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This paper presents a hybrid deep learning model for handwritten text recognition (HTR)
that combines Convolutional Neural Networks (CNN) with multi-layer Long Short-Term
Memory (LSTM) networks and Connectionist Temporal Classification (CTC) for end-to-
end training. The proposed architecture employs CNNs for hierarchical feature extraction
from handwritten text images, followed by reshaped layers and interconnected LSTM
networks to capture both spatial and temporal dependencies in handwritten sequences. The
model was trained and evaluated on the IAM Handwriting Database, comprising 1,539
pages from 657 writers with 115,320 labeled words. We further investigate the application
of this HTR system in automated answer scoring by comparing five similarity algorithms:
BERT embeddings with cosine similarity, Jaccard similarity index, TF-IDF with cosine
similarity, Universal Sentence Encoder (USE), and NLP-based approaches. The similarity
algorithms were tested on 18 handwritten answer responses across three test papers, with
six graded answers (Grade A to E) per paper. Experimental results demonstrate that BERT-
based similarity achieved the highest accuracy of 94.44% in matching predicted scores with
pre-established grades, while TF-IDF and basic cosine similarity approaches achieved only
16.67% accuracy. The Jaccard similarity index achieved moderate performance at 33.33%.
Training analysis revealed characteristic learning patterns with the character error rate
(CER) decreasing initially but showing signs of overfitting after approximately 40 epochs
on the validation set, attributed to variations in writing styles within the IAM dataset. This
research contributes a comprehensive HTR pipeline suitable for automated assessment
applications and provides empirical evidence for selecting appropriate similarity metrics in
educational technology contexts.

1. INTRODUCTION

avenues for advanced analysis and classification. OCR
algorithms have evolved significantly, capable of

In the rapidly evolving landscape of information
technology, the digitization of documents has become
integral to managing and analysing vast amounts of textual
data. Optical Character Recognition (OCR) technology has
emerged as a pivotal tool in this process, enabling the
converting of printed or the handwritten data into machine-
readable data. This research paper delves into the realm of
Document Identification and Similarity Index, exploring the
synergies between OCR technology and the quest for
efficient document management.

Traditional methods of document management often faced
challenges in handling large document repositories, making
it cumbersome to identify, organize, and retrieve relevant
information. With the advent of OCR, the digitization of
documents not only facilitates accessibility but also opens
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recognizing diverse fonts, languages, and even handwritten
text, making them versatile in addressing the needs of various
domains.

English language OCR systems have found effective
application across various commercial uses. The seminal
study on handwritten OCR for the English language, boasts
over 2900 citations. The research aimed to give an extensive
overview of the latest technologies in computerized
handwriting processing.

2. LITERATURE SURVEY

Arica and Yarman-Vural [1] offered an extensive
examination of character recognition in their work which has
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garnered over 500 citations. Their conclusion underscores the
inherent nature of characters, asserting that imposing rigid
mathematical rules on character patterns is nearly impossible.
The complexity of patterns goes beyond the representation
capabilities of structural and statistical models alone. Arica
and Yarman-Vural [1] propose that various combinations of
statistical and structural data information in character
patterns can be effectively achieved through the application
of Convolutional Neural Networks (CNNs) or harmonic
Markov models (HMMs).

Connell and Jain [2] demonstrated a template-based online
character recognition system that can represent different
handwriting styles for a given character. Using a decision
tree, they efficiently classified characters and achieved an
accuracy of 86°.

Each language possesses distinct writing styles and
distinctive features that set it apart from others. In the realm
of efficiently recognizing handwritten and machine-printed
English text, researchers have extensively utilized a wide
range of feature extraction and classification techniques.

These methodologies comprise diverse strategies,
encompassing HOG, bidirectional LSTM, directional
features, multi-layer perceptron (MLP), hidden Markov
model (HMM), Artificial Neural Network (ANN), and
Support Vector Machine (SVM), among others.

In arecent study [3], researchers employed a FCNN on the
datasets of RIMES and IAM, yielding promising results. The
investigation demonstrated a character error rate (CER) of
4.7% and a word error rate (WER) of 8.22%, with
corresponding rates of 2.46% and 5.68%. Furthermore,
Jayasundara introduced an innovative approach called
capsule networks (CapsNet) for recognition of handwritten
characters, particularly effective in scenarios with very
limited datasets. The study argues that these methods require
minimal training samples per class, potentially as few as 200.
The proposed technique is suggested to gain results
comparable to latest advanced systems, utilizing only a tenth
of the data; and after it is applied to smaller datasets, it
achieved an accuracy of 0.9046.

The diversity in writing styles among individuals poses a
challenge for classifiers to deliver consistent performance
within the same class. In recent times, OCR research has
shifted its emphasis toward deep learning methodologies
with minimal attention given to manually crafted features.
While the adoption of deep learning has heightened
computational complexity, particularly in the training phase,
it has concurrently enhanced the accuracy of classification.

