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Abstract – Driver fatigue is a major contributor to traffic accidents, injuries, and economic 

losses. This study proposes a computer-vision-based driver fatigue detection system using 

YOLOv5s to identify three facial states: normal, eye closed, and yawning. The model is fine-tuned 

from pre-trained COCO weights and evaluated under multiple training schemes, including full 

fine-tuning, partial layer freezing, and hyperparameter evolution based on a genetic algorithm. 

The dataset consists of 5,706 training images and 2,390 testing images compiled from self-

recorded and public sources under varied lighting conditions. Experimental results show that the 

best model without evolution achieves an mAP of 0.887, while the best evolved model reaches an 

mAP of 0.888 and runs at 30 FPS on a CPU-based device. These findings indicate that the 

proposed model is sufficiently accurate, lightweight, and practical for early-warning deployment 

on low-resource edge devices in advanced driver assistance systems. 

 

Keywords: Drowsiness detection, Fine-tuning, Genetic algorithm, Hyperparameter optimization, 

YOLOv5 

 

I. Introduction 

Indonesia is facing a worrying rise in road accidents. 

Data Indonesia reports that road accidents in Indonesia 

climbed to 103,645 in 2021, a 3.62% rise from 100,028 

the year before. Sadly, 25,266 people lost their lives in 

these accidents in 2021, a 7.38% increase from 23,529 

deaths in the prior year. The financial impact was also 

substantial, with losses totaling IDR 246 billion, up 

24.24% from IDR 198 billion in 2020. A recent AAA 

Foundation for Traffic Safety study indicates that driver 

fatigue might contribute to as many as 9.5% of all crashes, 

a figure notably larger than the official numbers from the 

National Highway Traffic Safety Administration 

(NHTSA). The investigation revealed that around 11% of 

more serious crashes that were reported by police had 

drowsy driving as a factor [1]. 

Microsleep episodes are hard to spot because they're so 

brief, but they're especially risky when behind the wheel. 

To combat this, scientists have created systems that 

identify when someone is getting drowsy, employing 

different techniques like psychological and physiological 

measurements [2]. Since psychological methods are 

difficult to put in cars and are bothersome for drivers, 

focusing on physiological signs is more popular. 

Specifically, using computer vision to spot drowsy drivers 

has been a big area of study. This research introduces a 

drowsiness detection system using the YOLO algorithm, 

fine-tuned with optimized hyperparameters. The aim is for 

this system to act as an early warning, helping to prevent 

accidents caused by tired drivers. 

This study focuses on identifying drowsy drivers using 

real-time video footage by recognizing facial cues like 

closed eyes or yawns. The approach uses object detection, 

a deep learning technique. There are numerous deep 

learning approaches for object detection, such as Faster R-

CNN, Fast R-CNN, R-CNN, SSD, YOLO, among others. 

Some methods employ a two-step process: first, locating 

the object within a region (bounding box) and then 

classifying that region. This is recognized as a two-stage 

detector, such as Faster R-CNN [3]. In contrast, YOLO, a 

single-stage detector, simultaneously identifies and 

classifies objects within a single network. The system 

segments the image into sections and estimates bounding 

boxes and likelihoods for every area [4]. The likelihoods 

of the bounding boxes are adjusted to categorize them as 

objects. This enables the network to recognize and 

pinpoint several objects within the image, even if they are 

partially obscured or of varying sizes. The predicted 

bounding boxes and probabilities can be further refined 

through post-processing to boost the precision of object 

recognition. This paper proposes a system that 

automatically detects fatigued drivers, aiming to prevent 
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accidents caused by drowsiness. The paper is segmented 

up into sections. The first section discusses the problem of 

drowsy driving and the need for a detection system. The 

second section reviews previous research on drowsiness 

detection, including methods like facial landmark 

detection, template matching algorithms, and machine 

learning classification models. The third section details the 

experiments conducted using the YOLO algorithm to test 

the proposed system. Finally, the fourth section presents 

the performance evaluation results of the YOLO algorithm 

in various scenarios and concludes on the effectiveness of 

the drowsiness detection system. 

 
  TABLE I 

COMPARISON OF RELATED DRIVER FATIGUE DETECTION STUDIES 

Study Method 
Edge 

Device 
Limitation 

Fikriyah et al. 

[5] 
EAR Yes 

Threshold 

manual 

Meshram et 

al. [6] 
SURF Yes 

Feature 

engineering 

Phan et al. [7] 
SSD + 

MobileNet 
Limited Two-stage 

Rahman et al. 

[2] 
CNN Yes 

Limited fatigue 

states 

Proposed YOLOv5 + GA Yes Class Imbalance 

 

Many studies use various approaches to identify driver 

fatigue. This research leverages both independent and 

public data to detect drowsy drivers using the YOLO 

algorithm. YOLO is chosen for its speed and performance 

compared to other object detection methods. Our model is 

trained on a dataset of facial representations labeled as 

either drowsy or alert, comprising 5706 training images 

and 2390 testing images. These images are categorized 

into three classes: normal, eyes closed, and yawning. 

