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Abstract

Facial expression-based emotion detection is very attractive because of the
possibilities in security systems, mental health monitoring, and human-
computer interaction. Even with the progress in accuracy in real-world
settings, issues such as the lack of balanced datasets and the inability to dif-
ferentiate between faint or superimposed emotions continue to plague it. This
study aims to bridge these constraints by developing a CNN-based model
that would be able to recognize face emotions reliably and be utilized in real-
time situations, such as webcam integration. The Affect Net dataset, which
is a comprehensive collection of over a million facial photos labeled with the
seven major emotions of anger, disgust, fear, happiness, neutrality, sadness,
and surprise, was used to train the proposed model. Other pre-processing
data techniques used include grayscale conversion, normalization, scaling,
and data supplementation to increase the robustness of the model. Using
metrics like accuracy and loss trends for evaluation, the model demonstrated
efficiency stability at around the 30th training phase. When the model is
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compared to existing models, this proposed model can attain the competitive
level of accuracy up to approximately 60%. It also has the potential to run
in real applications through its webcam integration. While the model can
differentiate between various clear-cut emotions, it becomes ineffective at
identifying subtle emotions, which include “Fear” and “Neutral” majorly
because of unbalanced data and the subtleness of these expressions.

Keywords: Emotion detection, human-computer interaction, advanced
machine learning, facial expressions, feature extraction.

1 Introduction
1.1 Background

Identification and analysis of human facial expressions, speech patterns, and
physiological markers including happiness, anger, sorrow, and surprise are
the main goals of emotion detection [1]. Due to its many uses, such as
mental health monitoring [4], human-computer interaction using mood-aware
interfaces [3], and security system surveillance [2], this topic has attracted
a lot of attention. To increase the precision and effectiveness of emotion
identification systems, machine learning and deep learning algorithms have
been widely used [5] Using neurological and physiological indicators like
electroencephalography (EEG), galvanic skin response (GSR), and beats per
minute (BPM) to identify emotions, emotion identification is a computer
method for assessing human emotional states. While GSR detects electro-
dermal activity, which reflects physiological reactions like sweating in fear,
EEG-based approaches use electrode-based brain activity signals to assess
psychological states. Similar to this, BPM data shows changes in heart
rate, and hormonally induced changes in body temperature provide further
contextual information for analyzing emotions [6]. These neurological and
physiological methods, when paired with sophisticated machine learning
models, improve the accuracy of emotion detection and open the door to
real-time emotion-aware computers in a variety of fields.

1.2 Related Studies

Recent research in affective computing indicates that the integration of EEG,
GSR, and PPG can classify emotions such as happiness, relaxation, anger, and
sadness with an accuracy of up to 79.76% when tested on tactile-enhanced
multimedia [7]. These methods are being explored in human-robot interaction