Tesseract, a widely favored and commonly employed
OCR engine available online [4], follows a sequential four-
step process. Instead of prioritizing accuracy, its primary
objective is to accommodate a broad range of languages and
fonts. It has been observed that, on average, Tesseract tends
to deliver higher accuracy as compared to the Transym OCR
which is different openly available OCR engine. However, it
is worth noting that Tesseract is not consistently faster than
Transym OCR.

Programs and applications leverage OCR engines to turn
the digital images into an editable format. Among the various
OCR products, Adobe Acrobat Pro stands out as one of the
most extensively utilized, thanks to its numerous OCR-
related functionalities. Another software, Abby Fine Reader,
offers similar features in this regard.
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The widespread adoption of CNN in OCR is attributed in
part to the accessibility of extensive datasets. Typically,
researchers opt for a deep learning methodology when
dealing with languages that offer a sufficiently large dataset
for meaningful model learning. Despite the enhanced
classification accuracy achieved by frameworks based on
deep learning, there is a trade-off involving heightened
computational complexity, as mentioned earlier. Recent
studies have emerged wherein classical feature extraction
approaches, coupled with feature selection algorithms, have
been employed, resulting in state-of-the-art outcomes, for
example [5-7].

A notable trend among researchers is the increasing use of
CNN s to recognize the handwritten and machine text.

CNN-based architectures are preferred because they are
suitable for tasks involving image input. It is widely used in
visual recognition tasks in various fields [1, 2].

A novel “seven-stage approach [8]” was put out to extract
text from natural photos. The filtering procedure is first
applied as pre-processing to enhance the image. The
separation of lateral surfaces is completed by separating the
necessary content from the backdrop using the Thresholding
technique. Next, the portion that is not needed is removed
after the MSER has been identified. Next, the stroke width
variance algorithm calculates the stroke width. Lastly, a CNN
(convolutional neural network) is used to extract the features
needed to identify the characters. These features are then sent
to the OCR in order to extract the text.

A further in this study [9], author proposed an OCR
framework based on a neural network that works on a word-
level basis. This framework is based on the BLSTM.
Compared to a standard OCR framework, the neural network
results in an improvement of more than 20%. Furthermore,
the method which doesn’t require segmentation, which is one
of the most common causes of error. Furthermore, the neural
network resulted in a decrease of more than 9% in CER when
compared to the other available OCR framework.

Zhang et al. [10] proposed method using a two-step,
iterative CRF calculation with a belief propagation
obstruction to separate text containing and non-text
containing parts and then using OCR on the content portion
to get the best result. If there are more than one text line, we
use two relational graphs to separate lines and use OCR
confidence level as a benchmark to find parts containing the
text.

In research, numerous additional techniques exist beyond
the ones mentioned. These approaches aim to enhance the
overall OCR system by either improving accuracy or
addressing common sources of errors.

The OCR approach [11] is ideal for historical texts lacking
font information, employing a three-step process. Initially,
the text is binarized and enhanced. The second step involves
segmenting the text into its individual components, utilizing
the KNN to group similar symbols. Lastly, in the third step,
the same classification method is applied to each image in the
document, and recognition is informed by the preceding step.
In summary, this method achieves a commendable
throughput rate of 95.44%.

The research [12] gives a comprehensive overview of the
processes and advancements in OCR. It systematically
explores the various steps involved in text recognition,
encompassing key stages such as preprocessing, recognition



and the feature extraction. The study delves into recent
research trends in OCR, shedding light on innovative
approaches, algorithms, and applications that have
contributed to the evolving landscape of text recognition.

The study by Nguyen et al. [13] offers a comprehensive
exploration of techniques employed after the OCR phase to
enhance the accuracy and usability of digitized documents.
The survey delves into various methodologies, including
error correction, layout analysis, and document structure
improvement, providing a critical overview of advancements
in post-OCR processing. By synthesizing insights from a
range of studies, the survey contributes valuable perspectives
on the challenges and innovations within this domain,
thereby enriching the literature on OCR technology and its
applications in document processing.

Bir6 et al. [14] introduces an innovative approach to OCR
by combining CRNN and Scene Text Visual Recognition
(SVTR) models. The focus is on creating a synthesized OCR
system capable of recognizing text in multiple languages.
The research emphasizes real-time collaborative tools,
suggesting the potential application of the proposed OCR
approach in dynamic and collaborative digital environments.
The synthesis of CRNN and SVTR models aims to increase
not only the accuracy but also the efficiency of text
recognition, showcasing a promising direction in the
evolution of OCR technology.

