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ABSTRACT

The world is moving towards computerization. Manually
checking the answer sheets takes a lot of time and effort from
the schoolteachers and college professors. To address this
challenge, our project aims to streamline the evaluation process
by converting handwritten student responses into digital text
and comparing them with predetermined model answers
provided by educators. This is made possible through the
integration of cutting-edge technologies such as optical
character recognition (OCR), natural language processing
(NLP), and machine learning algorithms. By the utilization of
advanced BERT (Bidirectional Encoder Representations from
Transformers) models and cosine similarity algorithms, our
system ensures accuracy and efficiency when evaluating
student answers. Rather than focusing on answer length, the
project's main goal is to optimize mark distribution based on
key terms. This will save educators time and effort while
advancing a fair and uniform evaluation process. Additionally,
this approach helps students understand concepts more clearly
and motivates them to give exact and accurate answers, which
helps produce results that are fair and equal.
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1. INTRODUCTION

In the current digital era, where innovations in technology are
changing every aspect of life, the education sector is ripe for
change. It has long been known that the conventional approach
of physically grading handwritten answer sheets is a time-
consuming and labor-intensive procedure that presents
difficulties for teachers and students alike. This inefficiency not
only wastes important teaching time but also interferes with
timely feedback delivery, which impairs learning. Driven by
the urgent need to improve educational effectiveness and
modernize Assessment procedures, this study aims to
investigate how Natural Language Processing (NLP) methods
might be incorporated into the assessment of handwritten
answer sheets.

1.1. Motivation

This project has a variety of motivations. First off, instructors
can reduce the workload associated with manual grading and
free up important time and resources by automating the
evaluation process using Optical Character Recognition (OCR)
driven by natural language processing. Teachers can now focus
more on the unique needs of each student, creating
individualized learning experiences and promoting academic
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progress academic progress, thanks to Their increased
efficiency. Additionally, applying NLP can lessen the biases
and inconsistencies that come with subjective grading, which
would advance equity and fairness in assessment results.
Furthermore, integrating technology into assessment is in line
with the larger trend in society towards digitalization and gives
students the tools they need to succeed in the workforce of the
of the twenty-first century.

1.2.  Contribution

This study's main contribution is its investigation of new
strategies to deal with the persistent problems with handwritten
response sheet assessment. This project aims to transform
conventional evaluation methods and usher in a new era of
efficiency and objectivity in education by utilizing the potential
of natural language processing. Our goal is to clarify the
viability and efficiency of incorporating NLP approaches into
the review workflow using thorough experimentation and
analysis. Additionally, the goal of this research is to offer
practical advice and best practices for integrating NLP-
powered evaluation tools into educational settings. In the end,
though, we hope to make a beneficial impact on education and
enable both teachers and students to prosper in a society
growing more and more reliant on technology.

2. RELATED WORK

2.1. Traditional Evaluation Methods

Historically, handwritten answer sheet evaluation has relied
heavily on manual grading by educators. Research in this area
has highlighted the inherent limitations of traditional
evaluation methods, including subjectivity, inconsistency, and
inefficiency (Smith et al., 2017; Jones & Brown, 2019). While
efforts have been made to standardize grading criteria and
provide training for educators, the reliance on human judgment
remains a fundamental challenge.

2.2.  Assessment Automation

These days, more and more people are interested in automating
assessment processes through technology. Many approaches,
including the use of machine learning algorithms, natural
language processing, and computer vision techniques, have
been studied. For example, Liu et al. (2020) 1developed a
system for automated grading of mathematical expressions
using deep learning models, while Wang et al. (2018) proposed
a method for assessing short answer questions based on
semantic similarity.



2.3.  Application of Natural Language
Processing (NLP)

The field of natural language processing (NLP) has shown great
promise in automating the interpretation of textual data,
including handwritten responses. Previous studies have shown
that NLP techniques work well for tasks including named entity
recognition, sentiment analysis, and text categorization
(Jurasky &Martin, 2019). Relatively few research, nonetheless,
have concentrated especially on using NLP to assess
handwritten response sheets.

2.4. Integration of OCR and NLP

A new method for automating the evaluation of handwritten
answer sheets is presented by combining optical character
recognition (OCR) with natural language processing (NLP). It
is feasible to automate grading jobs with a high degree of
accuracy by extracting textual information from digital
photographs of answer sheets and using NLP algorithms for
analysis (Li et al., 2021; Kim & Lee, 2022). These studies have
opened the door for more research in this field by
demonstrating the viability and efficacy of OCR- NLP
integration in a range of educational scenarios.

