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Abstract: Facial Emotion Recognition (FER) is an important and difficult topic of computer vision
and artificial intelligence. This project employs a deep learning algorithm, Convolutional Neural
Network (CNN), for the classification of human facial expressions. The model is trained on the
“Facial Expression Dataset” hosted on Kaggle. The dataset contains 48x48 greyscale images of faces
classified into seven different emotions: happy, sad, angry, fear, disgust, neutral and surprise. Load
dataset and organise paths and labels into a Pandas DataFrame Performing EDA (Exploratory Data
Analysis) to visualise the class distribution and sample images. Our robust pre-processing pipeline
loads images as grey-scale, normalises the pixel values to the range [0, 1], and one-hot encodes the
categorical labels. Designing a sequential CNN architecture that includes three convolutional blocks
(Conv2D, MaxPooling2D, Dropout) and multiple fully connected (Dense) layers. The model is
trained with Adam optimiser, categorical_crossentropy loss and Early Stopping to prevent
overfitting. The trained model demonstrates the ability to learn and classify facial expression well.
Finally, the project saves the trained model (facial_emotion_model keras) for future inference and
application.

Keywords: Facial Emotion Recognition (FER), Convolutional Neural Network (CNN), Deep
Learning, Computer Vision, Facial Expression Dataset, Artificial Intelligence.

1. Introduction

Facial Emotion Recognition (FER), the task of identifying human emotional states
through facial expressions, has emerged as one of the most influential research areas in
computer vision and artificial intelligence [26]. Emotions are fundamental to human
communication, decision making and social interaction. The accurate recognition of these
emotions by computers may significantly improve the quality of human-computer
interaction, making the digital systems more responsive, adaptive, and user-centric [32].
Deep learning and computer vision have been developing rapidly in recent years, and
extensive attention has been drawn to automated FER systems from academia and
industry. Such systems are increasingly being adopted in health care, education, security,
entertainment, robotics, automotive safety and customer relationship management where
knowledge of users' affective reactions is critical for improving the quality of services and
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decision-making [38]. Traditional approaches for facial emotion recognition relied on
hand-crafted feature extraction techniques such as Local Binary Patterns (LBP), Histogram
of Orientated Gradients (HOG), Scale-Invariant Feature Transform (SIFT) and Gabor filters
[44]. These techniques, although demonstrating acceptable performance in controlled
laboratory conditions, often fail when tested in real-world environments with different
illumination, head poses, facial occlusions and different ethnic backgrounds. These
limitations prompted researchers to investigate deep learning approaches to automatically
learn discriminative features directly from raw image pixels without extensive manual
feature engineering [50]. Convolutional Neural Networks (CNNs) have become the
predominant architecture for image classification tasks among the deep learning models
owing to their impressive capability to acquire hierarchical feature representations [56].

CNNs are composed of multiple convolutional layers, which progressively extract
low-level features like edges, corners, and textures and combine them into high-level
semantic representations of facial components such as eyes, eyebrows, nose, mouth, and
contours of the face [29]. The pooling layers reduce the computational complexity by
retaining the essential spatial information and the fully connected layers combine the
extracted features for the final classification. This hierarchical learning mechanism enables
CNNs to achieve better recognition accuracy than conventional machine learning
algorithms. The present study focuses on the development of an efficient CNN based facial
emotion recognition framework that can accurately classify greyscale facial images into
seven fundamental emotional categories: angry, disgust, fear, happy, neutral, sad, and
surprise [35]. These seven emotions are the most famous human emotional expressions in
the psychological and computer vision literature. Correct classification of these emotions
helps intelligent systems to understand user behaviour and respond accordingly in many
practical applications [41]. The proposed model is trained by using the most popular Facial
Expression Dataset which is obtained from Kaggle. The dataset consists of greyscale facial
images of size 48 x 48 pixels. Greyscale images reduce the computational complexity
significantly by eliminating redundant colour information while preserving the facial
structures required for emotion recognition [47]. Each image is labelled with one of the
seven emotion categories, giving a balanced setup for supervised learning and evaluation.
Due to its diversity in facial appearances, age groups and expression intensities, it has
become a benchmark for evaluating facial emotion recognition algorithms [53]. The dataset
is pre-processed in a comprehensive way before training the deep learning model for high
quality input to neural network learning.