Souibgui et al. [15] introduces an innovative approach to
recognition of text and document enhancement. The
proposed Text-DIAE is a self-supervised autoencoder
specifically designed to address degraded text within
documents. Unlike conventional OCR systems, Text-DIAE
excels in recognizing and enhancing text subjected to various
degradation conditions, including noise, blurriness, and other
forms of visual interference. Through self-supervised
learning, the model effectively learns to encode and decode
degraded text, imparting robustness to variations in
document quality. The study focuses on enhancing the The
study focuses on enhancing the text reconition performance
and enhancement of document tasks, presenting promising
outcomes in effectively addressing real-world challenges
associated with document degradation.

The research paper [16] investigates the utilization of a
Convolutional Recurrent Neural Network (CRNN) in the
context of scene text recognition. The study emphasizes
harnessing the combined capabilities of convolutional and
recurrent layers within a neural network architecture to tackle
the challenges associated with recognizing text in natural
scenes. Through the application of machine learning
techniques, the authors seek to improve the accuracy and
resilience of scene text recognition, providing valuable
insights for the broader fields of OCR and document analysis.
The research highlights the CRNN model's efficacy in
handling intricate visual contexts and diverse text formats,
presenting potential advancements in the creation of efficient
and adaptable text recognition systems for real-world
applications.

The research [17] introduces a comprehensive approach to
extracting information from unstructured data. This hybrid
solution synergizes the capabilities of OCR and NLP to
improve the accuracy and efficiency of extracting meaningful
information from a variety of textual sources. By
incorporating OCR, the system converts printed or
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handwritten text into machine-readable data, and NLP
techniques are subsequently applied to further process and
interpret the content, enabling a more nuanced understanding
of information within unstructured data. This innovative
amalgamation addresses the limitations associated with
individual technologies, providing a holistic solution for
extracting valuable insights from unstructured textual
information.

The research paper [18] introduces OCR-D, an open-
source OCR framework designed specifically for historical
printed documents. This framework provides an end-to-end
solution, encompassing the entirce OCR workflow, from
preprocessing to post-processing. By focusing on historical
documents, OCR-D addresses the unique challenges posed
by diverse fonts, layouts, and degradation in aged prints. The
paper likely discusses the architecture, features, and
performance of OCR-D, making it a valuable addition to the
literature survey for its contribution to advancing OCR
technologies in the context of historical document
digitization.

The paper [19] presents an innovative method for
improving OCR accuracy in the context of medical reports.
The research focuses on leveraging deep learning techniques
as a post-correction mechanism to rectify errors introduced
during the OCR process. By addressing the unique challenges
posed by medical documents, such as complex terminology
and varied formatting, the proposed approach aims to
enhance the overall reliability of extracting text from medical
reports. This contribution to OCR post-correction methods
holds particular significance in the healthcare domain, where
accuracy and precision in document processing are crucial
for effective clinical decision-making and information
retrieval.

The paper [20] introduces an adaptive framework for the
recognition of handwritten numerical digits using OCR
methods. The research emphasizes the use of artificial
intelligence to enhance the accuracy of digit recognition in
handwritten documents. The framework is designed to be
adaptive, allowing for continuous learning and improvement
in recognition capabilities over time. This study contributes
to the broader field of OCR by specifically addressing
challenges associated with handwritten numerical digits,
offering insights into the development of intelligent systems
for enhanced document analysis and comprehension.

The research paper [21], explores the consequences of
OCR errors on in performance of information retrieval
systems. The study investigates how inaccuracies introduced
during the OCR process affect the effectiveness of retrieving
relevant information from digitized documents. By
evaluating the impact of OCR errors on search precision,
recall, and overall retrieval performance, the research
provides valuable insights into the challenges associated with
OCR technology and its implications for information
retrieval systems. Understanding the extent of these errors is
crucial for researchers and practitioners seeking to optimize
OCR applications in the context of document management
and analysis.

The study [22], focuses on the development of an OCR
system tailored for historical documents, addressing the
challenge of limited training data. The research explores
innovative techniques to enhance OCR performance in
scenarios where historical documents pose unique



challenges, such as diverse fonts, degraded text, and limited
available training samples. By proposing efficient strategies
to overcome data scarcity issues, the study contributes
valuable insights to the broader field of OCR, particularly in
the field of historical documents analysis.

The paper [23] presents a study that explores the
application of CNNs in the field of handwritten document
recognition. The research focuses on leveraging CNNs, a
type of deep learning architecture well-suited for image
processing tasks, to automatically recognize and interpret
handwritten documents. The objective is to increase not only
the accuracy but also efficiency of handwritten document
recognition systems, offering a promising approach to
address the challenges associated with diverse handwriting
styles and variations in document layouts. The study likely
investigates the effectiveness of CNNs in capturing intricate
patterns and features within handwritten documents,
ultimately contributing valuable insights to the broader
literature on document recognition and characterizing the
role of deep learning in intelligent document processing.

