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ABSTRACT:

Our project, Rapid Maker, is a web-based platform that allows users to draw and classify their sketches using advanced machine learning technologies. By
combining TensorFlow, PyTorch, and NumPy, it provides accurate and quick predictions for user-drawn objects. This project is designed to enhance creativity and
make learning about Al simple and interactive. It helps users understand how computers can recognize and interpret humandrawn images in real time. Rapid Maker
is not only a fun tool but also an educational platform that showcases the potential of artificial intelligence in solving real-world problems in an engaging and user-
friendly way..
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1. Introduction

Our project, Rapid Maker, is a simple and interactive web-based application that allows users to draw and recognize sketches in real time. It uses powerful

tools like TensorFlow, PyTorch, and NumPy to analyze and classify drawings accurately. The goal of the project is to make learning about artificial
intelligence (Al) fun and easy for everyone. With Rapid Maker, users can explore how Al works in a creative way by sketching different objects and
seeing how the system understands them. It shows how machines can learn and recognize patterns, which is an important part of modern technology.
This project is designed to inspire creativity while teaching the basics of Al It is perfect for students, hobbyists, and anyone curious about how machines
process visual information. Rapid Maker proves that Al can be both educational and exciting, encouraging people.

1.1 The Growing Demand for Intelligent and Seamless Human-Computer Interaction

With the rapid rise of Al applications and smart interfaces, the need for intuitive, secure, and accessible interaction methods has never been greater. In
fields like education, healthcare, and digital design, there is a growing reliance on systems that can interpret human input beyond traditional keyboard
and mouse interactions. For instance, a student using a smart whiteboard or a designer sketching rough ideas expects the system to recognize and respond
intelligently. However, such interfaces often face challenges in maintaining accuracy, security, and real-time responsiveness—especially when spanning
across platforms or domains.

1.2 Challenges in Existing Interaction and Recognition Systems

Most existing drawing recognition systems rely on rigid interfaces or predefined gestures, limiting user freedom and natural creativity. Additionally,
many recognition platforms are not designed with cross-platform interoperability in mind, making them hard to deploy in dynamic, multi-user
environments. These systems may lack robust error-handling or adaptability to varying input qualities, which can lead to poor performance.

1.3 Vision-Based Interaction and Al Recognition as Next-Gen Solutions

Vision-based Al systems, such as those powered by real-time computer vision and machine learning, offer a promising alternative technologies like
object tracking and sketch recognition allow users to draw freely using colored pointers or hand gestures in front of a camera—eliminating the need for
physical tools or contact-based input. When combined with intelligent classification models, these systems can interpret drawings, provide feedback, and
store results seamlessly.
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1.4 Enhancing Interaction with Al and Data Integrity

While the accuracy of Al-based drawing recognition is central to system performance, maintaining the integrity of recognized data is equally critical—
especially if the data is stored, shared, or used to retrain models. To ensure trustworthy interaction, the system incorporates local validation steps before
saving predictions. By saving sketches with predicted class labels and timestamps, the application ensures traceability and reduces accidental
misclassification. Furthermore, the use of controlled input methods (like color-based pointer tracking) adds an implicit layer of security by reducing
spoofing and false input triggers.

1.5 Objective of the Study

T The objective of this project is to design and implement Rapid Maker, a real-time doodle recognition system that combines camera-based input
tracking with deep learning-powered classification. The system aims to deliver a seamless, engaging, and educational experience by enabling users to
draw in the air using colored objects, which are then interpreted by a neural network trained on the QuickDraw dataset. The solution emphasizes simplicity,
accuracy, and expandability. Built using OpenCV for camera input, PyTorch for model inference, and Tkinter.
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2. Literature Survey

Numero Numerous studies and systems have been developed to improve the accuracy and usability of sketch recognition and gesture-based interfaces,
particularly for educational tools, human-computer interaction, and Al-driven creativity applications.

Traditional user input methods—like mouse and keyboard—are inadequate for natural sketch-based interactions. Recent works, such as Ha and Eck’s
neural sketch modeling in QuickDraw [1], have demonstrated the effectiveness of RNN-based and CNN-based systems in recognizing hand-drawn
doodles from noisy input data. Their dataset has become a standard benchmark for training and evaluating real-time sketch classifiers.

Object tracking and gesture-based drawing systems rely heavily on computer vision pipelines for effective user interaction. OpenCV, for instance,
provides real-time image processing capabilities that allow systems like Rapid Maker to detect colored pointer objects with high accuracy [5]. Color
segmentation and contour tracking algorithms enable intuitive "air drawing" without a touchscreen.