Emotion Recognition Through Facial Expressions 89

(HRI) applications, allowing real-time emotion estimation and promoting
user engagement through low-cost wearable device. Recent developments in
emotion identification have increased precision as well as application in real-
world situations by utilizing a variety of modalities, including bodily motions,
biological signals, or facial expressions. Facial expression recognition (FER)
may achieve as much as 99% quality in controlled settings, but it struggles
in real-world applications where variables like individual variability, neck
posture, or illumination cause accuracy to drop to roughly 50%. through
providing supplementary data, multimodal sensors like EEG, audio, and
thermal sensors can help reduce these issues and improve reliability [8].
Similar to facial expressions, bodily manifestations of emotions, such as
happiness, anger, and fear, are important for emotion recognition and take
the scope beyond just facial expressions. The work in this domain focuses
on coding systems of bodily behaviors as a precursor to more comprehensive
frameworks of emotion detection [9]. Advances in the analysis of movement,
features are selected using frameworks and genetic algorithms, improved
emotion recognition up to 90% for walking scenes, 96% for sitting, and
86.66% for action-independent, which may likely have robust applications
in virtual reality, robotics, and behavioral modeling [10], and show much
promise with applications in virtual reality and robotics and advanced mod-
eling of behavior. Contextual cueing research shows faster response times for
repeated visual search tasks and therefore supports early attentional guidance
effects based on evidence from psychophysics, EEG, and eye-tracking studies
and emphasizes differences between habit-driven attention and task-specific
spatial priority [11]. Data-driven machine learning approaches also benefit
autonomous systems design; for instance, external displays on autonomous
cars can improve pedestrian safety by giving information about speed, achiev-
ing up to an additional 4 feet of safety in specific populations [12]. The
development of augmented metric representations for RGB-D scenes relies
on CNN-based detectors such as YOLO, Kalman filters, and many others
for the purpose of object tracking and semantic segmentation. Real-time
object detection is made possible by YOLO (You Only Look Once), which
reads an entire image in one go, making it very efficient when rapid scene
understanding is required for applications. Kalman filters operate across
a range of scopes when tracking objects across time by predicating their
moving trajectories and performing dynamic updates for state estimates.
In facial expressions, these methodologies can be incorporated to track
face landmarks, thereby refining the outcomes of classification steps and
improving performance in robust analyses of dynamic videos in emotion
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quantification [13]. Among them, physiological signals like EEG and ECG
can give more objective and reliable information, since social masking,
where people consciously or unconsciously hide their feelings [16, 18]. Of
these, EEG signals, with their high sensitivity to affective state changes,
offer real-time features for emotion detection. These methods included
wavelet transforms, feature reduction, and machine learning classifiers such
as SVM, Random Forest, and KNN. Furthermore, recent self-supervised
frameworks applied to ECG-based emotion recognition have improved the
performance of classification using spatiotemporal representations and multi-
task learning strategies, showing the capability of physiological signal-based
emotion recognition with accuracy and robustness [17]. Such methodolo-
gies prove that physiological signal-based emotion recognition is able to
achieve accurate and robust classification performance, thus resolving various
challenges in traditional emotion detection methods [16, 18]. With DNNs
giving excellent results in complex tasks such as image classification, scene
generation, and optimization of the wireless network, new techniques that can
dissect hidden units in CNNs and GANs were invented to exploit abilities
such as object concept identification and contextual modification of scenes
outs [19]. In wireless communications, ANNSs, such as recurrent and deep
neural networks, are used to solve latency and connectivity challenges for IoT
devices, which shows its application in unmanned aerial vehicles and virtual
reality [20]. ANNSs in wireless communications play a vital role. As ANNs are
now able to function without latency, connectivity issues in IoT devices can
be solved using ANN-based techniques. RNNs and DNNs are often used for
optimizing the appropriate use of network resources, predicting congestion
patterns, and enhancing transmission efficiency. In the context of UAVs and
VR, ANNs enable real-time signal processing, adaptive bandwidth allocation,
and interference mitigation to ensure seamless communication in dynamic
environments. As IoT devices continue to expand, deep learning models
are becoming increasingly critical for optimizing network performance in
sustainable and intelligent wireless communication systems. Moreover, the
universal approximation capability of CNNs shows that it can approximate
any continuous function with high accuracy, which proves the robustness of
CNNs in handling large-dimensional data [21]. It points out the transforma-
tive potential of DNNs for domains as broad as possible, driving innovation
and addressing complex challenges [22-24]. Existing research in emotion
recognition highlights gaps such as limited diversity in datasets, which
hampers the generalization of models across varied populations and real-
world scenarios [25]. Additionally, many approaches struggle with real-time
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processing and fail to effectively detect subtle or mixed emotions, which are
crucial for accurate and comprehensive emotion analysis [26]. Recently, deep
learning and multimodal approaches have been explored to enhance accuracy
in emotion recognition. The EESCN model enhances EEG-based emotion
recognition and achieves 94.81% accuracy on DEAP by using neuromorphic
data generation along with a NeuroSpiking framework [27]. Another trend is
MER with audio, visual, and text modalities. Deep models improve feature
extraction and fusion techniques in this modality [28]. In the area of speech
emotion recognition, Vesper- an adaptation of WavLM-is using a mask that
takes the form of an emotion to perform better over traditional models
over IEMOCAP, MELD, and CREMA-D datasets [29]. In addition, GPT-
4V demonstrates robust visual and multimodal emotion recognition ability
in 21 benchmark datasets but lacks the capability for micro-expressions that
need to be specifically trained [30]. These advancements mark a new shift
toward multimodal deep learning approaches that are optimized for emotion
recognition across different applications.