The paper [24] investigates the errors generated by OCR
systems and proposes a deep statistical analysis approach to
enhance post-OCR processing. The study employs advanced
statistical techniques to analyze and categorize OCR errors,
aiming to understand their patterns and characteristics. By
leveraging deep learning methods, the research seeks to
develop effective strategies for mitigating OCR errors during
post-processing stages. The findings contribute valuable
insights into the improvement of OCR accuracy and highlight
the importance of addressing errors in the post-OCR phase
for enhanced document processing and information retrieval.

The research [25] examines the incorporation of partial
least squares (PLS) as a technique for reducing features in
OCR applied to biometric identification. The study explores
the impact of PLS on enhancing the efficiency and accuracy
of OCR systems, specifically within the realms of artificial
intelligence and biometric applications. This inventive
approach seeks to optimize the extraction of features, with
the overarching goal of enhancing the overall performance of
OCR technology in scenarios related to biometric
identification.

Marti and Bunke [26] provided an in-depth examination of
OCR techniques with a specific focus on CNNs. The paper
systematically reviews and analyzes recent advancements in
OCR, emphasizing the application of CNNs in this context.
The literature survey explores various CNN architectures
employed for OCR tasks, assessing their strengths,
limitations, and comparative performance. Additionally, the
review highlights key challenges in OCR using CNNs, such
as handling diverse fonts, languages, and document layouts.
The synthesis of this comprehensive survey contributes
valuable insights to the evolving landscape of OCR
technologies, informing researchers and practitioners about
the latest technological and potential directions for future
advancements in the field.

A seminal contribution in this domain is the CRNN
proposed by Shi et al. [27], which integrates CNN for feature
extraction with recurrent layers for sequence modeling and
Connectionist Temporal Classification (CTC) for
transcription without explicit segmentation. This architecture
has become a foundational model for many modern HTR
systems. Similarly, Graves [28] introduced the use of CTC,
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enabling sequence-to-sequence learning without the need for
aligned labels. This approach significantly improved the
efficiency of training end-to-end recognition systems and is
widely adopted in HTR pipelines.

Recent studies have also explored attention-based
encoder-decoder architectures, which overcome limitations
of CTC by dynamically focusing on relevant parts of the
input sequence. However, CNN-LSTM-CTC architectures
remain computationally efficient and robust for large-scale
handwritten datasets such as [AM.

In addition to recognition, the integration of OCR/HTR
systems into automated assessment frameworks has gained
attention. Research in educational technology highlights the
potential of combining text recognition with Natural
Language Processing (NLP) for evaluating subjective
answers. For instance, semantic similarity models based on
transformer architectures such as Jacob Devlin’s BERT have
shown remarkable performance in capturing contextual
meaning, outperforming traditional approaches like TF-IDF
and Jaccard similarity.

Studies on automated short-answer grading demonstrate
that context-aware embeddings significantly improve scoring
accuracy compared to lexical matching techniques. However,
most existing systems assume digitally available text,
limiting their applicability in handwritten examination
settings.

This gap motivates the need for integrated frameworks that
combine HTR with semantic evaluation. The present work
contributes to this area by coupling a CNN-LSTM-CTC-
based HTR model with multiple similarity algorithms,
enabling automated scoring directly from handwritten
responses. Unlike prior studies that treat recognition and
evaluation as separate tasks, this approach provides a unified
pipeline for real-world educational applications.

3. METHODOLOGY

The flow of the suggested system is shown in detail in
Figure 1. A camera or scanner is used to capture an image of
the response sheet. Using OCR technology, scanned photos
can be transformed into text that can be read by machines.
Preprocess the recovered image using a variety of methods,
such as slant and skew correction, noise reduction, and
enhancement. Line, word, and character segmentation are
applied to the pre-processed image. Character classes are
identified by the classifier using extracted features, and a
similarity score is computed.

Traditional Handwritten Text Recognition (HTR) systems
face limitations in handling variations in handwriting styles,
noise, and complex spatial dependencies. This research
addresses these challenges through the integration of a CNN-
based feature extraction model followed by a novel multi-
LSTM network architecture, providing a comprehensive
solution to HTR. Figure 2 depicts the architecture of the
system.

For sequence recognition tasks where input and output
alignment is unknown, such as handwriting recognition,
speech recognition, or OCR, CNN with multi-layer Long
Short-Term Memory (LSTM) networks and CTC pipeline are
frequently utilised. CNN extracts features, LSTEM models
sequence relationships, and CTC manages alignment and



training when you wish to transfer an input sequence (such
an image or audio) to an output sequence (like text) without
explicitly knowing which part of the input corresponds to
which letter. CNN creates feature maps by extracting spatial
elements like as shapes, edges, and strokes. To capture
context and temporal dependencies, a sequence of feature

Acquire Digital image
of English question
answer paper

Digital image

Answer paper
image database

vectors is fed into a stacked LSTM. many LSTM layers piled
on top of one another. The LSTM generates a probability
distribution over characters for every time step. Training
without explicit input-label alignment is possible using CTC.

