© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002

Next-Gen Exam Evaluation Integrating OMR Accuracy
with AI-Powered Assessment and Adaptive Learning

Krish Chaudhari!, Pratik Pacharne?, Rohan Shinde®, Amruta Gangaji*
123Student, Department of Computer Engineering, RMD Sinhgad School of Engineering, Warje, Pune,
Maharashtra, India
‘Assistant Professor, Department of Computer Engineering, RMD Sinhgad School of Engineering, Warje,
Pune, Maharashtra, India’

Abstract—The increasing scale of academic and
competitive examinations demands fast, accurate, and
reliable evaluation systems. Traditional manual checking
and hardware-dependent OMR solutions are time-
consuming, error-prone, and difficult to scale. This paper
presents a next-generation Al-powered exam evaluation
system that automates the complete assessment process,
from scanning OMR sheets to generating personalized
feedback. The system uses computer vision techniques
with OpenCYV to detect marked responses from scanned
OMR images, eliminating the need for specialized
hardware. Additionally, handwritten question papers are
processed using Optical Character Recognition (OCR)
through Document Al, which converts them into
structured digital format for automated test creation.

The system further integrates Large Language Models
(LLMs) to enable intelligent features such as automatic
answer generation, student performance analysis, and
personalized feedback. A full-stack architecture is
implemented using ReactJS for the frontend, Python
Flask for backend processing, and Firebase for
authentication and real-time database management. The
platform supports end-to-end evaluation including test
creation, student response handling, OMR processing,
Al-based feedback, and chatbot-assisted doubt solving.
Experimental results show high efficiency with rapid
processing and real-time feedback generation. This
approach enhances evaluation accuracy, reduces manual
effort, and provides an adaptive learning experience,
making it suitable for modern educational environments.

I.  INTRODUCTION

The evaluation of examinations is a fundamental
component of the education system, yet traditional
methods of assessing answer sheets remain inefficient
and time-consuming. Manual checking of Optical
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Mark Recognition (OMR) sheets and handwritten
responses often leads to errors, delays, and
inconsistency in grading. Hardware-based OMR
systems, while faster than manual methods, require
specialized equipment and lack flexibility. With the
increasing volume of academic and competitive
examinations, there is a strong need for an automated,
accurate, and scalable evaluation system that reduces
human effort while maintaining reliability and
fairness.

This work presents a next-generation exam evaluation
system that integrates Optical Mark Recognition
(OMR), Optical Character Recognition (OCR), and
Artificial Intelligence (AI) to automate the entire
assessment pipeline. The system uses computer vision
techniques to detect marked answers from scanned
OMR sheets and processes handwritten question
papers using OCR to extract structured data. Large
Language Models (LLMs) are utilized to generate
answers, evaluate responses, and provide personalized
feedback based on student performance. The platform
is implemented using a full-stack architecture with
React]JS for the frontend, Python Flask for backend
processing, and Firebase for authentication and data
storage. By combining automation with Al-driven
insights, the proposed system improves evaluation
speed, enhances accuracy, and supports adaptive
learning, making it suitable for modern digital
education environments.
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II. LITERATURE REVIEW

Several research studies have explored the automation
of exam evaluation using Optical Mark Recognition
(OMR), Optical Character Recognition (OCR), and
machine learning techniques. Early OMR systems
relied on template-based and thresholding methods
using image processing techniques such as edge
detection, contour analysis, and grayscale conversion.
These approaches provided cost-effective alternatives
to traditional OMR scanners but were sensitive to
noise, lighting conditions, and sheet alignment. Recent
advancements introduced machine learning and
Convolutional Neural Networks (CNN) for OMR
detection, improving robustness against variations in
marking patterns and image quality. These learning-
based approaches demonstrated higher accuracy and
adaptability compared to rule-based methods.

In parallel, OCR and Natural Language Processing
(NLP) techniques have been applied to evaluate
handwritten and descriptive answers. OCR systems
extract textual content from scanned documents, while
NLP models analyze responses using keyword
matching and semantic similarity. However, many
existing systems rely heavily on keyword-based
evaluation, which fails to capture conceptual
understanding. Some studies have proposed hybrid
models combining OCR with deep learning and
semantic analysis, achieving improved grading
consistency. Despite these advancements, most
existing solutions focus either on objective evaluation
or descriptive assessment separately and lack a
unified, scalable framework.

