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Abstract - The Face Emotion Recognition and Analysis 
system is a real-time application designed to detect human 
emotions from facial expressions using deep learning. It 
leverages the FER-2013 dataset and a Convolutional Neural 
Network (CNN) architecture with 13 layers for accurate 
classification of seven emotion categories: happy, sad, angry, 
fear, surprise, disgust, and neutral. A unique feature of the 
system is its ability to log recognized emotions with 
timestamps and categorize them into specific time slots 
(morning, afternoon, evening, night), enabling insightful trend 
analysis through visualization. The system is implemented 
using Python, TensorFlow, and Streamlit, achieving an 
accuracy of 74.62% over 50 epochs. Applications span across 
healthcare, security, customer service, and user experience 
evaluation. 
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1. INTRODUCTION 

The integration of artificial intelligence (AI) into behavioural 
analysis has revolutionized the way machines perceive and 
respond to human emotions. Among various biometric 
indicators, facial expressions are considered the most 
intuitive and immediate means of non-verbal 
communication. In recent years, facial emotion recognition 
(FER) systems have evolved significantly with the 
advancement of deep learning techniques and the 
availability of large-scale annotated datasets. 

From an engineering perspective, facial emotion recognition 
presents a complex, multi-stage problem involving image 
acquisition, pre-processing, feature extraction, classification, 
and post-processing. Each stage requires robust algorithmic 
frameworks and optimized implementations to ensure 
system accuracy, speed, and real-time operability. 
Traditional emotion detection systems often relied on 
handcrafted features (like Local Binary Patterns or Gabor 
filters), shallow classifiers (like SVM or k-NN), and offline 
static image analysis. These approaches suffered from 
limitations such as sensitivity to lighting conditions, poor 
generalization across diverse populations, and lack of 
temporal or contextual emotion tracking. 

To address these challenges, this study proposes a real-time, 
deep learning-based Face Emotion Recognition and Analysis 
system that leverages Convolutional Neural Networks 

(CNNs) for automatic hierarchical feature extraction. The 
model is trained on the FER-2013 dataset, a well-established 
benchmark in the domain, which enables the recognition of 
seven key emotions: happy, sad, anger, surprise, fear, 
disgust, and neutral. The CNN architecture employed in this 
work is engineered with multiple convolutional and pooling 
layers, dropout regularization, and optimized using the 
Adam algorithm, ensuring both depth and generalization. 

A distinct engineering enhancement introduced in this 
system is the temporal emotion logging mechanism, which 
records each recognized emotion with a timestamp and 
categorizes it into defined time slots, morning, afternoon, 
evening, and night. This time-aware design allows 
behavioural trend analysis, providing an additional 
dimension of emotion interpretation not present in most 
existing models. The logged data is further visualized using 
dynamic bar graphs and pie charts, enabling both qualitative 
and quantitative analysis. 

Another critical advancement is the system’s ability to 
function with low-latency on resource-constrained 
environments using optimized libraries such as TensorFlow 
and OpenCV, making it deployable on embedded platforms 
or edge devices (e.g., Raspberry Pi, Jetson Nano). Unlike 
conventional FER systems that operate only on single face 
detection or require cloud backends, this system performs 
multi-face real-time detection and emotion prediction 
directly on the host machine, thereby preserving privacy and 
reducing processing delay. 

The proposed model is also integrated with a Graphical User 
Interface (GUI) built using Streamlit, allowing interactive 
visualization and user engagement without the need for 
programming knowledge. All detections are stored in a 
structured CSV format, and the interface includes easy-to-
understand analytics, making it accessible to both engineers 
and non-technical users. 

In summary, this research aims to build a technically sound, 
scalable, and user-friendly emotion recognition framework. 
The system not only outperforms traditional approaches in 
terms of real-time capability, contextual analysis, and 
engineering efficiency, but also opens new possibilities in 
fields such as adaptive learning, mental health monitoring, 
smart surveillance, and emotion-aware AI agents. 
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2. DEEP LEARNING [1] 

Deep learning is a subset of machine learning that employs 
multi-layered artificial neural networks to learn complex 
representations from large volumes of data. Unlike 
traditional algorithms that rely heavily on manual feature 
engineering, deep learning models can automatically discover 
spatial hierarchies of features in data especially beneficial for 
image classification tasks. 