Image

preprocessing(Enhancement,
Moise removal, slant and
Document image

skew correction

clean

Feature

<::

Classification

Feature Extraction

character

Segmentation(Line,

Word and character
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<

Character

Results{oufput)

Character claszes
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Results databasze

Figure 1. Flow diagram of proposed system
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Figure 2. Architecture of system

3.1 Convolutional Neural Networks

The initial stage of the proposed system employs CNNs to
extract hierarchical features from the input images. CNNs
have proven effective in capturing spatial hierarchies, enabling
the model to discern complex patterns and variations in
handwriting styles.
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3.2 Reshaped layers

The feature vectors extracted by the CNNs are then
processed through Reshaped layers to enhance the model's
ability to capture relevant spatial information. This
preprocessing step optimally prepares the data for further
analysis by ensuring that the subsequent LSTM networks



receive well-structured input.
3.3 Multi-LSTM Networks

To capture both spatial and temporal dependencies present
in handwritten text, a set of interconnected LSTM networks is
employed. Each LSTM network is designed to capture long-
range dependencies within the sequence of features, fostering
a holistic understanding of the handwritten content.

3.4 SoftMax activation function

The outputs of each LSTM network are passed through
Softmax activation functions. This activation function
transforms the raw output into a probability distribution over
a predefined set of characters, enabling the model to predict
the likelihood of each character in the sequence.

3.5 Connectionist Temporal Classification block

The Softmax outputs are then fed into the CTC loss block,
which facilitates the alignment of the predicted sequence with
the ground truth. The CTC loss enables end-to-end training of
the entire system, providing a mechanism for the model to
learn the alignment and transcription simultaneously.

4. DATASET USED

IAM Handwriting Database [29-33] serves as a valuable
asset for training, evaluating handwritten text recognizers, and
conducting experiments pertaining to writer identification and
verification. This database consists of unconstrained
handwritten English text in diverse forms and is scanned at a
resolution of 300dpi, resulting in PNG images containing 256
gray levels. These images include complete forms, text lines,
and extracted words. The entire dataset, encompassing forms,
text lines, words, and sentences, is accessible for download in
PNG format, with each file accompanied by XML meta-
information. The text entries in the IAM database are
constructed using sentences derived from the LOB Corpus.

IAM Handwriting Database 3.0 incorporates contributions
from 657 writers, totalling 1,539 pages of scanned text. It
includes 5,685 isolated labelled sentences, 13,353 isolated
labelled text lines, and 115,320 isolated labelled words.
Notably, the words have been extracted using an automatic
segmentation scheme, which was subsequently validated
manually.

The segmentation scheme, detailed in prior work by the
institute, is explained in the relevant literature. Each image file
is accompanied by corresponding label files in XML format,
providing segmentation data and a range of predicted
parameters derived from preprocessing, as outlined in the
relevant literature.

5. ARCHITECTURE

For the model the batch size of 32 was used with learning
rate of 5x10* was used with epoch cycles of 1000 iterations
and the number of parallel processes or threads used to load
and preprocess data the during training phase was 20.

In our CNN architecture, for 1st Convolutional layer 32
filters were used and kernel size of 3x3 was used, Activation
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function used is Relu, kernel initialization is he normal, having
a pool_size of 2 x 2.

For 2nd Convolutional Layer 64 filters were used and kernel
size of 3x3 was used, Activation function used is Relu, kernel
initialization is he normal, having a pool size of 2 x 2. Here
two max pool with pool size and strides 2 is used. Hence,
downsampled feature maps are 4x smaller and are considered
as new inputs for that dense Layer was used with Relu as an
activation function.

Dropout Layer is also used for randomly setting input units
to 0 with a frequency of rate of 0.2 at each step during training
time.

In RNN, for 1st layer, LSTM is used with 128 units as input,
return Sequence set to true and a dropout rate of 0.25. For 2nd
layer, LSTM is used with 64 units as input, return Sequence
set to true and a dropout rate of 0.25.

Later, Dense layer is again used, the length of the
vocabulary used in a character-to-number mapping
(char to num). The + 2 indicates the addition of two extra
units, for special tokens like start and end symbols or padding,
with softmax as activation function.

And finally, CTC Loss layer is used for calculating CTC
loss at each step & Optimizer used is Adam with default
arguments.

