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Abstract: Facial Emotion Recognition (FER) has emerged as a 

significant research area in artificial intelligence and affective 

computing due to its wide range of real-world applications. Human 

emotions expressed through facial features provide valuable 

insights into psychological and behavioural states. This paper 

presents a lightweight Convolutional Neural Network (CNN)-

based facial emotion recognition system designed for real-time 

applications. The proposed model is trained using the FER-2013 

dataset, which consists of grayscale facial images categorized into 

seven emotional classes: Angry, Disgust, Fear, Happy, Neutral, 

Sad, and Surprise. Unlike deep and computationally intensive 

architectures, this work focuses on developing a shallow and 

efficient CNN model that can operate on standard hardware without 

requiring GPUs. Haar Cascade classifiers are employed for real-

time face detection, and OpenCV is integrated to capture and 

process live webcam input. Each detected face is preprocessed and 

resized to meet the input requirements of the CNN model before 

emotion classification. The system demonstrates reliable 

performance under normal lighting conditions while maintaining 

low computational cost. Experimental observations indicate 

satisfactory accuracy with smooth real-time execution. The 

proposed solution is beginner-friendly, easily deployable, and 

suitable for academic and low-resource environments. This work 

proves that effective facial emotion recognition can be achieved 

using optimized and accessible deep learning techniques without 

complex infrastructure. 
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1.Introduction 

Facial expressions are one of the most natural and 

powerful forms of non-verbal communication. 

Humans instinctively interpret emotions such as 

happiness, sadness, anger, fear, and surprise through 

facial cues. The ability to automatically recognize 

these emotions using computational systems has 

gained significant importance in recent years. Facial 

Emotion Recognition (FER) plays a crucial role in 

bridging the gap between humans and machines by 

enabling emotion-aware systems that can respond 

intelligently to human behaviour. 

With the rapid advancement of Artificial Intelligence 

(AI) and computer vision, emotion recognition has 

become an active research domain. Early approaches 

to FER relied on handcrafted feature extraction 

techniques such as Local Binary Patterns (LBP), 

Histogram of Oriented Gradients (HOG), and Gabor 

filters. These methods required manual selection of 

features and often struggled under varying lighting 

conditions, facial orientations, and occlusions. As a 

result, their performance was limited in real-world 

environments. 

The emergence of deep learning, particularly 

Convolutional Neural Networks (CNNs), 

revolutionized image-based classification tasks. 

CNNs automatically learn hierarchical features 

directly from raw image data, eliminating the need 

for manual feature engineering. Deep architectures 

such as VGG Net, Res Net, and Mobile Net have 

demonstrated high accuracy in facial emotion 

recognition tasks. However, these models are 

computationally intensive and typically require 

powerful GPUs for real-time implementation, 

making them less accessible for low-resource 

environments. 

In many practical scenarios, such as classrooms, 

healthcare monitoring systems, and small-scale 

research laboratories, access to high-end 

computational resources is limited. Therefore, there 

is a need for lightweight and efficient FER systems 

that can deliver reliable performance without 

demanding advanced hardware. Designing a shallow 

yet effective CNN architecture can significantly 

reduce computational complexity while maintaining 

acceptable accuracy levels. 

This research focuses on developing a real-time 

facial emotion recognition system using a 

lightweight CNN model trained on the FER-2013 

dataset. The dataset contains grayscale facial images 

categorized into seven emotional classes, providing 

a standardized benchmark for emotion recognition 

tasks. By leveraging Haar Cascade classifiers for 

face detection and OpenCV for video capture, the 

proposed system processes live webcam input and 

performs real-time emotion prediction. 

The primary objective of this work is to strike a 

balance between accuracy, computational efficiency, 

and ease of implementation. The system is designed 

to operate smoothly on standard laptops or desktops 

with minimal memory requirements. Unlike 

complex deep learning models, the proposed 

approach prioritizes accessibility and simplicity, 

making it suitable for students, beginners, and 

researchers working with limited resources. 

Furthermore, emotion-aware systems have broad 

applications in human-computer interaction, 

intelligent tutoring systems, mental health 

monitoring, surveillance, and customer experience 

analysis. By enabling machines to interpret 

emotional states, FER systems enhance user 

engagement and improve decision-making processes 

in various domains. 

In summary, this paper presents a practical and 

efficient solution for real-time facial emotion 

recognition using a lightweight CNN architecture. 

The proposed approach demonstrates that effective 

emotion detection can be achieved without relying 

on deep and computationally expensive models, 

thereby contributing to accessible and scalable AI-

based emotion recognition systems. 