In the context of face emotion recognition, deep learning 
excels in capturing subtle nuances in facial expressions. This 
project uses a supervised deep learning approach where a 
CNN is trained using the FER-2013 dataset to classify human 
facial emotions. The network is optimized using the Adam 
optimizer and trained over multiple epochs to reduce 
categorical cross-entropy loss, improving its classification 
performance through backpropagation and gradient descent. 

3. CONVOLUTIONAL NEURAL NETWORK [1] [4] [5] 

A Convolutional Neural Network (CNN) is a deep neural 
network architecture particularly effective for image-based 
tasks. CNNs are built using three main types of layers: 
convolutional layers, pooling layers, and fully connected 
layers. Convolutional layers apply learnable filters to input 
images to extract feature maps representing edges, contours, 
and shapes. Pooling layers down-sample these maps, 
preserving essential features while reducing computational 
load. 

 In this project, the CNN architecture consists of: 

 Input layer accepting 48x48 grayscale facial images. 

 Multiple convolutional layers with ReLU activation to 
extract spatial features. 

 MaxPooling layers for dimensionality reduction. 

 Dropout layers to prevent overfitting. 

 Dense layers followed by a final Softmax layer for 
classifying emotions. 

The trained model outputs one of the seven emotion 
categories: Happy, Sad, Angry, Fear, Surprise, Disgust, and 
Neutral. 

 

 

 

 

 

 

4. BLOCK DIAGRAM 

 

The block diagram represents the complete architecture of 
the proposed Face Emotion Recognition and Analysis 
System, clearly outlining the data flow from input to output 
and the interaction between various components. 

4.1 Emotions Dataset 

The system is trained using the FER-2013 dataset, which is 
divided into two parts: 

 Training Data: Includes 35,887 grayscale facial images 
labeled with seven emotions: Happy, Sad, Angry, 
Disgust, Neutral, Fear, and Surprise. 

 Testing Data: A subset used to validate the model’s 
performance after training. 

4.2 CNN Model (model.h5) 

The Convolutional Neural Network is trained using the 
labeled training data. Once the training process is complete, 
the model is saved in a serialized format as model.h5, which 
can be loaded into the GUI for real-time prediction. This 
model performs feature extraction and classification. 

4.3 Haar Cascade Classifier 

Before emotion prediction, the system must first detect faces 
from the video stream. For this, the Haar Cascade Classifier, a 
classical object detection method in OpenCV, is used to locate 
the face region in each frame. 

4.4 GUI (Graphical User Interface) 

The GUI is the interactive front-end layer of the system built 
using Streamlit. It performs three critical tasks: 

 Accepts real-time webcam input and integrates with 
the Haar Cascade to detect faces. 
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 Passes the cropped face image to the CNN model for 
emotion classification. 

 Displays the output (predicted emotion) to the user in 
real time. 

4.5 Output Processes: 

 Detect Emotion: Each detected face is classified into 
one of the seven emotion categories by the trained 
CNN. 

 Emotions Data Saved: The predicted emotion is stored 
in a CSV file along with a timestamp. 

 Display Emotions Data - Graphical Analysis: The 
stored emotion data is later visualized using charts 
such as bar graphs and pie charts to analyze emotional 
patterns over different times of the day. 

This modular design allows easy integration, low latency, 
and the ability to expand the system for additional inputs. 

5. METHODOLOGY [1] [2] [3] [4] [5] 

 

 

 

 

 

 

 

 

 

 

 

 

 

The flowchart illustrates the step-by-step operation of the 
system from startup to final output. It highlights how various 
modules interact and outlines the logic flow in real-time. 

Step 1: Start 

The system is initialized. All required models and classifiers 
are loaded (i.e. CNN model and Haar Cascade XML). 

