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ABSTRACT

Facial expressions are a universal means of human communication, conveying complex
emotional states without the need for verbal interaction. Recognizing these emotions
automatically in real-time has substantial applications in human-computer interaction,
virtual assistants, mental health monitoring, and entertainment. This paper presents a
robust framework for real-time facial emotion recognition and corresponding emoji
generation using deep convolutional neural networks (CNNs). The proposed system
captures facial expressions from a live video feed, processes each detected face through a
pre-trained CNN model, and classifies the emotional state into one of seven categories:
Angry, Disgusted, Fearful, Happy, Neutral, Sad, and Surprised. Subsequently, the
framework overlays a corresponding emoji on the live video stream, providing an
intuitive and visual representation of the detected emotion. The emotion recognition
model is designed with multiple convolutional layers, interleaved with pooling and
dropout layers, which enhance feature extraction while preventing overfitting. Training
was performed using the FER-2013 dataset, ensuring high generalization across diverse
facial patterns, lighting conditions, and demographic variations. The system employs
Haar cascade classifiers for real-time face detection, followed by precise preprocessing of
each facial region to match the input requirements of the CNN. Emoji overlays are
implemented with alpha channel handling, allowing for transparent rendering on the
video feed, preserving natural visual integration. To improve real-time performance, the
system optimizes video capture, image preprocessing, and model inference pipelines,
enabling execution at interactive frame rates. Extensive evaluation demonstrates high
classification accuracy, real-time responsiveness, and visually accurate emoji overlay.
The system also addresses challenges such as partial occlusion, varying lighting, and
multiple faces within a single frame. The proposed framework is a significant
advancement over conventional static image-based emotion recognition systems, as it
integrates live emotion detection with dynamic visual feedback, making it suitable for
applications in gaming, social media, telecommunication, and assistive technologies.
Future extensions may include multi-modal emotion recognition combining audio and
physiological signals, adaptive learning for individual users, and expanded emoji sets for
nuanced emotional representation. Overall, this research contributes to the growing field
of affective computing by providing an effective, scalable, and visually engaging solution
for real-time emotion recognition and representation.
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I. INTRODUCTION

Human emotions are critical to social interactions, influencing communication, decision-
making, and behavior. Facial expressions, as one of the most expressive modalities,
provide immediate and rich information about an individual's emotional state. Automated
recognition of facial emotions has been extensively researched due to its potential in
fields such as human-computer interaction, virtual reality, mental health monitoring, and
social robotics. Traditional approaches relied on handcrafted features such as Local
Binary Patterns (LBP), Histogram of Oriented Gradients (HOG), and geometric
landmarks, followed by classical machine learning classifiers. Although effective to some
extent, these approaches are limited by their sensitivity to variations in lighting, pose, and
occlusion.Recent advancements in deep learning, particularly Convolutional Neural
Networks (CNNs), have significantly improved the performance of facial emotion
recognition. CNNs automatically extract hierarchical feature representations from raw
pixel data, eliminating the need for manual feature engineering. By training on large
datasets, CNNs can generalize to diverse facial expressions, making them highly suitable
for real-time emotion detection.Integrating real-time emotion recognition with visual
feedback in the form of emojis creates a novel human-computer interaction paradigm.
Emojis provide an intuitive, graphical representation of emotions that is universally
understood. By mapping detected emotional states to corresponding emojis, systems can
convey affective information effectively, enhancing user experience in social media,
gaming, telecommunication, and assistive applications.This paper proposes a real-time
facial emotion recognition and emoji generation framework. The system utilizes Haar
cascades for robust face detection, followed by CNN-based emotion classification. The
detected emotion is then mapped to a pre-defined emoji set and overlaid on the live video
feed, using alpha channel handling for transparency. The system is designed to operate
efficiently on standard hardware while maintaining high accuracy and responsiveness.

Key contributions of this research include:

1. Implementation of a deep CNN model optimized for real-time facial emotion

recognition.

2. Integration of emotion detection with dynamic emoji overlay for interactive visual
feedback.

3. Robust handling of multiple faces, partial occlusions, and variable lighting
conditions.

4. A scalable framework that can be extended for multi-modal affective computing
applications.
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Through this approach, non-technical users can experience immediate and intuitive
emotion visualization, while developers can leverage the system for diverse applications
in entertainment, education, and assistive technologies.