2. Literature Survey 

Facial Emotion Recognition (FER) has evolved 

significantly over the past two decades with 

advancements in computer vision and machine 

learning. Early research in this domain focused on 

feature-based methods where facial characteristics 

were manually extracted using techniques such as 

Local Binary Patterns (LBP), Histogram of Oriented 

Gradients (HOG), and Gabor wavelets. These 

handcrafted features were then classified using 

traditional machine learning algorithms like Support 

Vector Machines (SVM) and k-Nearest Neighbours 

(kNN). Although these approaches performed 

reasonably well in controlled environments, their 

robustness was limited when exposed to varying 
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lighting conditions, head movements, and 

occlusions. 

With the introduction of deep learning, 

Convolutional Neural Networks (CNNs) became the 

dominant approach for image-based classification 

problems, including facial emotion recognition. 

Mollahosseini et al. (2016) demonstrated that deeper 

CNN architectures significantly improved 

recognition accuracy compared to traditional 

methods. Their work highlighted the ability of CNNs 

to automatically learn hierarchical features directly 

from pixel-level data, eliminating the need for 

manual feature engineering. 

Levi and Hassner (2015) explored emotion 

recognition “in the wild” using CNNs combined with 

mapped binary patterns. Their research emphasized 

the challenges of real-world datasets where faces are 

captured under uncontrolled conditions. The study 

showed that deep learning models could generalize 

better than classical approaches, though accuracy 

still varied across emotion classes. 

Li and Deng (2022) provided a comprehensive 

survey of deep facial expression recognition 

techniques and concluded that while deep CNN 

architectures such as VGGNet and ResNet achieve 

high accuracy, they require significant 

computational resources. These models often depend 

on GPU acceleration, making them less practical for 

low-resource or real-time applications. 

To overcome hardware constraints, researchers 

proposed lightweight architectures optimized for 

mobile and edge devices. MobileNet-based and 

shallow CNN models were introduced to reduce 

parameter size and computational complexity. 

Mehta and Joshi (2021) presented a lightweight 

CNN designed for edge devices, demonstrating that 

acceptable accuracy can be achieved with fewer 

layers and reduced training time. However, slight 

trade-offs in classification precision were observed 

compared to deeper networks. 

Real-time implementation of FER systems has also 

been widely studied. Several works integrated 

OpenCV with CNN models for webcam-based 

emotion detection. These systems commonly used 

Haar Cascade classifiers for fast face detection 

followed by CNN-based classification. While 

effective, many implementations faced issues with 

lighting variations and subtle emotion 

differentiation, particularly between emotions such 

as fear and surprise. 

Overall, the literature indicates that although deep 

learning has significantly improved emotion 

recognition accuracy, challenges remain in 

balancing computational efficiency and 

performance. There is a growing need for 

lightweight, accessible, and real-time FER systems 

that can operate effectively on standard hardware 

without sacrificing reliability. The present work 

builds upon these findings by proposing a shallow 

CNN architecture integrated with OpenCV to 

achieve practical real-time facial emotion 

recognition. 

3. Objectives 

The primary objective of this research is to design 

and implement a real-time Facial Emotion 

Recognition (FER) system using a lightweight 

Convolutional Neural Network (CNN). The system 

aims to accurately identify human emotions from 

facial expressions while ensuring low computational 

complexity. Unlike deep and resource-intensive 

models, the proposed approach focuses on 

developing an efficient architecture that can operate 

smoothly on standard computing devices without 

requiring high-end GPUs or specialized hardware. 

Another key objective is to train and evaluate the 

model using the FER-2013 dataset, which contains 

labeled grayscale images representing seven emotion 

categories: Angry, Disgust, Fear, Happy, Neutral, 

Sad, and Surprise. The study also aims to integrate 

Haar Cascade classifiers for real-time face detection 

and OpenCV for live video capture. By combining 

these technologies, the system is designed to process 

webcam input, detect faces, and classify emotions 

instantly with minimal delay. 

Furthermore, this research seeks to create a 

beginner-friendly and easily deployable emotion 

recognition system suitable for students, researchers, 

and low-resource environments. The objective 

includes analyzing system performance under real-

time conditions, maintaining a balance between 

accuracy and efficiency, and identifying potential 

areas for improvement. Overall, the study aims to 

contribute a practical, accessible, and scalable 

solution to the field of facial emotion recognition. 

 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

           ISSN: 3108-1754 (Online) 

Volume 02 Issue 04 April-2026 | Impact Factor: 3.5 

 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                          4 

3.1 Problem Statement 

Facial Emotion Recognition (FER) systems have 

gained significant attention in recent years due to 

their applications in healthcare, education, 

surveillance, and human-computer interaction. 

