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Abstract

This paper presents a comprehensive approach to face detection utilizing the
YOLOV8 model, specifically trained on a diverse dataset consisting of images
from four individuals. The trained model is seamlessly integrated into an Al
module from Huada, a leading AI company, equipped with a camera and LED
indicators, enabling real-time face recognition and classification of known and
unknown individuals. The model’s performance is evaluated across various
metrics, demonstrating its high accuracy, robustness, and efficiency in real-
world scenarios. Additionally, the deployment process is detailed, showcasing
the practical challenges and solutions encountered during the integration into
a security application. Our results indicate that YOLOV8 is not only effective
in identifying individuals with high precision but also scalable and adaptable
to different environments. This work contributes to the development and de-
ployment of advanced face detection systems, with significant implications for
security and surveillance applications.
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1. Introduction

Face detection is a critical component in a wide range of applications, from secu-

rity systems to personal devices, where the need for accurate and efficient
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detection methods is paramount. Traditional face detection methods, such as
Haar Cascades and Histogram of Oriented Gradients (HOG), have been widely
used; however, these models often struggle with variations in lighting, occlusions,
and processing speed, making them less suitable for real-time applications but re-
cent advancements have seen the emergence of the YOLO (You Only Look Once)
series, known for their exceptional speed and accuracy. Earlier YOLO versions,
like YOLOvV3 and YOLOvV4, improved object detection performance but were not
specifically optimized for face detection tasks in dynamic real-world scenarios.
These models also encountered issues with detecting smaller faces or handling
occlusions effectively. For example, recent research has shown improved object
detection in other domains like colorectal polyp detection, using YOLO combined
with super-resolution techniques to enhance detection accuracy in challenging
conditions. To address these shortcomings, this research focuses on YOLOVS, the
latest iteration in the YOLO family, which offers state-of-the-art object detection
capabilities [1]. YOLOvV8 introduces several architectural improvements, such as
a more efficient backbone and a refined head for better localization and classifica-
tion accuracy. In this paper, we focus on the latest iteration, YOLOVS, which repre-
sents a state-of-the-art object detection algorithm designed to enhance perfor-
mance, particularly in real-time application.

The primary objective of this research is to train a YOLOv8 model on a custom
dataset consisting of images of four individuals and to integrate the trained model
into an AI module for real-time face recognition. The integration of YOLOVS into
AI modules offers significant improvements in face detection accuracy, even in
challenging conditions such as varying lighting or occlusions [2]. The AI module
in this study is equipped with a camera and LED indicators that provide visual
feedback based on detection results, making it suitable for applications like gate
security systems, where rapid and reliable face recognition is essential [3]. This
paper contributes to the field by demonstrating the successful training of YOLOv8
for face detection, the seamless integration of the model into a practical Al system,
and its effectiveness in real-world scenarios. By leveraging the advancements of
YOLOVS, this project pushes the boundaries of AI-driven face detection, offering

a robust solution for various applications.

2. Related Work

The field of facial recognition has seen rapid advances with the development of
deep learning models, especially with the YOLO (You Only Look Once) family of
algorithms.

First introduced by Redmon et al., YOLO revolutionized object detection by
presenting it as a regression problem, allowing real-time object detection with im-
pressive speed and accuracy [4]. YOLO’s efficiency and performance have made
it a popular choice in a variety of fields, including facial recognition, where real-
time performance is essential.

Recent versions of YOLO, such as YOLOVS, continue to build on the
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foundations of previous versions by incorporating more complex neural network
architecture and optimization techniques. These advances have further improved
YOLQO’s ability to detect smaller objects, improving accuracy while maintaining
the speed needed for real-time applications [3].

Integrating such models into AI modules for tasks such as face recognition is a
natural progression, given the growing need for intelligent systems capable of per-
forming complex tasks in dynamic environments.