Existing research [5] employs a pre-trained dlib model for 

sleepy eye detection. This model maps 68 facial 

coordinates using a regression tree method. The eye aspect 

ratio formula analyzes these coordinates to check whether 

the eyes are blinking or closed, indicating drowsiness.  

This research, however, did not involve model updates. 

Additionally, a manual threshold is required to distinguish 

normal eye ratios, which can vary between individuals. 

Other researchers [6] used a SURF feature extraction 

algorithm. Eye positions and edges are identified through 

frame differentiation and template matching. The SURF 

algorithm then classifies eye states as either alert or 

drowsy. This method achieved an average accuracy of 

96% when tested on five videos with varying lighting 

conditions. Researcher [7] proposed using computer 

vision and deep learning to identify drowsy drivers. They 

used a SSD network with ResNet-10 to detect faces, which 

were then classified as drowsy or not using either 

MobileNet-V2 or Resnet-50V2 models. Despite achieving 

a high accuracy of 97%, this method requires two stages 

of processing, making it resource-intensive. Implementing 

this approach in real-time on edge devices is difficult due 

to their limited processing power. Using two models 

results in a lower frame rate compared to a single detection 

model. 

As summarized in Table I, previous studies have 

demonstrated promising performance for driver fatigue 

detection. However, most approaches either rely on 

manually defined thresholds, employ multi-stage 

architectures, or provide limited discussion regarding 

deployment efficiency on resource-constrained edge 

devices. Furthermore, studies investigating the impact of 

fine-tuning strategies and genetic-algorithm-based 

hyperparameter optimization for driver fatigue detection 

remain limited. Therefore, this work evaluates multiple 

fine-tuning schemes and GA-based hyperparameter 

evolution to improve detection performance while 

maintaining real-time inference capability on CPU-based 

hardware. 

Based on the identified research gaps, this study 

proposes a driver fatigue detection system based on 

YOLOv5 for recognizing three fatigue-related facial 

states, namely normal, eye-closed, and yawning. The 

study investigates the effectiveness of several fine-tuning 

strategies, including full training and partial layer 

freezing, to determine the most suitable transfer learning 

approach for the proposed task. In addition, a genetic 

algorithm (GA)-based hyperparameter evolution scheme 

is employed to optimize the model configuration and 

evaluate its impact on detection performance. Unlike 

many previous studies that primarily focus on detection 

accuracy, this work also emphasizes deployment 

feasibility on resource-constrained edge devices by 

evaluating the model's real-time inference performance on 

a CPU-based platform. The proposed approach aims to 

achieve a practical balance between detection accuracy, 

computational efficiency, and real-world applicability for 

Advanced Driver Assistance Systems (ADAS). 

II. Research Method 

Transfer learning is an essential technique in 

Convolutional Neural Networks (CNN) models. This 

techniMeshque uses a pre-trained model to solve similar 

problems in different domains. In some cases, it may be 

necessary to adjust the pretrained model's weights to solve 

a new problem in a different domain [8]. This process is 

called fine-tuning. Fine-tuning can improve the accuracy 

of a model while requiring fewer epochs than training the 

model from scratch [9]. This research employed fine-

tuning techniques to improve how well the YOLOv5 

model could detect drowsiness by analyzing facial 

characteristics. We started with the pre-trained model’s 

weights from the COCO dataset and fine-tuned the model 

for detecting three classes: normal, closed eyes, and 

yawning mouth. For fine-tuning, we used the small-weight 

version of the YOLOv5 model. 

We explored different ways to fine-tune the YOLO 

model including full training, partial training, and adaptive 

learning rate changes. We also compared those 
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conventional hyperparameter optimization methods in this 

experiment with the Genetic Algorithm (GA) or 

evolutionary approach [10]. We adjusted the genetic 

mutation operator with a variance of 0.04 and an 80% 

probability, adding some randomness to the evolutionary 

process every five epochs. The mutation creates new 

offspring based on the best combination of parents from 

all previous generations [11]. This allows the GA to find 

the optimal combination of hyperparameters for our 

drowsiness detection task. We tested the GA with 150, 

300, and 450 generations. After obtaining the highest 

fitness offspring from the evolutionary process, we used 

the resulting hyperparameters to train the model and 

analyze its performance to find the best model. 

 
Fig 1. Experiment with the design of the proposed method 

Fig. 1 demonstates the block diagram of the research 

process we followed. first, we conducted a literature 

review to identify deep learning models that can provide 

fast computing and accurate prediction. Then, we 

performed data acquisition to build the model. We also 

utilized pre-processing methods to refine the image data, 

aiming to sharpen and accentuate key elements within the 

images [12]. Next, we used several methods for expanding 

the diversity of training data through image augmentation 

[13]. We then fine-tuned the YOLOv5s model using 

various scenarios as described in the next subsection. 