1.3 Motivation

Numerous variables, including occlusions from glasses or masks, changes
in facial features, lighting circumstances, and cultural differences in emo-
tional responses, make it difficult to identify emotions in facial expressions.
Furthermore, acquiring high-quality training data continues to be a major
challenge in creating precise recognition models. In order to overcome these
obstacles, this study compares machine learning techniques — specifically,
Convolutional Neural Networks, or CNNs — with current methods in order
to create a more accurate and reliable model for facial expression emotion
recognition. This research is important because it uses machine learning
to improve automated emotion identification systems, which will help with
mental health monitoring and improve public safety. This work aims to
increase accuracy and resilience by utilizing hybrid models and sophisticated
feature extraction techniques, hence increasing the dependability and efficacy
of real-time emotion identification.

2 Methodology

An NVIDIA GeForce RTX 3080 GPU with 10GB VRAM and an Intel Core
i9 CPU with 32GB RAM were the components of the high-performance
machine used for the trials. Fast data access and storage were made possible
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viaa 1TB SSD. Using Python 3.9 on Ubuntu 20.04, the software environment
was constructed with Scikit-learn 1.1 for evaluation, Opens 4.5 for image
preprocessing, and Tensor Flow 2.9 and Keras for model construction. The
Affect Net dataset fell in three main groups: train (80%), verification (10%),
& test (10%). The dataset included more than one million facial photos
that were labeled for seven different emotions. These processes included
grayscale conversion, normalizing to the [0, 1] range, and then shrunk to
48 x 48. Several data augmentation methods were used including rotation,
flipping, zooming, and cropping to improve the robustness of the model,
reducing overfitting. Rotating helps introduce various angles to the model
to simulate different perspectives, flipping the image introduces its mirror
image; zooming and cropping change spatial scales and incorporate other
parts of the image respectively in training. These augmentations enhance the
richness of data by preventing the model from memorizing certain patterns
from images. In the training phase, the Adam optimizer with a learning rate
of 0.001 and batch size of 64 was applied, balancing between optimization
efficiency and convergence stability.

2.1 Data Collection

A dataset used for as shown Table 1 research came from the AffectNet
database, a large-scale facial expression database widely recognized in lit-
erature for its diversity and richness in Table 2. AffectNet features a massive
collection of images of faces collected from web sources and annotated for
the seven basic emotions: Angry, Disgust, Fear, Happy, Neutral, Sad, and
Surprise, as illustrated in Figure 1. Each image is accompanied with metadata
that contains file paths, emotion labels, and some of the images contain
landmark facial coordinates to aid in extracting the features. The AffectNet
dataset was split into three subsets: 80% training, 10% validation, and 10%

Table 1 Distribution of emotion labels in the dataset

Label Label Counts
Surprise 4616
Anger 3608
Contempt 3244
Sad 2995
Happy 4336
Disgust 3472

Fear 3043
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Table 2 Proportional representation of emotion labels in the dataset

Label Label Proportion
Surprise 0.163833
Anger 0.128057
Contempt 0.115138
Sad 0.106300
Happy 0.153895
Disgust 0.123230
Fear 0.108004

|
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s e "
(e) Contempt (f) neutral

Figure 1 Different types of emotions available in dataset.

testing. The dataset holds over a million facial images that are annotated
by one of seven emotion categories, which include Angry, Disgust, Fear,
Happy, Neutral, Sad, and Surprise. Preprocessing techniques were employed
to standardize the inputs as well as optimize model efficiency. Images were
reduced to grayscale so that the amount of computation may be reduced,
while the salient features can still be represented. Normalization was applied
to standardize pixel values to fall between [0, 1] across the dataset. Lastly,
all images were resized to 48 x 48 pixels for maximum compatibility with
CNN architectures while maintaining sufficient facial detail to classify the
emotions.

