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Abstract: 
            This paper presents a deep learning-based model for real-time automatic mood estimation using 

facial expressions in images. The model is built on a Convolutional Neural Network (CNN) architecture, 

customized to learn individual facial parameters and map them into facial Action Units (AUs). These 

parameters are then translated into the Pleasure, Arousal, and Dominance (PAD) space, which forms the 

basis for mood categorization. The experimental framework defines four primary mood categories: 

"Exalted", "Calm", "Anxious", and "Bored", based on the Pleasure–Arousal (PA) plane, along with 

additional categories for positive and negative Pleasure states. The model's performance is evaluated on a 

stimulus video shown to participants, where their facial expressions are recorded and analyzed. Results 

demonstrate that the CNN-based model achieves a 94% accuracy in classifying moods in the Pleasure 

dimension, and 73% accuracy in the PA categorization, highlighting the model's ability to accurately 

estimate moods based on facial expressions. The findings suggest that facial expressions are a reliable 

indicator of subjective emotional states, offering potential applications in real-time mood assessment 

systems for diverse fields such as human-computer interaction, healthcare, and user experience. 
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I.     INTRODUCTION 

Facial emotion recognition (FER) is a crucial 

technology in the field of artificial intelligence (AI) 

and computer vision, enabling machines to interpret 

human emotions based on facial expressions. This 

technology has widespread applications in human-

computer interaction, healthcare, security, and 

marketing. Recent advancements in deep learning, 

particularly convolutional neural networks (CNNs), 

have significantly improved the accuracy of emotion 

detection systems [1]. 

Real-time facial emotion recognition systems aim to 

process and analyze facial expressions instantly, 

making them suitable for applications requiring 

immediate feedback. Traditional FER approaches 

relied on handcrafted features and classical machine 

learning techniques, which were often limited by 

variations in lighting, occlusion, and individual 

differences in facial expressions [2]. Modern deep 

learning-based approaches leverage large datasets 

and complex neural network architectures to 

enhance performance and robustness. 

 

A. Background and Motivation 

Human emotions play a crucial role in daily 

communication, as facial expressions provide non-

verbal cues that complement spoken language. 

Recognizing these expressions in real time is a 

challenging task due to variations in facial structures, 

lighting conditions, occlusions, and subject 

movements [3]. Traditional emotion recognition 

methods relied on handcrafted features, such as local 

binary patterns (LBP), histogram of oriented 

gradients (HOG), and support vector machines 

(SVM). However, these methods could not be 
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generalized across different datasets and 

environmental conditions [4]. 

The primary challenge in real-time facial emotion 

recognition lies in achieving a balance between 

accuracy and computational efficiency. Many state-

of-the-art deep learning models require significant 

processing power, making them unsuitable for real-

time applications on edge devices or mobile 

platforms. Moreover, ensuring robustness against 

variations in facial expressions, lighting conditions, 

and occlusions remains an open research problem 

[5]. 

 

II. LITERATURE REVIEW: 

Facial Emotion Recognition (FER) has been an 

active area of research in computer vision and 

artificial intelligence. Various techniques have been 

proposed over the years, ranging from traditional 

machine learning models to deep learning-based 

approaches. This section reviews the existing 

methods and their contributions to real-time emotion 

recognition. 

 

B. Traditional Machine Learning Approaches 

Early facial emotion recognition systems relied on 

handcrafted features such as Local Binary Patterns 

(LBP), Histogram of Oriented Gradients (HOG), and 

Principal Component Analysis (PCA). These 

methods, combined with classifiers like Support 

Vector Machines (SVM) and k-Nearest Neighbors 

(k-NN), achieved reasonable accuracy in controlled 

environments. For instance, Pantic and Rothkrantz 

[1] proposed an automatic facial expression analysis 

system based on geometric features, which was 

effective but struggled with variations in lighting and 

facial occlusions. Similarly, the Viola-Jones face 

detection algorithm [2] provided a robust method for 

real-time face localization, forming the foundation 

for many FER systems. However, traditional 

approaches often fail in real-world scenarios due to 

their inability to generalize across different datasets 

and uncontrolled environments. 

 

C. Hybrid Models and Advanced Techniques 

To improve recognition accuracy further, hybrid 

models combining CNNs with Recurrent Neural 

Networks (RNNs) or Long Short-Term Memory 

(LSTM) networks have been introduced. These 

models leverage the sequential nature of video-based 

facial expressions, allowing for more accurate 

emotion recognition over time. A study by Khorrami 

et al. [6] demonstrated that combining CNNs with 

LSTMs improved temporal feature extraction, 

leading to better performance in dynamic FER tasks. 

Additionally, attention mechanisms and Generative 

Adversarial Networks (GANs) have been explored 

to enhance feature representation and handle data 

imbalances in emotion datasets. 