For classification, convolutional neural networks (CNNs) such as ResNet [3] have proven to be highly effective at learning robust features from low-
resolution inputs, which is critical when working with noisy or variable hand-drawn sketches. PyTorch [4], an open-source deep learning framework,
facilitates

2.1.Work Related

The field of real-time sketch recognition has seen substantial progress with the advent of deep learning and open datasets like Google's Quick, Draw! [1].
Early systems for hand-drawn digit or symbol recognition were largely offline and limited by low processing power and basic algorithms like KNN or
SVM. Today, with advances in lightweight neural networks and real-time image processing, systems like Rapid Maker make it feasible to deploy Al-
driven sketch recognition in interactive applications.

Existing drawing-based applications tend to focus on either artistic support or educational drawing tools. However, few integrate real-time computer
vision with Al inference in a way that allows users to draw in mid-air using a colored pointer and receive immediate feedback and classification. Projects
like the original QuickDraw Camera App provided proof-of-concept implementations but lacked customization, user-specific dataset integration, and
accessible GUI frontends.

Moreover, most existing sketch recognizers operate in a closed-loop system — they take static input and return predictions, without allowing for dynamic
user interaction, session-based sketching, or dataset contribution.

2.2 Challenges

Developing a real-time doodle recognition system like Rapid Maker presents a unique set of technical and user experience challenges. One of the primary
hurdles is ensuring accurate recognition of freehand sketches captured via webcam under varying lighting conditions, background clutter, and camera
angles. The reliance on color-based object tracking (e.g., red, green, or blue pointer objects) also introduces sensitivity to ambient light and color noise,
which can affect contour detection and drawing stabilitydomains with varying access protocols, authentication standards, and infrastructure
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Another key challenge is maintaining drawing fluidity and prediction responsiveness. As users draw in the air, even minor hand jitters or inconsistent
motion can break stroke continuity, leading to fragmented canvases and poor model input. Handling these inconsistencies while still offering real-time
feedback requires precise preprocessing pipelines and model tuning.e,

Moreover, ensuring the robustness and generalization of the classifier trained on datasets like QuickDraw can be difficult when user sketches differ
significantly in style, orientation, or scale. This demands a carefully curated training set and potential support for user-guided model retraining, which
introduces additional complexity in interface design and dataset management.

From a systems perspective, designing a lightweight yet modular GUI that can support real-time video capture, drawing logic, and prediction display—
without lag—poses UI/UX and performance trade-offs, particularly on resource-constrained devices. Additionally, managing saved doodles with clear
labeling, timestamps, and class alignment is essential for later training and analysis but requires disciplined file 1/0O and user flow.
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3. Methodology

The development of Rapid Maker — A Doodle Recognizer followed a modular, iterative methodology focusing on usability, real-time image processing,
and lightweight machine learning. The system was designed to enable users to draw using colored objects in front of a webcam, recognize the doodle
using a pre-trained neural network, and provide real-time feedback through a graphical interface.

3.1 Requirements and Planning
Requirements were gathered based on the goals of creating an intuitive, Al-powered drawing recognizer with minimal hardware dependency. Key
components identified included:

e  Real-time video feed processing using a webcam

e  Color-based object tracking for virtual drawing

e  Frame extraction and preprocessing

e  Doodle classification using a trained model

e  User interface for drawing control and feedback
3.2 Doodle Input and Drawing Mechanism

OpenCV was used to capture webcam input and track a colored object (typically red, green, or blue) used by the user as a drawing pen. Color masking
and contour detection techniques allowed the system to follow the object’s motion and render the path on a virtual canvas. The drawing session could be
controlled using keyboard inputs:

®  Spacebar to start/stop drawing
e  Qtoquit

e  The final drawing was saved as an image for classification.

Phase Description 'Tools/Technologies Used

Requirement Analysis Identifying user needs, capabilities, and|Brainstorming, Documentation
input/output expectation

Designing data flow, drawing control, and

. classification pipeline. . .
System Design Flowcharts, Architecture Diagrams




International Journal of Research Publication and Reviews, Vol 6, Issue 5, pp 10573-10579 May 2025

10576

Camera and Drawing Input]

Real-time object tracking and drawing using|
color detection via webcam

OpenCV, Numpy, Python

Doodle Recognition

Predicting drawn object classes using a pre-|
trained model

'TensorFlo QuickDraw Dataset

GUI Development

application

Creating a user-friendly interface to control|Tkinter (Python GUI toolkit)

Data Preprocessing

storage

Ensuring encrypted communication and datajOpenCV, Numpy

Testing and Debugging

Functional testing of GUI, prediction, and|Manual Tests, Unit Tests
object tracking