In the context of face recognition systems, several studies have explored the use
of YOLO for applications such as security systems and employee attendance track-
ing. For example, Al Farizi et al. demonstrated the effectiveness of YOLO com-
bined with geometric analysis for automatic feature detection, which is critical for
robust face recognition under various environmental conditions [5]. Their work
highlights the potential of YOLO-based systems in solving real-world challenges,
making them suitable for integration into AI modules.

Moreover, research by Daffa Arifadilah et al on script detection using YOLO
underscores the algorithm’s versatility in detecting specific patterns and struc-
tures within images [6]. Although focused on script detection, their findings con-
tribute to the broader understanding of how YOLO can be adapted for specialized
detection tasks, including facial feature detection, by leveraging its inherent
strengths in pattern recognition.

These studies provide a solid foundation for the present work, which focuses
on the implementation and integration of YOLOVS into Al modules for advanced
face detection. By leveraging the improvements in YOLOVS, this project aims to
achieve high accuracy and real-time performance in face detection, with practical

applications in security and automated systems.

3. YOLOv8 Model Architecture

YOLOVS incorporates several advancements over its predecessors. The backbone
and the head are the two main parts of the convolutional neural network used by
YOLOVS, marking an improvement over earlier YOLO algorithms. The backbone
of YOLOVS is built upon the CSPDarknet53 architecture, which consists of 53
convolutional layers with cross-stage partial connections to enhance information
flow between layers. This allows for better feature extraction and information
propagation through the network, which significantly improves the model’s accu-
racy and efficiency. Several convolutional layers followed by fully connected layers
comprise the head of YOLOv8 [7].

YOLOVS also introduces several new features that distinguish it from previous
versions:

Refined Backbone Engineering: YOLOV8 presents CSPDarknet53, a new back-
bone architecture, which works on the progression of data among layers and keeps
a harmony among accuracy and computational proficiency.

Improved Feature Pyramid Network (FPN): The FPN in YOLOv8 is more re-
fined, upgrading the model’s capacity to detect objects at various scales, particularly
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small and medium-sized objects.

Anchor-Free Detection Head: YOLOVS incorporates an anchor-free detection
head, eliminating the need for predefined anchor boxes. This allows the model to
adapt more dynamically to various object shapes and sizes, leading to improved
accuracy and a simpler training process.

New Loss Function: A new loss function in YOLOVS is optimized for better
convergence during training, further developing execution across detection, seg-
mentation, and classification tasks.

Versatile Hardware Support: YOLOVS is designed to run efficiently across var-
ious hardware platforms, from CPUs to GPUs, making it more versatile and ac-
cessible for different applications, including edge computing and real-time pro-
cessing.

Enhanced Export and Deployment Flexibility: YOLOvV8 supports multiple ex-
port formats, which facilitates easier deployment across various platforms and
systems, crucial for real-time applications like security systems.

Overall, YOLOVS is designed to balance speed and accuracy, making it ideal for
real-time applications like face detection in security systems.

As illustrated in Figure 1, the YOLOv8 Model Architecture Diagram provides

a comprehensive overview of the model’s structure and components.
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Figure 1. YOLOv8 model architecture diagram.

Design Process

The design process for training YOLOVS in this project involved several steps.

Dataset Preparation: A custom dataset of four individuals was collected, with
images labeled using bounding boxes around the faces. The dataset was split into
training and validation sets, ensuring sufficient variety in lighting, pose, and oc-
clusion to make the model robust for real-world scenarios.

Model Training: The YOLOvV8 model was trained using transfer learning, ini-

tializing the weights from a pre-trained model on the COCO dataset to accelerate
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the learning process. The model was fine-tuned on the custom dataset using an
appropriate learning rate, batch size, and number of epochs. Data augmentation
techniques, such as random flipping and scaling, were applied to enhance the gen-
eralization capability of the model.

Performance Optimization: Hyperparameter tuning was performed to achieve
optimal performance in terms of both detection accuracy and inference speed. The
batch size, learning rate, and anchor box sizes were adjusted to improve the model’s
ability to detect faces under challenging conditions, such as varying illumination or
partial occlusions. The model was trained over multiple iterations to minimize the
loss function, focusing on reducing classification and localization errors.

