025 Cwﬂ'ﬁdﬁgzzdcf:a;ﬁf 85:15 99.30%
P No of Epochs: 15
Train validation
Proposed Test split:-60 20 20 0
Method SmartNetl Number of Epoch: 99.34%
50-100
SmartNetl+SVM 99.40%
SmartNet1+kNN 99.21%
SmartNet2 99.26%
SmartNet2+SVM 99.41%
SmartNet2+kNN 99.38%
SmartNet3 99.28%
SmartNet3+SVM 99.78%
SmartNet3+kNN 99.25%
CNN-based features . 0
[24] 2018 ISI_char 6 Networks with 2 to 3 convolutional No of Epochs: 100 94.27%
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layers,100 nodes in a fully connected
layer
Pl\r/loeﬁﬁzzd SmartNet1+SVM N“mbgé_%gp“h: 95.38%
SmartNet1+kNN 94.47%
SmartNet2+SVM 94.66%
SmartNet3+SVM 94.30%
Train-Test split:
CNN-based features, two-stage VGG 16 80:20
architecture, Devanagari Handwritten 0
[27]2020 HMDC Character Recognition System (DHCRS) | Two-stage training 96.55%
model with 20 and 10
epochs
Proposed Number of Epoch: 0
Method HMDC_char SmartNet3+SVM 50-100 97.08 %
AMDE._nu SmartNet3+SVM 100 %
SmartNet2+kNN 98 %

The performance of the developed networks is compared
with other state-of-the-art architectures in Table 7. In [25],
two architectures are used, one with 8 and the other with 4
CNN layers. In [27] and [32], the VGG16 architecture is
used, and in [27], its DHCRS variant is also used. In [31], a
complex generator discriminator model is used. All the
mentioned models are much more complex than the proposed
networks in terms of architecture. From the design
perspective, the inception of 1x1 convolutional layers in all
three architectures helped in reducing the dimensionality and
adding non-linearity, which helped in learning complex
features. The designed networks are a result of
experimentation on convolution layers, dense layers, filters,
and pooling size; therefore, they inherently exhibit better
feature extraction as well as classification capability. The
inherent characteristics of SVM, like its effectiveness in
handling high-dimensional data, lesser susceptibility to
overfitting, and capability of performing well even with
lesser training samples, created an impact on the overall
performance of the networks. During the training phase, a
reduction in the learning rate helped in fine-tuning the
networks, thereby improving convergence. The developed
networks are designed to provide greater accuracy with fewer
trainable parameters and also converge faster. It is observed
that the SmartNets developed increase test accuracy by 2 to
3% across various datasets.

5. Conclusion and Future Scope
Developing an Optical character recognizer for the
Devanagari script is difficult due to variations in writing
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