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Abstract

Facial detection technology has become increasingly significant across
various domains, including security, surveillance, biometrics, and human—
computer interaction. This study aims to develop a facial detection system using a
Convolutional Neural Network (CNN) approach to recognize and classify facial
features from image data. A quantitative experimental method was employed,
integrating deep learning modeling with software engineering principles. The
system was implemented in MATLAB using a graphical user interface (GUI), and
the model was trained on a dataset of 800 facial expression images. Data
preprocessing involved image resizing, pixel normalization, and data
augmentation to enhance model robustness. The dataset was divided into training,
validation, and testing sets to ensure reliable model evaluation and generalization.
The CNN model was trained and empirically tested to assess its performance under
various conditions. The results indicate that the proposed system is capable of
accurately detecting facial regions, even under natural lighting and complex
backgrounds. The model achieved high accuracy in face identification, as
evidenced by correct bounding box localization in the output interface.
Furthermore, the system demonstrated stable performance across different facial
orientations. However, several limitations remain, including the need for improved
multi-face detection, real-time processing optimization, and broader evaluation
across diverse expressions and demographic variations. In conclusion, the CNN-
based facial detection system demonstrates strong effectiveness and accuracy,
indicating its potential applicability in real-world visual recognition systems.
Keywords: CNN, Face Detection, Deep Learning, Influence. Image

Recognitiion, Matlab
INTRODUCTION in the context of social interactions
The face is a fundamental [1]. As a form of nonverbal
component  in  the  individual communication, facial expressions
identification process. Facial play a strategic role in building
expressions can represent a person's understanding between individuals.
emotional state and feelings, especially Through facial expressions, various
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psychological aspects such as emotions,
feelings, and even a person's cognitive
processes can be implicitly
communicated.

Rapid developments in digital
image processing and artificial
intelligence  have led to  the
development of increasingly accurate
and efficient systems for detecting and
classifying facial expressions. One
approach that has proven effective is the
use of Convolutional Neural Networks
(CNN), which are known for their
superior feature extraction capabilities
and high accuracy in facial expression
recognition tasks [2].

Convolutional Neural Network
(CNN) is an artificial neural network
architecture specifically designed for
image-based data processing. CNN
consists of several layers, such as
convolutional layers, pooling layers,
and fully connected layers, which
hierarchically function to extract
important features from images and
produce output in the form of

classification [3]. CNN-based
approaches in facial expression
detection have shown significant

performance and have the potential for
wide application in various fields [4].
Face detection is a rapidly
growing topic in the fields of pattern
recognition and computer vision. This
technology has a variety of applications,
including security systems,
surveillance, biometrics, and facial

recognition on mobile devices. In
recent years, the use of artificial
neural networks, especially CNNs,
has demonstrated
performance in various image
recognition tasks. In addition,
MATLAB, equipped with various
deep learning toolboxes, has become
a reliable and widely used platform
in developing face detection models
[5].

Based on this background, this
study aims to implement the
Convolutional Neural Network
(CNN) algorithm in the process of
identifying certain patterns or
objects. The main focus of this study
is to analyze the effectiveness of
implementing the CNN algorithm in
recognizing visual patterns
accurately and efficiently [6].

In line with the background

formulation that has been described,
this study focuses on the main

excellent

question regarding the accuracy
level of the CNN algorithm in
recognizing and identifying human
facial expressions based on digital
images. This research question
forms the basis for designing and
implementing experiments, with the
aim of evaluating the performance of
the CNN model in the context of
automatic facial image processing
[6,7].

LITERATURE REVIEW
TensorFlow is used as a
visualization tool that allows the
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design of the process flow of a human
facial expression detection system to be
presented in a structured and systematic
Through graphical
representation, TensorFlow illustrates
each stage in the CNN algorithm, from
the image input process to the
expression classification stage. The use
of TensorFlow helps improve the
understanding of the system workflow
and facilitates the logical analysis of the
developed model [9,11].

manner.

RESEARCH METHODS
This study applies a quantitative

experimental approach combined with
software engineering methods and deep
learning algorithm modeling to detect
facial expressions using a
Convolutional Neural Network (CNN).
This approach was chosen because it
can provide measurable analysis of the
system's performance in recognizing
facial expressions from digital images
[8]. In research on human facial
expressions, the diversity of data
collection locations is an important
aspect that needs to be considered. Each
environment has different
characteristics and can influence how
individuals express their emotions.
Public spaces, such as parks, streets, or
shopping malls, tend to generate more
expressions due to
extensive social interaction.
Conversely, private spaces such as

spontaneous

homes allow for more natural, personal,
and less stressful expressions. By

considering these various contexts,
this study seeks to obtain a more
comprehensive and realistic
representation of facial expressions
[10].