The dataset has a very assorted distribution of emotion labels; from
Table 1 “Surprise” and “Happy” are the predominant ones, with 4616 and
4336 instances, respectively, followed by “Sad” and “Fear” among those less
frequent, with only 2995 and 3043 instances. To put it proportionally, with
details in Table 2, “Surprise” represents 16.38 percent and “Happy” 15.39
percent of the overall dataset, while “Sad” and “Fear” constitute 10.63 percent
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Figure 2 Workflow of emotion recognition from facial images.

and 10.80 percent, respectively. This balanced distribution between positive,
negative, and neutral emotions ensures a sound foundation for sentiment
analysis as well as reliable model performance evaluation.

2.2 Data Preprocessing

The preprocessing steps for the dataset are Grayscale Conversion, simplifying
images to a single intensity channel for reducing complexity in computation,
focusing directly on key features, such as facial contours and expressions, and
Normalization, in which pixel values are scaled to the range [0, 1], bringing
uniformity to input values, which can help efficiently train without facing
problems of exploding or vanishing gradients. Figure 2 in resizing follows
wherein all the images are resized to a standard size of 48 x 48 pixels
so that there is consistency in input dimension to the models. It’s essential
that the same happens for the feature comparison in the entire dataset. Data
Augmentation is then performed to enrich the data. This involves introducing
variation with techniques like Rotation to simulate different angles, Zooming
to simulate different distances, mirroring the images makes the model learn
invariant features and hence not face dependent on its orientation. Therefore,
it would be more apt to unseen test cases. Focusing on facial regions, the
cropping ensures the model does not depend too heavily on dominant features
like eyes, nose, or mouth while totally ignoring others. This helps avoid
overfitting into particular facial geometries in the dataset, giving the model
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good generalization between different individuals as well as over different
facial expression variations.

2.3 Feature Extraction and Label Mapping

These Conv2D layers in a Convolution Neural Network are developed to
extract spatial features of input images, which would constitute an essential
part of deep learning models for feature extraction. Every Conv2D layer is
assigned a particular parameter to do so. Filters, therefore are of extreme
importance and part of CNN where, based on different convolutional levels
the Conv2D layer possesses lots of filters as a convolution layer learns about
feature hierarchy by breaking up any kind of image for hierarchical input
patterns. While here the initial is having 128 filters as, they could basically
identify those simple edges or that of texturing; at layer 2 containing 256
filters which detects features such as those of contours between face shapes.
Finally, the third layer contains 512 filters, identifying high-level features
such as full facial structures and complex expressions. All of these multi-
scale feature extractions add up to make it rich to distinguish between any
subtle variations in facial expressions and, therefore improves classification
accuracy. This kernel size is (3, 3), with which important patterns can be
detected. The input shape used for the first Conv2D layer is set to be (48,
48, 1), depicting color pictures at dimensions of 48 x 48 (refer Table 3). The
activation method used is ReLU (Corrected Linear Unit), which introduces
non-linearity and allows the network to learn deeper connections within the
data.

Label mapping is essential to organize the dataset; ensure that each image,
upon processing, can find the right emotion class association. The dataset is
structured into directories, where each subdirectory of those directories rep-
resents a specific emotion label in Figure 4. The proposed framework utilises

Table 3 CNN model architecture with parameters

Layer Type Filters Kernel Size  Activation = Output Shape
1 Conv2D 128 (3,3) ReLU (48,48,128)
2 MaxPooling2D - 2,2) - (24,24,128)
3 Conv2D 256 (3,3) ReLU (24,24,256)
4 MaxPooling2D - (2,2) - (12,12,256)
5 Conv2D 512 (3,3) ReLU (12,12,512)
6 Flatten - - - 73728

7 Dense 128 - ReLU 128

8 Output Layer - - Softmax 7 (emotions)
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Figure 3 Convolutional neural network architecture for feature extraction.

a mapping mechanism and subdirectory names translated as numerical labels
to ensure better data processing and classification operations of the model.
The mapping is as follows.