6. SIMILARITY INDEX

The various techniques used for identifying similarity
indexes include:
6.1 Bidirectional Encoder from
Transformers’ similarity index

Representations

Bidirectional Encoder Representations from Transformers
(BERT) does not inherently have a similarity score
calculation; however, it can be used for semantic similarity
tasks through fine-tuning or by extracting embeddings from
BERT and then applying a similarity metric. Firstly, the input
sentences are tokenized using a tokenizer. These tokenized
sentences are then used to get contextual embeddings. These
embeddings can be pooled or aggregated to obtain fixed-size
vectors representing the entire sentences. During fine-tuning,
the model learns to map input sentence pairs to a similarity
score. During the fine-tuning process, the commonly
employed loss function is often mean squared error (MSE) or
another loss based on similarity. After obtaining the
embeddings, a similarity metric is applied to assess the
similarity between the embeddings of two sentences. Cosine
similarity is used, which computes the cosine between two
vectors.

A.B

Cosine Similarity (A,B) = IAIIIBII

(M

where,
A - B is the dot product of the vectors A and B.
IAl IBlare the magnitudes of vectors A and B, respectively.
Another metric that is sometimes used is Euclidean distance
or Manhattan distance, depending on the application.

6.2 Jaccard’s similarity index

Jaccard similarity serves as a metric for gauging the



similarity between two sets. It is quantified as the ratio of the
size of the intersection of the sets to the size of their union. The
formula for Jaccard Similarity (J) is expressed as follows:

|A n B

Jaccard's (A,B) = A0 B

2)

| ANB | : The size (number of elements) of the
intersection of sets A and B.
| AUB | : The size of the union of sets A and B.

The Jaccard Similarity ranges from 0 to 1, where 0 indicates
no similarity (no common elements) and 1 indicates complete
similarity (all elements are common).

Jaccard Similarity is often used in NLP and text analysis for
tasks such as document similarity, clustering, and
recommendation systems. It's particularly useful when dealing
with sets of items, such as words in documents or user-item
interactions.

6.3 TF-IDF Similarity

TF-IDF similarity is an indicator of the similarity between
two documents, considering the frequency of terms they have
in common. Widely applied in information recovery and text
mining, TF-IDF similarity is determined through the following
steps:

6.3.1 Term Frequency
For each term in a document, calculate the term frequency,
which is the number of times the term appears in the document.

The formula for TF is often given by:

TF(t,d)=

Number of occurences of term t in document d

€)

Total number of terms in document d

6.3.2 Inverse Document Frequency

For each term, calculate the inverse document frequency,
which measures how rare or common a term is across all
documents.

The formula for IDF is often given by:

IDF (1, D) =

Total number of documents in corpus |D|

(4)

loglog (
Number of documents containing term t +1

The "+1" in the denominator is to avoid division by zero.

6.3.3 TF-IDF score

Multiply the TF and IDF scores for each term to get the TF-
IDF score for that term in a particular document.

The formula for TF-IDF is often given by:

TF —IDF (t,d, D)=TF (t,d)*IDF(t, D) (5)

6.3.4 Cosine similarity

Once TF-IDF scores are calculated for each term in both
documents, the documents can be represented as vectors in a
multi-dimensional space. The similarity between the two
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documents is then calculated using the cosine similarity
between their TF-IDF vectors.
dl.d2

Cosine Similarity (d1,d2) = —————
Y 1]l 1d2]

(6)

Here, d1-d2 is the dot product of the TF-IDF vectors of the
two documents, and |d1| and |d2| are the Euclidean norms (or
magnitudes) of the vectors. The TF-IDF similarity involves
calculating TF-IDF scores for each term in both documents
and then computing the cosine similarity between the resulting
TF-IDF vectors.

6.4 Universal Sentence Encoder similarity index

The Universal Sentence Encoder (USE) similarity is
calculated using the USE model developed by Google. The
USE is a pre-trained deep learning model that transforms
sentences into high-dimensional vectors in a semantic space,
capturing their semantic meaning. The similarity between two
sentences can be measured using various similarity metrics,
such as cosine similarity.

Given two sentences, each sentence is passed through the
USE model to obtain high-dimensional vector embeddings for
each sentence.

The embeddings capture the semantic information of the
sentences in a continuous vector space. The similarity between
the embeddings of the two sentences is often measured using
cosine similarity. Cosine similarity gauges the cosine of the
angle between two vectors and varies between -1 (indicating
complete dissimilarity) and 1 (representing identical or
complete similarity). The resultant cosine similarity score
offers an assessment of the similarity or dissimilarity of two
sentences in terms of their semantic content. This score spans
from -1 to 1, with a higher value indicating a higher degree of
similarity.

7. RESULTS

An automated grading system should assign a score based
on how well prepared and written responses match.
Nonetheless, five distinct similarity metrics are used. The
trained network predicts the similarity score for textual
responses using multiple similarity measures. Five similarity
indicators are analysed and used to calculate the similarity
score between the pre-graded response and the test paper
response. The Hybrid OCR model was tested using three
different exam papers with six different rated answers ranging
from Grade 1 to Grade 6. The tables below display the
prediction rates for each paper response along with a
comparison with the ratings from the preset grading system.