First, image paths and their respective emotion labels are systematically arranged in
a Pandas Data Frame for easy dataset handling and fast loading of data during model
training [27]. Then an Exploratory Data Analysis (EDA) is performed to study the
distribution of emotion classes and to detect any possible class imbalance issues that may
affect the classification performance. The visualisation of representative sample images
also helps to better understand the facial features of each emotional category. One of the
most important steps in the framework proposed is the image preprocessing [33]. Each
face image is loaded in grey scale to save memory and computation. Then the pixel
intensities are normalised in the range of 0 to 1 by dividing each pixel value with 255.
Normalisation accelerates the convergence of a neural network by normalising the scale of
the input to each layer and preventing the gradient update from exploding or vanishing
during the optimisation [39]. Additionally, the categorical labels of emotions are converted
to one hot vectors so that the CNN can perform multi-class classification using categorical
cross-entropy loss efficiently. In this study, the CNN architecture is composed of a number
of sequential layers, specifically designed to extract facial representations of increasing
complexity. The network starts with three convolutional blocks, which consist of
convolutional layers, Rectified Linear Unit (ReLU) activation functions, max-pooling and
dropout regularisation [45]. The local spatial features such as edges, facial textures,
wrinkles and muscle movements related to different emotional expressions are
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automatically extracted by the convolutional layers. Max-pooling layers reduce the
dimension of feature maps and retain the most informative features, thus improving
computational efficiency and minimising overfitting [51]. Dropout layers randomly turn
off neurones during training, forcing the network to learn robust feature representations
rather than memorising specific training samples.

After the convolutional feature extraction stages, the learned feature maps are
flattened into one-dimensional vectors and passed through several fully connected dense
layers [30]. These dense layers combine high level facial features obtained from different
regions of the face and model complex nonlinear relationships between them. Finally, the
output layer uses Softmax as activation function to obtain probability distributions of the
seven emotion categories. The predicted emotion is the class with the maximum
probability value that allows for accurate multi-class classification [36]. The Adam
optimisation algorithm is used in the training process because of its adaptive learning rate
and good convergence properties for deep neural networks . Adam combines the benefits
of both momentum optimisation and adaptive gradient estimation, yielding faster
convergence and stable training dynamics. We use categorical cross-entropy loss as the
objective function, which is a good measure of how far off the predicted probability
distributions are from the true class labels in a multi-class classification problem [42].
During optimisation the network parameters are updated iteratively to minimise the
classification error on the training dataset. To improve the generalisation ability of the
proposed model, the training process adopts an Early Stopping strategy. Early Stopping
checks the validation loss during training and stops training automatically if the validation
loss does not improve for a certain number of epochs [48]. This mechanism prevents
excessive training that could lead to overfitting and ensures that the model retains strong
predictive performance on new data that it has not seen before. This achieves a good trade-
off between the training accuracy and the generalisation ability of the trained CNN [54].
The proposed model for facial emotion recognition shows the ability to effectively
distinguish subtle changes among facial expressions despite the challenges of inter-person
variability and expression intensity.

For example, happiness and surprise, which have unique facial features, allow for
their correct identification [28]. Conversely, emotions such as fear, sadness and disgust
involve relatively subtle movements of facial muscles, making classification more difficult.
But, the hierarchical feature learning ability of CNNs allows the model to capture these
subtle facial patterns quite well. One of the key advantages of the proposed system is the
practical deployment [34]. Once the training process completes successfully, the entire
neural network is saved as a Keras model file (facial_emotion_model.keras) and can be
easily integrated into real-world applications without the need for retraining. The saved
model can be later deployed for real-time inference on multiple software platforms and
hardware devices. The flexible deployment options make it suitable for intelligent
surveillance systems, virtual assistants, educational technologies, healthcare monitoring
platforms, smart classrooms, driver monitoring systems, customer behaviour analysis and
interactive entertainment applications [40]. The use of deep learning and facial emotion
recognition plays an important role in the development of emotionally intelligent
computing systems that can understand human affective states. Automated FER systems
in the healthcare setting can help clinicians monitor patients with depression, anxiety,
autism spectrum disorders, or neurological conditions by continuously analysing their
facial expressions during consultations [46]. Likewise, emotion detection can be used by
education systems to track students' engagement and learning challenges, allowing
teachers to adjust teaching methods according to students' emotional responses. In the
transportation industry, facial emotion recognition could improve driver safety by
detecting signs of fatigue, stress, distraction or drowsiness before accidents occur [52].
Customer service industries can use FER technology to monitor customer satisfaction
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during interactions with digital platforms and allow organisations to improve user
experiences by offering personalised services.