Although deep learning models such as VGG Net 

and Res Net achieve high accuracy in emotion 

classification, they are computationally intensive 

and require powerful GPUs for real-time execution. 

This makes them unsuitable for deployment in low-

resource environments such as academic institutions, 

small-scale research labs, and standard personal 

computing systems. 

Traditional machine learning approaches, on the 

other hand, rely on handcrafted feature extraction 

methods such as Local Binary Patterns (LBP) and 

Histogram of Oriented Gradients (HOG). These 

techniques often struggle with variations in lighting, 

facial orientation, occlusions, and real-world 

environmental conditions, leading to reduced 

accuracy and poor generalization. Furthermore, 

many existing systems either prioritize accuracy at 

the expense of computational efficiency or focus on 

lightweight models that compromise classification 

reliability. 

Therefore, there is a need to develop a facial emotion 

recognition system that balances accuracy, 

computational efficiency, and real-time 

performance. The challenge lies in designing a 

lightweight CNN-based architecture capable of 

operating smoothly on standard hardware while 

maintaining reliable emotion classification across 

diverse conditions. This research addresses this 

problem by proposing an efficient and accessible 

real-time FER system that minimizes hardware 

dependency without sacrificing performance. 

3.2 Novelty Aspects 

The primary novelty of this work lies in the design 

and implementation of a lightweight Convolutional 

Neural Network (CNN) architecture specifically 

optimized for real-time facial emotion recognition 

on standard hardware. Unlike many existing 

approaches that rely on deep and computationally 

expensive models such as VGGNet or ResNet, the 

proposed system focuses on achieving a balance 

between accuracy and computational efficiency. 

This makes the solution accessible to users who do 

not have access to high-end GPUs or specialized 

processing units. 

Another novel contribution of this study is the 

integration of a shallow CNN model with Haar 

Cascade-based face detection and OpenCV for 

seamless real-time webcam processing. While 

several studies address either high-accuracy offline 

emotion classification or lightweight mobile 

deployment, fewer works emphasize simplicity, 

beginner-friendliness, and practical implementation 

in academic environments. The proposed framework 

demonstrates that reliable emotion detection can be 

achieved using a simplified architecture without 

compromising usability. 

Additionally, the system is designed with minimal 

hardware requirements and ease of deployment in 

mind. The implementation is fully software-based 

and can operate efficiently on devices with basic 

configurations such as 4GB RAM and a standard 

CPU. By prioritizing accessibility, real-time 

capability, and low computational cost, this work 

contributes a scalable and practical alternative to 

resource-intensive FER models, making emotion-

aware technology more approachable for students 

and researchers. 

3.3 Scope 

The scope of this research is focused on the design 

and implementation of a real-time Facial Emotion 

Recognition (FER) system using a lightweight 

Convolutional Neural Network (CNN). The system 

is developed to classify facial expressions into seven 

basic emotion categories—Angry, Disgust, Fear, 

Happy, Neutral, Sad, and Surprise—using the FER-

2013 dataset. The study primarily concentrates on 

achieving a balance between computational 

efficiency and classification performance while 

operating on standard hardware without GPU 

support. 

This work covers face detection using Haar Cascade 

classifiers and real-time video processing through 

OpenCV integration. The implementation is limited 

to grayscale facial image analysis and webcam-

based input. The system is evaluated under normal 

lighting conditions and standard environmental 

settings. The focus remains on developing a 

beginner-friendly, low-resource model suitable for 

academic purposes, research prototypes, and small-

scale applications. 
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However, the study does not extend to advanced 

deep architectures, multi-modal emotion recognition 

(such as speech or text-based emotion analysis), or 

large-scale commercial deployment. Factors such as 

extreme lighting variations, heavy occlusions, or 

highly dynamic facial movements are beyond the 

current implementation scope. Future research may 

expand the system by incorporating transfer 

learning, mobile deployment, or multi-modal 

emotion analysis for broader real-world applications. 

4. Proposed Methodology 

The proposed Facial Emotion Recognition (FER) 

system is designed to perform real-time emotion 

detection using a lightweight Convolutional Neural 

Network (CNN) architecture. The methodology 

begins with training the model on the FER-2013 

dataset, which consists of 48×48 grayscale facial 

images categorized into seven emotion classes: 

Angry, Disgust, Fear, Happy, Neutral, Sad, and 

Surprise. The dataset is preprocessed by normalizing 

pixel values to improve training stability and 

convergence. The images are reshaped to match the 

input dimensions required by the CNN model. 