In the development of a CNN-
based facial expression detection
system, empirical testing was carried
out to evaluate the effectiveness of
the model built. This testing
involved a series of structured stages
designed to assess the model's ability
to accurately recognize and classify
facial expressions. The evaluation is
carried out based on the results of
training and testing using facial
image data, so that it can reflect the
actual performance of the system.
Each stage was designed to ensure
that the system not only functioned
conceptually but also had reliability
in practical implementation [12].

The initial stage in the facial
expression recognition process is the
selection of a representative dataset.
The dataset used must be able to
reflect the diversity of human
expressions in various conditions,
including variations in lighting,
background, shooting angle, and
differences in individual
characteristics. This diversity is
important  to  improve  the
generalization ability of the model to
real-world conditions [13,15].

Before being used in the
training process, facial image data
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needs to go through a preprocessing
stage. This stage includes image
resizing, pixel value normalization to
maintain data consistency, and data
augmentation implementation to enrich
data variation and improve model
performance. This process aims to
ensure that the data matches the needs
of the CNN architecture used [14].

Next, the dataset is divided into
three main parts, namely training data,
validation, and testing. Training data is
used to build a model to recognize facial
expression patterns, while validation
data serves to optimize model
parameters and prevent overfitting.
After the training process is complete,
the test data is used to objectively
evaluate the model's performance
against previously unused data. This
division is important to ensure good
generalization ability of the model
[1,15].

The next stage is designing a CNN
architecture that suits the research
needs. The choice of architecture, such
as ResNet, VGG, or other architectures,
is an important factor that influences the
level of accuracy and quality of the
system in  recognizing facial
expressions.  Selecting the right
architecture allows the model to
optimally extract features from facial
images [16].

Once the model architecture is
determined, the training process is
carried out using the prepared training

data. At this stage, the model
parameters are updated iteratively to
minimize the prediction error. This
process allows the model to
gradually learn important patterns
contained in facial image data [7,10].

After the model reaches
optimal  performance in the
validation stage, testing is carried out
using separate test data. This test
aims to evaluate the model's ability
to recognize facial expressions under
new conditions that were not
involved in the training process, thus
providing an objective picture of the
model's performance.

The final stage in this
research is the analysis of the test
results to identify the strengths and
limitations of the model. This
analysis includes evaluation of
prediction errors, visualization of
classification results, and
comparison of model performance
with previous research or other
relevant architectures. This stage is
important to provide a deeper
understanding of the effectiveness of
the model and its future development
opportunities [3,7].

Based on the evaluation
results, conclusions can be drawn
regarding the level of effectiveness
of the CNN-based facial expression
detection system in recognizing
human emotions. Furthermore, the
results of this study were compared
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with previous studies to assess the
contributions and advantages offered,
thus demonstrating the added value and
relevance of this research in the
development of image-based emotion
recognition technology.

RESULTS AND DISCUSSION

The image dataset used in this
study was obtained using an image
acquisition system using a mobile
phone camera and consisted of 800
facial expression images.

SAVE

Figure 1. Initial input before inserting a
photo
The illustration represents the

graphical user interface (GUI) of a face
detection application at based on
Convolutional Neural Network (CNN).
If you need to install MATLAB, you
can't install App Designer and use
GUIDE, if you shouldn't use your
environment on your own and what you
need to do. The Interface application is
divided into two parts of the home for
the display of images (image display
axes/panels). This field is also added to
the list of original images created by the
"Open Image" keyword. Similarly, this
area is also useful for target acquisition
detection, the inheritance system is a

small part of the detection system of
the identity set being developed.
This application is equipped with
several key components that support
the operation of the system. The
"Open Image" button is used to load
an image from the user's device into
the system, which is then displayed
in the left panel. The "Face
Detection" button runs the face
detection process using the pre-
trained CNN model. After this
operation is executed, the system
analyzes the image and displays the
detection results, typically marked
with a calibration box, in the right
panel. Then, click on the Save Image
button to save the image and then
click on the Detect button to save the
image. The feature will be displayed
in the document and the image will
be processed by the system.

Save

Figure 2. Face Detection System
Interface

The image shows the interface
of a convolutional neural network
(CNN)-based face detection
application before the detection
process begins. The application was
developed using MATLAB, likely
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via App Designer or a similar visual
programming environment, designed to
support intuitive user interaction. At
this stage, the input image has been
successfully loaded into the system and
displayed in a designated area, ready for
further processing. This represents a
transitional phase in the system flow,
where the input data is available and the
system is ready to perform the face
detection process by activating the
“Face Detection” button. This phase is
a crucial part of the system workflow,
as it serves as the starting point before
the face identification and labeling
process begins using the trained CNN
model.