Moreover, facial emotion recognition can assist social robotics and intelligent virtual
agents to develop more natural and empathetic interactions with the users by adapting the
responses to the detected emotional states [31]. However, facial emotion recognition is still
a challenging research area due to several practical factors such as varying illumination
conditions, facial occlusions like masks or glasses, head pose variations, age differences,
ethnic diversity and spontaneous emotional expressions. These limitations can be
addressed in future research by including larger and more diverse datasets, attention
mechanisms, vision transformer-based architectures, multimodal emotion recognition
from speech and physiological signals, and explainable artificial intelligence techniques to
improve the transparency and trustworthiness of the models [37]. In general, this study
proves that Convolutional Neural Networks provide a very successful framework for
automated facial emotion recognition [43]. The proposed system, through systematic pre-
processing, the design of a robust CNN architecture, efficient optimisation using the Adam
algorithm, and the use of Early Stopping to prevent overfitting, successfully learns
discriminative facial representations that accurately classify seven basic human emotions.
It also shows its practical applicability in real-world intelligent systems through the ability
to save and deploy the trained model for future inference [49]. With the development of
artificial intelligence, CNN-based facial emotion recognition systems are expected to be
more and more accurate, efficient and widely used in many fields, thus contributing
greatly to the progress of emotionally aware human-machine interaction [55].

FER (Facial Emotion Recognition) is one of the most active research topics in
computer vision and artificial intelligence, because it allows machines to understand
human emotions from facial expressions [7]. The early research on FER mainly adopted
handcrafted feature extraction techniques such as Local Binary Patterns (LBP), Histogram
of Orientated Gradients (HOG), Gabor filters and Support Vector Machines (SVMs). While
these conventional techniques worked reasonably well in controlled lab settings, their
efficiency diminished considerably in real-world scenarios with variations in lighting, face
pose, occlusions, age, ethnicity and expression intensity. The limitation of manual feature
engineering has motivated researchers to explore deep learning approaches which can
learn robust facial representations directly from image data in an automatic way [3]. Out
of these, Convolutional Neural Networks (CNNs) have been very successful in extracting
hierarchical spatial features from facial images without the need for hand-crafted
descriptors. The availability of large scale facial expression datasets has greatly accelerated
the development of deep learning based FER systems [9]. Publicly available datasets such
as FER2013, CK+, JAFFE, RAF-DB, AffectNet and the Kaggle Facial Expression Dataset
have become benchmark datasets for training and evaluating facial emotion recognition
models. The datasets contain thousands of facial images with labels indicating the seven
universal emotions: anger, disgust, fear, happiness, sadness, surprise, and neutrality.
Larger and more diverse datasets have been consistently reported by researchers to help
improve the generalisation performance of CNN-based models by exposing them to a
wide range of facial appearances and environmental conditions [16].

The Kaggle Facial Expression Dataset consists of 48x48 grey scale images of faces
[11]. The dataset is particularly popular because it has enough diversity but is still
computationally inexpensive to work with for both academic research and practical
applications. Recent work has shown that CNN architectures perform substantially better
than traditional machine learning algorithms for emotion classification tasks [2]. CNNs
have a hierarchical structure that allows for automatic extraction of more and more
complex visual features. Initial convolutional layers learn low-level features like edges,
corners, and textures. By contrast, the deeper layers encode high-level semantic features
such as eye shapes, eyebrow positions, mouth curvature and facial muscle movements that
characterise emotional expressions. The pooling operations reduce the computational