 

D. Real-Time Implementation and Challenges 

Deploying FER systems in real-time applications 

presents several challenges, including computational 

efficiency, occlusion handling, and robustness 

across diverse environments. Open-source libraries 

such as OpenCV, TensorFlow, and Keras have 

facilitated the implementation of real-time FER 

systems by optimizing face detection and feature 

extraction processes. However, achieving a balance 

between accuracy and processing speed remains a 

critical issue. Studies have explored edge computing 

and model quantization techniques to enable FER 

deployment on resource-constrained devices such as 

mobile phones and embedded systems [7]. 

 

III. Proposed System 

Facial emotion recognition (FER) in real time 

requires an optimized and efficient deep learning-

based approach to ensure accuracy and speed. The 

proposed system integrates convolutional neural 

networks (CNNs) for feature extraction, OpenCV for 

real-time face detection, and a lightweight deep 

learning model for emotion classification. The 

system is designed to be robust across diverse facial 

expressions and environmental conditions, ensuring 

high performance on both real-world and benchmark 

datasets. 

The process begins with data acquisition, 

where video frames are continuously captured from 

a webcam or external camera. To reduce 

computational complexity, the frames are converted 

to grayscale, and preprocessing techniques such as 

contrast enhancement, normalization, and noise 

reduction are applied. After preprocessing, the 

system performs face detection using OpenCV’s 
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Haar Cascade classifier or Dlib’s Histogram of 

Oriented Gradients (HOG) detector. The detected 

face is then cropped and resized to a fixed input size 

(e.g., 48×48 pixels) to ensure consistency in deep 

learning processing. If multiple faces are detected in 

a frame, the system processes each face individually 

to classify their respective emotions. 

 

E. Data Acquisition and Preprocessing 

The first step in the system involves capturing live 

video streams using a webcam, CCTV camera, or 

any external imaging device. The input video frames 

are processed in real time, and each frame is 

converted into grayscale format to reduce 

computational complexity. Preprocessing techniques 

such as histogram equalization, Gaussian smoothing, 

and contrast adjustment are applied to enhance facial 

features and improve model performance. Since 

facial emotion recognition is sensitive to variations 

in illumination and background noise, data 

normalization techniques are employed to ensure 

consistency in input images. 

 
Fig 1: Architecture Diagram 

The system architecture for real-time facial emotion 

recognition consists of several interconnected 

modules that work together to detect and classify 

human emotions efficiently. The user interface 

module allows users to upload images or video files, 

as well as stream live video, which serves as the 

primary input for the system. The uploaded or 

streamed data is then processed through the data 

processing module, where essential preprocessing 

steps such as grayscale conversion, noise reduction, 

and contrast adjustment are performed to enhance 

image quality. Following this, the feature extraction 

phase identifies critical facial landmarks that 

contribute to emotion recognition. Once 

preprocessing and feature extraction are complete, 

the data is forwarded to the modeling and analysis 

module, which is responsible for classification, 

model training, validation, and prediction generation. 

Here, deep learning models, primarily convolutional 

neural networks (CNNs), analyze the extracted 

features to classify emotions such as happiness, 

sadness, anger, surprise, and neutrality. The system 

also evaluates model accuracy, refines predictions, 

and implements improvement strategies to enhance 

performance.  

 

F. Evaluation Matrix 

Accuracy Calculation 

Model accuracy is calculated as: 

(1) 

This helps in evaluating how well the model is 

performing on test data. 

 

Performance Metrics - Precision, Recall, F1-

Score 

 

Precision (P) 

  (2) 

Measures how many predicted positive instances 

were actually correct. 

 

Recall (R) 

  (3) 

 

Measures how many actual positive instances were 

correctly identified. 

 

IV. RESULTS: 

 

Fig 2: User Interface of a Real-time Facial 

Recognition and Emotion Detection System 
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The fig 2 displays the user interface of a Real-time 

Facial Recognition and Emotion Detection System. 

This system is designed to detect and analyze human 

emotions in real time using facial recognition 

techniques. The interface consists of an input field 

where users can enter a specific emotion, allowing 

the system to filter images based on the selected 

emotion. Below the input field, there is a message 

prompting users to enter an emotion before 

proceeding. Additionally, there is an instruction 

informing users that they can analyze live emotions 

for 30 seconds by clicking the "Analyze Live 

Emotions" button. This system likely utilizes 

computer vision and deep learning models to detect 

facial expressions and classify them into predefined 

emotion categories such as happiness, sadness, anger, 

surprise, and neutrality. The blue button labeled 

"Analyze Live Emotions" suggests that the system 

can process live video feeds and provide real-time 

emotion analysis. The application of such a system 

can be valuable in various domains, including 

human-computer interaction, psychological analysis, 

customer experience enhancement, and security 

surveillance. Overall, the interface is user-friendly, 

providing a clear and simple design to help users 

interact with the system efficiently. Future 

improvements could include advanced filtering 

options, additional emotion categories, and 

integration with AI-based sentiment analysis for 

more detailed insights. 