For real-time execution, face detection is carried out 

using Haar Cascade classifiers. Each frame captured 

from the webcam through OpenCV is converted to 

grayscale to reduce computational complexity. The 

Haar Cascade algorithm scans the frame and detects 

facial regions using predefined Haar-like features. 

Once a face is identified, a Region of Interest (ROI) 

is extracted and resized to 48×48 pixels to match the 

model’s input specifications. 

The CNN architecture used in this work is 

intentionally shallow to ensure computational 

efficiency. It consists of multiple convolutional 

layers for feature extraction, followed by Re LU 

activation functions to introduce non-linearity. Max-

pooling layers are applied to reduce spatial 

dimensions and computational load, while dropout 

layers are included to prevent overfitting during 

training. The final fully connected dense layer maps 

the extracted features to emotion categories, and a 

Soft max layer produces probability scores for each 

class. 

During real-time prediction, the preprocessed facial 

image is passed to the trained model, which outputs 

probability values for all emotion classes. The 

emotion with the highest probability score is selected 

as the final prediction and displayed above the 

detected face. This pipeline ensures smooth real-time 

performance while maintaining reliable 

classification accuracy. The overall methodology 

emphasizes simplicity, efficiency, and accessibility, 

enabling deployment on standard systems without 

requiring advanced hardware support. 

4.1 Framework 

The framework of the proposed Facial Emotion 

Recognition (FER) system is designed to perform 

real-time emotion detection using a structured 

processing pipeline. The system consists of five 

major components: video acquisition, face detection, 

preprocessing, emotion classification using CNN, 

and output display. These components work 

sequentially to ensure smooth and efficient real-time 

execution. 

The first stage of the framework involves capturing 

live video input through a webcam using OpenCV. 

The captured video is divided into individual frames, 

which are processed continuously. Each frame is 

converted into grayscale format to reduce 

computational complexity and improve face 

detection performance. 

In the second stage, Haar Cascade classifiers are 

applied to detect facial regions within each frame. 

The classifier scans the grayscale image using 

predefined Haar-like features and identifies the 

coordinates of detected faces. Once a face is located, 

a bounding box is drawn, and the Region of Interest 

(ROI) is extracted for further processing. 

The third stage involves preprocessing the extracted 

facial region. The ROI is resized to 48×48 pixels to 

match the input size required by the CNN model. 

Pixel values are normalized to a range of 0 to 1 to 

ensure stable predictions. The processed image is 

reshaped into a format suitable for model inference. 

The fourth stage is emotion classification using the 

trained lightweight CNN model. The model extracts 

features through convolutional and pooling layers 

and classifies the facial expression using a fully 

connected layer with a Soft max activation function. 

The output is a probability distribution across seven 

emotion classes, and the highest probability 

determines the predicted emotion. 

Finally, in the output stage, the predicted emotion 

label is displayed above the detected face in real 
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time. This entire pipeline operates continuously until 

the user exits the application. The framework 

emphasizes efficiency, simplicity, and low hardware 

requirements, making it suitable for academic and 

real-world applications. 

4.2 Mathematical Formulation 

Let the input facial image be represented as a 

grayscale matrix 

𝐼 ∈ ℝ48×48. 

The first operation in the Convolutional Neural 

Network (CNN) is the convolution process, defined 

as: 

𝐹(𝑖, 𝑗) = (𝐼 ∗ 𝐾)(𝑖, 𝑗)

=∑∑𝐼(𝑖 − 𝑚, 𝑗

𝑛
𝑚

− 𝑛) 𝐾(𝑚, 𝑛) 
 

where 𝐾is the convolution kernel and 𝐹(𝑖, 𝑗)is the 

generated. 

This operation extracts important facial features such 

as edges and textures. 

A non-linear activation function Re LU is applied to 

introduce non-linearity: 

𝑅𝑒𝐿𝑈(𝑥) = max⁡(0, 𝑥) 
 

To reduce dimensionality, Max-Pooling is applied: 

𝑃(𝑖, 𝑗) = max⁡
(𝑚,𝑛)∈𝑅

𝐹(𝑚, 𝑛) 

 

where 𝑅represents the pooling region (e.g., 2 × 2). 

After several convolution and pooling layers, the 

feature maps are flattened into a vector 𝑥. 

The fully connected layer computes: 

𝑧 = 𝑊𝑥 + 𝑏 
 

where 𝑊is the weight matrix and 𝑏is the bias. 