2.4 Model Design

After the Conv2D layers, a Convolutional Neural Network makes use of
Pooling Layers; for example, MaxPooling2D to decrease the spatial dimen-
sions, hence relieving the computational load on the network and over fitting.
Pooling in a CNN reduces the spatial extent of feature maps, concentrating
useful information and retaining all major features while discarding unwanted
data. This minimizes the computational complexity and develops translation
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Framework Steps

l

Directory-to-Label Mapping
Assign Integer Labels to Directories

l

Label Mapping:
{surprise:0, anger:1, contempt:2, sad:3, happy:4, disgust:5, fear:6}

l

Label Encoding
Extract and Encode Labels from Directory Names

l

Numeric Representation of Labels

Figure 4 Framework for label mapping and encoding in emotion recognition.

invariance to reduce overfitting. The common kinds include Max Pooling that
captures the strongest activations, and Average Pooling provides a smoother
feature summary. By focusing on key patterns and suppressing noise, pooling
layers improve the efficiency and generalization of the network, making them
integral to extracting hierarchical features in CNN architectures. The feature
extraction may continue with additional Conv2D and pooling layers for more
in-depth feature extraction. After a Flatten Layer transforms 3D feature maps
into a 1D vector, Fully Connected (Dense) Layers refine the features even
more. According to what is needed, an input layer with flexible and an
activation of and secret layers using activation of ReLU follow next. In order
to avoid over fitting, dropout layers are frequently used. The final output layer
of the CNN model is responsible for producing classification probabilities,
thereby allowing each input image to receive an emotion label. Depending
upon the type of the task, the activation used in this layer may be:

* Softmax Activation is used in multi-class classification and ensures the
output values sum to 1. This represents the probability distribution over
multiple categories of emotions.

* The sigmoid Activation is typically utilized for binary classification
problems and outputs a value between 0 and 1, meaning a probability
score.

* Linear Activation is just for a regression problem where the output will
be a continuous number rather than discrete categories.
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For this experiment, Softmax Activation function was taken because it is
most suitable when classifying images to fall in any one of the seven emotion
categories. With an 80:20 split of the data, the model has been trained and
validated.

2.5 Training and Testing Models

The model’s performance was maximized by meticulously choosing critical
training parameters. For optimal computing efficiency, a batch size of 64 was
employed and model convergence, processing 64 samples before updating
weights. The model was trained for 30 epochs, a duration selected to ensure
effective learning while monitoring validation performance to prevent over
fitting in Figure 5. The Adam optimizer was used because of the pace of
adaptive learning and computational efficiency, combining the strengths of
momentum-based methods and RMSProp, making it ideal for image-based
tasks. The batch size used in training the model was 64, balancing between
computation efficiency and gradient stability. If the batch size were taken
a bit lower, at 32, for instance, gradients became unstable. When this was
increased to 128, convergence rates slowed down considerably. A learning
rate of 0.001 utilizing the Adam optimizer, offering adaptive learning rates
and thus preventing vanishing gradients. Early stopping was implemented to
halt training when validation loss ceased improving, ensuring optimal model
generalization.

my = fime—1 + (1 — B1)ge

Model Training and Testing

o~

Training Details =
Preprocessed Facial Images Training Parameters

/ O\ T

imagEsa/::a $ou].)ricr: ctory Batch Size: 64 Epochs: 25 Optimizer: Adam

l l

Seven Emotion Categories Adam Optimizer Details
Balanced Number of Samples Adaptive Learning Rate Combines Momentum
P = g and RMSProp

Figure 5 Integration of training details and optimizer parameters for model development.
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Where, in the above equations, first moment estimate (momentum term)
is denoted bym, decay rate for the moving average (typical value: 0.9) is 81,
gradient of the loss function with respect to model parameters at time t is gy,
The second moment estimate (similar to variance), tracking the magnitude of
the gradients is denoted by vt, The decay rate for the second moment (typical
value: 0.999), model’s parameters (¢) using both the first and second moment
estimates.

3 Results and Discussions

This section evaluates the proposed CNN model for facial emotion recog-
nition, focusing on its performance across seven emotion categories. Key
metrics like accuracy, loss, and sample predictions are analyzed, highlighting
the model’s strengths and limitations. Visualizations, including graphs and
example outputs, are provided to support the analysis and demonstrate the
model’s effectiveness.

