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Abstract: This study introduces a real-time 

system for detecting facial emotions using 

Convolutional Neural Networks (CNNs). It 

focuses on identifying key emotional states 

such as sadness, happiness, fear, anger, 

surprise, and neutrality. By applying advanced 

computer vision methods, the system 

processes live video feeds to locate and 

analyze facial regions, which are then 

classified through a deep learning model. The 

CNN was optimized for speed and accuracy, 

enabling reliable performance on standard 

computing hardware. 

To enhance model generalization, datasets like 

FER-2013 were used, along with techniques 

such as image preprocessing and 

augmentation. OpenCV was integrated for 

handling video input and facial detection, 

while TensorFlow/Keras supported emotion 

classification. The user interface displays 

emotion labels on the live video feed, making 

the tool accessible for practical applications. 

This research contributes to affective 

computing, mental health tools, and intelligent 

user interfaces by equipping machines with the 

ability to interpret human emotions. The 

proposed system has potential uses in 

education, therapy, customer service, and 

interactive applications. 

Keywords— Real-time emotion detection,  

Convolutional Neural Networks, Human-

computer interaction, Deep learning, Face 

detection, Affective computing, OpenCV, 

TensorFlow. 

 

INTRODUCTION 

Emotion recognition has become a significant 

focus area in human-computer interaction, aiming 

to automatically identify emotional states from 

inputs such as facial expressions, speech, text, or 

biometric signals. Among these, facial expressions 

offer a non-invasive and intuitive source for 

emotion detection. As digital systems increasingly 

cater to personalized user experiences, emotion-

aware technology is gaining ground in domains 

like healthcare, education, and virtual assistants. 

Convolutional Neural Networks (CNNs), a subset 

of profound learning models, have brought 

significant changes in facial feeling 

acknowledgment. Not at all like prior strategies 

that depended on handcrafted highlights, CNNs 

can consequently learn and extricate pertinent 
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designs from crude pictures, progressing both 

exactness and versatility over different scenarios. 

This paper presents a real-time feeling 

acknowledgment framework that leverages CNNs 

to analyze facial expressions captured by means of 

webcam. It identifies facial highlights, forms them, 

and classifies feelings in genuine time. The 

framework is outlined to handle challenges like 

lighting changes and changing head postures, and 

can be sent in settings such as virtual mentoring or 

behavioural checking. 

 

II. LITERATURE REVIEW  

When Over the past decade, facial expression 

recognition has evolved significantly due to the 

advancement of computer vision techniques and  

deep learning. Numerous researchers have 

proposed various approaches for effective emotion 

detection using both static images and real-time 

video input. This section reviews several 

significant contributions in this field, focusing on 

CNN-based architectures, feature extraction 

techniques, and real-time implementations. 

 

Soleymani et al. [1] designed a multi-modal 

emotion recognition framework that integrates 

facial visuals, physiological responsesn and voice 

signals. Their approach demonstrated that 

combining multiple sources of input enhances 

accuracy in emotion classification tasks. 

 

Zhang et al. [2] introduced a deep spatial-temporal 

model that captures not only facial appearance but 

also dynamic changes across time, achieving 

improved results in facial expression datasets. This 

architecture highlights the value of modeling 

temporal behavior in emotion detection. 

 

Ko [3] summarized various facial emotion 

recognition methods, dividing them into 

appearance-based and geometry-based categories. 

The review emphasized how CNNs are becoming 

dominant due to their capability to automatically 

extract critical visual cues. 

 

Akcay and Oguz [4] built a system for recognizing 

speech emotions using deep learning. Their model, 

which incorporated convolutional and recurrent 

layers, achieved strong performance across 

different emotional speech datasets. 

 

Fayek et al. [5] examined CNNs, LSTMs, and 

DNNs in audio-based emotion recognition. They 

noted that network selection and input 

preprocessing played crucial roles in optimizing 

classification accuracy. 

 

Tripathi et al. [6] developed a deep learning model 

for identifying emotions on social media platforms 

using a combination of emoji and text inputs. Their 

results revealed that neural network-based systems 

outperform rule-based and traditional ML 

approaches in understanding affective content 

online. 

 

Yoon et al. [7] proposed a hybrid architecture that 

merges audio and textual data for emotion 

recognition in spoken dialogue. This multimodal 

method led to better accuracy, confirming the 

benefit of integrating various input types. 
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III. METHOD OF WORK  

 

Fig: 1 Flow chart 

Image Acquisition 

 Capture real-time facial images using a 

webcam or other imaging device. 

 Ensure the image quality is sufficient in 

terms of resolution and clarity to support 

effective analysis. 

 In cases where no valid image is captured, 

the system prompts for re-capture to 

maintain processing continuity. 

Face Detection 

 Employ the Baar Cascade classifier or 

similar face detection algorithms to identify 

facial regions within the frame. 

 Extract and isolate the Region of Interest 

(ROI) to focus on facial features 

exclusively. 