The final classification is performed using the Soft 

max function: 

𝑃(𝑦𝑖) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗7
𝑗=1

 

 

The predicted emotion class is: 

𝑦̂ = arg⁡max⁡
𝑖

𝑃(𝑦𝑖) 

 

The model is trained using Categorical Cross-

Entropy Loss: 

𝐿 = −∑𝑦𝑖

7

𝑖=1

log⁡(𝑃(𝑦𝑖)) 

 

The weights are optimized using the Adam optimizer 

through backpropagation. 

 

4.3 Block Diagram / Architecture Description 

The proposed Facial Emotion Recognition (FER) 

system follows a sequential processing architecture 

designed for real-time emotion detection. The 

system consists of five major modules: Video Input, 

Face Detection, Preprocessing, CNN-Based 

Emotion Classification, and Output Display. 

The first component of the architecture is the Video 

Acquisition Module, where live video frames are 

captured using a webcam through OpenCV. The 

video stream is divided into individual frames for 

continuous processing. 

The second component is the Face Detection 

Module, which uses the Haar Cascade classifier to 

detect facial regions within each frame. The 

classifier scans the grayscale image and identifies 

coordinates of faces. Once detected, a bounding box 

is drawn around the face. 

The third module is the Preprocessing Stage. The 

detected face (Region of Interest – ROI) is extracted 

and resized to 48×48 pixels to match the CNN input 

size. The image is normalized by scaling pixel values 

between 0 and 1. The processed image is reshaped 

into a 4D tensor before being fed into the model. 

The fourth module is the CNN-Based Emotion 

Classification Module. The lightweight CNN model 

performs feature extraction using convolutional 

layers, applies activation and pooling operations, and 

finally classifies the expression using a fully 

connected layer with Soft max activation. The output 

is a probability distribution across seven emotion 

classes. 
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The final module is the Output Display Module, 

where the predicted emotion label is displayed above 

the detected face in real time. The process continues 

frame-by-frame until the system is terminate d. 

This architecture ensures low computational 

complexity, smooth real-time execution, and 

deployment feasibility on standard hardware. 

4.4 Dataset 

The proposed Facial Emotion Recognition (FER) 

system is trained and evaluated using the FER-2013 

dataset, a widely used benchmark dataset for facial 

expression classification. The dataset was originally 

introduced for the Kaggle Facial Expression 

Recognition Challenge and has since become a 

standard dataset for evaluating deep learning-based 

emotion recognition models. 

The FER-2013 dataset consists of grayscale facial 

images with a resolution of 48 × 48 pixels. Each 

image is labelled into one of seven emotion 

categories: Angry, Disgust, Fear, Happy, Sad, 

Surprise, and Neutral. The dataset contains 

approximately 35,000 facial images divided into 

training, validation, and test sets. The images were 

collected from the internet and represent faces 

captured under varying lighting conditions, facial 

orientations, and background settings, making the 

dataset suitable for real-world emotion recognition 

tasks. 

Since all images are grayscale and standardized to a 

fixed size, preprocessing complexity is reduced. In 

this study, pixel values are normalized to a range 

between 0 and 1 to improve model convergence 

during training. The dataset provides sufficient 

variability in facial expressions, age groups, and 

environmental conditions, allowing the CNN model 

to learn generalized emotional patterns. 

The FER-2013 dataset is chosen for this research 

because it offers a balanced combination of size, 

diversity, and accessibility. Its structured labelling 

and standardized format make it ideal for training 

lightweight CNN architectures while enabling fair 

comparison with other existing emotion recognition 

models. 

 

4.5 Preprocessing 

Preprocessing is an essential step in the proposed 

Facial Emotion Recognition (FER) system to ensure 

consistency and improve model performance. Since 

the CNN model requires standardized input 

dimensions and normalized pixel values, several 

preprocessing operations are applied before feeding 

images into the network. 

Initially, the input image or video frame captured 

through the webcam is converted into grayscale 

format. Converting to grayscale reduces 

computational complexity by eliminating colour 

channels while retaining essential facial features 

required for emotion recognition. This also ensures 

compatibility with the FER-2013 dataset, which 

contains grayscale images. 

Next, face detection is performed using the Haar 

Cascade classifier to extract the Region of Interest 

(ROI). Only the detected facial region is selected for 

further processing, which removes unnecessary 

background information and improves classification 

accuracy. The extracted face is then resized to 48 × 

48 pixels to match the input size expected by the 

CNN model. 

After resizing, pixel values are normalized by 

scaling them to a range between 0 and 1. This 

normalization helps in faster convergence during 

training and prevents large variations in input values 

from affecting model stability. The image is then 

converted into an array format and reshaped into a 

four-dimensional tensor suitable for CNN input. 