Integration into AI Module: After the training phase, the YOLOv8 model was
integrated into an AI module equipped with a camera and LED indicators for real-
time face recognition. The module was programmed to provide visual feedback
based on detection results, such as lighting up specific LEDs when a known face
is detected. The model’s real-time performance was a key consideration, and op-
timizations were made to ensure the system could operate with low latency in real-

world conditions.

4. Methodology
4.1. Data Collection

The dataset utilized in this study comprises images from four people. The pictures
were captured in different lighting conditions and from different angles to ensure
robustness. The dataset was annotated manually—using labelimg—with bound-
ing boxes marking the faces.

As shown in Figure 2, the collected data samples demonstrate the variety and

characteristics of the dataset used for training.

Figure 2. Collected data samples.
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Figure 3 illustrates the process of collecting and annotating images for YOLOVS,
including the flowchart of the data collection process, directory structure, and ex-

amples of annotated images.

Collect Images

txt label of
erson 2
P Annotate Images

.jpg image of
person 1

txt label of jpg image of

person 3 person 2
Organize Images
Labels |- and Labels Images

.txt label of jpg image of
person 3 person 3

txt label of T Jjpg image of
person 1 person 4

Figure 3. YOLOVS data collection and annotation process.

4.2. Model Training

The training of the YOLOv8 model was carried out over 100 epochs, meaning the
entire dataset was passed through the model 100 times. This extensive training
was necessary to enable the model to thoroughly learn and generalize the patterns
associated with faces across diverse images. Dataset Preparation Annotated face
images that had been pre-processed and labeled using the YOLO format made up
the training dataset. In addition to applying data augmentation techniques like
random flipping, scaling, and color modification, the images were resized to
match the model’s input dimensions. The model’s capacity to generalize across
many situations and facial features was enhanced by these additions.

Loss Function

The model’s predictions and the ground truth annotations were compared dur-
ing the training phase. A combination of loss functions was used to calculate the
difference between the actual labels and the predicted bounding boxes. Typically,
these consist of:

-Bounding Box Regression Loss: Measures the error in predicting the bounding
box’s position and dimensions.

-Objectness Loss: Measures how well the model identifies if face exists in a given
grid cell.

-Classification Loss: Measures how accurately the model classifies the detected
faces into the correct category.

The total loss was minimized using an optimizer, which adjusted the model’s
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parameters based on the calculated gradients. Optimization and Learning Rate
The Adam optimizer, which works well with complicated models and large data
sets, was used to optimize the model’s parameters. In order to enable the model
to learn quickly in the early phases of training, the learning rate—a crucial hy-
perparameter—was first set to a larger value. Later on, it was gradually lowered to
improve the model’s performance.

Monitoring and Evaluation

To evaluate the model’s performance, important parameters like precision, re-
call, and mean Average Precision (mAP) were tracked during the training phase.
The model’s ability to recognize and locate faces was shown by these measures.
Furthermore, to look for indications of overfitting or underfitting, the training
loss and validation loss were monitored. If there was a considerable decline in the
validation loss, training was thought to end early. At the end of 100 epochs, the
model was able to generalize well on the training data and showed promising re-
sults in terms of accurately detecting faces in unseen images (See Figure 4).
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Figure 4. Final training and validation metrics after 100 epochs.

The results shown in Figure 5 were obtained by the process of training a
YOLOvV8 model for face detection of four individuals. This training involved a
custom dataset consisting of images of these individuals, where the primary task
was to accurately detect their faces under various conditions. the training frame-
work automatically logged and visualized these metrics to provide insight into the
model’s performance over the 100 epochs. These graphs help us understand how
well the model is learning and if it’s improving in terms of accuracy, loss reduc-
tion, and detection quality.