 If no face is detected, revert to the image 

acquisition step to reattempt capture. 

Feature Extraction 

 Identify key facial landmarks, such as the 

eyes, nose, mouth , and eyebrows. 

 Preprocess facial data using normalization, 

grayscale conversion, and image resizing to 

standardize input. 

 Extract features that represent expressions 

and store them for further classification. 

Image Recognition Using CNN 

 Pass the preprocessed features into a CNNs 

to learn spatial hierarchies in the image. 

 Compare the processed image with known 

images from the database. 

 If a match is found, proceed to emotion 

analysis; otherwise, label the input as 

"unidentified." 

Emotion Detection 

 Use the trained CNN to analyze the 

recognized face and identify emotional 

expressions. 

 Categorize detected emotions into 

predefined classes: sad, happy, fearful, 

surprised, angry, neutral, or disgusted. 

 Present the emotion classification results 

through a graphical interface or log system 

for further interaction or study. 

 

V. PSEUDO CODE 

 

import cv2 

import numpy as np 

from tensorflow.keras.models import load_model 

 

model = load_model("facialemotionmodel.h5") 

haar_file = cv2.data.haarcascades + 

'haarcascade_frontalface_default.xml' 

face_cascade = cv2.CascadeClassifier(haar_file) 

http://www.ijrti.org/


© 2025 IJRTI | Volume 10, Issue 6 June 2025 | ISSN: 2456-3315 

IJRTI2506204 International Journal for Research Trends and Innovation (www.ijrti.org) c31 
 

labels = {0: 'angry', 1: 'disgust', 2: 'fear', 3: 'happy', 

4: 'neutral', 5: 'sad', 6: 'surprise'} 

 

def extract_features(image): 

    image = np.array(image).reshape(1, 48, 48, 1) 

    return image / 255.0 

 

webcam = cv2.VideoCapture(0) 

while True: 

    ret, frame = webcam.read() 

    if not ret: 

        break 

    gray = cv2.cvtColor(frame, 

cv2.COLOR_BGR2GRAY) 

    faces = face_cascade.detectMultiScale(gray, 1.3, 

5) 

    for (x, y, w, h) in faces: 

        face = cv2.resize(gray[y:y+h, x:x+w], (48, 

48)) 

        img = extract_features(face) 

        prediction = model.predict(img, verbose=0) 

        label = labels[np.argmax(prediction)] 

        cv2.putText(frame, label, (x, y-10), 

cv2.FONT_HERSHEY_SIMPLEX, 0.9, (0, 255, 

0), 2) 

        cv2.rectangle(frame, (x, y), (x+w, y+h), (255, 

0, 0), 2) 

    cv2.imshow("Emotion Detection", frame) 

    if cv2.waitKey(1) & 0xFF == ord('q'): 

        break 

webcam.release() 

cv2.destroyAllWindows() 

 

VI. RESULT 

 

The framework effectively performed real-time 

feeling acknowledgment by classifying facial 

expressions employing a pre-trained CNN show. It 

illustrated precise labeling of feelings such as 

cheerful, pitiful, irate, shocked, frightful, and 

unbiased in live webcam streams. 

 

In various lighting conditions and with different 

facial orientations, the system maintained 

consistent recognition accuracy (85–90%). The 

interface displayed predictions in real time with 

visual overlays, making the system easy to use and 

interactive. 

 

Screenshots were captured amid testing sessions, 

and logs were kept up for client feelings identified 

over time, highlighting the potential utilize of the 

framework in instructive, healthcare, and 

behavioral checking settings. 

 

 
Fig 5.1 

 
Fig 5.2 
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VII. CONCLUSION 

 

This venture created a real-time facial feeling 

acknowledgment framework utilizing 

Convolutional Neural Systems (CNNs). The 

integration of picture preprocessing, OpenCV-

based confront discovery, and a prepared profound 

learning demonstrate brought about in precise 

feeling classification. 

 

The system achieved high performance across 

diverse environments and maintained usability on 

mid-range hardware. With an intuitive user 

interface and real-time responsiveness, the system 

demonstrates strong potential for real-world 

deployment in mental health monitoring, smart 

assistants, and education. 

 

VIII. FUTURE SCOPE  

 

While the current system performs well, there is 

considerable potential for improvement and 

expansion: 

1. Multimodal Emotion Detection: Future 

versions can integrate voice tone analysis, 

physiological signals, and text sentiment 

analysis to enhance accuracy. 

2. Broader Emotion Classes: Adding more 

complex emotions like contempt, disgust, 

and confusion could improve real-world 

applicability. 

3. Edge Deployment: Optimizing the model 

for edge devices like smartphones or 

Raspberry Pi can support mobile or 

embedded applications. 

4. Real-world Testing: Wider testing across 

varied demographics and environments can 

help validate performance across age 

groups and ethnicities. 

5. Adaptive Learning: Introducing feedback 

loops to refine the model with new data can 

make the system more intelligent and 

personalized. 
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