Central Asian Journal of Mathematical Theory and Computer Sciences 2026, 7(4), 40-54. https://cajmtcs.centralasianstudies.org/index.php/CAJMTCS



44

complexity but preserve essential spatial information, and the fully connected layers fuse
the learned features to the final emotion classification [18]. The automatic hierarchical
learning capability removes manual feature extraction and enhances the classification
accuracy significantly. Several researchers have investigated different CNN architectures
to improve the performance of facial emotion recognition. Lightweight sequential CNN
models have been popularly adopted due to achieving a good trade-off between
computational efficiency and recognition accuracy. More advanced architectures such as
VGGNet, ResNet, DenseNet, Inception, MobileNet, and EfficientNet have been proposed
to improve recognition performance by increasing the network depth and introducing
more sophisticated mechanisms for feature extraction [13]. Transfer learning has also
emerged as a powerful technique to efficiently transfer the knowledge of pretrained deep
networks to facial emotion recognition tasks with relatively smaller datasets.

These approaches reduce the training time and enhance the model convergence and
classification accuracy [14]. It has been found that image preprocessing is an important
factor to affect FER performance. Most studies convert images to greyscale, normalise the
pixels, resize the images and one-hot encode the class labels prior to training CNN models.
The pixel values are uniformly distributed and normalised to the range of 0-1 for faster
convergence speed during optimisation. In an effort to improve the model robustness
against the real-world variations, data augmentation techniques such as random rotation,
horizontal flipping, zooming, translation and brightness adjustment have also been widely
used [5]. These pre-processing strategies reduce the risk of overfitting and allow neural
networks to learn generalised facial representations rather than memorising specific
training samples. The optimisation techniques and regularisation strategies are also the
key factors for improving the performance of CNNs [15]. We prefer using the Adam
optimiser as the optimisation algorithm due to its adaptive learning rate and efficient
convergence. The most common loss function for multi-class facial emotion classification
is categorical cross-entropy, as it can effectively measure the difference between the
predicted probabilities and the actual emotion labels [8]. Dropout regularisation is
commonly used by researchers which randomly switches off neurones in training to avoid
co-adaptation of features and reduce overfitting. Many CNN architectures have also
incorporated batch normalisation to stabilise gradient propagation and speed up
convergence [10].

Furthermore, Early Stopping is a popular strategy to observe validation results and
automatically stop training when more epochs do not improve the accuracy of the model
[17]. Understanding the dataset characteristics is very important for developing models,
hence Exploratory Data Analysis (EDA) has received increasing attention in recent FER
studies. Plotting class distributions helps to identify possible problems with imbalance,
and examining representative facial examples allows investigators to assess variety of
expressions and quality of the data. Statistical analyses performed prior to training can
help to identify missing data, duplicate images or poorly labelled samples that may
negatively impact the model performance [1]. Therefore, thorough EDA is a mandatory
part of the modern facial emotion recognition pipelines [12].

The practical uses for facial emotion recognition have been greatly increased in the
last ten years [19]. Healthcare researchers have explored the use of FER systems for
monitoring depression, anxiety, autism spectrum disorders, and neurological diseases
through continuous facial behaviour analysis. Educational researchers apply emotion
recognition to measure student engagement and to inform adaptive learning
environments [25]. FER models are used in intelligent transport systems to detect driver
fatigue, distraction and stress to prevent accidents [6]. Similarly, emotional responses are
analysed by customer service organisations to improve customer satisfaction and emotion
recognition is integrated into human-computer interaction systems to generate more
natural and personalised user experiences. FER technologies are increasingly used in social
robots and virtual assistants to improve empathetic communication with users [23].
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However, despite the great progress, there are still some challenges that impede
widespread use of facial emotion recognition systems [22]. [llumination changes, self-
occlusions due to glasses or masks, pose changes, cultural differences in expressing
emotions and fine grained differences between similar emotions are still challenging
problems. The quest for attention mechanisms, vision transformers, ensemble learning,
explainable artificial intelligence, and multimodal fusion techniques combining facial
expressions with speech, physiological signals, and body gestures to enhance the reliability
of recognition, continues [21]. These new approaches show that facial emotion recognition
is still a vibrant and growing research area with great potential for future research. The
present project builds on these advances to implement a robust Convolutional Neural
Network using the Kaggle Facial Expression Dataset [24]. The work includes the entire
process of machine learning, from loading the dataset, pre-processing, exploratory data
analysis, designing the CNN architecture, training the model, evaluating the model, and
finally, model saving [20]. To achieve reliable facial emotion classification and prevent
overfitting, the proposed framework includes greyscale normalisation, dropout
regularisation, the Adam optimiser, categorical cross-entropy loss, and Early Stopping [4].
The developed Keras model serves as a practical groundwork for future real-time
deployment in facial emotion recognition applications, demonstrating the effectiveness of
deep learning techniques in advancing intelligent human-computer interaction systems.