To address these limitations, the proposed system
integrates OMR, OCR, and Al-based evaluation into a
single end-to-end platform. It eliminates dependency
on specialized hardware, improves accuracy using
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computer vision techniques, and enhances evaluation
quality through Large Language Models (LLMs) for
personalized feedback and adaptive learning. This
combined approach provides a comprehensive,
scalable, and intelligent solution for modern
examination systems.

III. PROPOSED METODOLOGY

The proposed system follows a structured, end-to-end
evaluation pipeline that integrates OMR processing,
OCR-based extraction, and Al-driven analysis into a
single platform. The system is designed to handle both
objective and descriptive assessments while
maintaining high accuracy and scalability.

4.1 Input Acquisition

The system accepts two primary inputs:

=  Answer key created by the teacher

= Student responses in the form of scanned OMR
sheets or handwritten question papers

Teachers create tests through a web interface by
defining questions and correct answers, which are
stored in the database. Students access tests using a
unique test code and submit their responses digitally.

4.2 Image Preprocessing

All uploaded images undergo preprocessing to
improve detection accuracy:

=  Conversion to grayscale

= Noise removal using filtering techniques

= Thresholding for clear segmentation

= Alignment correction for skewed images

These steps ensure consistent input quality for further
processing.

4.3 OMR-Based Objective Evaluation
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The system supports automatic test creation from

handwritten papers:

= Teachers upload handwritten question sheets

=  OCR (Document AI) extracts text from images

=  Extracted content is structured into questions and
options

= Correct answers are automatically generated or
manually verified

This eliminates manual data entry and speeds up test

creation.

TEACHER
+ Create Test
+ Upload Questions
* View Results

- Manage Students
STUDENT. FRONTEND BACKEND
. e Reactls Python Flask
+ Uplosd Answers J— -
{OMR / Handwritten) =
* View Feedback
+ Performance Analysis
) ]
Flask
ADMIN
P i
n + Manage Tests JE—
- System Monitoring
« Reports
User Interface Core Application

The system is implemented using a full-stack
architecture:

*  Frontend: ReactJS for user interface

= Backend: Python Flask for processing and APIs

= Database: Firebase Firestore for real-time storage
= Authentication: Firebase Authentication

= Al Services: Document Al and Gemini API

All components communicate through secure APIs to
ensure smooth data flow.

4.7 Output Generation

The system produces multiple outputs:

=  OMR evaluation score with detected answers

»  Structured test from handwritten input

*  Question-wise performance analysis

= Al-generated feedback and suggestions

*  Chatbot-based doubt resolution

This ensures a complete evaluation experience for
both teachers and students.
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Processing Modules

4.5 Al-Based Evaluation and Feedback

The system integrates Large Language Models
(LLMs) to enhance evaluation:

=  Generates answers for extracted questions

=  Analyzes student responses

=  Provides personalized feedback for each question
= Suggests improvement areas and topics

This enables adaptive learning by focusing on student
weaknesses.

4.6 System Architecture
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IV. EXPERIMENTAL SETUP &
IMPLEMENTATION.

The proposed system is implemented as a full-stack
web application designed to automate exam evaluation
using OMR, OCR, and Al-based feedback
mechanisms. The system architecture consists of a
frontend developed using React]S, a backend built
with Python (Flask/FastAPI), and Firebase for
authentication and real-time data storage. The
experimental setup includes testing the system using
scanned OMR sheets and handwritten question papers
under varying conditions such as lighting, alignment,
and image quality. The system ensures reliable
performance without requiring specialized OMR
hardware.

The implementation is divided into multiple modules
including OMR processing, OCR extraction, Al-based
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evaluation, and user interface management. The OMR
module uses OpenCV for image preprocessing
techniques such as grayscale conversion, thresholding,
and contour detection to identify marked responses.
The OCR module utilizes Tesseract OCR along with
preprocessing techniques like noise removal and skew
correction to extract handwritten text. The Al module
integrates Large Language Models (LLMs) such as
Gemini/GPT to generate personalized feedback based
on student performance. The system workflow
includes image wupload, preprocessing, answer
detection, evaluation, and feedback generation,
ensuring an end-to-end automated pipeline.