Table 1 shows the similarity score utilising five similarity
measures between six different graded answers and the written
response to the test 1 question. Similar results for tests 2 and 3
are shown in Tables 2 and 3.

Tables 4-6 display the accuracy of the predicted response to
previously graded responses. With response 1 being the least
correct and response 6 being the best, the actual accuracy of
the graded papers increases from response 1 to response 6.
When we compare the results of each similarity index
algorithm, we find that Bert's Algorithm has the highest
accuracy (94.44%), whereas NLP, TF-IDF, and Cosine
similarity have the lowest accuracy (16.67%). At 33.33%,
Jaccard's similarity index accuracy is in the middle. Therefore,



the best algorithm for the suggested hybrid model is Bert's

algorithm.

Table 1. Predicted scores for test 1

Response 1 Response 2 Response3 Response4 Response S Response 6
NLP 0.927179 0.9372031 0.982409 0.979848 0.963663 1.0
Bert’s 0.730277 0.841064 0.823705 0.8621376 0.901318 0.918714
Jaccard’s 0 0 0.992063 0.992063 0.994652 0.996551
TF-IDF 0.262446 0.2475293 0.243709 0.355498 0.350407 0.605439
Cosine 0.3506283  0.4577176 0.426335 0.446714 0.332143 0.721433
Table 2. Predicted scores for test 2
Response 1  Response 2 Response3 Response 4 Response 5 Response 6
NLP 0.983604 0.977434 0.981429 0.987528 0.989230 1.0
Bert’s 0.803445 0.812047 0.849074 0.879383 0.899944 0.927431
Jaccard’s 0.96875 0 0 0.990566 0 0.996825
TF-IDF 0.465288 0.329288 0.350162 0.418527 0.341950 0.541592
Cosine 0.512151 0.475031 0.496146 0.508048 0.476731 0.494735
Table 3. Predicted scores for test 3
Response 1  Response 2 Response 3 Response 4 Response 5 Response 6
NLP 0.970894 0.985005 0.991156 0.988901 0.993377 1.0
Bert’s 0.814346 0.842840 0.849382 0.875386 0.909021 0.931793
Jaccard’s 0 0.980392 0 0.989898 0.994764 0.996062
TF-IDF 0.392852 0.364887 0.367230 0.341547 0.424030 0.500351
Cosine 0.540748 0.583819 0.595461 0.554688 0.509232 0.598844
Table 4. Accuracy of the predicted testl
NLP Bert’s Jaccard’s TF-IDF Cosine Expected Range
Response 1 0.0 1.0 1.0 0.0 1.0 0-0.825
Response2 0.0 1.0 0.0 1.0 0.0 0.825-0.85
Response 3 0.0 1.0 0.0 0..0 0.0 0.85-0.875
Response 4 0.0 1.0 0.0 0.0 0.0 0.875-0.9
Response 5 0.0 1.0 0.0 0.0 0.0 0.90-0.925
Response 6 1.0 1.0 1.0 0.0 0.0 0.925-1.0
Table 5. Accuracy of the predicted test 2
NLP Bert’s Jaccard’s TF-IDF Cosine Expected Range
Response 1 0.0 1.0 1.0 0.0 1.0 0-0.825
Response2 0.0 1.0 0.0 1.0 0.0 0.825-0.85
Response3 0.0 1.0 0.0 0..0 0.0 0.85-0.875
Response 4 0.0 1.0 0.0 0.0 0.0 0.875-0.9
Response 5 0.0 1.0 0.0 0.0 0.0 0.90-0.925
Response 6 1.0 1.0 1.0 0.0 0.0 0.925-1.0
Table 6. Accuracy of the predicted test 3
NLP Bert’s Jaccard’s TF-IDF Cosine Expected Range
Response 1 0.0 1.0 1.0 0.0 1.0 0-0.825
Response2 0.0 1.0 0.0 1.0 0.0 0.825-0.85
Response3 0.0 1.0 0.0 0..0 0.0 0.85-0.875
Response4 0.0 1.0 0.0 0.0 0.0 0.875-0.9
Response 5 0.0 1.0 0.0 0.0 0.0 0.90-0.925
Response 6 1.0 1.0 1.0 0.0 0.0 0.925-1.0

Figure 2 is a graph illustrating the error rate of a machine
learning model across multiple epochs. An epoch signifies a
complete iteration through the entire training dataset. The error
rate serves as a metric indicating the model’s performance on
the training data.

The blue line in the graph shows the error rate on the
training set. The red line shows error rate on a validation set.
Validation set is a holdout set of data that is not used to train
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models. It is used to evaluate how well the model is
generalizing to unseen data.

Figure 3 shows that the error rate on the training set
decreases as the number of epochs increases. This means that
the model is learning the training data better as it is trained for
more epochs. However, the error rate on the validation set also
decreases initially, but then starts to increase again after a
certain number of epochs. This is a sign of overfitting which



occurs when the model learns the training data too well, and is
no longer able to generalize to unseen data. The other possible
reasons for the spike in the error rate may be owing to the fact
that handwritten text in the IAM dataset contains variations in
writing style.