Each image in the batch is processed simultaneously, with the model identifying
and bounding faces, as shown by the detection boxes (See Figure 6). This visual
demonstrates the model’s capability to handle multiple images and detect faces in

various conditions.

4.3. Al Module Integration

The trained YOLOv8 model was integrated into an AI module equipped with a cam-

era and an LED indicator, as illustrated in Figure 7, which shows the schematic of
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the AI module. The camera captures real-time video feeds, which are processed by
the YOLOv8 model. The LED indicator provides visual feedback: a green light for
recognized (known) faces and a red light for unrecognized (unknown) faces.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
0.9
—e— results 1.000
0.8 ...+ smooth 1.25 4 0981 ¢
10 2 0.975
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Figure 5. Training loss and accuracy curves over 100 epochs.

Figure 7. Schematic of the AI module with camera and LED indicator.

4.4. Evaluation Metrics

The performance of the model was evaluated using precision, recall, and F1-score.
Additionally, a confusion matrix was generated to provide insight into the

model’s classification accuracy.
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The specific formulas for these metrics [8] are:

.. TP
Precision = —
TP +FP’
Recall = L
TP+ FN’
2 x Precision x Recall
F1-score = —
Precision + Recall’
j
p(r)dr
mAP = ﬁ =02
N N’

where TP (true positive) represents the number of correct predictions, FP (false
positive) denotes the number of incorrect positive predictions, FN (false negative)
represents the number of positive instances that the model failed to predict cor-
rectly. Precision represents the proportion of correct positive predictions, and re-
call represents the proportion of all correct predictions. The F1-score ranges from
0% to 100%. The F1-score represents the weighted average of precision and recall.
The F1-score of 100% represents the best possible classification performance. The
higher the F1-score, the better the model performance [9].

5. Results

5.1. Model Performance

The trained YOLOv8 model achieved high accuracy in detecting the faces of the
four individuals in the dataset. Precision, recall, and F1-score metrics are reported
in Table 1.

Table 1. Precision, recall, and F1-score of the YOLOv8 model.

Class Image Instances  Precision Recall mAP50  mAP50-95
All 287 284 0.98 0.997 0.99 0.807
Person 1 74 74 0.98 1 0.995 0.895
Person 2 73 73 0.95 0.986 0.973 0.765
Person 3 75 75 0.99 1 0.995 0.839
Person 4 65 62 0.99 1 0.995 0.727

5.1.1. Recall-Confidence Curve
The Recall-Confidence Curve in Figure 8 illustrates the model’s performance
across different confidence thresholds for each individual (Person 1, Person 2,
Person 3, Person 4):

-Higher Recall: Person 1, Person 2, and Person 4 maintain higher recall at in-
creasing confidence levels, meaning the model detects them well even when re-

quiring more certainty.
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-Overall Performance: The blue line (all classes) shows that the model has high

recall at lower confidence levels but experiences a sharp decline as confidence in-

creases.
- Recall-Confidence Curve
‘ —— personl
—— person2
—— person3
0.8 —— person4
’ = all classes 1.00 at 0.000
0.6 1
'
Q
2
0.4 4
0.2 A
0.0 T T .
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 8. Recall-confidence curve.

5.1.2. Precision-Recall Curve
The Precision-Recall Curve in Figure 9 shows the model’s performance in terms
of precision and recall for each individual (Person 1, Person 2, Person 3, Person
4) as well as the overall performance across all classes.
-Precision: All individuals (Person 1, Person 2, Person 3, Person 4) have very
high precision close to 1.0, meaning the model is highly accurate in its predictions.
-Recall: The recall values are also very high, staying close to 1.0 for all individ-
uals, indicating that the model is capable of detecting most true positives (faces).
-mAP@0.5: The mean Average Precision (mAP) at IoU 0.5 for all classes is
0.990, reflecting excellent overall performance.
The model shows strong performance with nearly perfect precision and recall
across all individuals, suggesting that it can reliably detect faces with minimal false

positives and missed detection.