Jpen mage e dtechn SAVE

Figure 3. Face Detection
The image shown is a visual

documentation of the implementation of
a Convolutional Neural Network
(CNN) based face detection system
developed through a simple and
interactive graphical interface. This
system is designed to automatically
recognize human faces from user-
inputted images. The application
interface consists of two main panels

displayed side by side. The left panel
is used to display the original image
loaded via the “Open Image” button.
The image shows an individual
standing in an outdoor area with
bright natural lighting conditions and
a relatively complex background.
The position of the face in the image
is not completely facing the camera,
thus representing the real conditions
in the facial data acquisition process.

Once the image is loaded, the
user can activate the detection
process by pressing the “Face
Detection” button. The detection
results are then displayed in the right
panel, where the system successfully
identifies the facial area by marking
it with a bounding box. This
successful detection demonstrates
that the CNN model is capable of
effectively  recognizing  faces,
despite  variations in  facial
orientation and lighting complexity.
Furthermore, a "Save Image" button
allows users to save the detection
results for documentation or further
development. Overall, the system
interface reflects a systematic and
efficient workflow, and is easy to use
without requiring in-depth technical
expertise.

Empirical testing in the CNN-
based facial expression detection
system research was conducted
through a series of structured steps to
directly

evaluate the model's
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performance. This step begins with
selecting a representative dataset, which
should encompass a wide variety of
human facial expressions, such as
happiness, sadness, anger, surprise,
fear, and neutrality. Furthermore, the
dataset should consider variations in
lighting, background, shooting angle,
and ethnic and age diversity to improve
the model's generalizability.

The image data used then goes
through a preprocessing stage to suit the
CNN training needs. This process
includes normalizing pixel values,
adjusting the image size to specific
dimensions, and applying data
augmentation techniques such as
rotation, image flipping, and contrast
adjustment to increase data diversity
and reduce the risk of overfitting. Next,
the dataset is divided into three subsets,
namely training data (training set),
validation data (validation set), and
testing data (testing set), each of which
has a different role in the model
development and evaluation process.

The next step is determining the
appropriate CNN architecture, whether
using popular architectures like ResNet,
VGGNet, or DenseNet, or a custom-
designed architecture tailored to the
research needs. Key parameters such as
the number of layers, filter size,
activation function, and regularization
technique are considered to achieve
optimal performance. The model is then
trained using the training data through

an iterative process with
optimization algorithms like Adam
or Stochastic Gradient Descent
(SGD), and using a loss function like
categorical cross-entropy to measure
prediction error.

During the training process,
evaluations are performed
periodically using validation data to
monitor model performance and
adjust hyperparameters. Techniques
such as early stopping or learning
rate scheduling can be applied to
prevent overfitting. Once the model
reaches optimal performance, final
testing is  performed  using
completely separate test data to
obtain an objective evaluation of the
model's ability to recognize new
data.

The test results are then
analyzed to identify the system's
strengths and limitations. This
analysis may include the use of a
confusion matrix to view the
distribution of predictions, as well as
measuring metrics such as precision,
recall, and Fl-score on each
expression class. In addition,
visualization of prediction results
and comparison with previous
research are also carried out to
provide a comprehensive picture of
model performance.

Facial recognition is a method
in the biomedical field that is used to
identify or verify an individual's
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identity through facial pattern analysis.
This method utilizes the wunique
biological characteristics of the human
face, such as the shape of the eyes, nose,
mouth, and the distance between facial
features. Humans naturally have a good
ability to recognize faces, but this
ability has limitations, especially in
situations involving large amounts of

data or long-term  observation.
Therefore, technology-based facial
recognition  systems have been

developed to improve efficiency and
accuracy in various applications, such
as security, surveillance, and forensics.

The process of face recognition in
a computing system begins with image
acquisition, followed by the extraction
of important features from the face. The
feature data is then compared with the
available database to determine identity
match. The success of this process is
greatly influenced by the quality of the
input image and the algorithm used.
Unlike humans, computers lack natural
visual perception, so factors such as
lighting,  shooting angle, facial
expression, and image resolution
significantly impact system accuracy.
Therefore, selecting the right algorithm
is a crucial factor in improving the
performance of image-based facial
recognition systems.

