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Abstract - Manual evaluation of Optical Mark 

Recognition (OMR) sheets is a significant bottleneck in 

modern education, characterized by inefficiency, 

potential for human error, and delays in providing 

feedback. This paper presents the design, 

development, and evaluation of an intelligent, full-

stack exam evaluation system that integrates image 

processing, machine learning, and Artificial 

Intelligence to overcome these challenges. The system 

automates the assessment of multiple-choice questions 

by accurately scanning and evaluating OMR sheets 

using a custom engine powered by OpenCV and ML 

classifiers. A key innovation is the inclusion of a 

custom OCR pipeline, leveraging OpenCV and 

Tesseract, to extract questions directly from 

handwritten papers, eliminating tedious manual data 

entry. Furthermore, the system utilizes Large 

Language Models (LLMs), such as Google Gemini to 

generate personalized, AI-driven feedback for 

students, offering insights into their strengths, 

weaknesses, and targeted study suggestions.  

 

Index Terms - Automated evaluation, Image 

processing, Machine learning, Optical mark 

recognition, Large language models. 

 

INTRODUCTION 

 

The landscape of education and competitive 

examinations increasingly relies on multiple-choice 

question (MCQ) assessments administered via 

Optical Mark Recognition (OMR) sheets. While 

OMR technology facilitates standardized data 

capture, the subsequent evaluation process remains a 

significant challenge for many institutions. Manual 

grading of OMR sheets is inherently labor-intensive, 

susceptible to human error, and struggles to scale 

effectively with large numbers of candidates. These 

factors often lead to prolonged delays in result 

publication and crucially fail to provide timely and 

constructive feedback to students, hindering the 

learning process. The lack of detailed performance 

insights beyond a simple score limits students' 

ability to identify and address specific areas of 

weakness.  

To address these critical limitations, this project 

focuses on developing a comprehensive, automated 

OMR evaluation system enhanced with modern AI 

capabilities. The primary goal is to revolutionize the 

traditional grading workflow by significantly 

improving accuracy, speed, scalability, and the 

quality of feedback provided to learners.  

 

LITERATURE SURVEY 

 

OMR systems have progressed from simple pattern 

recognition to sophisticated machine learning-based 

solutions, significantly boosting grading accuracy 

for multiple-choice tests. Initial implementations 

often struggled with image quality variations and 

alignment problems. However, subsequent 

advancements in image processing and the 

application of machine learning algorithms, 

particularly Support Vector Machines (SVM) and 

deep learning architectures like CNNs, have greatly 

enhanced mark detection robustness, even under 

suboptimal conditions. These modern systems offer 

improved scalability and adaptability to various 

exam formats. Nevertheless, persistent challenges 

include effectively managing poor-quality scans, 

ensuring data security, and enabling truly seamless 

real-time processing. Integrating sophisticated 

capabilities such as reliable OCR for handwritten 

content and leveraging AI for deep, personalized 

feedback remain key areas for current research, 

representing the specific focus of this project. 

 

MATERIALS 

 

The development and implementation of this 

enhanced OMR system involved a structured 

approach using specific software tools, cloud 

services, hardware, and datasets to ensure accuracy, 

scalability, and robust performance. 
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I. Software Tools 

 Python (with Flask/FastAPI): Utilized for 

backend development, creating REST APIs, 

implementing core processing logic, and 

integrating various libraries. 

 ReactJS: Employed for building the dynamic 

and responsive frontend user interface, 

including role-based dashboards. 

 OpenCV: This crucial computer vision library 

powered image preprocessing tasks (grayscale, 

blur, thresholding, perspective correction) and 

OMR feature detection. 

 Tesseract OCR: Integrated for extracting text 

from scanned handwritten question paper 

images, enabling automated test digitization. 

 ML Libraries (Scikit-learn/TensorFlow/Keras): 

Used for implementing and training the SVM 

and CNN models for accurate OMR bubble 

classification. 

 AI and Cloud Services: The system utilizes key 

cloud services, primarily Firebase, which 

provides the real-time NoSQL database 

(Firestore) for storing essential application data 

such as user details, tests, results, and feedback, 

while also handling secure user authentication. 