3.1 Evaluation of Validity & Training Accuracy

Figure 6 provides the confusion matrix of model predictions for emotion
detection and Figure 7 illustrates the patterns for training and validation
accuracy, which indicate a consistent improvement. During periods 25-30,
both measures stabilize at about 60%. Good generalization to unknown data
without noticeable over fitting is shown by validation accuracy, which often
outperforms training accuracy. The training accuracy rises sharply from 25%
to 50% during the first 8 epochs (Figure 8) and gradually approaches 60% by
epoch 30. Similarly, validation accuracy improves consistently (Figure 9),
stabilizing after epoch 10. The convergence of trends and the plateau in
accuracy after epoch 25 reflect the model’s optimal learning state and its
ability to extract meaningful features for robust emotion classification.

3.2 Evaluation of Verification or Training Losses

The training and validation loss trends as shown in Figures 10 and 11 high-
light the model’s effective learning and generalization. Training loss begins



100 Akram Ahmad et al.

Confusion Matrix of Model Predictions
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Figure 6 Confusion matrix of model predictions.
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Figure 7 Model accuracy over epochs.

at about 1.8 because it is untrained, drops sharply in the first 10 epochs, and
stabilizes at about 1.0 by epoch 20. Again, validation loss tracks training loss
in general, with a sharp dip in the first 10 epochs before leveling off near 1.0
between epochs 10 and 20. The fact that the curves are aligned for training
and validation loss suggests strong generalization and no overfitting, since
both losses bottom out and stabilize at near-equal values.

These trends represent how well the model learns key features efficiently
and at what stage the model finds an adequate balance between accuracy and
computational efficiency. Sharp initial losses reflect rapid learning, whereas
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Training Accuracy Over Epochs
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Figure 8 Training accuracy over epochs.
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Figure 9 Validation accuracy over epochs.

stabilization confirms the optimal capacity of the model for learning. The
results thus emphasize the quality of the training procedure and selected
hyperparameters in producing the model’s reliability in handling unseen data.

3.3 Emotion Recognition Results

This section examines the accuracy of the model in classifying facial emo-
tions with a correct classification and examples of incorrect classifications
to indicate its strong and weak points. The model performs well in distin-
guishing emotions based on clear visual cues. For instance, in Figure 12,
the model correctly predicts the “Happy” emotion for a gray-scale image; it
successfully picks up important cues, such as smiling and slackened facial
muscles. In Figure 13 The model accurately classifies the “Sad” emotion
using less visible cues, including sagging eyelids and lower curvature of
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Figure 10 Training loss.
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Figure 11 Validation loss.

image = 'images/train/happy/7.jpg'

img = ef(image)

pred = model.predict(img)

pred_label = label[pred.argmax()]
print("model prediction is ",pred_label)
plt.imshow(img.reshape(48,48),cmap="gray")

<matplotlib.image.AxesImage at @x229254012b0>

Figure 12 Correctly predicted.
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image = 'images/train/sad/42.jpg’
print(“original image is of sad")

img = ef(image)

pred = model.predict(img)

pred_label = label[pred.argmax()
print("model prediction is ",pred_label)

original image is of sad
] - ©s 45ms/step

model prediction is sad

Figure 13 Correctly predicted.

image = 'images/train/fear/2.jpg"
print(“original image is of fear™)

img = ef(image)

pred = model.predict(img)

pred_label = label[pred.argmax()
print(“"model prediction is “,pred_label)
plt.imshow(img.reshape(48,48),cmap="gray")

loriginal image is of fear l

====] - @s 69ms/step
neutral

Figure 14 Misclassified.

the lips. Accurate predictions of these instances showcase generalizability
in situations in which the emotional character being highly prominent and
distinct in quality, such as “Happy” and “Sad”.

However, the model has problems with emotions having faint or blended
characteristics; as in the example shown in Figure 14, the model wrongly
classified an image that pertains to the “Fear” emotion as “Neutral.” This kind
of error may be attributed to several reasons, for example, the faint facial
expressions associated with “Fear,” such as wide-opened eyes and slightly
parted lips. Moreover, poor quality images with low resolution and noise
may obscure certain features that the model is designed to recognize, and
ambiguous inputs may bias the prediction towards the more frequent class in
case of an imbalanced dataset, where “Neutral” emotions dominate.