Figure 4. Graphical User Interface
Development Environment
The code shown in the image

is the initial part of the MATLAB
program used to build a graphical
user interface (GUI) for the face
detection system. This program was
developed using GUIDE (Graphical
User Interface Development
Environment) available in
MATLAB. The main function in the
program is face detection, which
plays a role in the initialization
process and operational management
of the face detection GUI. In general,
this function is designed with a
flexible approach through the use of
dynamic  input and  output
parameters, namely varargin and
varargout. This approach allows
functions to handle a variety of
calling scenarios, such as opening a
GUI interface, executing certain
callbacks, or setting system display
and behavior properties according to
user requirements.

This program is implemented
in singleton mode, which ensures
that only one face detection GUI
window 1is active at a time. This
approach aims to avoid interface
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duplication, which could potentially
lead to user confusion or data conflicts
during processing. If a user attempts to
open the GUI more than once, the
system automatically redirects focus to
the active window without creating a
new instance. Furthermore, this GUI
supports the application of property-
value pairs at runtime, allowing
customization of  the
appearance and behavior before the
interface is displayed. All of these

system's

initial configurations are processed
through the
face detection OpeningFcn function,
which is the first function to be
executed and plays a role in initializing
the system as a whole. Thus, this code
structure represents a crucial foundation
for ensuring the GUI runs stably, is
structured, and adapts to various user
needs.

The implementation of the
developed  Convolutional = Neural
Network (CNN)-based face detection
system demonstrates strong ability to
detect faces from input images. The
system interface provides three main
features that support the interactive face
detection process. The first feature
loads images from the user's device into
the system. In the example shown, the
system successfully displays an image
of an individual in an outdoor
environment with natural lighting,
demonstrating the successful

performance of the data input
mechanism.

After the image is loaded, the
next feature is used to run the face
detection process by utilizing the
trained CNN model. The results
displayed in the output panel
demonstrate that the system is
capable of identifying and marking
facial areas using bounding boxes.
This success indicates that the CNN
model has good generalization
capabilities to test data outside the
training set. Detection remains
accurate despite variations in facial
orientation, non-uniform lighting
conditions, and complex
backgrounds. This indicates that the
model has been trained using
sufficiently representative data or is
supported by a CNN architecture that
has strong and deep feature
extraction capabilities.

The third feature allows users
to save the face detection results to
the device. This functionality not
only supports visualization of results
but also enables further utilization,
such as creating new datasets,
conducting additional analysis, and
documenting research  findings.
Overall, the system is able to display
the face detection process visually
and relatively in real-time with an
adequate level of accuracy, even on

images with  varying  object
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complexity and environmental
conditions.

However, there are several aspects
that require attention for further
development. First, the multi-face
detection capability has not been
comprehensively tested on images
containing more than one individual.
Second, further testing of variations in
facial expression, age, and pose is
needed to evaluate the model's
robustness to changes in data
characteristics. Third, optimization of
system performance in real-time
scenarios, such as the use of live
cameras, needs to be carried out to
assess the speed and efficiency of
detection under actual operational
conditions. In the initial stage before the
labeling process is carried out, all
images that have been collected are first
uploaded to the Roboflow platform.
This stage aims to facilitate a systematic
data annotation process and prepare a
structured dataset before use in CNN
model training.

!

(ragind dopto plad .

@ Images IO Annotations

in .ipg, .png, .bmp, .webp 26 formats

Figure 5. Upload Dataset
In the labeling stage using the
Roboflow platform, each object in the
image is given an annotation in the form
of a bounding box or marker framework

to identify the relevant area. After
the annotation process is complete,
the system automatically classifies

and displays the detected emotion
categories, such as happy, sad,
angry, and afraid.

Figure 6. Dataset labelling
The image processing stage
using the Roboflow platform
includes adjusting aspects of color,
shape, and size of the image, as well
as applying preprocessing and data
augmentation  techniques.  The
process of resizing the image to
dimensions of 320 x 320 pixels was
carried out as an effort to optimize
model performance while reducing
the computational load, especially
on GPU usage during the training
process.

Q) Preprocessing

Auto-Orient Edit

Resize

retch to 320x3 Edit

° Add Preprocessing Step

Figure 7. Image Preprocessing
The model training process
was carried out using the Google
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Colab platform with a dataset division
of 80% for training data and 20% for
testing data. This research utilizes a
MobileNet-based Convolutional Neural
Network (CNN) architecture with 150
epochs, which produces an average
accuracy rate of 78%. The trained
model is then saved in the
model checkpoint2.h5 file format for
use in the facial expression detection
stage.