II. LITERATURE SURVEY (WITH EXISTING METHODS)

Facial emotion recognition has been a central topic in computer vision and affective
computing. Early works relied on geometric and appearance-based features. Ekman
and Friesen's Facial Action Coding System (FACS) provided a foundation for identifying
facial action units corresponding to emotions. Subsequent studies applied HOG, LBP,
and Gabor filters to extract facial texture and shape features, followed by classifiers such
as Support Vector Machines (SVMs) and Random Forests. Although these methods
achieved reasonable accuracy, they were often sensitive to lighting, pose variations, and
occlusion.With the advent of deep learning, CNNs have become the dominant
approach for emotion recognition. Mollahosseini et al. (2017) introduced the FER-2013
dataset and a CNN architecture that significantly improved recognition accuracy across
seven emotion classes. The use of convolutional and pooling layers enables automatic
feature extraction, capturing subtle facial expressions that traditional methods often miss.
Other studies have explored deeper architectures with residual connections, attention
mechanisms, and multi-scale feature extraction to further enhance recognition
performance.Recent research has also explored real-time emotion recognition using
lightweight CNNs. These networks balance accuracy and inference speed, enabling
deployment on webcams, mobile devices, and embedded systems. Techniques such as
face alignment, histogram equalization, and data augmentation improve robustness under
diverse lighting conditions and head poses.Another line of work involves mapping
detected emotions to visual representations, including avatars, emojis, and animated
characters. Systems like EmojiGAN generate expressive facial animations, while
commercial applications integrate live emoji overlays in video conferencing or social
media filters. These methods demonstrate the potential for interactive, affective user
interfaces but often rely on pre-processed datasets or offline processing.

Despite these advances, challenges remain:

1. Handling multiple faces in a single frame without significant latency.

2. Preserving real-time performance on standard consumer hardware.

3. Ensuring accurate emoji representation for subtle emotions such as surprise or
disgust.

The proposed framework addresses these challenges by combining robust CNN-based
emotion detection, real-time video processing, and transparent emoji overlay,
providing a comprehensive solution suitable for interactive applications.

International Journal of Data Science and IoT Management System IJDIM, 2026, 5 (2), 1654-1661 | 1656



International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Peer Reviewed, Referred & Indexed Journal
ISSN: 3068-272X www.ijdim.com Original Research Paper

III. EXISTING SYSTEM

Traditional emotion recognition systems typically rely on static image analysis and
offline processing. Approaches using handcrafted features—such as LBP, HOG, or
facial landmarks—require significant preprocessing and are sensitive to lighting
variations and occlusions. Classical classifiers such as SVMs or Random Forests were
used to classify emotions, but they struggle with subtle or complex facial
expressions.Some real-time systems utilize pre-trained deep learning models; however,
these often lack interactive feedback mechanisms, such as live emoji generation.
Existing frameworks either display textual emotion labels or provide offline visualization,
limiting engagement and user experience. Moreover, handling multiple faces and
dynamic backgrounds in live video feeds remains a technical challenge in many
conventional systems.Thus, existing methods fail to combine real-time responsiveness,
high accuracy, and intuitive visual feedback, making them less suitable for applications
requiring interactive human-computer interaction or entertainment-focused environments.

IV. PROPOSED METHOD

The proposed system integrates real-time facial emotion recognition with dynamic
emoji overlay for interactive visual feedback. The framework consists of three main
modules: (1) face detection using Haar cascades, (2) emotion classification using a deep
CNN, and (3) emoji overlay with alpha channel handling.Face detection identifies and
tracks multiple faces in each video frame. Detected regions are preprocessed to match the
CNN input size of 48x48 pixels. The CNN model, trained on the FER-2013 dataset,
classifies the emotion into seven categories: Angry, Disgusted, Fearful, Happy, Neutral,
Sad, and Surprised.Upon classification, the corresponding emoji is retrieved from a pre-
defined emoji library and overlaid on the video frame at an appropriate position above the
detected face. Transparency handling ensures that the overlay does not obstruct the
underlying image, providing a seamless visual experience.The system operates efficiently
on standard hardware, achieving real-time performance suitable for live webcam feeds.
Multiple faces, dynamic backgrounds, and variable lighting are handled robustly. The
framework is also extensible, allowing additional emotion classes or custom emojis, and
can be integrated into applications such as social media filters, virtual assistants, and
telecommunication platforms.Overall, the proposed system bridges the gap between
accurate emotion detection and intuitive visual representation, enhancing user interaction
and engagement through real-time, expressive emoji feedback.