5.1 Algorithms Used

1. OpenCV-Based OMR Detection Algorithm

= Convert image to grayscale

= Apply Gaussian blur for noise reduction

= Perform thresholding for segmentation

= Detect contours to identify answer bubbles

2. Support Vector Machine (SVM) Classification

Algorithm

* Train model using marked/unmarked bubble
dataset

= Extract features such as intensity and pixel
distribution

= (Classify bubbles using decision boundary

Formula:

f(x) = sign(w™x + b)

3. Tesseract OCR Text Extraction Algorithm

* Input handwritten image

= Apply preprocessing (denoising, skew correction)
= Extract text using Tesseract OCR

= Structure extracted data into questions

4. Large Language Model (LLM) Feedback
Generation Algorithm

* Input student answers + correct answers

*  Format structured prompt

=  Generate feedback using LLM

=  Output personalized suggestions

V. RESULTS

The proposed system was tested across multiple
modules, including OMR evaluation, OCR-based
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question  extraction, and Al-driven feedback
generation. The results demonstrate that the system
performs efficiently in real-time conditions and
handles large-scale evaluation tasks with high
accuracy. The OMR processing module successfully
detects marked responses from scanned sheets using
image preprocessing and contour-based detection.
Experimental observations show an average
processing time of approximately 0.06 seconds per
OMR, enabling the system to handle over 1000 OMR
sheets per minute under optimal conditions. This
highlights the system’s ability to deliver fast and
scalable evaluation without requiring specialized
hardware.

The platform also integrates OCR and Al modules to
enhance functionality beyond traditional systems.
Handwritten question papers are successfully
converted into structured digital tests using OCR,
reducing manual effort. The Al module generates
personalized feedback by analyzing student
performance and identifying weak areas. The system
includes separate dashboards for teachers and
students, ensuring clear interaction and result
visualization. Teachers can create and manage tests,
while students can track their performance and receive
feedback. Overall, the system provides a complete,
automated evaluation pipeline that improves accuracy,
reduces evaluation time, and supports adaptive
learning.

Performance Evaluation Metrics

Model Accurac | Precisi | Rec | F1- | ROC-
y(%) on all Sco | AUC
re
OMR 98.5 0.97 0.9 0.9 | 0.06
Detectio 8 7 sec/ima
n ge
OCR 923 0.91 0.90 | 090 | 0.12
Extract sec/ima
ion ge
Large 90.8 0.89 0.88 | 0.88 | Real-
Langu time
age
Model
(LLM)
Overall | 94.7 0.92 092 | 092 | ~1000
System OMR/
min
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VI. CONCLUSION

The proposed system presents a complete Al-powered
solution for modern exam evaluation by integrating
Optical Mark Recognition (OMR), Optical Character
Recognition (OCR), and machine learning techniques
into a unified platform. It removes the dependency on
manual checking and specialized OMR hardware by
using computer vision-based processing for objective
answer detection. The system also extends evaluation
capabilities by extracting handwritten questions
through OCR and generating intelligent feedback
using Large Language Models. This combination
ensures faster processing, improved accuracy, and a
more efficient evaluation workflow.

Experimental results demonstrate that the system
achieves high processing speed and reliable
performance wunder real-world conditions. The
integration of Al enables personalized feedback and
adaptive learning, helping students identify weak areas
and improve their understanding. The full-stack
architecture ensures scalability, real-time data
handling, and ease of deployment in educational
institutions. Overall, the system provides a practical,
cost-effective, and intelligent alternative to traditional
evaluation methods, making it suitable for large-scale
academic and competitive examination environments.

IJIRT 204562

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

d__  Higherehees indicate detter performancs

VIL. FUTURE SCOPE

The proposed system can be extended in several
directions to enhance its capabilities and applicability.
One major improvement is the inclusion of subjective
answer evaluation, where advanced Natural Language
Processing and deep learning models can be used to
assess long descriptive answers with higher accuracy.
Improving OCR performance for diverse handwriting
styles and low-quality images will further increase
reliability. The system can also be enhanced by
incorporating functionality,  allowing
evaluation without continuous internet access, which

offline

is useful in remote or resource-limited environments.
Future developments can also focus on real-time
analytics and intelligent dashboards to provide deeper
insights into student performance trends. Integration
with Learning Management Systems (LMS) can
automate the complete assessment lifecycle, from test
creation to evaluation and reporting. Additionally,
deploying the system as a mobile application will
improve accessibility for both students and educators.
Advanced Al features such as predictive performance
analysis, adaptive question generation, and voice-
based interaction can further transform the platform
into a fully intelligent and personalized learning
ecosystem.
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