Complementing the data management, external 

Large Language Model (LLM) APIs, like 

Google Gemini, were integrated to analyze 

student performance data stored within the 

system and generate personalized, AI-driven 

feedback. 

 

II. Hardware Tools 

 Standard Computer System: Used for 

development, training ML models (potentially 

GPU-accelerated), testing, and running the 

application components. 

 Image Scanner / Camera: Required for 

digitizing physical OMR sheets and 

handwritten question papers into image formats 

(JPG, PNG, PDF). 

 

III. Datasets 

 OMR Sheets: A diverse collection of scanned 

OMR answer sheets were used to train the ML 

models and test the evaluation accuracy under 

various conditions. 

 Question Papers: Sample images of handwritten 

tests were utilized to develop and validate the 

OCR extraction pipeline. 

 Answer Keys: Correct answers corresponding 

to the tests were stored, often in CSV format or 

within the database, for automated scoring. 

 

METHODS 

 

The proposed system was developed using a 

modular and AI-integrated approach, structured into 

distinct functional layers. Each layer was designed 

to fulfill a specific role in the exam evaluation 

pipeline, from dynamic test creation to OMR-based 

answer sheet processing and performance feedback. 

The methodology prioritizes automation, accuracy, 

and real-time accessibility for educators and 

students alike. 

 

I. Dynamic Question Paper Creation and Data 

Ingestion 

To modernize the test-setting process, the system 

enables teachers to upload handwritten or typed 

question papers, which are automatically digitized 

using a hybrid OCR pipeline. This pipeline 

combines Google Document AI for structured text 

extraction with Tesseract OCR for fallback parsing. 

The OCR process involves the following stages: 

 

 Image Preprocessing: 

1. Noise Reduction: Median and bilateral 

filters are applied to suppress background 

noise. 

2. Binarization: Adaptive thresholding 

converts the image into a high-contrast 

black-and-white format, improving text 

visibility. 

3. Skew Correction: The Hough Line 

Transform algorithm detects and corrects 

text-line misalignment to ensure accurate 

segmentation. 

 Text Line Detection and Layout Analysis: 

Tesseract internally performs connected 

component analysis to detect lines, words, and 

characters. It uses a two-pass recognition 

system: the first pass identifies words and 

makes an initial guess, while the second refines 

character boundaries using linguistic context. 

 Recognition Engine: The system uses a Long 

Short-Term Memory (LSTM) neural network 

architecture (as introduced in Tesseract v4+), 

trained on a pre-existing dataset. This allows 

the model to recognize both cursive and non-

standard handwriting by learning spatial 

dependencies between character strokes. 
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 Custom Vocabulary and Whitelisting: To 

increase precision, especially for structured 

questions and options (like “Q1.” or “(A)”), 

Tesseract is configured with a custom word list 

and character whitelist, guiding the engine 

toward domain-specific content and reducing 

misclassification. 

 Post-Processing and Validation: Extracted text 

is validated using rule-based matching to 

identify question structures (e.g., “Qx.” 

followed by four options), and any malformed 

sections are flagged for manual review. 

 

     
 FIGURE I 

OMR PROCESSOR ENGINE OUTPUT 

 

II. Attempting the Test  

Once a test has been successfully generated and 

assigned, the student interacts with the assessment 

interface via a secure, role-based web portal. This 

phase encompasses frontend rendering, backend 

orchestration, data binding, and user interaction 

tracking. The system ensures a seamless and 

responsive test-taking experience with real-time data 

synchronization and integrity validation. 

1. Test Retrieval and Authentication: Upon logging 

in, the student is authenticated using Firebase 

Authentication, which verifies their credentials and 

returns a secure token. This token is used to fetch 

test assignments from Firebase Firestore, where tests 

are indexed by user UID. 

2. Dynamic Test Rendering: The test is rendered 

dynamically using ReactJS components. Each 

question type—such as multiple-choice, true/false, 

or short answer is associated with a reusable 

component. These components are initialized with 

question data pulled from Firestore and are reactive 

to user inputs.  

