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Abstract

Content based image retrieval (CBIR) is a remarkable system that allows users to effortlessly search and retrieve images
from a vast dataset. With a large number of images in the dataset, identifying similar images to our query image can be quite
challenging. An effective and efficient approach is needed to utilize information from these image repositories. This system
allows users to easily access Assamese Script images from the database by searching for specific content. Assamese is a
language that falls under the Indo-Aryan language family and is one of the 22 scheduled languages in India. There is a wide
range of Assamese printed documents available in digital format. However, retrieving information from these digital
document images is a task of the highest priority. Current studies have shown remarkable precision rates in initial retrieval
levels, such as the top 10 and top 20 images. However, these rates drop significantly in subsequent levels, like the top 40, 50,
and 70. Therefore, the objective of this paper is to introduce a novel CBIR approach that attains high precision values across
all retrieval levels. The system consists of three main stages: Preprocessing, feature extraction, and feature similarity
matching. Effective feature extraction techniques are crucial for optimizing the performance of a CBIR system. Therefore,
we suggest utilizing the Improved Siamese Neural Network (ISNN) as a technique for extracting shape-based features. The
Cosine distance with ISNN is utilized to match the query image features provided by users and identify a particular word in
the document. The experimental findings demonstrate that, in comparison to the other current approaches taken into

consideration in this study, the suggested methods yield superior outcomes.

Keywords: Assamese script, Grayscale Conversion, threshold technique, CBIR System, Inception V3, Segmentation, word

recognition, shape features, deep learning, feature extraction.

1. Introduction aspects like color, texture, shape, and layout to get

Advancements in technology have enabled efficient comparable images. Recognizing words in a

. . . document image is crucial for retrieval [3,4].
production, processing, storage, and transmission

of documents. To progress towards paperless
official transactions, numerous printed materials
are currently being scanned, digitized, and stored as
images in databases. Recently, there has been a
significant increase in interest in document image
retrieval systems [1,2]. The growing amount of
multimedia data necessitates the development of
advanced methods for information retrieval.
Content-Based Image Retrieval (CBIR) uses
image-specific data, mostly through comparing

Document image retrieval systems (DIRS) are now
accessible for printed Roman, Korean, English,
Chinese, and other oriental scripts. However, the
inclusion of Indian scripts is still rare. This work
focuses on creating a document image retrieval
system that is independent of font and dimensions
for various printed Assamese texts. The Assamese
script, often referred to as Asamiya, is an abugida
utilized for writing the Assamese language, mostly

spoken in the state of Assam in northeastern India
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[5,6]. The script belongs to the Brahmic family and
has parallels with scripts used in the Indian
subcontinent. The script has distinct alphabets, such
as vowels (swarabarnas), consonants
(byanjanbarnas), and other diacritic symbols used
to represent vowel sounds when paired with
consonants. The Assamese script contains a diverse
range of characters, including a variety of
consonants and vowels that display complex
variations. The intricacy can provide difficulties for
character recognition systems, particularly when
facing different fonts and styles of handwriting

[7.8].

Feature extraction is the initial step in CBIR that
transforms human vision into a numerical
representation that can be processed by machines.
The quality of the recovered images depends
significantly on the extracted features. This
selection is reliant on the needs of the user.
Utilizing extracted characteristics in machine
learning techniques can enhance the efficiency of
CBIR. Recent image retrieval research trends focus
on utilizing deep learning to enhance accuracy
while also improving computational time. High-
dimensional characteristics generated during the
translation of visual picture content to numerical
form might negatively impact CBIR performance
in terms of memory utilization, scalability, speed,
and accuracy. The high-dimensional feature
representations, often known as the "curse of
dimensionality,” typically exhibit a sparsely
dispersed nature. This issue may be resolved

through "dimensionality reduction™ [9,10].

Several detailed studies in the literature have
examined various proposed techniques for
dimensionality  reduction [11,12].  Similarity
measure is a crucial factor that influences the
performance of CBIR. Choosing an unsuitable

measurement for the feature vector layout can

reduce the reliability of the CBIR system by
returning fewer identical images. By utilizing an
appropriate similarity measure, it is possible to
attain high accuracy. Various datasets are utilized
in CBIR frameworks, with metrics including
precision, recall, and running time commonly
employed to assess CBIR performance, which is
impacted by the choice of picture dataset. CBIR
applications have been utilized in a variety of fields
including surveillance systems [13], Geographical
Information Systems [14], Remote Sensing [15],
Architectural Design [16], Medical Image Retrieval
[17], and Object Recognition [18].

Moreover, current CBIR techniques [19-21] utilize
different visual attributes such as color, texture, and
shape to construct the feature database. The CBIR
system outputs the most similar images based on
distance, representing the semantic response to the
query image. Rahman et al. [22] integrated
Euclidean and Bhattacharyya distances to
categorize skin lesions using color and texture
characteristics. Fuzzy Hamming distance was
utilized in [23] to quantify the similarity between
the query and dataset images. Naik et al. [24]
introduced a boosted distance measure that assigns
weights to individual features based on their
discriminatory ability in digital histopathology for
classifying breast tissues. Ballerini et al. [25]
introduced a question by example CBIR system
that use weighted Euclidean distance as a similarity
metric to categorize skin lesions into five
classifications.  Visual  features-based CBIR
systems can improve image retrieval accuracy, but
the performance of current CBIR algorithms
declines when dealing with many classes.
Moreover, the computational expense of these
techniques is substantial when dealing with

extensive image datasets.
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To begin with, the Assamese textdocuments are
changed into the image samples. In thewake of
preprocessing the noise is expelled and scriptwas
segmented utilizing ASRNN model. After that,
Inception V3 model is applied to segmented image
to extractrelevant features from character to form
feature vectors. These feature vectors are then
utilized by a novel approach named ISNNto
recognize the Assamese word image and for the
subsequent similarity matching process. The
culmination of this process is the ability to present
users with relevant results, revealing the
occurrences of queried words within the original
documents. By addressing the challenges
associated with Assamese script recognition and
retrieval, this research contributes to the broader
field of document image analysis and retrieval,
providing insights and methodologies that can be
adapted to other scripts and languages. Our
approach would add to decrease theerror, so our
proposed strategy achieves high accuracyand
furthermore, this approach accurately recognizes

thesubstantial volume of words.

The remainder of the paper is structured as follows:
Section 2 examines previous research in the topic.
Section 3 delves into the suggested method,
including its mathematical representation and
development, as well as revealing the techniques
used for learning and image retrieval. Section 4
carries out the experiments and explains their
findings, while Section 5 wraps up the paper and

discusses future research directions.
2. Literature Survey

The emergence of digital document archiving and
retrieval has required the creation of advanced
methods for handling and navigating through
extensive text collections. CBIR systems are now a
crucial tool for organizing and retrieving

information from image-based documents.

Rasheed et al. [26] conducted a study that utilized a
pre-trained Convolutional Neural Network (CNN)
to identify handwritten Urdu characters, an area
with limited existing research. The study utilizes a
groundbreaking dataset from 2020. The scientists
used an unsupervised technique called autoencoder
and CNN for recognizing Urdu handwritten
characters. AlexNet is well-known for its success in
the ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC) and is considered a key
component of their strategy because of its
simplicity and distinctive characteristics, including
a greater quantity of filters per layer, the presence
of pooling layers alongside stacked convolutional
layers, quicker computational speed, and decreased
reliance on hardware. The authors present two
frameworks for classifying hand-written letters and
digits using pre-trained AlexNet neural networks in
this study.

Banerjee et al. [27] introduced a method for
comparing query word profiles, including both
upper and lower cases, with target words' profiles.
The query and target words are first binarized,
resulting in the creation of two profiles for each
word. The authors then developed guidelines to
exclude unimportant words in relation to the query
word and identify possible query word candidates.
The candidate query words' profiles are compared
with the query word profiles in the Z-transform
domain using the resonance condition for the
damped oscillator. An affine transformation is used
to adjust the Bezier curve representation of the
candidate query words' profiles before matching to
address variation writing styles including scaling,

rotation, and shearing.

Ghazal et al. [28] developed a system to create a
dataset of English language handwritten character
images. The system shows promising recognition

results in several trials after being extensively
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trained on a huge sample data set and tested on
user-defined handwritten document images. The
system's workflow involves multiple crucial stages,
starting with picture pre-processing to enhance data
for training using a convolutional neural network
(CNN). After the initial processing, the input
document is segmented at the line, word, and
character levels to enable more accurate analysis
and categorization. This thorough method for
dataset preparation and segmentation establishes a
strong basis for precise character identification in
handwritten English documents, representing a

notable progress in this study field.