3.4 Analysis by Comparison

This section includes a comparison study of the proposed CNN-based model
with the available facial emotion recognition studies. Evaluation in terms of
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Figure 15 Comparative analysis.

datasets, methodologies used, preprocessing techniques adopted, and overall
accuracy have been considered. The model achieved competitive accuracy
at 60% on the Face Expression Recognition Dataset. The proposed model
also operates well with real-time webcam feeds. Hence, it is well-suited for
use in practical settings. The set features give an indication that the model
emerges as a useful and promising one in the domain of face-based emo-
tion recognition. It therefore represents a comparative study undertaken by
comparing existing facial expression recognition studies against the designed
CNN-based model. Main issues considered are datasets and methodologies,
preprocessing techniques together with overall accuracy. Competing accu-
racy was achieved upon applying this model, which received proper training
via data samples from Face Expression Recognition Dataset, achieving 60%.
Further, it can operate on real-time webcam feeds, making it quite practical
for real-world applications. All these features put the model in an effective
and versatile position in the domain of facial emotion recognition.

The proposed CNN model improves smoothly and steadily in Figure 15
with regards to accuracy stabilization while loss stabilizes during training. By
the last epochs of training, overall accuracy was around 60% while training
and validation accuracies stabilized after epoch 30. This convergent nature
indicates that the training was effectively done and, indeed, generalizes on
new data. Training and validation losses also sharply decline during early
epochs and stabilize at 1.0, indicating that the model is successfully learning
key facial expression features without major overfitting. It performs well in
distinguishing different emotions like “Happy” and “Sad,” where there are
clear visual signals, such as smiling or downturned lips, leading to higher
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prediction accuracy. However, the subtle emotion of “Fear” and “Neutral” is
still one of the challenges since they often share overlapping or ambiguous
features, which leads to misclassifications. The dataset appears to be imbal-
ance, with strong representation of certain emotions like ‘Happiness’ and
‘Surprise’ with respect to less represented ones ‘Fear’ and ‘Anger’. This, in
turn makes the model give more frequent classification to the predominant
classes and produces lower accuracy when it comes to rare emotions. As
shown in Table 1, ‘Happiness’ and ‘Surprise’ take approximately 30%, while
‘Fear’ and ‘Anger’ take less than 11%. This leads to misclassifications as
shown in the confusion matrix in Figure 6, where the model would predict
‘Neutral” over ‘Fear’ because of its lesser representation. Class reweighting,
oversampling of the underrepresented classes, or using more advanced loss
functions like Focal Loss helps address this imbalance.

4 Conclusion

The proposed CNN-based model for facial emotion recognition has great
promise for real-world applications. At an accuracy of 60%, the model has
the capacity to generalize well to unseen data and has stable training and
validation performance. It is particularly good at detecting well-defined visual
features of prominent emotions, such as “Happy” and “Sad”. However, the
difficult cases, such as the subtle and ambiguous emotions, “Fear” and “Neu-
tral,” are still majorly based on dataset imbalance and overlapping features.
These necessitate further strategies like data augmentation, class balancing,
and sophisticated feature extraction to enhance performance. Integrating with
real-time webcam feeds further enhances practicality in applications for
security systems, monitoring mental health, and human-computer interaction.
In order to get better mood identification, further research should focus on
combating dataset diversity, improving the detection of slight emotions, and
exploring multimodal approaches. The multimodal learning approaches by
integrating facial expressions with speech and physiological signals toward
better emotion recognition should be an area for further research. Advances
in recent works on modality fusion techniques using Vision Transformers
or deep models targeted for multi-source data represent good directions
for progress. There also remains the problem of optimally designing CNN
architectures for mobile-based real-time applications in emotion analysis.
Studies like [ref 1, ref 2] demonstrate how multi-module fusion techniques
improve prediction accuracy, which could be applied to emotion recognition
tasks
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