2.5. Challenges and Opportunities

Even while the evaluation of handwritten response sheets using
OCR and NLP shows promise, there are still several obstacles
to overcome. These consist of addressing the variety of
handwriting styles, guaranteeing text extraction accuracy, and
preserving the security and integrity of the evaluation
procedure. However, the potential advantages of automation
such as improved consistency, efficiency, and fairness
highlight the necessity of ongoing study and advancement in
this area.

3. TECHNICAL BACKGROUND
3.1.  Natural Language Processing (NLP)

Natural language processing is an artificial intelligence area
that focuses on how computers and human language interact.
Due to natural language processing, computers can now
understand, analyze, and generate meaningful and useful
human language (NLP). Language generation, syntactic
analysis, conceptual understanding, and text preparation are
examples of NLP methods. Natural language processing has
several applications, including responding to question systems,
summarization of texts, sentiment evaluation, and machine
translation.

3.2.  Tokenization

Tokenization is the process of dividing a text into smaller parts
called tokens, which are usually words or sub-words. This
procedure makes it easier to process and analyze text data in
the future. There are three different levels at which tokenization
can be carried out: word, sub-word, and character. The well-
known BERT (Bidirectional Encoder Representations from
Transformers) tokenizer creates tokens from input text by
using a transformer model that has already been trained.

3.3.  Optical Character Recognition

(OCR)

Optical Character Recognition (OCR) is a technology that
converts scanned images or handwritten text into machine-
readable text. Character segmentation, feature extraction,
picture preprocessing, and pattern recognition techniques are
commonly used in OCR systems. Google Cloud Vision is a
cloud-based optical character recognition(OCR) service that
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lets users recognize objects, extract text from photos, and
conduct high-accuracy OCR jobs.

3.4.  Cosine Similarity

Cosine similarity is a metric used to measure the similarity
between two vectors in a multidimensional space. It computes
the cosine of the angle, which indicates how similar two vectors
are, to each other. Cosine similarity finds widespread
applications in recommendation systems, document similarity
analysis, and information retrieval. Cosine similarity can be
used in NLP to compare the semantic similarity of word
embedding or text texts.

3.5. PDF to Image Conversion

Converting Portable Document Format (PDF) files into picture
files, like JPEG or PNG, is known as PDF-to-image
conversion. With the help of this procedure, text or images
from PDF documents can be extracted for additional processing
or analysis. A tool or library called PDF2Image is used to
convert PDF files to images, making it simpler to handle and
manipulate the content of documents. These technological
elements provide the basic framework for the creation and
application of automated systems for evaluating handwritten
response sheets, combining a variety of instruments and
methods to provide accurate and productive evaluation
procedures.

4. PROPOSED SYSTEM

The proposed system aims to modernize the assessment of
handwritten answer sheets by incorporating modern
technologies like Natural Language Processing (NLP), Optical
Character Recognition (OCR), and cosine similarity analysis.
The system's design is made up of several important elements,
each of which contributes to improving the efficiency and
accuracy of the evaluation procedure. It uses these technologies
to improve the understanding, transcription, and comparison of
handwritten responses, which in turn saves up and improves the
accuracy of the evaluation procedure.
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Fig. 1. Sequence of Proposed System

4.1. Handwritten Answer Sheet Input
The system begins by receiving handwritten answer
sheets as input. These answer sheets can be scanned
documents or digital images captured using cameras or
mobile devices. The input images are then processed to
extract the handwritten text using OCR technology.

4.2. Handwritten Content Digitization

Once the handwritten answer sheets are input into the system,
OCR technology is employed to convert the images into
machine-readable text. The OCR process involves text
recognition, character segmentation, and feature extraction to
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transcribe the handwritten content into digital format
accurately.

4.3. Tokenization and Word Embedding
After OCR processing, the extracted text undergoes
tokenization using advanced tokenization techniques such as
the BERT tokenizer. This step breaks down the text into tokens,
which are then transformed into word embeddings. Word
embeddings capture the semantic meaning of words in a vector
space, enabling more effective analysis and comparison of
textual data.

4.4.  Cosine Similarity Analysis

The similarity between the student's responses and the
reference answers is evaluated using cosine similarity analysis
after the text has been tokenized and represented as word
embeddings. The cosine of the angle formed by two vectors is
calculated using cosine similarity, which gives a similarity
score. Finding appropriate keywords and evaluating the
semantic relationship between the student's responses and those
expected are two benefits of this technique.