Lakshmi et al. [29] introduced the Telugu Word
Image Retrieval (TWIR) system, which utilizes a
sophisticated artificial intelligence-based multi-
layer deep learning convolutional neural network
(DL-CNN) to extract precise properties of Telugu
words. AlexNet was utilized to cluster features
using a deep learning model known as
DeepCluster. By utilizing the DeepCluster
approach, numerous grammatical rules of Telugu
scripts will be thoroughly evaluated. The feature
database was trained using Telugu word
characteristics and grammar standards. The system
will efficiently retrieve Telugu words and be
beneficial in real-time applications like English to
Telugu translations, Telugu online browsing, and

Telugu speech analysis.

Zagoris et al. [30] presented a method for accurate
word spotting in handwritten texts. The method
relies on local features that focus on information at
crucial areas in the document. Their approach
includes a matching mechanism that combines
spatial context in a local proximity search, without
requiring any training data. Their methodology
utilizes document-oriented keypoint and feature

extraction, along with a fast feature matching

mechanism, to create a simplified pipeline suitable

for efficient deployment in the cloud.

After reviewing all of the related literature, it is
evident that significant research has been
conducted on the recognition of printed and
handwritten text in various scripts. Text recognition
system for ancient documents is unavailable. The
accuracy of script recognition models is frequently
influenced by the quality of the input images.
Challenges like low resolution, noise, blurring, or
distortion may significantly impact performance.
This research proposed a deep learning model for
Assamese character recognition to address the

identified drawbacks.
3. Methodology

The introductory section of this paper discusses the
development of the suggested approach,
encompassing its mathematical formulation and
learning methodology. Following that, the
technique for matching the images and retrieving
images that are similar to a user query image is

described.

The methodology utilized in our study is crucial for
the development of a CBIR system that is efficient
and specifically designed for the Assamese script.
This section outlines the methodical strategy and
sequential computational procedures that were
implemented in order to overcome the obstacles
related to the identification and retrieval of
Assamese script from PDF files. The procedure has
been carefully crafted to transform the intrinsic
visual data of the script into a format that is both
searchable and retrievable, enabling users to

efficiently conduct queries.

Our methodology is divided into two distinct
phases, as depicted in the accompanying figure 1:
the training phase and the query phase. Preparing

the CBIR system through the development of a
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robust dataset and the training of neural network
models to identify and extract features from
Assamese script constitutes the training phase. The
process entails the conversion of PDF documents
into single-page images, the application of an
advanced Attention segmental recurrent neural
network (ASRNN) to segment words, and the
utilization of the Inception v3 model to map the
segmented images to their respective text files.
Following this, an ISNN is employed to extract
unique shape-based characteristics from the text
files and word images, which are crucial for the

retrieval procedure.

Input data

On the other hand, the query phase serves as an
environment for the practical implementation of the
system. The system analyzes unidentified query
word images provided by users through the process
of mapping them to their textual forms and
extracting significant features. A similarity
matching algorithm is then applied to these features
in relation to the dataset, resulting in the retrieval of
the most pertinent outcomes. The system
eventually exhibits the page from the document
containing the searched word, thereby furnishing
users with the intended information in a manner

that is easily understandable.

- b TG o Map image files Shape based
— > to text files ~—————> FeatureExtraction
. Inception V3 ISRNN
<] IR T :
PDF Document Individual Word segmentation
images ASRNN
Training phase
Similarity Matching —l
Map the query image Extracting features from ‘

—>| with the corresponding ——> the mapped query word

characters in text format

Query Image

Testing phase

image and text file

Page 145
Retrieved
docum ents

Figure 1. Block diagram of the proposed model

3.1 Dataset description

The provided dataset functions as the fundamental
basis for the training stage of a CBIR system. The
methodology employed to curate the datasets for
the experiments involved a meticulous manual
process. The visual depictions were generated by
employing publicly available online resources that
pertain to the Jonaki and Shankari eras of
Assamese literature. The dataset can be made
available upon the submission of a formal request,
with due consideration given to its potential
significance. The dataset utilized in this study was
selected and organized with great attention. The
compilation comprised images acquired from

online publications that were accessible to the

public and pertained to the Jonaki and Shankari
eras in Assamese literature. The significance of
examining these literary epochs lies in their
contribution to Assam's cultural heritage. The
compilation prominently showcases illustrations
from the following five novels:
"BezbaruahrRasanawali (Vol 2)," "Kirttana and

Ghosha," "Gauburha," and "Jilikoni".
3.2 Preprocessing

The preprocessing phase holds significant
importance within the proposed CBIR system, as it
is specifically designed to streamline the process of
identifying and extracting Assamese script from

PDF files. The preparatory pipeline commences
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with the transformation of the source PDF files into

image formats suitable for single pages.

In order to address the intricacies associated with
processing textual data contained within PDFs, the
system implements a method whereby every page
of the PDF is converted into a separate image. The
foundation of this strategy lies in the assumption
that image-based processing enables the utilization
of a collection of computer vision methods that are
not easily implementable on the text and vector
graphics that are commonly contained within PDF
file formats. With great attention to detail, the
conversion procedure is carried out in a manner
that guarantees the resulting images maintain the
exact appearance of the original script on the PDF
pages. Preserving the intricate details of the
Assamese characters through the use of high-
resolution rendering is critical for subsequent
segmentation and feature extraction tasks to

guarantee accuracy.

There are two main justifications for this
conversion. To begin with, it conforms to
established norms in the domain of computer
vision, wherein image data serves as the customary
input for a multitude of analytical models,
especially those that incorporate neural networks.
Additionally, it streamlines the process of script
recognition by converting the document into a
consistent  structure that is more readily
comprehensible through automated analysis. As a
result of this conversion process, an extensive
collection of single-page images is obtained, with
each image representing an individual page of the

initial PDF documents written in Assamese script.

Subsequently, an adaptive thresholding [31]
method is implemented, with a noise input image.
Adaptive thresholding, which is determined by the
image's intensity, is implemented on the input

image. The grayscale image comprises the intensity

of individual pixels. In this process, the RGB image
is transformed into the YCbCr color space, which
retains the luminance of black and white pixels (Y),
an 8-bit depth for grayscale images, and a 24-bit
depth for RGB images. Adaptive thresholding is
implemented  subsequent to the grayscale
conversion of the image (Algorithm 1).

When an input image is provided in grayscale or
RGB format, it is converted to a binary image (a
white and black image) prior to processing. The
primary components of a text image are the (1) text
color and (2) background color. The conversion of
images to binary format enhances contrast and
facilitates the application of Otsu's method for
global thresholding [32]. Employing an adaptive
local thresholding algorithm, the image's
foreground and background are distinguished by
their varying intensities. After applying an adaptive
(mean/median) filter to emphasize image features,
a binary image is produced using the Otsu
threshold. On textual data, Otsu's thresholding has
been observed to yield favorable outcomes. In
order to achieve more optimal preprocessing
outcomes, the  binarization  technique s
implemented. Pixels with intensities exceeding a
specified threshold are transformed into white;
otherwise, they are converted to black.
Consequently, the image undergoes a conversion
into a combination of black and white pixels. The
equation is given below:

of = ¥Lod (i — pT)?Pi €)
The adaptive threshold algorithm uses an intelligent
edge detector to generate an edge boundary for
each character, eliminating dot noise through a
low-pass filter. When multiple local possibilities
exist, a Sobel filter and nonmaximal suppression
are used to select the finest pixel for edges.The

pseudocode of Adaptive threshold algorithm is
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presented in Tablel and the preprocessing result is

shown in figure 2.

Table 1. Steps for Adaptive threshold algorithm

Algorithm 1: Preprocessing

Input: Grayscale image or RGB.
Output: Clean image.

//Begin

Step 1. //Convert the image from RGB to YCbCr in the first step. YCbCr « RGB

Step 2. //Proceed to eliminate CBCR. The image subsequently goes monochromatic.

Step 3. //Implement adaptive thresholding.

Step 4. Employ Otsu's method to implement the global image threshold.
Step 5. Adaptive (mean — median) filtering to emphasize image features is the fifth step.

Step 6. Apply the Otsu threshold to segment and produce a binary image in Step 6.