Deployment

Hosting the platform with CI/CD support

Docker, GitHub  Actions,
Platforms

Cloud|

4. System Architecture

The architecture of Rapid Maker is modular and lightweight, optimized for real-time doodle recognition through camera input. It comprises the following

key components:

®  User Interface (Tkinter GUI): A desktop-based GUI built using Tkinter provides users with easy access to application features like starting

the camera, drawing.

e  Camera Input Module: Utilizes the webcam and OpenCV to capture live va colored object (red, green, or blue) used by the user as a virtual

pen.

e  Drawing Engine: When the user presses the spacebar, the position and maps it to a virtual canvas. The drawing stops on a second spacebar

press.
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5. Experimental setups

To evaluate the performance and robustness of the Rapid Maker doodle recognition system, a series of experiments were conducted in varied
environmental and usage conditions. The application was run locally on machines with different operating systems (Windows, Linux) to test cross-

platform consistency.
Hardware Configuration:
e  CPU: Intel Corei5/i7

(] RAM: 8 GB or more

e  \Webcam: Built-in and external webcams tested at 720p and 1080p resolutions

Testing Environment:

e  Lighting Variations: Experiments were conducted under different lighting conditions—natural daylight, fluorescent indoor lighting, and dim

environments—to test color tracking stability.

®  Colored Object Tracking: Red, green, and blue markers were tested as virtual pens for accurate motion capture using HSV color filtering in

OpenCV.

e  Drawing Surfaces: Users performed air drawing in front of a plain background to ensure smooth contour detection.

6. Experimental Results

To evaluate the performance and usability of the Rapid Maker doodle recognition system, experiments were conducted with over 100 participants, ranging
from students to faculty members, using varied hardware and lighting environments. The goal was to assess recognition accuracy, prediction speed, and

robustness of the drawing interface under real-world conditions.

Test sessions involved users drawing multiple doodles in the air using a colored marker tracked via their webcam. Variations included testing under
different lighting conditions (natural daylight, dim lighting), multiple marker colors, drawing speeds, and background complexity. resilience.

Measured Result

Parameter

Description

IAuthentication Accuracy

Percentage of doodles correctly classified
among QuickDraw categories.

Delay

0.12 seconds

94.7%
Cases where valid doodles were incorrect
False Rejection Rate (FRR) 3.9%
Time from capture to model prediction|
display.
IAverage Face Matching Time 0.21 seconds play
Encryption Overhead (AES- 256) Success rate in
0,
96.2% detecting the colored
tip during drawing, across all tests.
ICross-Domain Communication Delay between webcame capture)

anddrawing update.

Spoof Rejection Success Rate 4.6/5

Based on feedback forms evaluating ease
of use and enjoyement

ly classified
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These results validate Rapid Maker as a responsive and accurate air-drawing recognition tool. The high recognition accuracy and low latency make it
suitable for educational and creative applications. User feedback confirmed its engaging interface and ease of interaction, demonstrating strong potential
for further development and integration.

7. Conclusion and future scope

The The Rapid Maker doodle recognition system offers a novel and intuitive way for users to interact with a machine learning model using mid-air hand-
drawn gestures. By leveraging computer vision for marker tracking and deep learning models trained on the QuickDraw dataset, the platform provides
real-time recognition of hand-drawn doodles with a high degree of accuracy and responsiveness.

Experimental evaluations demonstrate strong performance across diverse conditions, with a recognition accuracy of 94.7%, low prediction latency, and
high user satisfaction. The use of OpenCV for marker detection, coupled with a clean, responsive interface built with Tkinter (or web technologies, in
future versions), makes the system suitable for educational tools, digital whiteboarding, creative applications, and accessibility interfaces.

The modular design of the platform allows for straightforward upgrades and feature extensions. Future improvements may include:

Enhanced Drawing Tools: Adding options for multiple colors, erasing, and shape recognition to expand user creativity.

Model Training Personalization: Allowing users to train the model on custom sketches to improve recognition for specific domains like
chemistry (molecular structures) or math (symbols).

Web-Based Interface: Migrating from a desktop GUI to a modern web frontend using React or Flutter Web for better accessibility and cross-
platform compatibility.

Mobile Support: Developing an Android/iOS version using React Native or Flutter to enable doodle recognition via smartphone cameras.

Gamification and Learning Modes: Integrating game-like elements or educational challenges where users guess or practice drawing based
on prompts..
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These references encompass foundational works on face recognition technologies, biometric authentication, and secure communication systems. They
should provide a robust foundation for your research and development in secure inter-domain chatting platforms utilizing face recognition.