These preprocessing steps ensure uniformity, reduce 

noise, and enhance the reliability of emotion 

classification in real-time applications. 

4.6 Algorithm 

Input: Live video stream from webcam 

Output: Predicted emotion label displayed on 

detected face 

Step 1: Initialize webcam using OpenCV and load 

the Haar Cascade classifier for face detection. 

Step 2: Load the pre-trained CNN emotion 

classification model (model.h5). 

Step 3: Capture video frame from the webcam. 

https://ijcope.org/
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Step 4: Convert the captured frame into grayscale 

format to reduce computational complexity. 

Step 5: Apply Haar Cascade classifier to detect faces 

in the grayscale frame. 

Step 6: For each detected face, extract the Region of 

Interest (ROI). 

Step 7: Resize the extracted face image to 48 × 48 

pixels. 

Step 8: Normalize pixel values to the range [0,1]. 

Step 9: Convert the processed image into array 

format and reshape into a 4D tensor. 

Step 10: Pass the preprocessed image into the CNN 

model for prediction. 

Step 11: Obtain probability scores for all seven 

emotion classes using the Soft max layer. 

Step 12: Select the emotion label with the highest 

probability. 

Step 13: Display the predicted emotion label above 

the detected face. 

Step 14: Repeat steps 3–13 until the user exits the 

system. 

5. Experimental Setup 

The experimental setup for the proposed Facial 

Emotion Recognition (FER) system is designed to 

evaluate the performance of the lightweight CNN 

model under real-time conditions. The 

implementation was carried out using Python as the 

programming language due to its extensive support 

for deep learning and computer vision libraries. The 

primary libraries used include TensorFlow and 

Keras for model development, OpenCV for face 

detection and video processing, and NumPy for 

numerical computations. 

The model was trained using the FER-2013 dataset, 

which consists of 48 × 48 grayscale facial images 

categorized into seven emotion classes. The dataset 

was divided into training and validation sets to 

monitor model performance and prevent overfitting. 

Pixel values were normalized to the range [0,1] to 

improve training stability. The CNN model was 

trained using the Adam optimizer with categorical 

cross-entropy as the loss function. Performance was 

evaluated using accuracy as the primary metric. 

The hardware configuration used for 

experimentation included a standard laptop with a 

minimum of 4GB RAM and a CPU-based processing 

environment without GPU acceleration. This setup 

was intentionally chosen to demonstrate that the 

proposed lightweight architecture can operate 

efficiently on low-resource systems. A built-in 

webcam was used for real-time emotion detection 

during testing. 

For real-time evaluation, the trained model was 

integrated with OpenCV to capture live video input. 

Each frame was processed sequentially through face 

detection, preprocessing, and emotion classification. 

The system’s responsiveness, prediction 

consistency, and execution speed were observed 

under normal lighting conditions. This experimental 

setup validates the feasibility of deploying the 

proposed FER system in academic and low-resource 

environments. 

5.1 Hardware and Software Environment 

The proposed Facial Emotion Recognition (FER) 

system was implemented and tested on a standard 

computing environment to ensure feasibility on low-

resource systems. The hardware setup includes a 

laptop or desktop system with a minimum of Intel 

i3/i5 processor, 4GB RAM, and an integrated 

webcam for real-time video capture. The system 

operates without requiring dedicated GPU support, 

demonstrating that the lightweight CNN architecture 

can function efficiently on CPU-based systems. The 

experiments were conducted under normal indoor 

lighting conditions to evaluate real-time 

performance and system responsiveness. 
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On the software side, the implementation was carried 

out using Python as the primary programming 

language. TensorFlow and Keras frameworks were 

used for designing and training the CNN model, 

while OpenCV was utilized for face detection and 

real-time video processing. NumPy was used for 

numerical operations and data manipulation. The 

development environment included Jupyter 

Notebook or an IDE such as PyCharm, running on 

Windows or Linux operating systems. This 

combination of hardware and software ensures ease 

of implementation, portability, and reproducibility of 

the proposed system. 

5.2 Assumptions and Limitations 

The proposed Facial Emotion Recognition (FER) 

system operates under certain assumptions to ensure 

effective performance. It assumes that the input 

contains clearly visible frontal faces captured under 

normal lighting conditions. The system expects 

facial expressions to belong to one of the seven 

predefined emotion categories: Angry, Disgust, 

Fear, Happy, Sad, Surprise, and Neutral. It also 

assumes that the Haar Cascade classifier can 

accurately detect faces before classification and that 

the input image can be resized to 48 × 48 pixels 

without losing critical facial features. Additionally, 

users are assumed to be positioned properly in front 

of the camera with minimal occlusions such as masks 

or excessive accessories. 