/IEnd
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(b) Preprocessed image

Figure 2. Preprocessing Results using Adaptive Thresholding technique

3.3 Word Segmentation Using ASRNN

The segmentation procedure initiates by extracting
visual characteristics from the images on a single
page. The aforementioned characteristics exemplify
the character-level data that is intrinsic to the
Assamese script. The words are subsequently
dynamically segmented from the images using
ASRNN [33]. The network exhibits the ability to
effectively process Assamese words of varying

lengths and focuses on precise segments of the

script in order to isolate individual words.
Formulated as a recursive computation, the
segmentation  procedure  determines  word

boundaries within the script. The attention
mechanism integrated into the neural network
enables the model to assign varying weights to
distinct  image  components,  consequently
augmenting the segmentation accuracy. The word-
level encoder, which is proficient in managing the
complexities of the Assamese script, is represented

by this model.

The ASRNN model commences by extracting
character-level representations from the single-page
image words that have been segmented. These
images are obtained from the original PDF

documents. Following this, pre-trained GloVe word
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embeddings are concatenated with  these
representations to generate a comprehensive,
contextualized feature set. The application of a
bidirectional Long Short-Term Memory (Bi-
LSTM) network at each timestep k produces a
context vector ck. By employing an attentiveness
mechanism, an additional Bi-LSTM is recursively
utilized to dynamically compute the segmental
representation segi for every word segment i. For
precise segmentation, this mechanism enables the
model to concentrate on the most pertinent portions
of the word. The computation of segmental
representations occurs for segments with lengths
between 1 and L, with L denoting the utmost

segment length.

Next, the labels for each segmental representation

segi are classified using a fully connected layer. As

neural feature scores, the label scores acquired
from the fully connected layer are utilized. It is
worth noting that a softmax operation is not
necessary at this stage for label classification, given
that the sum of the scores of the neural features
may surpass 1. After integrating the neural feature
scores, a semi-Conditional Random Field (semi-
CRF) model is constructed. In order to jointly train
the semi-CRF model, the scores of the neural
features are combined with the conventional semi-
CRF features. The integration improves the model's
capability to segment words in the image with
greater accuracy. The computation methodology
employed in the attention-based encoder model is

outlined below:

Cit = [forwardLéTM (x):backward, .., (x)], 2
hi; = [forwardLSTM2 (cit): backward g7y, (cit)], 3
and
si = Z¢@ichyp, and F; = MLP (s;) 4)

The conditional probability of a potential output
sequence s with respect to the input sequence b is

represented by the semi-CRF layer as follows::

p(slx)= %exp {w1A(x,s) + wyF(x,s)} (5)

Our neural semi-CRF was trained using maximum
conditional likelihood estimation. For {(xi, Si)}

training set, log-likelihood is represented as
Lp(W) = Zieplog p(s | x)

Despite its computational complexity, the attention-
based segmentation strategy prioritizes Assamese
script recognition performance increases over
standard RNNs. Our attention-based segmentation
model takes O(Nj) time, where N is the script

image's character length.

(6)
3.4 Map image features to binary vectors

After the process of word segmentation is
complete, the CBIR system advances to the phase
of binary encoding. The segmented word images
are transferred to their respective text files utilizing
the Inception v3 model during this phase. The
purpose of the mapping phase is to build a

connection between the textual data (text files) and
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the visual data (segmented word images). The
objective is to convert the illustrative form of
words into a textual format suitable for the query
phase processing by the CBIR system. The
Inception v3 model is employed due to its
capability of identifying intricate patterns present in
images. The objective of this context is for the
model to discern the characters that are contained
within the segmented word images. Due to its
extensive training on a wide variety of images, the
Inception v3 model has acquired the capacity to
precisely identify and categorize the characters

comprising the Assamese script.

Szegedy et al. [34] introduced the Inception model,
a deep CNN architecture, during the 2014 Large-
Scale ImageNet Visual Identification Challenge.
The primary objective of this model was to mitigate
the impact of computational efficiency and limited
parameters in real-world application scenarios. 299
x 299 was the image dimensions entered into
Inception-v3 [35]. Despite having a 78% larger
footprint than VGGNet (244 x 244), Inception-v3
exhibits a quicker execution speed [36]. The
primary factors contributing to the exceptional
efficacy of Inception-v3 are outlined below: When
juxtaposed with AlexNet [37], Inception-v3

exhibits a parameter count of less than one-fourth

that of VGGNet (140,000,000) and less than half
that of AlexNet (60,000,000). Moreover, the
aggregate number of floating-point computations
performed by the Inception-v3 network is an
estimated 5,000,000,000, a figure significantly
surpassing that of Inception-vl (approximately
1,500,000,000). The practicality of Inception-v3 is
enhanced by these attributes; it can be readily
deployed on a shared server in order to deliver a

rapid response service.

By utilizing convolutional kernels of varying
diameters, Inception-v3 acquires receptive fields
encompassing distinct regions. In order to decrease
the network's design space, a modular system is
implemented, which is subsequently completed by
joining, thus enabling the integration of features at
different dimensions. A summary of the Inception-

v3 network parameters is provided in Table 2.

A batch normalization (BN) layer is incorporated
into Inception-v3 to serve as a regularizer in the
intermediate layer between the fully connected
(FC) and the auxiliary classifier. The sequential
gradient descent method can be utilized in the BN
model to expedite the deep neural network's
training and convergence. The BN formulas are
denoted as follows:

B = {Xl...m}' Y.B

i = BN, s (1)}
1 aom X
Up < ;Zi=1 i

1
op e ;2?;1(351' — up)?

R, o XiZHB

L
2
oj+e

yi <« vXi+ B =BN,g(x;)

()

(8)

9)
(10)

(11)

(12)
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Table 2. Network structure of the Inception-v3 model

Type Patch size/stride Input size
conv 3x3/2 299 x 299 x 3
conv 3x3/1 149 x 149 x 32
conv 3x3/1 147 x 147 x 32
pool 3x3/2 147 x 147 x 64
conv 3x3/1 73 x 73 x 64
conv 3x3/2 71 %71 %80
conv 3x3/1 35 x 35 x 192
3 x Inception 35 x 35 x 288
5 x Inception 17 x 17 x 768
2 x Inception 8 x 8 x 1280
pool 8x8 8 x 8 x 2048
linear logits 1 x1x2048
softmax classifier 1x1x1000

Moreover, large convolution kernels are subdivided
into small convolution kernels in series within
Inception-v3. Convolution and pooling are linked
in parallel, and LSR labels are incorporated to
facilitate regularization in accordance with the
smoothing criteria. BN is also incorporated into
Inception-v3 in consideration of the distribution

inconsistency between inputs and outputs in

conventional DNNs, which poses significant
challenges for feature extraction. By normalizing
the input into each layer, it is possible to optimize
the learning effect. Modify the last few layers of
the Inception v3 model in order to generate a
binary vector that symbolizes the encoded
characteristics of the input image. An assortment of

Assamese script examples are presented in Table 3:

Table 3. Binary vector Encoding

4 (e): Horizontal stroke, curved lines

9 (ra): Horizontal stroke, curved lines
% (u): Curved lines
d (wa): Horizontal stroke, curved lines

C I gi l ! "": [1,1,1],[1,1,0],[1, 1, 1], [1, 1, 1], [1, 0, 1], [0, O, 1], [1, O, 1]

< (ba): Horizontal stroke, vertical stroke, curved lines

G (ja): Horizontal stroke, vertical stroke, curved lines
< (ba): Horizontal stroke, vertical stroke, curved lines

N (sa): Horizontal stroke, curved lines
 (virama): No significant features

| 3' .‘3\9 :[1,0,1],[0,0,0], [1, 1, 1], [1, 0, 1], [0, 0, O], [1, 1, 1], [0, O, 1], [1, 1, 1]

9 (ta): Horizontal stroke, vertical stroke, curved lines
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I (ma): Horizontal stroke, curved lines
+ (virama): No significant features

f2 (i): Curved lines
9 (ta): Horizontal stroke, vertical stroke, curved lines

9 (bha): Horizontal stroke, vertical stroke, curved lines

« (na): Horizontal stroke, vertical stroke, curved lines
=T (a): Curved lines

T (cha): Horizontal stroke, vertical stroke, curved lines
(T (0): Curved lines

« (na): Horizontal stroke, vertical stroke, curved lines

~NITBI : 1,1, 1], [0, 0, 1], [1, 1, 1], [0, 0, 1], [1, 1, 1]

3.5 Feature Extraction

Features are distinctive and suitable characteristics
that define an image. Especially crucial when the
size of the image data is excessive for direct
processing. Due to the varying dimensions and
orientations of database images, feature extraction
is an essential system task that must be performed
in a manner that is distinct for each image. The
process by which the input image is transformed
into a set of features is referred to as feature
extraction [38]. Numerous image representation
features have been suggested in the field of pattern
recognition. High-level and low-level features
predominate, representing the user and image
perspectives, respectively. Common low-level
features include color, shape, texture, and others.
Using an ISNN, we extract shape-based features

from the mapped text files and images.