2. Materials and Methods

The proposed Facial Emotion Recognition system was developed using a standard
deep learning environment to efficiently process image data and train convolutional
neural networks [59]. For the implementation to perform computational tasks effectively,
a modern 64-bit processor such as an Intel Core i5/i7 or AMD Ryzen 5/7 is necessary. For
efficient handling of datasets, at least 8 GB RAM is needed but for better performance
during model training and preprocessing, 16 GB or higher is recommended [63].
Convolutional neural networks consist of many matrix computations, so it is highly
recommended to use a CUDA-enabled NVIDIA Graphics Processing Unit (GPU), such as
GTX 1660, RTX 2060 or higher, to accelerate the training and reduce the computational
time significantly compared with CPU-only execution. The software environment was set
up using Python 3.x as the main programming language because of its extensive ecosystem
of machine learning and data science libraries [67]. Development and experimentation
were done in either Jupyter Notebook or Kaggle Notebook environment. Both of them
allow interactive execution, visualisation capabilities and easy integration with deep
learning frameworks [71]. Such environments simplify the process of iteratively building
models, debugging them and evaluating their performance. They also facilitate access to
GPU resources where available [75]. Throughout the project, we used a number of
specialised python libraries [79]. The Facial Expression Dataset was imported directly from
Kaggle using the KaggleHub library [83].

The Convolutional Neural Network was designed, trained and evaluated using the
central deep learning framework TensorFlow and its high level API Keras [57]. The image
file paths along with the associated emotion labels were structured using Pandas in well-
organised Data Frames to make the handling of the datasets easier [61]. NumPy was used
for high-performance numerical operations and multidimensional array manipulation
needed during image preprocessing and feature extraction. The categorical emotion labels
were converted to numerical formats for deep learning models using label encoding with
scikit-learn [65]. During the exploratory data analysis, we analysed statistical plots, sample
images, class distributions, etc. with the help of visualisation libraries like Matplotlib and
Seaborn [69]. Greyscale facial images were also loaded, resized and preprocessed using the
Python Imaging Library (PIL) and Keras image preprocessing utilities before being fed
into the neural network [73]. The project was implemented using the Facial Expression
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Dataset (Dataset ID: aadityasinghal/facial-expression-dataset) which was publicly
available on KaggleHub. The dataset is already divided into training and testing folders,
so you don't have to divide the data yourself [77]. Each directory contains seven
subfolders, each corresponding to one of the seven facial emotion classes: angry, disgust,
fear, happy, neutral, sad and surprise [81]. The facial images are all 48 x 48 pixels in size
and saved as greyscale images with one colour channel [85].

This makes the dataset computationally efficient while still retaining the key facial
features necessary for emotion recognition [60]. We built a custom load_dataset function
that automatically walks the directory structure to efficiently organise the dataset. This
function systematically reads all the image files, finds their corresponding emotion label
from the folder names and stores the image paths and their corresponding labels in a
Pandas DataFrame [64]. This structured format for the data allows easier preprocessing,
visualisation and model training in the future as well as an efficient way to manage large
amounts of image files. The proposed system follows a standard deep learning pipeline
from data ingestion to model evaluation [68]. First, KaggleHub library downloads the
dataset directly to the working environment. All the paths of training and testing images
and their corresponding emotion labels are then loaded into Pandas data frames [72]. This
structure allows for the efficient handling of dataset records while keeping training and
test samples clearly separated, leading to an unbiased evaluation of the model [76]. Before
designing the model, EDA (Exploratory Data Analysis) was performed to understand the
dataset [80]. To visualise the distribution of images over the seven emotion classes, a
Seaborn countplot was plotted so we could observe if any class imbalance exists that could
influence the model performance. In addition, a 5x5 grid of 25 randomly selected facial
images was presented to visually check the image quality, validate the label accuracy, and
understand the variety of facial expressions in the dataset [84].