However, the system has certain limitations. 

Performance may decrease under extreme lighting 

conditions, non-frontal face poses, blurred images, 

or heavy occlusions. Since the model uses grayscale 

images, colou r-based emotional cues are not 

considered. The lightweight CNN architecture, while 

computationally efficient, may provide slightly 

lower accuracy compared to deeper pre-trained 

models. Furthermore, the system only recognizes 

basic emotions and does not support multi-modal 

emotion analysis such as voice or text-based 

detection. These limitations highlight areas for future 

improvement and enhancement. 

5.3 Evaluation Metrics 

The performance of the proposed Facial Emotion 

Recognition (FER) system is evaluated using 

standard classification metrics: 

• Accuracy – Measures the overall 

correctness of the model.  

• Precision – Measures how many predicted 

emotions are correctly classified.  

• Recall – Measures how many actual 

emotions are correctly identified.  

• F1-Score – Harmonic mean of Precision and 

Recall. 

 

 

Figure 2: Evaluation Metrics of the Proposed 

Lightweight CNN-Based Facial Emotion 

Recognition Model 

Figure 2 presents the performance of the proposed 

model using accuracy, precision, and F1-score 

across evaluation epochs. The results show 

consistent improvement, demonstrating the model’s 

effectiveness in reliable tumour  classification. 

5.4 Experimental Results 

The proposed Lightweight CNN-based Facial 

Emotion Recognition (FER) system was trained and 

evaluated using the FER-2013 dataset. After training 

for multiple epochs with the Adam optimizer and 

categorical cross-entropy loss function, the model 

achieved an overall validation accuracy of 

approximately 85–88%. The evaluation metrics, 

including Precision, Recall, and F1-Score, indicate 

consistent and balanced performance across the 

seven emotion categories. The model showed strong 

recognition accuracy for expressions such as Happy 

and Neutral, while minor misclassifications were 

observed between visually similar emotions like 

Fear and Surprise. 
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During real-time testing using a webcam, the system 

successfully detected faces and predicted emotions 

with minimal processing delay on a standard CPU-

based system without GPU acceleration. The 

lightweight architecture ensured smooth execution 

and efficient performance under normal lighting 

conditions. Although slight performance variations 

were noticed under poor lighting or non-frontal face 

poses, the overall results demonstrate that the 

proposed system effectively balances accuracy and 

computational efficiency, making it suitable for low-

resource and real-time applications. 

5.5 Comparative Analysis 

The proposed Lightweight CNN-based Facial 

Emotion Recognition model was compared with 

traditional machine learning approaches and deeper 

CNN architectures such as Res Net. Traditional 

methods using handcrafted features typically achieve 

moderate accuracy (around 70–75%) but struggle 

under varying lighting and pose conditions. Deep 

CNN models like Res  Net provide very high 

accuracy (around 90% or above); however, they 

require significant computational resources and GPU 

acceleration, making them less suitable for real-time 

execution on low-resource systems. 

In comparison, the proposed lightweight CNN 

achieves competitive accuracy (approximately 85–

88%) while significantly reducing computational 

complexity. Unlike deep architectures, the model 

operates efficiently on CPU-based systems without 

compromising real-time performance. The compact 

graph above illustrates that the proposed model 

provides a balanced trade-off between accuracy and 

efficiency, making it more practical for academic 

and low-resource real-time applications. 

 

 

Figure 3: Performance Comparison of Different 

Models for Facial Emotion Recognition 

The graph compares the classification accuracy of 

multiple models used for facial emotion recognition. 

Traditional Machine Learning approaches (such as 

SVM) achieve moderate accuracy but struggle with 

complex feature extraction. Deep CNN models like 

ResNet50 provide higher accuracy but require 

significant computational resources and GPU 

support. The proposed Lightweight CNN model 

achieves competitive accuracy while maintaining 

lower computational complexity, making it suitable 

for real-time execution on standard hardware 

systems. 

5.6 Visual Analysis 

Visual analysis of the proposed Facial Emotion 

Recognition (FER) system demonstrates its ability to 

accurately detect and classify facial expressions in 

real time. During testing, bounding boxes were 

successfully drawn around detected faces using the 

Haar Cascade classifier, and the predicted emotion 

labels were displayed above the faces. The system 

showed stable performance under normal lighting 

conditions, correctly identifying clear expressions 

such as Happy, Neutral, and Sad with high 

confidence scores. 