Simple geometric characteristics can classify
shapes with substantial variations. The following
characteristics are computed on the basis of shape:
area, length of the main axis, length of the minor
axis, and so forth. The selection of these
characteristics is predicated on the knowledge that
be

simultaneously enabling us to differentiate the

they  will simple to calculate while

inputs. In order to calculate the features, the images

were divided into four sections based on their

center of mass. By designating the Center of Mass
as the segmentation point, an adequate number of
object pixels are present in each quadrant, enabling

the extraction of accurate features from the images.

Area: The area scalar property quantifies the
quantity of pixels within a given region of the
entire image.

Major Axis Length: Produces a scalar value
representing the ellipse's major axis, which
possesses the identical normalized second central
moments as the region encircling the object.

Minor Axis Length: It yields a scalar value
representing the minor axis of an ellipse whose
region encircles the object and possesses the same
normalized second central moments.

Eccentricity: The ratio of the distance between the
foci of the ellipse to the length of its main axis
determines eccentricity, which shares the same
second-moments as the region.

Orientation: The angle between the major axis and
x axis of the ellipse with the same second-moments
as the region is denoted by this scalar value.
Convex Area: It represents the count of pixels
within a convex image.

Euler Number: Corresponds to the area of the

region divided by the diameter of a circle.
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Equiv Diameter: Specifies the percentage of
pixels in the region that are also present in the
convex hull.

Solidity: The function yields a scalar value that
signifies the ratio of pixels in the convex hull that
are also contained within the region.

Extent: The scalar value in question is equal to the
area of the bounding box when calculated.
Perimeter:The distance between each adjacent pair
of pixels along the region's border is denoted by a
scalar.

Circularity ratio:The reciprocal of the area of the
bounding circle and the area of the shape in

question.

3.6 Improved Siamese neural network

Metric learning, or similarity learning, is a method
that calculates the distance between two samples to
assess their similarity, aiming to minimize
separation between similar and dissimilar samples.
It is commonly used in small-sample classification,
using Euclidean distance and cosine similarity as

distance functions.

Given two samples, x; and x;, f(-) represents the
feature mapping of the samples, and their
Euclidean distance in the metric space can be
described as Eqgn. (13):

dr (2 27) = d (FGx) = £ (7)) = IF G = F (), (13)

The main objective of metric learning is to acquire
a suitable mapping function while following to

specific constraints.
3.6.1 Siamese neural network

SNN [39] is a metric learning technique that
addresses the classification problem when dealing
with limited samples by quantifying the similarity
between two samples. This approach utilizes two
weight-sharing subnetworks to process two input
samples concurrently, yielding the resultant
similarity between the two samples. Through the

process of pairing training samples into the model,

Y

f(xd)

Feature vector

[(x2)

Feature vector

the training times can be significantly enhanced,
allowing for a more thorough exploration of the
relationships between different samples. Initially,
the model takes the two input samples, (X;, X,)and
maps them to a low-dimensional feature space. It
subsequently computes the Euclidean distance
between the two resulting feature vectors. Distance
is utilized as a metric for evaluating the similarity
between samples. Significant disparity signifies a
lack of resemblance, while a minimal disparity
suggests a strong resemblance. Figure 3 displays

the structure of a Siamese network.

Distance
—| measurement [—®| Similarity

If Ge) = £ Q)

Figure 3. Structure of Siamese network
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In our CBIR system, the ISNN is vital to feature
extraction, as seen in the workflow diagram. The
network rapidly processes pairs of mapped word
pictures and text files to obtain shape-based
information for similarity matching. When two
samples are comparable, the system suggests the
word images and text files are from the same
Assamese script. This improves document page

retrieval accuracy.

1 2
L(W. (xpxz'}’)) = Eyllf(xl) - f(xz)"z

1 2
+E(1 - y)max(m = lfCxy) — f(xz)"z, 0)

x represents the input sample, y is its similarity
label, and y=1 shows similarity between the two
samples. If the feature space cosine distance is
high, the present model is inefficient and increases
loss. y=0 shows no similarity between samples.
Loss value increases with tiny cosine distance
between samples in feature space. m is the
threshold, N is the sample count, and [|-Il, is the

cosine distance between features.
3.6.2 Introduction to ISNN network structure

The traditional Siamese network uses cosine
distance for measurement, but its effectiveness
depends on the quality of features extracted during
initial stages. To maximize each training sample,
an efficient network design is needed. The standard
SNN has been modified to suit Assamese script
recognition needs, allowing for more refined
feature extraction and customized similarity
measurement. The advanced model integrates a
classification branch into the Siamese framework,
enhancing the unique characteristics of the
Assamese script data.The traditional Siamese
network uses cosine distance for measurement, but
its effectiveness depends on the quality of features
extracted during initial stages. To maximize each

training sample, an efficient network design is

The workflow diagram (figure 1) shows our CBIR
ISNN structure and ability. The network output
shows the query image's similarity to dataset
entries as the system processes a query. A high
similarity value, near 1, suggests a significant
match between the query word picture and a dataset
entry, while a low score, around 0, indicates no
match. Equation (14) shows how the Siamese
neural network optimizes model training target

with a contrast loss function:

(14)

needed. The standard SNN has been modified to
suit Assamese script recognition needs, allowing
for more refined feature extraction and customized
similarity measurement. The advanced model
integrates a classification branch into the Siamese
framework, enhancing the unique characteristics of
the Assamese script data. As a result, the proposed
ISNN for Assamese script recognition includes
three essential components: feature extraction,
relationship measurement, and script classification.
The feature extraction network is responsible for
processing the segmented word images and
extracting important shape-based features. The
relationship measurement component utilizes an
advanced Siamese architecture to assess the
similarity between features extracted from the
query image and those present in the dataset. At
last, the script classification network uses the
similarity information to accurately find the
appropriate instances of Assamese script within the

PDF documents.
3.6.3 Feature extraction network

As part of the data preprocessing stage for our
CBIR system, we process segmented word images
from Assamese script PDF documents to use as

input for the feature extraction network. The
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feature extraction network is built using an
advanced Siamese neural network architecture. It is
composed of two parallel subnetworks that have
the same structures and share parameters. The
submodule initially utilized two LSTM layers (L1

and L2 in Figure 4) to capture the temporal

characteristics of the fault sample. Subsequently,
the spatial information was extracted using the
convolutional layer C1. Lastly, a P1 layer was
added to down-sample the convolution results and

decrease the feature size.
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Figure4. Structure diagram of ISNN model [44]

The feature extraction process aims to capture the
intricate geometric patterns and contours of the
Assamese characters. Following the initial feature
extraction, the network utilizes a sequence of
convolutional layers to enhance the spatial
information. This is then followed by pooling
layers to decrease the dimensionality of the feature
representation. This method guarantees that the
most important aspects of the script are highlighted,
getting the data ready for the following phase of

measuring relationships.

The ISNN system enhances the training process by
incorporating mapped word images and text files,
resulting in a broader analysis of the connections

between different samples of the Assamese script.
3.6.4 Relationship measurement network

The relationship measurement network in our
CBIR system assesses the similarity between pairs
of feature vectors extracted from Assamese script
images f(X;) and their corresponding text files
(X;). If two samples are similar, the output
probability is 1. Conversely, if two samples are not

similar, the output probability is 0.

Many commonly used measurement methods
heavily depend on the spatial quality of the feature
embedding learned by a feature extraction network.
In this study, neural networks were utilized to
assess the similarity relationship between features.
The networks were trained in conjunction with the
feature extraction network, and the measurement
method was dynamically adjusted based on the
input features. From Figure 4, it is evident that the
ISNN model structure includes the relationship
measurement  network, which consists of
convolutional layers C2 and C3, a global average
pooling layer P2, and a fully connection layer F1.
The feature map was replaced with its average
value using global average pooling. Many model
parameters were significantly reduced. Initially, the
feature vectors f(X;) and f(X;) underwent
processing in  the  convolutional layer.
Subsequently, they were transformed into a
similarity value via the P2 and F1 layers. Finally,
the activation function layer S1 was utilized to
convert the similarity value into a range of [0,1].
The similarity value was calculated using Equation
(15).
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Ry, = sigmoid (g (f(x0, /(%)) (15)

The activation function used is the sigmoid
function.