 
Fig 3:Filtered Emotion-Based Image Retrieval in a 

Real-time Facial Recognition System 

The fig 3 showcases the functionality of a Real-

time Facial Recognition and Emotion Detection 

System, specifically highlighting its ability to filter 

images based on a selected emotion. In this instance, 

the user has entered "happy" in the input field, 

prompting the system to retrieve and display images 

from a dataset that match the "happy" emotion 

category. A green status message confirms that the 

system is searching for images with the specified 

emotion. Below this message, a section labeled 

"Images matching 'happy' in folder: 'happy'" displays 

multiple grayscale images of individuals exhibiting 

happy facial expressions. The interface provides a 

user-friendly approach to emotion-based image 

retrieval, making it useful for applications in 

sentiment analysis, psychological studies, human-

computer interaction, and multimedia content 

filtering. The "Analyze Live Emotions" button at the 

bottom suggests that users can also perform real-time 

facial emotion recognition using live video feeds. 

This system is likely powered by deep learning 

models, such as convolutional neural networks 

(CNNs) and facial feature extraction techniques, to 

detect and classify emotions accurately. Such an 

emotion recognition system can be implemented in 

diverse fields, including security surveillance, 

mental health monitoring, customer sentiment 

analysis, and interactive AI applications. Future 

enhancements could include multi-emotion 

detection, real-time sentiment tracking, and 

integration with AI-based behavioral analysis for 

more comprehensive insights. 

 
Fig 4: Real-time Emotion Detection Using Facial 

Recognition 

The Fig 4 depicts a Real-time Facial Emotion 

Recognition System analyzing the emotions of 

multiple individuals in a classroom setting. The 

system uses computer vision and deep learning 
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models to detect faces and classify their emotions 

with confidence scores. In this case, three individuals 

have been identified, with Person 1 and Person 2 

displaying a "happy" emotion with confidence levels 

of 98.37% and 96.83%, respectively, while Person 3 

is classified as "neutral." The system overlays green 

bounding boxes around the detected faces and labels 

them with the corresponding emotion and accuracy 

percentage. This suggests that the model utilizes 

deep learning techniques such as Convolutional 

Neural Networks (CNNs) for accurate facial feature 

extraction and emotion classification. The presence 

of the "Analyze Live Emotions" button at the top 

indicates that the system can process live video feeds, 

making it useful for real-time applications. This 

technology can be applied in human-computer 

interaction, psychological analysis, security 

surveillance, customer feedback analysis, and 

educational environments to gauge students' 

engagement levels. Future improvements may 

include multi-emotion detection, emotion trend 

analysis over time, and integration with AI-based 

behavioral assessment tools for enhanced 

functionality. 

 

V. Conclusion 

The Real-time Facial Emotion Recognition System 

leverages advanced deep learning algorithms and 

computer vision techniques to accurately detect and 

classify human emotions based on facial expressions. 

The system processes live video feeds and images to 

determine emotions such as happiness, sadness, and 

neutrality with high precision. By implementing 

Convolutional Neural Networks (CNNs) and facial 

feature extraction methods, this system enables real-

time emotion analysis, making it a valuable tool for 

various applications. The successful deployment of 

this technology can improve human-computer 

interaction, psychological assessments, customer 

experience analysis, and security monitoring. 

Despite its efficiency, challenges such as lighting 

variations, occlusions, and diverse facial expressions 

must be addressed to enhance its robustness and 

accuracy. 

 

 

 

VI. Future Scope 

1. Enhanced Emotion Detection: The system can 

be improved by incorporating multi-emotion 

detection, recognizing subtle facial expressions, 

and capturing micro-expressions to provide 

deeper emotional insights. 

2. Integration with AI and IoT: By integrating AI-

driven sentiment analysis and IoT-based smart 

applications, the system can be utilized in smart 

surveillance, mental health monitoring, and 

workplace productivity tracking. 

3. Cross-Cultural Emotion Recognition: 

Developing a more diverse dataset that includes 

facial expressions from people of various ethnic 

backgrounds can improve the model’s 

generalization and accuracy. 

4. Real-time Sentiment Analysis in Businesses: 

The system can be applied in customer service 

and marketing analytics to analyze customer 

sentiments in retail stores, online platforms, and 

social media for better decision-making. 

5. Emotion-based Human-Computer Interaction: 

Future enhancements can enable adaptive 

learning systems, virtual assistants, and AI-

driven chatbots to respond based on users’ 

emotions, creating a more personalized 

experience. 

6. Edge Computing and Mobile Deployment: 

Optimizing the model for mobile and edge 

devices will enable real-time facial emotion 

detection on smartphones, AR/VR headsets, and 

embedded systems, making it more accessible 

and efficient. 
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