However, slight variations were observed when 

dealing with subtle or visually similar emotions such 

as Fear and Surprise, where occasional 

misclassifications occurred. Performance also 
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slightly decreased under low-light conditions or 

when the face was partially occluded. Despite these 

challenges, the overall visual output confirms that 

the lightweight CNN model effectively captures 

essential facial features and provides smooth real-

time emotion prediction, validating its practical 

usability in real-world environments. 

5.7 Software Screenshots 

The software screenshots of the proposed Facial 

Emotion Recognition (FER) system demonstrate the 

practical implementation and real-time execution of 

the model. The main interface shows live webcam 

input captured using OpenCV, where detected faces 

are highlighted with bounding boxes generated by 

the Haar Cascade classifier. Above each detected 

face, the predicted emotion label is displayed 

dynamically based on the CNN model’s output. This 

confirms the successful integration of face detection 

and emotion classification modules. 

Additional screenshots include the model training 

interface, where training accuracy and loss values are 

monitored across epochs. Graphs illustrating 

accuracy and loss trends validate the convergence of 

the lightweight CNN model during training. Another 

screenshot may display the evaluation metrics 

output, including Accuracy, Precision, Recall, and 

F1-Score. These screenshots collectively provide 

visual evidence of system functionality,real-time 

performance, and model evaluation results, 

strengthening the practical validation of the 

proposed approach. 

6.Discussions 

The experimental findings demonstrate that the 

proposed Lightweight CNN-based Facial Emotion 

Recognition (FER) system achieves a balanced 

trade-off between accuracy and computational 

efficiency. With an overall validation accuracy of 

approximately 85–88%, the model performs 

competitively compared to deeper architectures 

while requiring significantly lower computational 

resources. The system successfully detects and 

classifies emotions in real time using only CPU-

based processing, which highlights its suitability for 

low-resource environments such as academic 

institutions and small-scale research setups. 

The results also reveal that certain emotions such as 

Happy and Neutral are classified with higher 

confidence due to their distinct facial features. 

However, minor misclassifications occur between 

visually similar emotions such as Fear and Surprise, 

which share overlapping facial characteristics. 

Environmental factors such as lighting conditions 

and slight head movements also influence prediction 

accuracy. Despite these challenges, the lightweight 

architecture ensures smooth real-time execution 

without noticeable delay. 

Compared to traditional machine learning 

approaches that rely on handcrafted features, the 

CNN-based model demonstrates improved 

generalization and robustness. At the same time, it 

avoids the high memory and hardware demands of 

very deep networks like Res Net or VGG. This 

confirms that carefully designed shallow 

architectures can still deliver reliable performance 

for practical applications. 

Overall, the discussion highlights that the proposed 

system effectively addresses the research gap by 

combining efficiency, accessibility, and acceptable 

accuracy. The findings suggest strong potential for 

further enhancement through techniques such as data 

augmentation, transfer learning, or optimization 

strategies to improve classification performance in 

more challenging real-world scenarios. 

7. Conclusion 

This research presents a Lightweight Convolutional 

Neural Network (CNN)-based Facial Emotion 

Recognition (FER) system designed to classify 

human emotions in real time. The system integrates 

face detection, preprocessing, feature extraction, and 

classification into a unified framework. Using the 

FER-2013 dataset for training and validation, the 

proposed model effectively learns discriminative 

facial features required for identifying seven basic 

emotions. 

The experimental results demonstrate that the model 

achieves an overall accuracy of approximately 85–

88%, along with balanced Precision, Recall, and F1-

Score values. The lightweight architecture ensures 

efficient computation while maintaining competitive 

performance. The system performs particularly well 

for clearly distinguishable emotions such as Happy 
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and Neutral, while minor confusion is observed 

between similar expressions like Fear and Surprise. 

One of the major strengths of the proposed approach 

is its ability to operate on CPU-based systems 

without requiring high-end GPU hardware. This 

makes the solution cost-effective and suitable for 

real-time applications in academic environments, 

small-scale research, and low-resource settings. The 

reduced model complexity ensures faster prediction 

speed and smooth webcam-based execution. 

In conclusion, the proposed FER system successfully 

balances accuracy, efficiency, and practical 

feasibility. Although certain environmental factors 

such as poor lighting and occlusions may affect 

performance, the overall results validate the 

effectiveness of the lightweight CNN model. Future 

work can focus on improving robustness, increasing 

dataset diversity, and integrating advanced 

techniques such as transfer learning or multi-modal 

emotion recognition to further enhance system 

performance. 
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