A weighted similarity loss function was defined to
ensure accurate measurement of the similarity
between samples of easily confused categories.

This loss function takes into account a penalty

coefficient that is determined by the complexity of
differentiating between various categories of the
Assamese script. As a result, it amplifies the loss
for incorrect assessments made among closely
related script samples. The loss function is
provided in Equation (16).

N
= Y[Ry +ay(l-n)0 - R, (o

ij=1,i%j
where similarity loss is represented by Lg.
3.6.5 Classification network

The relationship measurement network evaluates
the resemblance between Assamese script images
and text files, but it lacks the ability to categorize
or retrieve script instances. To address this, a
classification network is incorporated into the
ISNN model. The classification network consists of
convolutional layers C4 and C5, a global average

pooling layer P3, and a fully connected layer F2.

An activation function, S2, generates predicted
probability for each script. In the training phase, the
network uses pairs of segmented word images and
text files to determine their categories. In the
testing or query phase, only one instance is needed
for classification, and the cross-entropy loss
function is used to compare the predicted label
distribution with the true label distribution of the

script samples.

N
Lc = %;o [(Yi -2+ (Y - 3’1')2] r

The formula for calculation can be found in Equation (18).

y = Softmax (h(f (X)) (18)

At the start of our CBIR system, the feature
extraction network extracts relevant features from
input data. The relationship measurement network
then trains the network using similarity information
to ensure that script samples with similar features
converge and those with different categories
diverge. The classification network classifies script
instances to retrieve them. Even with a limited

sample size, the ISNN model's feature extraction,

relationship  measurement, and classification
interdependently use Assamese script data's visual
and linguistic information. Our approach controls
parameter size by maintaining a shallow network
topology using metric learning for categorization.
To train the model, the similarity loss Lg and
classification loss L. were tuned simultaneously
and merged to determine the final loss function
(Egn. 19).

Loss = Lg+ L¢ (19)

Our integrated approach ensures the efficient

recognition and retrieval of Assamese script in our

CBIR system, presenting accurate and relevant

search results to users.
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3.6.7 Similarity measure

The similarity measure [40] is crucial in
conjunction with feature extraction in CBIR. The
similarity index calculates the distance between the
features of the query image and the features of each
image in the database. It uses a distance metric to
measure this distance and then ranks the images

based on this value. Indexing is done based on the

=)
STl

Similarity = cos 6 =

IS
=

The measure of similarity between two vectors is
determined by the similarity returned from the
operation in equation 1. The cosine distance is a
numerical value that falls within the range of 0.0 to
1.0. A cosine similarity value of 1.0 indicates that

the two vectors are exactly the same.

revt @y ety mn oo
:z.:we,{«]:'::‘.':;’!"”" 1
b il Pt
'T - o o ot Ay
e e
U] e ew e A 1 e 20 o e e ]
im] = oo o rer e e o} et o]

o] 2

v e o oo s o

Query Image

i B e Ll

o o e

Indexed images

value of this similarity index. The indices are
arranged in ascending order to ensure that the
image with the closest distance to the query image
is displayed at the top of the retrieved images list.
The implementation of cosine distance is provided
here. The cosine distance can be calculated
between a query image and each image in a dataset
or stored feature information in a database. The

calculation of the cosine distance involves:
(20)

3.6.8 Retrieval of documents

A comprehensive search utilizing cosine distance is
employed to generate a ranking of the top-k
candidates for each query (refer to Figure 5).
Performance measures for each query included

Average Precision (AP) and Recall.

o R R A
s ER AR

¥ w‘vmérx
Rl

Page 91 Page 133 Page 145

Retrieved docments

Figure 5. Example of the results shown in the image retrieval task

4. Experimental Results

The complete implementation was done on a
Windows 10 system using the Python programming
language. The test is written using the Keras
framework and utilizes Tensorflow as the backend.
An Intel(R) Core (TM) i3 CPU M380 @2.53GHz
with 4GB of RAM is being used to analyze the
proposed model. The evaluation results of the
proposed model differ from those of the present
classification, segmentation, and feature extraction
strategies. In addition, the proposed method is
analyzed using various metrics such as accuracy,

precision, recall, F-measure, error rate, and Kappa.

These metrics are compared to those of existing

algorithms.
4.1 Data Collection

The dataset was created by converting each page of
the aforementioned PDF documents into high-
resolution single-page images. This conversion
process resulted in a total of 2,500 images, ensuring
a comprehensive coverage of the script's various
stylistic nuances.The selected PDF documents are
as follows:"Burhi_Aair_Xadhu",
"BezbaruahrRasanawali (Vol 2)",
"Kirttana_and_Ghosha", "Gauburha" and

"Jilikoni".

International Journal of Intelligent Systems and Applications in Engineering

UISAE, 2023, 11(1), 401-433 | 416




We divided the dataset into two subsets, namely
training and testing, in order to facilitate the
training and evaluation of our CBIR system. The
training set consists of 5,000 images, accounting
for roughly 80% of the entire dataset. The neural
network models were trained using these images,
which included the Attention segmental recurrent
neural network for word segmentation and the

ISNN for feature extraction.

Out of the dataset, the testing set was assigned the
remaining 1500 images, resulting in for 20% of the
entire set. This subset is crucial for evaluating the
system's ability to accurately identify and retrieve
Assamese script from confused data. The testing set
enables us to assess the precision and recall of the
system, as shown in the precision-recall graph,
ensuring that the models generalize effectively to
new instances of the script. Figure 6 displays the

input image retrieved from the database.
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Figure 6. Sample images from the present database

We implemented an adaptive thresholding effective, especially when dealing with images that
technique to tackle the issue of varying lighting have uneven illumination. Using adaptive
conditions and contrast levels across the document thresholding, the Assamese script can be
images. This approach allows for the automatic effectively binarized, resulting in a clearer
adjustment of the threshold value for each pixel, differentiation between the text and the
taking into account the unique characteristics of the background.

local image. This technique proves to be highly

Gray Scale Conversion
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Figure 7. Flowchart of Preprocessing step
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Figure 7 shows the preprocessing method used in
CBIR

Assamese script. The page images are converted to

creating our system for recognizing
grayscale as a crucial preprocessing step to
simplify them by removing color information.
Grayscale images are depicted by a matrix of pixel
intensity values, varying from 0 for black to 255 for
white. This conversion emphasizes the text by
reducing the images to a single brightness channel,
which enhances the contrast between the text and
the background. The photos are processed with an
adaptive

thresholding technique after being

converted to grayscale. This technique utilizes a
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threshold value that is distinct to each pixel,
determined by the local image properties. This
technique's  adaptability ~ enables  effective
binarization of the script, especially when dealing
with uneven illumination or background textures.
The result of the adaptive thresholding procedure is
a collection of binary pictures, with the text
depicted by pixel values of '"1' (white) and the
backdrop by '0" (black). Binary pictures are
essential for accurately detecting and segmenting
the Assamese script because they clearly
differentiate the text from its surroundings. Figure

8 displays the outcome of the data preparation.
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Figure8. Preprocessing Results

4.2 Evaluation Metrics

The ISNN classifier suggested in this section is

evaluated using performance validation metrics for

TP+TN
Accuracy = ———

TP+TN+FP+FN

. . TP

Precision =

TP+FP
Recall =

TP+FN

PrecisionxRecall
Flscore =2 X ——
Precision+Recall

(observed accuracy—expected accuracy)

Kappa =

(1—expected accuracy)

word recognition. The evaluation of the

classification results is based on quantitative
metrics like as accuracy, precision, recall, kappa,

and F-measure.

(21)

(22)

(23)

(24)

(25)
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mAP = - Sqer AP(Q)

where T is the set of test images or queries Q.
4.3Training and testing validation

The suggested model was applied to the specified
Assamese dataset and assessed based on
recognition accuracy. The suggested model in

Figure 9 shows a clear trend of increased training-

1.00 A1

0.99 A

0.98 -

Accuracy

0.95 A1

0.94 1

0.93 1

—— Train

Test

100 200 300 400 500
Epoch

600

(26)

testing efficiency and decreasing training-testing
loss as the number of epochs increases. The model
has an accuracy of 97.25% on both the training and
testing datasets. The outcome was achieved
following 600 epochs of model training. The
figures below display the training loss and accuracy

for both the training and testing sets.