5.1.3. Precision-Confidence Curve

The Precision-Confidence Curve in Figure 10 shows how precision varies with
confidence for each individual (Person 1, Person 2, Person 3, Person 4) and across
all classes.

-High Precision: All individuals maintain very high precision, close to 1.0,
across almost all confidence levels. This means that the model is highly accurate
in making predictions with very few false positives, even as the confidence thresh-
old increases.

-All Classes: The blue line representing all classes shows that the model achieves
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perfect precision (1.0) for most confidence thresholds.

-Stability: The curves are stable across confidence levels, indicating that the

model maintains a high level of precision consistently.

The model demonstrates excellent precision across all confidence levels for each

individual, making it highly reliable in correctly identifying faces with minimal

errors.
0 Precision-Recall Curve
—— personl 0.995
—— person2 0.973
—— person3 0.995
081 —— person4 0.995
: = 3l classes 0.990 mAP@0.5
0.6 4
[ =
o
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0.2 4
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0.0 0.2 0.4 0.6 0.8 1.0
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Figure 9. Precision-recall curve.
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Figure 10. Precision-confidence curve.

5.1.4. Confidence Curve

The F1-Confidence Curve illustrates how the F1 score, a balance between pre-

cision and recall, changes with increasing confidence thresholds for each person
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(Person 1, Person 2, Person 3, Person 4) and across all classes as it is shown in
Figure 11.

-Person 1, Person 2, Person 4: These individuals maintain high F1 scores close
to 1.0 across a broad range of confidence levels, indicating that the model achieves
a good balance of precision and recall for them.

-All Classes (blue line): The overall F1 score is 0.99 at a confidence threshold of
0.546, meaning the model performs well for all classes up to this point. The score
drops sharply as confidence increases further.

The model achieves an excellent balance of precision and recall (high F1 scores)
for most confidence thresholds, making it robust in detecting faces while mini-

mizing false positives and missed detections.

F1-Confidence Curve

1.0 +
—— personl
person2
—— person3
081 —— person4
’ = all classes 0.99 at 0.546
0.6
~
w
0.4 {
0.2 1
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 11. F1-confidence curve.

5.1.5. Labels
Figure 12 presents the labels used in the dataset, providing insight into the classi-
fication criteria applied during the training process.

- Top-left (Bar Graph): This graph compares the number of instances detected
for each person (Person 1, Person 2, Person 3, Person 4). The height of the bars
indicates the frequency of detections across different classes, with similar counts
for all persons, suggesting balanced data distribution.

- Top-right (Bounding Box Visualization): This overlay of bounding boxes
shows the localization of detected faces. The overlap suggests that the model pre-
dicted consistent bounding box coordinates, though there might be some variance
in object sizes and positioning.

- Bottom-left (Scatter Plot—X-axis vs. Y-axis): This scatter plot seems to show
the distribution of detected objects in the image space (x vs. y coordinates). The
spread indicates that the model detected faces across various parts of the image.

- Bottom-right (Scatter Plot—Width vs. Height): This scatter plot shows the
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width and height of the bounding boxes. The variance suggests that faces with
different sizes are detected, possibly due to variations in distance or image scal-

ing.
70 -
60 -
50 -
n
[0}
2 40-
8
2
= 30-
20 -
10 -
0— 1
m <
= =
2 2
@ @
o o
] Il L]
0.8- L
B2~ . | - .
Il -.l - - » L : .-
-.
] L] L II
0.6 - { 0.7 - . " I.l'
- .l-.l : L =
_ - II L - L
>\0.5 I.. " 5’0-6_ ‘.JL...l.. L ’
a8 .-I.'I L] g L] .. L
0.4- - mlt oy u Y R
.. ‘. ll i . 05_ .ﬂ..-. I--II...I.
- o I!I " -II n . l- .-II
0.3- " "l - ] LI}
. 0.4 - *.- - . -.-
0.2_ I1 L I. -- -
0.3 0.4 0.5 0.6 0.7 0.8 0.2 0.4 0.6 0.8
X width

Figure 12. Labels.