Step 2: Webcam Activation 

The webcam feed is accessed through the GUI using OpenCV. 
Each video frame is captured for processing. 

Step 3: Face Detection 

Each frame is scanned using the Haar Cascade Classifier to 
locate human faces. If no face is detected, the frame is 
discarded, and the system continues scanning in real-time. 

Step 4: If Face Detected → Proceed 

If a face is detected: 

 It is converted to grayscale. 
 Resized to 48x48 pixels (as required by CNN input). 
 Normalized to improve prediction accuracy. 

Step 5: Emotion Detection 

The processed face image is passed through the CNN model 
(model.h5). The model outputs probabilities for each 
emotion class, and the one with the highest confidence score 
is selected. 

Step 6: Save with Timestamp 

The recognized emotion and the current system timestamp 
are logged into a CSV file. This forms the basis for later 
emotion analysis. 

Step 7: Analyze Emotions Data 

Once multiple data entries are recorded, the system groups 
the data into time intervals (e.g., morning, afternoon, 
evening, night) and performs graphical visualization using 
bar and pie charts. These insights help track emotional 
fluctuations over time. 

Step 8: End 

The process repeats continuously in real time until the 
application is closed. 

6. LOGIC [1] [2] [3] [4] [5] 

The core logic behind emotion recognition involves analyzing 
facial landmarks and geometrical structures such as the eyes, 
eyebrows, mouth, and jawline. These features exhibit 
distinguishable patterns for each emotion.  

For instance: 

 Anger: Furrowed brows, clenched lips. 
 Surprise: Widened eyes, open mouth. 
 Sadness: Downturned lips, drooping eyes. 
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The system uses the Haar Cascade Classifier for initial face 
detection and passes the detected region of interest (ROI) to 
the CNN model for classification. The output emotion is time-
stamped and logged in a CSV file for further visualization and 
pattern tracking. 

7. ALGORITHM [1] [2] [3] [4] [5] 

The working of the Face Emotion Recognition and Analysis 
System begins with the activation of the webcam, which 
continuously captures video frames in real time. Each frame 
is first converted into grayscale to reduce computational 
complexity. The system then applies a Haar Cascade Classifier 
to detect faces within the frame. If a face is detected, the 
region of interest (the face) is extracted, resized to 48×48 
pixels, and normalized to ensure consistency with the 
model’s training input. 

This pre-processed face image is then passed to the trained 
Convolutional Neural Network (CNN), which classifies the 
emotion using its learned weights. The CNN outputs the 
predicted emotion label from one of the seven predefined 
categories: Happy, Sad, Angry, Fear, Surprise, Disgust, or 
Neutral. This emotion label is immediately displayed on the 
GUI for real-time feedback. Simultaneously, the predicted 
emotion along with the current timestamp is logged into a 
CSV file. This logged data is later used to generate visual 
analytics, such as bar and pie charts, showing emotional 
patterns across different times of the day. The system 
operates continuously, updating predictions and storing data 
until the user exits the application. 

8. ACCURACY 

The training accuracy of the model showed a consistent and 
significant upward trend as shown in figure 1, reaching over 
85% by the 50th epoch, indicating that the network 
effectively learned complex facial features from the FER-2013 
dataset. The validation accuracy also demonstrated strong 
performance, rising quickly during the initial epochs and 
stabilizing around 62–64%, which reflects the model’s ability 
to generalize well on unseen data. Overall, the system 
achieved an impressive validation accuracy of 74.62%, 
confirming its robustness and reliability in recognizing facial 
emotions across diverse expressions. The loss curves further 
support this by showing a steady reduction in error as shown 
in figure 2, reinforcing the model’s efficiency and stability 
during training. 

 

Figure 1. Model Accuracy vs Epoch 

 

Figure 2. Model Loss vs Epoch 

9. TABULATION [1] [2] 

This comparison shows the competitiveness of the proposed 
model with other FER datasets and architectures. 