—— Train
0.20 1 Test
0.15 1
a
3 010
0.05 1
0.00 1
100 200 300 400 500 600

Epoch

Figure 9. (a) Training and testing accuracy (b) Training and testing loss

There is no overfitting seen in the model. The
classification accuracy and loss of the training and
validation datasets converge at the 600th epoch.
The accuracy of the categorization on the test set is
98.75%. The model has high accuracy in its
predictions. The confusion matrix indicates

minimal misclassifications in the predictions.
4.4Results and Discussion

The experiment utilized the Adam method to
optimize the model parameters with a batch size of
50, a learning rate of 0.002, and a maximum of 600

iterations.

The SNN architecture, trained using the ImageNet
dataset, produces 4096-dimensional feature maps
that match to its original fc7 layer. We have
explored adding a new layer (fcnew) to decrease
the feature maps to size of 512, 256, and 128. The
values were utilized to decrease the dimensionality

of the feature map in a CNN model. Furthermore,
we opted to utilize the SNN as a feature extractor to
prevent redundant processing of each candidate
image. The network feature maps' similarity was
computed using the cosine distance. The Top-k
candidates were selected to create a ranked list of
relevant image candidates based on the mAP, with
k values of 25, 50, 75, and 100.

Table 4 displays qualitative outcomes of the images
obtained using the ISNN utilizing the complete
feature map (4096 dimensions). The results are
promising as a significant number of accurate
images were found inside the Top-5 ranking. We
noticed excellent performance, particularly in the
fifth row, where the query closely resembled a
signature, and there were no false positives in the
Top-5 ranking. We observed some inaccurate

candidates in the final row, likely influenced by the
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limited number of positive samples in the dataset

related to this query.

Table 4. Qualitative retrieval results. Query and the first five retrieved logos using 4096-dimensional

feature map

Retrieved

Query Image
1st 2nd

3rd 4th 5th

Gedl QG| QGTaT | QeTdt [ QST | QST

ol Tuft | Tefs | Teft | Tefs Seio

Sifaat il o) sfaat A st

Figure 10 displays the mAP scores, demonstrating
the CBIR system's effectiveness in reliably
recovering Assamese script from a large dataset.
The scores range from 0.91 to 1.00, reflecting the
system's precision in finding relevant occurrences
of Assamese script from the dataset. A score of 1

indicates flawless precision, with all recovered

occurrences being relevant, whilst levels around
0.91 indicate a little reduction in precision. The
whole outcome highlights the system's potential as
an essential instrument for digitizing and searching
Assamese literary texts, aiding in the preservation
and accessibility of this linguistic heritage.
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Figure 10. Results by category using ISNN with 4096-dimensional feature map

Table 5 displays the outcomes of a retrieval task
using cosine distance as the similarity measure,

emphasizing the accuracy rates at the top-50 and

top-100 levels for different dimensional feature
maps in our suggested CBIR system for Assamese

script identification. The feature maps assessed in
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the retrieval task consist of 4096-dimensional, 512-
256-dimensional, and 128-
different

dimensional,
dimensional  representations.  The
dimensions represent the level of detail and the
quantity of information contained in the feature
vectors generated from the Assamese script images.
The top-k accuracy metric evaluates the system's
capability to identify the accurate script instance
among the top 'k' outcomes. In this instance, 'k’ is
assigned the values of 50 and 100, corresponding to
the top-50 and top-100 retrieval possibilities,
respectively. The mean Average Precision (mAP)
scores range from 0.972 for the 4096-dimensional
feature map to 0.655 for the 128-dimensional
feature map in the top-50 accuracy evaluation. The

top-100 accuracy ratings vary from 0.935 for the

4096-dimensional feature map to 0.506 for the 128-
dimensional feature map. Higher-dimensional
feature maps result in improved retrieval
performance, with the 4096-dimensional feature
map attaining the greatest mAP scores in both top-
50 and top-100 scenarios. A more comprehensive
feature representation that can capture intricate
details of the Assamese script leads to improved
accuracy and dependability in retrieval. On the
other hand, when the number of features in the map
drops, there is a clear fall in retrieval accuracy.
Lower-dimensional  feature  maps, although
computationally economical, could not have
enough detail to successfully differentiate between

similar script instances.

Table5.Result of retrieval task using Cosine distance and Top-50 and Top-100

Top— k
Proposed
50 100
4096-dimensional feature map 0.972 0.935
512-dimensional feature map 0.640 0.486
256-dimensional feature map 0.654 0.503
128-dimensional feature map 0.655 0.506

Table 6 presents a brief overview of the retrieval
task outcomes based on cosine distance as the
similarity measure. The system scores an accuracy
score of 0.972 for the top-50 results and 0.935 for
the top-100 results on the 4096-dimensional feature
map, demonstrating a high level of precision in
finding the most relevant Assamese script
instances. Decreasing the dimensionality of the
feature map resulted in reduced accuracy.

Specifically, the 128-dimensional feature map

produced scores of 0.655 for the top-50 results and
0.506 for the top-100 results. The results indicate
that feature maps with higher dimensions capture
more specific information about the Assamese
script, leading to improved retrieval performance.
One must evaluate the balance between
dimensionality and computational efficiency, as
larger feature maps demand increased storage and

processing capabilities.
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Table 6. Comparison with the state-of-the-art retrieval task using cosine distance and Top- k ranking for

4096, 512, 256 or 128 -dimensional feature map.

Feature Map Top- k

25 50 75 100

Author
4096
512
Proposed Method
256
128

099 | 096 | 097 | 0.98
064 | 048 | 035 | 0.22
065 | 050 | 0.36 | 0.22

0.65 | 050 | 037 | 0.22

Table 7 illustrates the computational trade-offs
related to the dimensionality of feature maps in the
CBIR system. The duration of feature extraction is
documented for each feature map dimension. The
extraction time for the 4096-dimensional feature
map is 40.27 seconds, representing the time used to
process and extract features from the input data. As
the number of dimensions reduces, the time
required for feature extraction increases.

Specifically, the 256-dimensional feature map took

62.17 seconds, while the 128-dimensional feature
map took 54.42 seconds. The retrieval time, given
in seconds, is the timeframe needed to complete the
retrieval task with the extracted characteristics. The
4096-dimensional feature map has a retrieval time
of 35.12 seconds, whereas the 128-dimensional
feature map takes 85.14 seconds for retrieval.
Higher-dimensional feature maps can expedite
feature extraction and retrieval but may necessitate

increased processing resources.

Table7. Computational time for the retrieval task (in number of candidates processed per second)

Siamese Model Feature Extraction Retrieval
(feature map dimension) (sec) (sec)
4096 40.27 35.12
512 57.46 77.45
256 62.17 84.12
128 54.42 85.14

4.5Experimental results on Printed Document

Images

This section displays experimental findings of word
segmentation conducted on compressed machine-
printed document pictures. Segmentation is an
essential preprocessing stage in text recognition
that aims to isolate words and characters from each

other and from the background. This technique

allows for more precise recognition and analysis.
Figures 11 and 12 display the segmentation
outcomes of a CBIR system implemented using
Assamese script. The segmentation process seems
to have been successfully carried out, as indicated
by the distinct separation of words in the text block.
The green bounding boxes around each word
indicate that the system has accurately recognized

and separated the words from the rest of the text.
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Figure 11.Segmentation result

N9 o ofificw OIS

Figure 12. Segmented word image

4.6 Comparative Analysis

The table displays major performance metrics:
Accuracy, Precision, Recall, F1 Score, and Kappa
statistic corresponding to values 8, 9, 10, 11, and
12. The models examined in this study are the
proposed model, NFC-Net, CNN, ANN, DNN-
HMM, AlexNet, and LSTM-CNN. Each model is
evaluated on its performance using a specific set of
query photos labeled Q1 through Q100.