 

III. Real-Time Confirmation and Feedback Trigger  

Upon successful submission of the test, the system 

initiates a real-time response pipeline that enhances 

the post-assessment experience for the student. 

Immediately after submission, the backend validates 

the integrity of the received responses, evaluates the 

objective questions against the answer key, and 

securely stores the results in Firebase Firestore. This 

enables the frontend to instantly reflect the student’s 

performance on their dashboard. When the student 

navigates to their OMR evaluation page, the system 

fetches their score and displays it prominently, 

followed by detailed AI-generated feedback.  

This feedback is not generic; it is contextual and 

question-specific—each question is accompanied by 

an explanation of why the selected answer is correct 

or incorrect, suggestions for improvement, and 

references to relevant topics or learning materials. 

To further support the student's understanding, a 

dedicated AI-powered chatbot interface becomes 

active on the same page. This chatbot, powered by 

the Gemini API, is constrained to respond only to 

queries related to the specific test, such as doubts 

about questions, scoring criteria, or topic 

clarifications. If the user attempts to ask questions 

beyond the scope of the test—for example, general 

knowledge or unrelated topics—the chatbot will 

politely decline to answer. This ensures that the 

post-test interaction remains focused and 

academically relevant, thereby reinforcing learning 

outcomes without distractions. The seamless 

combination of real-time scoring, personalized 

feedback, and an intelligent, topic-bound assistant 

enriches the student’s assessment journey and 

promotes reflective learning. 

 

IV. Teacher Dashboard and Analytics Reporting 

The teacher interface is designed to provide 

comprehensive insights and administrative control 

over the assessment process. Once authenticated, 

teachers are directed to a dedicated dashboard where 

they can monitor real-time statistics for every test 

they’ve created or administered. For each test, the 

system displays key metrics such as the number of 

students who have appeared, the average score 

across all participants, the highest and lowest scores, 

and the overall accuracy rate. These analytics are 

generated dynamically from the evaluation data 

stored in Firestore and are visualized using 

interactive charts and tables for better readability. In 

addition to real-time monitoring, teachers can 

download a complete performance report in CSV 

format, which includes aggregated statistics as well 

as detailed records of each student’s marks. This 

downloadable report serves as a ready-to-use 

document for academic record-keeping or further 

analysis. The platform also features a dedicated 

section for test-wise student performance, where 

teachers can select any test and view the list of 
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students along with their individual scores, question-

wise responses, and accuracy rates. This granular 

breakdown not only helps in identifying learning 

gaps but also supports data-driven decision-making 

in classroom strategies. The entire system ensures 

secure, role-based access and an intuitive UI, 

empowering educators with actionable insights 

while maintaining the privacy and integrity of 

student data. 

 

V. Testing and Validation 

The system was rigorously tested using a diverse 

dataset of 500 OMR sheets. These sheets were 

selected to represent a variety of real-world 

conditions, including variations in marking 

intensity, skew, and noise. The performance of the 

system was evaluated based on accuracy, speed, and 

scalability. 

 Accuracy Testing: The accuracy of the system 

was measured by comparing its results to 

manually verified answers. The system 

consistently achieved a 98% accuracy rate 

across different conditions. 

 Speed Testing: The average processing time per 

sheet was approximately 0.06 seconds, allowing 

the system to reach a peak throughput of up to 

1500 OMRs per minute. This makes it highly 

efficient and suitable for large-scale 

examinations. 

 Scalability Testing: The system’s ability to 

handle high workloads was tested by processing 

batches of over 417 sheets in 23.4 seconds. It 

maintained excellent performance and 

responsiveness, demonstrating its capability to 

scale effectively in high-volume assessment 

environments. 

 

DISCUSSION 

 

The development and integration of various 

components in the AI-powered OMR evaluation 

system reveal several critical insights about the 

usability, performance, and future scope of 

intelligent assessment platforms. Unlike 

conventional systems limited to basic OMR 

evaluation, our architecture introduces AI elements 

that not only automate marking but also enrich the 

learning loop through dynamic feedback and data-

driven insights. 