¥

Figure 8. Training Process
A more in-depth evaluation of model
performance was performed using

precision, recall, and F1-score metrics.
The test results show that the model
achieved the best performance in the
happy emotion category, with an F1-
score value of 0.93. This indicates that
the model has excellent ability to detect
and classify happy emotions, with a
high balance between precision and
recall.

Relatively good performance was
also shown in the fear category with an
Fl-score of 0.76, as well as the anger
category with an Fl-score of 0.70,
which reflects a still quite adequate

level of detection success. However,
the model showed significant
weakness in the sad category, where
the recall value only reached 0.49.
This value indicates that the model
still often fails to accurately identify
sad emotions. This condition is
likely due to the similarity in visual
characteristics between sad
expressions and other emotions, the
limited variety of training data in this
category, and the influence of
varying lighting conditions on the
images. Overall, the model
performance can be categorized as
quite good with an average accuracy
value of 0.78, an average precision
(macro average) of 0.78, a recall of
0.76, and an F1-score of 0.75. While
these results demonstrate adequate
performance across several emotion
categories, there is still room for
improvement, particularly in
categories with low detection rates.
Improvement efforts that can be
made include increasing the variety
of training datasets, applying more
specific data augmentation
techniques, and adjusting or
developing the CNN architecture to
improve overall model performance.
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Classfication Report :

Precesion Recall fl-score support

Anggry 0,68 073 0,70 57
Sad 0,85 049 0,63 35
Like 0,94 0,92 0,92 50
Afraid 0,67 0,89 077 38

Accuracy 0,78 160

Macro avg 0,78 0,76 0,75 160
Weighted avg 0,79 0,78 0,77 160

Figure 9. Training Data Results
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Figure 10. Confusion Matrix
The developed classification

model showed relatively good
performance with an accuracy rate of
78%, which indicates that most of the
test data was successfully predicted
correctly. However, further analysis
through  confusion  matrix  and
classification report showed that there
were variations in performance in each
emotion class. The Like class shows the
best performance, as indicated by a
precision value of 0.94, a recall of 0.92,
and an F1-score of 0.92. These results
indicate that the model is not only able
to recognize data in the Like class
accurately, but also has a low

classification error rate against other

classes. In other words, the feature
characteristics of this class were
relatively clear and easy for the
model to learn, resulting in stable
and consistent predictions.
Conversely, the Sad class
proved the most challenging for the
model. Despite its relatively high
precision of 0.85, the recall was only
0.49. This indicates that while
predictions for the Sad class tended
to be accurate, the model failed to
identify a significant portion of data
that actually belonged to that class.
Much of the data labeled Sad was
misclassified into other classes, such
as Angry or Afraid. This condition
indicates that the model is having
difficulty recognizing the distinctive
pattern of sad expressions, possibly
due to the similarity of visual
features to other emotion classes or
the lack of representativeness of the
training data in that category.
Furthermore, the model also
tends to experience confusion
(misclassification) between several
emotion classes, particularly
between Sad, Angry, and Afraid.
This is evident from the high number
of misclassifications between these
three classes in the confusion matrix.
Conceptually, these three emotions
do  have similar
characteristics, both in terms of
facial  expressions and  the
representation of features captured

relatively
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by the model. As a result, the model has
difficulty distinguishing clear
boundaries between these classes.

This phenomenon shows that the
feature space used is not yet able to
optimally separate emotion classes.
Models tend to only capture general
patterns of negative emotions, but are
not yet sensitive enough to identify
specific differences between emotions
such as sadness (Sad), anger (Angry),
and fear (Afraid). Therefore, further
development is needed, both through
improving the quality and variety of the
dataset and refining the model
architecture, to enhance the system's
discriminatory ability in facial emotion
classification.

CONCLUSION

Based on the design,
implementation, and testing results, the
developed  Convolutional = Neural
Network (CNN)-based face detection
system  has capable of
recognizing human faces with a fairly
good level of accuracy. Detection
success is demonstrated by the system's
ability to identify facial areas using
bounding boxes, despite images
containing varying lighting, complex
backgrounds, and non-frontal shooting
angles.The model used, a MobileNet
architecture with 150 epochs, achieved
an average accuracy of 78%, indicating
that the CNN approach is quite effective
in the task of face detection and

proven

expression  recognition.  Further
evaluation results showed that the
model performed optimally on the
Happy emotion, and performed quite
well on the Fear and Angry
emotions. However, the model still
showed limitations in recognizing
the Sad emotion, as indicated by a
relatively low recall value.Overall,
this research demonstrates that the
CNN approach has strong potential
in the development of digital image-
based face detection and emotion
recognition systems, and is capable
of producing fairly stable results
across a variety of input conditions
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