Table 8 and figure 13 display the accuracy analysis
comparing the suggested method with existing
methodologies. High accuracy reflects a model's
proficiency in identifying and retrieving the
accurate script, crucial for applications requiring
precise script recognition. The proposed model
consistently demonstrates high accuracy for all
query images, achieving scores between 0.92 and

1.00. The model's great effectiveness in

recognizing Assamese script indicates that it may
include particular features or procedures designed
specifically for the script's unique attributes. NFC-
Net and CNN models exhibit strong performance,
with NFC-Net typically surpassing CNN. Their
accuracies indicate that they are competent models
but may not possess all the specialized capabilities
of the suggested model. ANN, DNN+HMM, and
AlexNet models exhibit decent performance.
Although they are somewhat effective at
recognizing scripts, their lower accuracy results
suggest limits, potentially in dealing with the
complexities of Assamese script. When combined,
LSTM and CNN show diverse performance but
exhibit outstanding accuracy in certain queries such
as Q35 and Q43. LSTM+CNN excels at specific
script recognition tasks, perhaps due to LSTM's
proficiency in processing sequential input and

CNN's image analysis capabilities.
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Table 8. Performance evaluation with different classifiers in terms of accuracy

I?n“;grgs Proposed | NFC-Net | CNN | ANN | DNN+HMM | AlexNet | LSTM+CNN
Q1 0.99 0.93 091 | 0.88 0.87 0.84 0.8
Q5 0.97 0.88 0.86 | 0.83 0.78 0.79 0.75
Q10 0.98 0.9 0.88 | 0.85 0.87 0.82 0.84
Q13 0.96 0.87 0.85 | 0.82 0.81 0.79 0.75
Q15 0.94 0.89 0.87 | 0.84 0.83 0.81 0.78
Q20 0.92 0.85 083 | 08 0.79 0.77 0.73
Q23 0.95 0.9 0.87 | 0.84 0.83 0.81 0.78
Q25 0.93 0.83 081 | 0.78 0.77 0.75 0.71
Q30 0.96 0.93 091 | 0.88 0.87 0.85 0.81
Q33 0.94 0.88 0.86 | 0.82 0.81 0.79 0.75
035 0.98 0.9 0.89 | 0.84 0.83 0.95 0.94
Q40 0.95 0.87 09 | 08 0.79 0.9 0.88
Q43 0.92 0.91 0.85 | 0.85 0.86 0.91 0.91
Q45 0.96 0.88 0.88 | 0.83 0.83 0.88 0.87
Q50 1 0.95 094 | 092 0.96 0.93 0.98

0.95 1
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©
o

Accuracy
(=]
@
2

0.80 1
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—e— AlexNet
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Figure 13. Analysis of Accuracy

Table 9 and Figure 14 display the precision
analysis comparing the proposed method with
existing methodologies. Precision is the ratio of
relevant instances to the total number of retrieved
instances. The Proposed Model is notable for its
outstanding accuracy, demonstrating its
effectiveness in precisely identifying important

Assamese scripts with little false positives. NFC-

Net and CNN models are powerful candidates,
demonstrating their capacity to provide accurate
results, although they might be further optimized to
improve precision. The varying performance of
LSTM+CNN in some queries underscores the
significance of grasping the capabilities and
constraints of each model, according to the script

recognition task.
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Table 9. Performance evaluation with different classifiers in terms of precision

I?n“;grgs Proposed | NFC-Net | CNN | ANN | DNN+HMM | AlexNet | LSTM+CNN
Q1 0.95 0.9 0.89 | 0.88 0.87 0.84 0.8
Q5 0.9 0.86 0.84 | 0.86 0.83 0.79 0.75
Q10 0.92 0.84 0.88 | 0.83 0.8 0.82 0.84
Q13 0.94 0.8 082 | 0.85 0.74 0.79 0.75
Q15 0.91 0.85 0.85 | 0.82 0.78 0.81 0.78
Q20 0.93 0.8 073 | 0.84 0.87 0.77 0.73
Q23 0.9 0.86 078 | 0.8 0.81 0.81 0.7
Q25 0.92 0.78 08 | 0.84 0.83 0.75 0.78
Q30 0.94 0.8 0.76 | 0.78 0.79 0.85 0.71
Q33 0.9 0.86 08 | 0.88 0.83 0.79 0.81
035 0.92 0.82 0.88 | 0.82 0.77 0.84 0.75
Q40 0.96 0.86 0.82 | 0.86 0.87 0.8 0.78
Q43 0.98 0.9 0.86 | 0.9 0.81 0.9 0.82
Q45 0.92 0.93 09 | 095 0.88 0.86 0.76
Q50 1 0.95 094 | 097 0.95 0.96 0.94

| By

0.95

o
w0
=}
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o
&

e
®
-1

0.75

0.70 1

CNN
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Table 10 and Figure 15 display the examination of
recall comparing the suggested method with

existing techniques. Recall, or sensitivity,
quantifies the percentage of true positive cases
properly recognized by the model. The proposed
model has outstanding recall performance for all
query photos, with scores between 0.92 and 1.00.
relevant

The model's efficiency in obtaining

& @ & & & & & & &
Query image
Figure 14. Analysis of precision
Assamese scripts indicates its suitability for

applications where missing relevant scripts is
unacceptable. The NFC+Net and CNN models
exhibit good recall, even typically lower than the
suggested model. They have shown the ability to
recognize a large fraction of important scripts in
their performance, although there are some cases

where some relevant scripts are neglected. ANN,
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DNN+HMM, and AlexNet exhibit decent recall
performance. Their decreased recall relative to the
top performers indicates that individuals may

overlook more relevant scripts, which could be a

retrieval. The LSTM+CNN model has diverse
recall rates for different queries. Its performance
indicates excellent effectiveness in specific cases

but may not consistently retrieve all relevant

limitation in applications requiring thorough scripts.
Table 10. Performance evaluation with different classifiers in terms of recall
Query p

Images roposed NFC-Net | CNN | ANN DNN+HMM AlexNet LSTM+CNN
Q1 0.99 0.94 0.91 0.88 0.87 0.84 0.8
Q5 0.97 0.89 0.86 0.83 0.78 0.79 0.75
Q10 0.98 0.92 0.88 0.85 0.87 0.82 0.84
Q13 0.96 0.89 0.85 0.82 0.81 0.79 0.75
Q15 0.95 0.92 0.87 0.84 0.83 0.81 0.78
Q20 0.94 0.87 0.83 0.8 0.79 0.77 0.73
Q23 0.95 0.93 0.87 0.84 0.83 0.81 0.78
Q25 0.93 0.86 0.81 0.78 0.77 0.75 0.71
Q30 0.96 0.9 0.91 0.88 0.87 0.85 0.81
Q33 0.94 0.91 0.86 0.82 0.81 0.79 0.75
Q35 0.96 0.93 0.89 0.84 0.83 0.83 0.8
Q40 0.92 0.9 0.9 0.8 0.79 0.8 0.78
Q43 0.96 0.95 0.85 0.85 0.86 0.82 0.83
Q45 0.98 0.92 0.88 0.83 0.83 0.86 0.9
Q50 1 0.98 0.94 0.92 0.96 0.9 0.92

& &

)
&

< o
& &

o >
& &
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&

o
& &

Query image

Figure 15. Analysis of Recall

Table 11 and Figure 16 display the study of F1

score comparing the suggested method with
existing techniques. The F1 score is a statistical
metric utilized to assess the precision of a binary
classification system. The score is calculated by

taking into account both the precision and recall of

the test.

The proposed model

demonstrates

outstanding F1 scores for all query photos, ranging
from 0.93 to 1.00. The model has a strong
convergence between precision and recall,
indicating its high effectiveness in precisely and

thoroughly recognizing Assamese script. NFC-Net
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and CNN models exhibit respectable F1 results,
even typically inferior to the suggested model.
Their performance suggests a decent trade-off
between precision and recall,however it may not
outperform the proposed model in all aspects of
ANN, DNN+HMM,

demonstrate

script and
AlexNet

Although effective to some degree, their lower F1

recognition.

reasonable F1 scores.

ratings compared to the best performers imply a
potential trade-off between precision and recall,
highlighting The
combination of LSTM and CNN vyields diverse F1

scores for distinct queries. Its result indicates the

the need for enhancement.

ability to strike a decent balance between precision
and recall in specific contexts, albeit it may lack

consistency across other script recognition tasks.