One of the key aspects observed during system 

deployment was the seamless flow between 

different modules—OMR sheet evaluation, question 

paper generation, real-time analytics, and AI-

generated feedback—demonstrating a tightly 

integrated ecosystem. The use of Flask as a 

lightweight backend coupled with Firebase and 

ReactJS ensures both scalability and real-time 

responsiveness. With this stack, educators and 

students can interact with the system in a highly 

fluid manner: from uploading responses to instantly 

viewing personalized analytics and 

recommendations. 

The integration of Tesseract OCR, in conjunction 

with Google Document AI, proved to be effective in 

extracting structured text from handwritten or 

scanned question papers. This forms the backbone 

for creating AI-generated tests, which are then 

customized based on topics and difficulty levels. 

This approach helps bridge the gap between 

traditional static testing methods and adaptive 

learning paradigms. 

From a pedagogical standpoint, the system’s ability 

to provide real-time confirmation and contextual 

feedback based on answer-wise performance 

significantly enhances student engagement. The 

addition of a focused AI chatbot restricted to test-

related interactions ensures that the academic 

context is preserved and distractions are minimized. 

Teachers, on the other hand, benefit from a detailed 

analytics dashboard that not only visualizes 

performance trends but also supports administrative 

workflows such as downloading result reports or 

viewing test-wise breakdowns. 

Moreover, the modular nature of the architecture 

allows future enhancements such as subjective 

answer evaluation using NLP models, multilingual 

support, and LMS integration. By analyzing the 

real-world usage data and feedback from initial 

testing phases, it’s evident that such a system has 

the potential to transform assessment 

methodologies—making them faster, smarter, and 

more personalized. 

 

CONCLUSION AND FUTURE SCOPE 

 

The proposed AI-powered OMR evaluation system 

presents a robust, scalable, and intelligent solution 

for modernizing the assessment workflow in 

educational environments. By automating the end-

to-end evaluation process—from question paper 

extraction to OMR grading and performance 

feedback—the system significantly reduces manual 

workload, minimizes errors, and delivers real-time, 

data-driven insights for both students and educators. 



© April 2025 | IJIRT | Volume 11 Issue 11 | ISSN: 2349-6002 

IJIRT 176150   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY      4975 

Leveraging technologies such as Tesseract OCR for 

handwritten question recognition, SVM and CNN 

models for accurate bubble detection, and large 

language models (LLMs) for generating 

personalized feedback, the platform not only 

enhances accuracy but also ensures a high degree of 

adaptability to diverse examination formats. 

The user-friendly ReactJS frontend, backed by 

Firebase authentication and real-time Firestore 

integration, ensures a seamless experience for 

students and teachers alike. Students benefit from 

instant score visibility, answer-wise performance 

analysis, and an AI-powered chatbot restricted to 

test-related queries, promoting focused academic 

interaction. Teachers, on the other hand, gain access 

to detailed analytics including test-wise performance 

reports, student-wise breakdowns, average scores, 

and participation metrics, all of which can be 

exported for further analysis and record-keeping. 

Looking forward, several exciting enhancements are 

planned to expand the system’s capabilities and 

reach. These include support for subjective answer 

evaluation using advanced NLP techniques, offline 

usability in low-connectivity regions, and 

integration with popular Learning Management 

Systems (LMS) to create a seamless academic 

ecosystem. Improved OCR accuracy for diverse 

handwriting styles and a dedicated mobile 

application for scanning OMR sheets via 

smartphones will further enhance accessibility and 

usability. 

Overall, this system lays the groundwork for a 

smarter, faster, and more personalized assessment 

experience. It bridges the gap between traditional 

paper-based testing and modern AI-driven 

evaluation, positioning itself as a comprehensive 

solution for educational institutions, competitive 

testing environments, and large-scale government 

examinations. With its modular design, AI 

integration, and strong data analytics capabilities, 

the system is well-equipped to contribute 

meaningfully to the future of education technology 

and digital assessments. 
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