5.1.6. Labels-Correlogram
Figure 13 illustrates the labels-correlogram, highlighting the relationships and
correlations among the different labels in the dataset.

Diagonal Histograms:

The histograms along the diagonal represent the distribution of each individual
variable.

x and y coordinates show that the objects are spread evenly across the image
space.

The width and height distributions indicate that the model has detected objects
of various sizes, with some skewness towards certain object dimensions.

Scatter Plots (Off-diagonal):

x vs. y: Shows how objects are distributed across the image.

width vs. height: Displays the relationship between object size parameters.
There’s a diverse range of sizes, but the objects mostly cluster around specific
width-to-height ratios.
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Other pairs (e.g., x vs. width, y vs. height): Illustrate correlations between the
object location and their size. This can help understand if objects tend to be larger

in specific areas of the image.

0.7 1
0.6
0.5
0.4
0.3

0.2

0.8

width

0.4 0.6 0.8 0.2
x

Figure 13. Labels-correlogram.

5.2. Confusion Matrix

Figure 14 displays the confusion matrix of the YOLOv8 model’s predictions,
providing a detailed view of the model’s classification performance across differ-
ent categories.

The confusion matrix provides a detailed view of the model’s performance
across different classes. The results indicate that the model correctly identifies
known faces with a high degree of accuracy.

The model performs well, with most predictions correctly classified.

The model’s confusion matrix demonstrates effective classification of individ-

uals, with very few errors across all classes.

5.3. Real-World Testing

The Al module was tested in a real-world environment, where it successfully iden-
tified known individuals and provided the correct visual feedback via the LED

indicator (See Figure 15).
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Figure 14. Confusion matrix of the YOLOv8 model’s predictions.
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Figure 15. Real-world deployment of the AI module, showing the green LED for a
recognized face.

6. Discussion

The results clearly showcase the strong performance of the YOLOv8 model in the
task of face detection, especially when trained on a dataset tailored specifically for
this purpose. The model achieved high precision and recall scores, underscoring
its suitability for applications in security, where accurate and reliable face recog-
nition is paramount. These metrics indicate that the model can effectively distin-
guish between faces with minimal false positives and negatives, making it a de-
pendable choice for scenarios that require heightened accuracy.

However, it is important to note that the model’s effectiveness might be some-
what limited by certain factors not fully addressed in the training phase. Specifi-
cally, variations in lighting conditions and facial poses—elements that were un-
derrepresented in the training dataset—could potentially impact the model’s de-
tection accuracy in real-world scenarios. This limitation suggests a need for fur-
ther research and development.

To enhance the model’s robustness and adaptability, future work could focus
on incorporating a more diverse and comprehensive dataset that includes a wider
range of lighting conditions, facial expressions, and angles. Additionally, employ-
ing advanced data augmentation techniques could simulate these variations dur-
ing training, thereby helping the model to generalize better and maintain high

performance across different environments.

7. Conclusions

In this paper, we have successfully trained and implemented a YOLOv8 model for
face detection, integrating it into an AI module capable of real-time face recogni-
tion. Our results underscore the efficacy of YOLOVS as a robust and accurate tool
for face detection in controlled environments. The seamless integration into a
practical system highlights the model’s feasibility and effectiveness in real-world
applications, particularly in security and surveillance contexts. We would like to
acknowledge Huada, a leading AI company, Tianjin for providing the Al
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module, which played a critical role in enabling the real-time face recognition ca-
pabilities of our system.

Looking ahead, future research could focus on extending the capabilities of
YOLOVS by applying it to more diverse and complex environments, where vary-
ing lighting conditions, occlusions, and other challenges are present. Additionally,
the integration of supplementary sensors or data sources, such as thermal cameras
or biometric inputs, could further enhance the system’s accuracy, robustness, and

overall performance.
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