Table 11. Performance evaluation with different classifiers in terms of F1 score

I?n“;grgs Proposed | NFC-Net | CNN | ANN | DNN+HMM | AlexNet | LSTM+CNN
Q1 0.97 0.9 08 | 076 0.81 0.78 0.76
Q5 0.96 0.85 083 | 0.79 0.86 0.8 0.79
Q10 0.98 0.86 085 | 0.77 0.89 0.81 0.78
Q13 0.93 0.87 089 | 0.79 0.82 0.8 0.79
Q15 0.96 0.88 082 | 08 0.82 0.84 0.8
Q20 0.95 0.85 088 | 0.76 0.85 0.86 0.79
Q23 0.98 0.89 09 | 079 0.89 0.85 0.84
Q25 0.99 0.9 093 | 08 0.87 0.88 0.82
Q30 0.95 0.93 091 | 0.83 0.9 0.8 0.89
Q33 0.94 0.9 087 | 08 0.93 0.85 0.86
Q35 0.96 0.88 09 | 082 0.91 0.9 0.9
Q40 0.98 0.85 092 | 091 0.9 0.93 0.93
Q43 0.99 0.89 0.96 | 0.89 0.93 0.9 0.91
Q45 0.99 0.9 095 | 0.9 0.95 0.94 0.94
Q50 1 0.92 096 | 0.93 0.96 0.95 0.97

0.95 1

F1-Score

o
)
]

0.80 1

—e— Proposed
—8— NFC-Net

CNN
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%
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Figure 16. Analysis of F1 score

Table 12 and Figure 17 display the kappa analysis

results comparing the suggested method with

existing techniques. The Kappa statistic, often

known as Cohen's Kappa, quantifies the level of
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agreement amongst raters when  assessing
categorical items. This is a method used to measure
the degree of agreement between two raters (or in
machine learning, between an algorithm's
predictions and the actual values) while accounting
for random agreement. The proposed model
demonstrates outstanding Kappa scores for all
query photos, ranging from 0.90 to 1.00. This
indicates that the model's predictions closely match
the actual classifications of the Assamese scripts,
beyond what would be anticipated by random
chance. This suggests a very dependable strategy
for recognizing Assamese writing. NFC-Net and
CNN models have respectable Kappa scores,
although typically inferior to the suggested model.

Their performance shows a significant level of

agreement with the actual script classifications,
indicating that they are competent models but may
not be as accurate or consistent as the suggested
model. ANN, DNN+HMM, and AlexNet exhibit
moderate Kappa scores. Although showing a
moderate level of agreement above random chance,
their lower scores in comparison to the top
performers imply greater unpredictability in their
predictions or less accuracy in aligning with the
genuine classifications. The combination of LSTM
and CNN vyields diverse Kappa values for distinct
queries. Its results indicates that it can obtain a high
level of compatibility with actual script
classifications in specific situations, but it may not
be consistently dependable for other types of script

recognition work.

Table 12. Performance evaluation with different classifiers in terms of Kappa

I?n“;gré Proposed | NFC-Net | CNN | ANN | DNN+HMM | AlexNet | LSTM+CNN
Q1 0.99 0.93 081 | 0.88 0.87 0.84 08
Q5 0.95 0.83 0.76 | 0.86 0.73 0.79 0.75
Q10 0.96 0.85 087 | 0.83 0.82 0.82 0.84
Q13 0.93 0.82 08 | 085 0.75 0.79 0.75
Q15 0.91 0.84 084 | 0.82 08 0.81 0.78
Q20 0.9 0.8 07 | 084 0.75 0.77 0.73
Q23 0.95 0.85 077 | 08 0.79 0.81 0.7
Q25 0.93 0.83 075 | 0.84 0.74 0.75 0.78
Q30 0.95 0.93 08 | 078 0.84 0.85 0.71
Q33 0.94 0.83 072 | 0.88 0.77 0.79 0.81
Q35 0.96 0.88 085 | 0.82 0.79 0.82 0.75
Q40 0.95 0.87 082 | 0.86 0.79 0.76 0.78
Q43 0.93 0.91 086 | 0.9 0.86 0.8 0.82
Q45 0.96 0.88 09 | 095 0.83 0.88 0.76
Q50 1 0.95 094 | 0.97 0.96 0.95 0.94
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Figure 17. Analysis of Kappa

Figure 18 presents a precision-recall graph that
evaluates the performance of various machine
learning models in the task of Assamese script
recognition within PDF documents. The proposed
model, demonstrates superior performance across
the range of recall values when compared to the
other models, including NFC-Net, a Convolutional
Neural Network (CNN), AlexNet, and an LSTM-
CNN hybrid. Notably, the proposed model
maintains a higher level of precision at lower recall

levels, indicating a robust ability to retrieve
relevant instances of Assamese script without
incurring a significant number of false positives.
The consistency of the proposed model's
performance, with minimal drops in precision as
recall increases, suggests an efficient balance
between retrieving as many relevant instances as
possible (recall) and ensuring that the retrieved

instances are indeed relevant (precision).

1.0 1
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Figure 18. Precision-Recall Performance Comparison
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4.7 Analysis of Retrieval performance

The experiment yields images with 20650 words.
In 110 printed pages, a total of 270 instances of

Table 13. Retrieval results of the proposed approach

more than 70 terms are utilized as query words

during the retrieval session. The outcome of the

suggested strategy work on the retrieval session is

displayed in Table 13.

Query Image a@iiil igwi\o ;gillﬁzll
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WA B0 G AR AT 0T T e v I Pt 3T AR coTora et 1 sre wift 1 ez e A @,
ort F-GarbrA GFR 1Y Wt A3 cof mﬁﬂ(éﬂ'x&ﬂwm 5
S o & er ¢t i o e g oo o o o e s g AR e s et T s - @, TN 1 A 2,
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From table 14, instance under

consideration yielded a total of 375 potential script
Out of these,

the query
matches. the system correctly
identified 360 instances as true positives, indicating
that these matches were relevant and accurately

recognized as instances of Assamese script. The

system incurred 6 false positives, which are

instances that were incorrectly identified as
relevant. Additionally, there were 9 false negatives,
which represent relevant instances that the system

failed to identify.

Table 14. Retrieval results of proposed approach

Query True False False ..
. " - - Recall Precision
instance positive positive negatives

375 360 6 9 98.20% 98.12%

Some of the retrieval words are incorrect. After
examining the wrongly recovered words, it was
discovered that the improper retrieval result was
caused by some words that were only varied by one
character, and the shape of the character was very
similar, as well as the extract feature points of the

query word and test word imagine being the same.

The suggested method's performance is evaluated
in terms of recognition rate, retrieval time, and
error parameters. In addition, the suggested
technique is compared to several classifiers such as
NFC-Net, CNN, ANN, DNN+HMM, AlexNet, and

LSTM+CNN (Table 15). The suggested classifier

achieves a high recognition rate of 98.7% for
In CBIR, the time

required to retrieve similar images is an important

Assamese text identification.

element to consider. Extracting the most
characteristics may result in additional computation
and retrieval time because the amount of features
and retrieval time are inversely proportional. The
proposed technique strikes a satisfactory
compromise between retrieval time and retrieval
accuracy. Furthermore, the suggested approach has
error rates in the region of 1.3% for Assamese
script recognition. The proposed strategy achieves

high accuracy, precision, recall, F-measure, Kappa,
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and additionally the mistake rates are lower when

compared to existing techniques for successfully

recognizing the words.

Table 15. Performance evaluation with different classifiers

Techniques Recogrz:)tAl)c))n Rate Retrieval time (sec) Error (%)
Proposed 98.7 35.12 1.3
NFC-Net 94.5 75.87 5.5

CNN 96.2 68.14 3.8
ANN 94.12 82.65 5.88

DNN+HMM 87.6 99.47 12.4
AlexNet 92.54 114.57 7.46

LSTM+CNN 96.8 107.54 3.2

5. Conclusion and future works

The authors have proposed a character recognition
system for Assamese script papers that extracts text
from an image and then searches for the whole
document containing the content. The linguistic
content of the image was used as the foundation.
The current technology can be used to store and
retrieve picture documents. Essentially by giving a
query image, the User will be directed to the
appropriate  document in the database. This
technique can be used in instances in which
documents need to be scanned into images for later
retrieval based on a query image. The system
effectively prepares PDF document images for
subsequent processing by incorporating a series of
methodical preprocessing stages, such as grayscale
conversion and adaptive thresholding. These stages
provide binarized images that clearly distinguish
the script from the backdrop, which is required for
accurate character recognition. The system's
process, as shown in the flowchart, offers a robust
strategy that includes the training and query stages,
with neural networks such as the ASRNN and the
Inception v3 model used for word segmentation
and mapping, respectively. The ISNN is crucial in
extracting shape-based features, which are required

for the similarity matching process.

The results are equivalent to previous methods.
Performances are measured using a variety of
criteria, including average accuracy rate, kappa
statistics, error rate, TP rate, FP rate, precision,
recall, and F-measure. We reported a recognition
accuracy of 98.7%. Future study could focus on
enhancing CNN architecture by experimenting with
various layers, filters, and activation functions to
improve feature extraction and recognition
accuracy. Furthermore, investigating transfer
learning by employing pre-trained models on
similar scripts and fine-tuning them for the

Assamese script could be advantageous.
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