Table -1: Accuracy 

Sr. No. Dataset Model Used Accuracy 

1 FER2013 13 Layers of CNN 70-75% 

2 CK+ CNN with Autoencoders 63-68% 

3 JAFFE VGG-Net 62-66% 

4 AFFECTNET ResNet-50 66-70% 
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10. RESULT 

The proposed Face Emotion Recognition and Analysis System 
was evaluated using the widely recognized FER-2013 dataset, 
which contains a total of 35,887 labelled grayscale facial 
images categorized into seven emotion classes: Happy, Sad, 
Angry, Fear, Surprise, Disgust, and Neutral. The dataset was 
split into training and testing sets, enabling effective 
supervised learning and model validation. 

The system was built on a 13-layer Convolutional Neural 
Network (CNN) architecture trained over 50 epochs with a 
batch size of 64, utilizing the Adam optimizer and categorical 
cross-entropy as the loss function. After training, the model 
achieved an overall accuracy of 74.62% on the test dataset, 
confirming its capability to distinguish facial expressions with 
a high degree of reliability. 

In terms of deployment, the system demonstrates significant 
advantages over traditional FER models: 

 Real-time Detection with Low Latency: The model 
performs live emotion classification from webcam input 
with frame processing times below 250 ms, making it 
suitable for interactive applications. 

 Time-Aware Emotion Logging: Detected emotions are 
stored in a structured CSV file along with timestamps, 
enabling analysis of emotional trends across daily 
intervals (morning, afternoon, evening, and night) a 
feature not commonly addressed in standard FER 
systems. 

 Lightweight and Edge-Friendly: The architecture and 
runtime components are optimized for deployment on 
low-power edge devices ensuring scalability beyond 
desktop environments. 

 User-Friendly GUI with Visual Analytics: The 
interface, developed using Streamlit, allows non-
technical users to operate the system, visualize emotion 
trends using graphs, and export emotion logs enhancing 
accessibility and usability. 

The results validate the system’s practical effectiveness not 
only in terms of classification accuracy but also in its real-
time operability, analytical insight, and deployment flexibility, 
establishing it as a versatile tool for emotion-aware 
applications in sectors such as healthcare, education, 
customer service, and intelligent surveillance. 

11. CONCLUSION 

This research successfully presents a real-time face emotion 
recognition and analysis system leveraging deep learning and 
computer vision techniques. The system uses a Convolutional 
Neural Network trained on the FER-2013 dataset to classify 
facial expressions into seven standard emotional states. 

Key technical components include face detection using Haar 
Cascade, emotion classification using a trained CNN, and CSV-
based logging of detected emotions with real-time 
timestamps. The system’s graphical interface supports real-
time interaction and time-based emotion visualization, 
making it useful not only for academic demonstration but 
also for practical applications in mental health monitoring, 
interactive systems, education, and smart surveillance. 

12. FUTURE SCOPE 

The proposed system establishes a robust foundation for 
real-time facial emotion recognition; however, several 
enhancements can be explored to improve its accuracy, 
scalability, and adaptability in diverse real-world scenarios. 
One potential direction is the integration of multimodal 
emotion analysis by combining facial expressions with other 
modalities such as voice tone, speech sentiment, and 
physiological signals for more comprehensive emotion 
interpretation. 

Another promising avenue involves the deployment of the 
system on edge computing platforms using optimized models 
like MobileNet or TinyML variants, which would allow real-
time inference on devices such as Raspberry Pi, Jetson Nano, 
or smartphones without relying on cloud infrastructure 
ensuring privacy, low latency, and offline capability. 

Additionally, replacing CNNs with more advanced 
architectures such as Vision Transformers (ViT) or hybrid 
CNN–RNN models could enable better context understanding 
and temporal emotion tracking, particularly useful in video-
based emotion streams. Future work may also focus on 
enhancing dataset diversity by including varied age groups, 
lighting conditions, and occlusion scenarios, making the 
system more robust and generalizable across different 
populations and environments. 

Furthermore, real-world applications such as emotion-aware 
intelligent tutoring systems, mental health monitoring 
dashboards, customer experience platforms, and human-
robot interaction can be explored through API integration 
and cross-platform deployment. 
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