45. Evaluation and Feedback

Based on the cosine similarity scores and predefined grading
criteria, the system automatically assigns marks to each answer.
Educators can also review the evaluated answers and provide
additional feedback or adjustments as needed. The system
generates comprehensive feedback reports for students,
detailing their scores, areas for Improvement, and suggested
corrective actions.

4.6. Integration with Learning

Management Systems (LMS)

The proposed system is designed to seamlessly integrate with
existing Learning Management Systems (LMS), allowing for
easy submission of answer sheets, retrieval of evaluation
results, and incorporation of feedback into the learning process.
This integration streamlines administrative tasks for educators
and enhances the overall educational experience for students.

5. MATHEMATICAL MODEL

The project's system design is heavily influenced by the
mathematical model. It uses two primary parameters to
establish the score criteria. The total number of questions (Q)
and the maximum possible score (M) that may be obtained.
Content Analysis (A) and Handwritten Recognition (H) are the
two main components of the model.

The handwriting recognition score is represented by H, which
has a range of 0 to 1, with 1 signifying flawless recognition and
0 indicating inadequate recognition. In a similar vein, A
represents the content analysis score, which goes from 0 to 1,
with 1 representing perfect relevance and O representing
irrelevant content.

The overall score (O) is calculated as a weighted sum of H and
A, with weights assigned to each component (WH and WA).

In the end, the total score and the established scoring criteria
are used to calculate the final score (F).

F=0/M=x*Q

This model offers a methodical way to assess the system's
performance, guaranteeing precision and efficacy in
handwritten content recognition and relevance analysis.

International Journal of Computer Applications (0975 — 8887)
Volume 186 — No.16, April 2024

Al"{*fﬁ(r‘q] Iwﬂ”,‘se*\(( is #he feld of Compute r
SC(‘(V‘LC +0 (N.A(A Om (l"QAe'nj ,w\qc,h:'nts ‘W\ak tan

Mimic human intelligemee . T4+ includes techmol
like wmaeh

0356»3

b Leﬂf'n.'ms and mewral meiuwor kg,

Erabling Compukers 4o perform 4arbs tuth o

(Ob’t I3 !
P L a\umjn ‘”\swﬁe Hramslabom  and

decisism na k(mﬁ,
AT haa applicabions o, vaviow fondustries promig

| ) POOMIS m
Cé()/“'(“‘ﬂ tmol rroduw'u:l»j {mprovements, :

HOwcver, ethital concerms liKe

biss amd § oli»?
: Job I“Ctvne ¢
r(qwr‘ Care {VJ tombiderahiam i

with responsib I Ba[q“dw e o
, fonsi ;:L3 S oCrudad for ML/ i !
postive :w\rm(' of AT oy S0 ey .

Fig. 2. Student Handwritten Answer

5.1. OCR Processing

OCR technology extracts handwritten text from input images,
converting it into machine-readable format for analysis. The
output is a digital representation of the extracted text.

ArtfcialIntelligence s the field of computer science focused on creating machings that can mimic
human intelligence. It includes technologies fike maching Learing and neural networks. Enabling
computers to perform tasks sch as problem solving, language translation decision making. and A
has applications in various Industres, effciency and productivity improvements. promising However
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Fig. 3. OCR Conversion of Student Answer Sheet

6. USER INTERFACE
6.1. Login Page
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Fig. 4. Login Page
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6.3. Admin Dashboard
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Teachers Dashboard

Fig. 7. Teachers Dashboard
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6.6.  Answer sheet Submission Dashboard
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Fig. 9. Answer sheet Submission Dashboard

6.7.  Paper Result
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7. CONCLUSION

The "Digital Handwritten Answer Sheet Evaluation System"
project represents an important advance in the field of
education and can completely change the way that students are
evaluated. This approach reduces the burden on educators and
promotes better student learning experiences by addressing
long-standing problems including time- consuming manual

grading, inconsistent assessment standards, subjective
evaluation, delayed feedback, and scalability concerns. It
provides advantages including enhanced efficiency,

objectivity, and quick feedback provided through automation
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and the integration of cutting- edge technology. Furthermore,
because of its flexibility and customization, it can be easily
adapted to fit the demands of a wide range of educational
settings and smoothly transitions with the times

8. FUTURE ENHANCEMENTS

There are several opportunities for further upgrades and
changes, and the proposed method provides significant
advantages over the examination of handwritten response
sheets. Future improvements may include creating a time-
limited online exam platform and automating a portal where
students can view their exam history and marks. Furthermore,
adding functionality for evaluating tables, diagrams, and other
components of handwritten sheets will improve the system's
capabilities, providing a more thorough evaluation and
increasing the involvement of students.
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