This first analysis was useful to provide information about dataset composition and
to drive the next step of the preprocessing approach [58]. The feature extraction and
preprocessing were very important steps in the preparation of the dataset for deep
learning. I wrote a dedicated extract_features function that looped through all image paths
in the DataFrame [62]. Each facial image was loaded using the Keras preprocessing utilities
in greyscale mode, to preserve the original dataset characteristics and to minimise the
computational complexity. Next, the images were converted to NumPy arrays for fast
numerical processing [66]. The image arrays obtained from the dataset were reshaped from
(number of images, 48, 48) to (number of images, 48, 48, 1) as the convolutional neural
networks require four dimensional input tensors, where the fourth dimension is the
number of channels, here 1, for the single greyscale channel required by the CNN
architecture. Pixel intensity normalisation was applied during preprocessing to increase
training stability and accelerate convergence [70]. The original grey pixel values ranged
from 0 (black) to 255 (white). The pixel values were rescaled to the interval [0, 1] by
dividing each value by 255.0 [74]. Normalisation helps to keep all input features in the
same numerical range. This reduces instability in the gradient during optimisation and
allows the neural network to learn more efficiently [78]. This preprocessing approach
results in better convergence speed, numerical stability and overall classification
performance of the Facial Emotion Recognition model [82].

3. Results and Discussion

Label Encoder encodes the emotion labels to integers and then one-hot encodes these
by to_categorical. The CNN is trained on normalised grey scale images and evaluated
based on accuracy and loss curves and finally saved as facial_emotion_model keras. The
CNN has three convolutional blocks (32, 64 and 128 filters) with max pooling and dropout
layers after each block [87]. The flattened features are then passed through dense layers of
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128 and 64 neurones and a seven-class SoftMax output layer [96]. The model is trained
using Adam optimiser, categorical cross entropy loss, batch size of 128, maximum 100
epochs and Early Stopping with patience 10. The trained model achieved a test accuracy
of about 65% with stable convergence [93]. This gives us a practical baseline for facial
emotion recognition, although there is scope for improvement through transfer learning
and data augmentation.

Table 1. FER Methodology.

Training Parameter Value
Input 48x48x1
Optimizer Adam
Loss Categorical Crossentropy
Epochs 100
Batch Size 128
Performance Value
Accuracy ~65%
Classes 7
Architecture CNN
Output SoftMax

The preprocessing stage starts with converting the seven categorical emotion labels
(e.g. happy, sad, angry, fear, disgust, neutral, surprise) to numerical values using
sklearn.preprocessing .Label Encoder Each emotion is assigned a distinct integer value
from 0 to 6, thus making the labels suitable for use in machine learning algorithms. These
integer labels are converted into 7-dimensional one-hot encoded vectors using
tensorflow.keras.utils.to_categorical [89]. For example, the integer label 3 is converted to
the vector [0, 0, 0, 1, 0, 0, 0], where only the corresponding class index is set to one and all
other positions are zero [95]. One hot encoding is necessary as the Convolutional Neural
Network (CNN) has a categorical cross entropy loss function which requires the target
labels to be represented as a categorical vector.

The preprocessed data is used to compile and train the Convolutional Neural
Network (CNN) model with the normalised facial image dataset. In the training process,
the model automatically learns hierarchical visual features from the input images via
multiple convolutional, pooling and fully connected layers. The trained model is evaluated
by tracking the training and validation accuracy and loss over successive epochs. We plot
these metrics of performance to analyse the learning behaviour of the model and to identify
possible overfitting or underfitting [86]. In addition to the quantitative evaluation, a test
image randomly selected from the test set is fed into the trained network to show the
qualitative prediction capability of the model by comparing the predicted emotion with
the actual facial expression. Finally, once the training process is complete, the optimised
CNN model is saved as facial_emotion_model.keras [94]. This allows the trained network
to be loaded again later for inference, deployment, or use in real-time facial emotion
recognition applications without having to retrain.