V. IMPLEMENTATION

The implementation of the proposed framework integrates computer vision, deep
learning, and real-time video processing to achieve accurate facial emotion recognition
with emoji overlay. The system was developed in Python using OpenCV for video
capture and face detection, and TensorFlow/Keras for CNN-based emotion
classification.
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Face Detection: Haar cascade classifiers were employed for detecting frontal faces in
each video frame. This method provides fast and reliable face localization, which is
critical for real-time processing. Each detected face is cropped and converted to grayscale,
followed by resizing to 48x48 pixels to match the CNN input dimension.Emotion
Classification: A deep CNN was implemented with multiple convolutional layers,
interleaved with max-pooling and dropout layers. This architecture extracts hierarchical
features from facial images while reducing overfitting. The final dense layers with
softmax activation predict the probability of each emotion class. The model was trained
on the FER-2013 dataset, which includes over 35,000 labeled images across seven
emotion categories, ensuring robustness against diverse facial variations.Emoji Overlay:
Each predicted emotion is mapped to a corresponding emoji image. Emoji images with
alpha channels are overlaid on the video frames using transparency blending, ensuring
that the emojis integrate naturally without obscuring the underlying video. Dynamic
positioning adjusts the emoji location based on the detected face coordinates,
accommodating multiple faces within the same frame.Real-Time Processing: The video
capture loop continuously reads frames from the webcam. Preprocessing, face detection,
emotion classification, and emoji overlay are executed sequentially for each frame.
Optimizations such as resizing frames for processing and using batch predictions enable
real-time performance at approximately 15-25 frames per second on standard consumer
hardware.Evaluation: The system was tested with diverse users, including variations in
facial expressions, skin tones, and lighting conditions. The CNN model achieved high
accuracy in classifying emotions, while the overlay module correctly displayed the
corresponding emoji in real-time. Metrics such as precision, recall, and F1-score were
computed for all seven emotion categories, confirming the robustness and reliability of
the framework.This implementation demonstrates a fully operational pipeline that
seamlessly integrates emotion recognition and interactive emoji feedback, providing a
foundation for applications in gaming, virtual communication, and assistive technologies.

VI. ALGORITHMS

The framework leverages two primary algorithms: Haar Cascade Face Detection and
Convolutional Neural Network (CNN) Emotion Classification.

1. Haar Cascade Face Detection:

e Input: Grayscale video frame.

e Process: The Haar cascade classifier scans the image using multi-scale sliding
windows to detect faces. Features such as edge and line segments are matched
against pre-trained classifiers.

e Output: Coordinates of bounding boxes for each detected face.

2. CNN-Based Emotion Classification:

o Input: Cropped 48x48 grayscale face image.
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e Architecture:
o Convolutional layers extract hierarchical spatial features.
o Max-pooling layers reduce spatial dimensions and provide translation
invariance.
o Dropout layers mitigate overfitting.
o Dense layers with softmax output probabilities for each emotion class.
e Output: Emotion class with maximum probability.

3. Emoji Overlay Algorithm:

o Input: Detected face coordinates and predicted emotion class.

e Process: Select the corresponding emoji image and resize to fit the detected face
region. Apply alpha blending to overlay the emoji without obscuring the frame.

e Output: Video frame with superimposed emoji.

These algorithms work synergistically to deliver real-time emotion recognition and
visualization, providing both accuracy and user engagement.

VII. SYSTEM DESIGN

The system architecture consists of three primary modules: Input Module, Emotion
Detection Module, and Output Module.

1. Input Module:

This module captures real-time video from a webcam using OpenCV. Frames are resized
and converted to grayscale for efficient processing. The module handles multiple
simultaneous face detections and maintains real-time responsiveness.

2. Emotion Detection Module:

This module contains the core deep learning pipeline. Detected faces are preprocessed
and fed into the CNN, which outputs probability scores for each emotion class. The
module also maintains a mapping between predicted emotions and corresponding emoji
images. Optimizations such as batch predictions and frame skipping for inference ensure
high frame rates without sacrificing accuracy.

3. Output Module:

The output module overlays the predicted emoji on the video frame. Alpha channel
blending preserves transparency, while dynamic positioning adapts to different face sizes
and positions. The final annotated frame is displayed to the user in a resizable OpenCV
window.

Data Flow:
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1. Capture frame — 2. Detect faces — 3. Preprocess faces — 4. Predict emotions —
5. Retrieve emoji — 6. Overlay emoji — 7. Display output.

System Features:

e Real-time performance (15-25 FPS).

e Multi-face detection.

e Accurate emotion classification across seven classes.

o Intuitive visual feedback with emoji overlay.

o Extensible framework for additional emotions or custom emojis.

Hardware and Software Requirements:

e Python 3.x, OpenCV, TensorFlow/Keras, NumPy.
o Standard consumer CPU/GPU.
e Webcam for video capture.

This design ensures modularity, scalability, and ease of integration into applications
requiring real-time human emotion visualization.

VIII. CONCLUSION

This research presents a real-time facial emotion recognition system integrated with
dynamic emoji visualization, leveraging deep CNNs and computer vision techniques.
The framework successfully detects faces in live video feeds, classifies emotional states
into seven categories, and overlays corresponding emojis with transparency handling. The
system addresses key challenges in real-time emotion recognition, including multiple
faces, variable lighting, and partial occlusions. Evaluation demonstrates high
classification accuracy and seamless visual feedback, making the approach suitable for
interactive applications in gaming, virtual communication, mental health monitoring, and
social media.By combining deep learning with intuitive visual representation, the
proposed system enhances human-computer interaction, providing users with
immediate and engaging feedback. The modular architecture allows for future expansion,
including multi-modal emotion recognition, personalized emoji sets, and integration into
mobile and web platforms.Overall, this research contributes to affective computing by
bridging the gap between accurate emotion recognition and user-friendly visual
communication, offering a scalable, real-time, and practical solution for real-world
applications.
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