Figure 3. Error rate

The ideal number of epochs to train a model is the point
where the error rate on the validation set is minimized. This is
typically the point before the error rate on the validation set
starts to increase again.

Presented here in Figure 4 is a graphical representation of
the CER exhibited by a machine learning model trained on the
IAM dataset. The CER serves as a metric evaluating the
model's performance on the dataset, calculated by dividing the
number of errors made by the model by the total number of
characters in the dataset.

Figure 4. Character error rate (CER)

The x-axis of the graph shows the number of epochs trained.
An epoch is one pass through the entire training dataset. The
y-axis of the graph shows the CER.

The blue line in the graph shows the CER on the training
set. The red line shows the CER on a validation set. The
validation set is a holdout set of data that is not used to train
the model. It is used to evaluate how well the model is
generalizing to unseen data.

The graph shows that the CER on the training set decreases
as the number of epochs increases. This means that the model
is learning the training data better as it is trained for more
epochs. However, the CER on the validation set also decreases

973

initially, but then starts to increase again after a certain number
of epochs. This is a sign of overfitting.

Overfitting occurs if model learns the training data too well,
and is no longer able to generalize to unseen data. The spike
in the CER on the validation set at around 40 epochs is a sign
of overfitting. This suggests that the model is starting to learn
the specific idiosyncrasies of the training data, rather than the
general patterns that are common to all handwritten text.

Another possible reason for the spike is variations in writing
style and noisy data. The IAM dataset contains a wide variety
of writing styles, from very neat and tidy handwriting to very
messy and difficult to read handwriting. This can make it
difficult for the model to learn to generalize to all writing
styles. Additionally, the IAM dataset contains some noisy
data, such as images that are blurred or have smudges. This
can also make it difficult for the model to learn to generalize
to real-world data.

The possible solutions to address this overfitting are
increasing the size of the training data, using a more
representative training dataset, simplifying the model, using
regularization techniques, such as early stopping or dropout.
Also, a data augmentation technique to create a more diverse
training dataset can be used to solve the problem of variations
in writing style detection.

8. CONCLUSION

This research presented and evaluated a hybrid CNN-LSTM
model for HTR with specific application to automated answer
scoring. The proposed architecture successfully integrates
convolutional layers for spatial feature extraction with multi-
LSTM networks for temporal sequence modeling, unified
through CTC for end-to-end training. Our experimental
evaluation on the IAM Handwriting Database demonstrated
that the model effectively learns to recognize handwritten
English text, though training analysis revealed overfitting
behavior after approximately 40 epochs. The CER analysis
indicated that while the model performs well on training data,
variations in writing styles and noisy samples in the validation
set present ongoing challenges for generalization. These
findings suggest that future work should focus on data
augmentation techniques, regularization methods such as
dropout and early stopping, and potentially expanding the
training dataset to improve robustness across diverse
handwriting styles. The comparative analysis of five similarity
algorithms for automated answer scoring yielded significant
practical insights.

The maximum accuracy was attained using BERT-based
embeddings with cosine similarity, according to the results.
These findings show that for semantic similarity assessment in
educational situations, contextualised word embeddings from
transformer-based models such as BERT are significantly
more efficient than frequency-based or set-based methods.
This work's primary contributions are (1) empirical evidence
demonstrating the superiority of BERT embeddings for
automated answer scoring, (2) a thorough examination of
overfitting patterns in HTR models trained on the IAM
database, and (3) a comprehensive HTR pipeline combining
CNN and LSTM architectures suitable for educational
applications.

Nevertheless, it is important to acknowledge the limitations
of this study. With just eighteen replies from three papers, the
automated scoring evaluation was carried out on a somewhat



modest scale. Larger, more varied datasets covering a variety
of topics and question kinds should be used to verify the
generalisability of the similarity algorithm rankings.
Furthermore, the overfitting shown during training indicates
that optimisation of the current model architecture and training
procedure might be beneficial.

In conclusion, this research demonstrates that the
combination of modern deep learning architectures for HTR
with transformer-based similarity metrics offers a viable
pathway for automated assessment systems. The significant
performance advantage of BERT over traditional similarity
measures provides clear guidance for practitioners developing
educational technology applications, while the detailed
analysis of model training dynamics contributes valuable
insights for advancing HTR research.

The following are some future research directions: (1)
applying sophisticated regularisation techniques and data
augmentation to address overfitting; (2) extending the
automated scoring evaluation to larger datasets with a variety
of question formats; (3) looking into ensemble approaches that
combine multiple similarity metrics; (4) investigating domain-
specific BERT model fine-tuning strategies in educational
assessment; and (5) implementation of this system for
multilingual answers.
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