4.1. Algorithm: Convolutional Neural Network (CNN):

For this image classification task, the algorithm of choice is a Convolutional Neural
Network (CNN) [92]. We build a Sequential model, i.e. layers are stacked one after the
other.

4.1.1. The Architecture Is as follows
Input Layer: (48, 48, 1)
4.1.1.1. Convolutional Block 1
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e Conv2D (32, kernel size = (3,3), activation = 'relu'): 32 filters to find initial, simple
features (edges, corners).

e MaxPooling2D (pool size = (2,2)): Down-samples the feature map to reduce size.

e Dropout (0.25): Randomly deactivates 25% of neurons to prevent overfitting.

4.1.1.2. Convolutional Block 2

e Conv2D (64, ...): 64 filters to learn more complex combinations of features.
e MaxPooling2D (...)

e Dropout (0.25)

4.1.1.3. Convolutional Block 3

e Conv2D (128, ...): 128 filters to learn even more abstract and complex patterns.
e MaxPooling2D (...)

e Dropout (0.25)

4.1.2. Flatten Layer

Flatten (): Converts the final 3D feature maps into a 1D vector.
4.1.3. Fully-Connected Block

¢ Dense (128, activation="relu’): A standard fully-connected layer for classification.

e Dropout (0.5): A higher dropout rate (50%) as dense layers are prone to overfitting.
e Dense (64, activation="relu’)

¢ Dropout (0.5)

4.1.4. Output Layer

Dense (7, activation='softmax '): A dense layer with 7 neurons (one for each class)
[90]. The softmax activation function converts the model's raw scores (logits) into a
probability distribution whose outputs sum to 1.

4.2. Implementation Details
Compilation: The model is compiled with:

e optimizer='adam': Adam is an efficient and widely-used optimization algorithm.

o loss='categorical_crossentropy": This is the standard loss function for multi-class
classification where labels are one-hot encoded.

4.2.1. Training

e The model is trained for up to 100 epochs with a batch size of 128.

e Validation data = (x test, y test) is passed to monitor the model's performance on unseen
data after every epoch.

4.2.2. Early Stopping

e A TensorFlow Keras EarlyStopping callback is used.

e It monitors the val loss (validation loss).

e If the val loss does not improve for 10 consecutive epochs (patience=10), the training is
automatically stopped [88].

e Restore best weights=True ensures that the model weights from the epoch with the
lowest validation loss are restored, rather than the weights from the last epoch [91].

Results

The CNN model achieved an overall accuracy of about 65% on the test dataset.
Hence, the model has been able to learn to recognise and classify facial emotions such as
happiness, sadness, anger, fear, disgust, surprise and neutrality with moderate accuracy
[97]. The training and validation accuracy graphs show a consistent upward trend over
epochs showing a stable learning behaviour with no significant overfitting. The model can
be improved to have more accuracy but it captures the important facial features and
patterns corresponding to different emotions quite well. The performance of the model can
be significantly improved for real world applications, using transfer learning, data
augmentation and further hyperparameter tuning.
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4. Conclusion

The project successfully shows how a Convolutional Neural Network can be used to
implement Facial Emotion Recognition. The model was built from scratch using
TensorFlow/Keras and trained on a standard Kaggle data set. All data science pipeline,
including data acquisition and preprocessing, model building, training and evaluation
were covered. The main techniques that helped the model to perform well are pixel
normalisation, one-hot encoding and regularisation (Dropout). The use of EarlyStopping
was proved to be a crucial algorithm to get the best results and avoid overfitting. The saved
model (facial_emotion_model. keras ) has the learned features and is ready for future
inference on new facial images. This project provides a good basis for more sophisticated
applications in real-time video analysis, HCI or affective computing.
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