Finally, we evaluated the model using real-time test and 

inference data to ensure its effectiveness. In a practical 

deployment scenario, the proposed system can be 

integrated into an Advanced Driver Assistance System 

(ADAS) using a dashboard-mounted camera positioned in 

front of the driver. The camera continuously captures 

facial images and transmits them to an onboard computing 

unit running the YOLOv5 model. When fatigue-related 

states such as prolonged eye closure or yawning are 

detected, the system generates an audible warning to alert 

the driver. Due to its lightweight architecture and real-time 

performance on CPU-based hardware, the proposed 

approach can be deployed on resource-constrained edge 

devices without requiring dedicated GPU acceleration. 

A. YOLO 

YOLO, short for You Only Look Once, is a widely 

favored technique for detecting objects in images [14]. 

Researchers at Facebook AI Research have found that the 

YOLO architecture operates swiftly while maintaining a 

high mean average precision (mAP) value in contrast to 

other live detectors. Girshick Ross, Divvala Santosh, 

Farhadi Ali, Redmon Joseph created YOLO, which they 

first presented in 2016 at the CVPR conference. It was 

popular, even winning the OpenCV People's Choice 

Awards there. 

YOLOv5 works by first examining an image to identify 

key characteristics. It then uses these features in a 

prediction process, which involves drawing boxes around 

detected objects and determining what those objects are. 

As illustrated in Fig.2, the YOLOv5 network is built from 

three key components: the backbone, neck, and head. The 

backbone is essentially a convolutional network that 

extracts and merges image features at varying scales. The 

neck acts as a connector, integrating these features and 

feeding them forward for prediction. Finally, the head 

utilizes the recognized elements from the neck to outline 

the bounding boxes and the object classes within those 

boxes. YOLOv5 uses a backbone: CSPDarknet, neck: 

PANet, and head: YOLO Layer [15] as seen in Fig. 2. 

YOLO computes its overall loss by combining three 

 
 

Fig 2. YOLOv5 architecture 
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different loss functions: one for GIoU, one for objectness, 

and one for classification. The objective of this loss 

function is to maximize the mAP. 

B. Data Acquisition 

In machine learning, data is an essential component 

used for training models. The more diverse and relevant to 

the data, the more accurate and reliable the model will be. 

Fig. 3 portrays an example of the dataset used to build the 

model. 

 

 
(a) 

 
(b) 

 
(c) 

Fig 3. Sample image: (a) Normal (b) Eye closed (c) Normal and 

yawning 

 

We collected our own data using a webcam camera 

under various lighting conditions. We also obtained data 

from various open data sources such as Kaggle and 

Roboflow. Kaggle is a popular platform for data scientists 

to find and share datasets, and Roboflow provides tools to 

organize and label the information used for building 

computer vision applications. However, we did not use the 

entire dataset for training. We discovered that some 

images had similar characteristics, and using duplicates 

would only use up memory without significantly 

improving model performance. Therefore, we selected 

only unique images for training to ensure the best use of 

the available data. This process is crucial for creating a 

well-performing machine learning model that can 

accurately handle data it hasn’t seen before. 

C. Pre-processing and Image Annotation 

The data we obtained from Kaggle had a low resolution 

of 120x120 pixels, whereas the proposed research used a 

resolution of 320x320 pixels for the YOLO model input. 

Therefore, we used the Topaz Gigapixel AI to upsample 

the low-resolution images and increase their resolution. 

Gigapixel AI's system uses a neural network, studying 

countless pairs of photos to understand the common ways 

details degrade when images are made larger. The system 

figures out how to fill in the missing parts of the fresh 

image, making it bigger, sharpening it, and producing 

realistic-looking elements. We annotated the images by 

assigning bounding boxes and category classes to the 

objects in the images that we want to detect [16]. Fig. 4 

shows some examples of annotated images. Table I shows 

the distribution of data in each class. 

 

 
Fig 4. Sample of annotated image 

 

TABLE II 

DATASET LABELS DISTRIBUTION 

Class Frequency Type 

Normal 2653 

Training Set Eye Closed 2347 

Yawning 706 

Normal 1295 

Testing Set Eye Closed 675 

Yawning 420 

 

From Table II, it can be seen that there is an imbalanced 

class problem, where the "Yawning" class has a 

significantly different number of labels than the "Normal" 

and "Eye Closed" classes. We fine-tuned the YOLOv5 

model without any special handling for the minority class. 

This was to test if hyperparameters alone could solve the 

imbalanced class problem. Fig. 5 shows the annotation 

heatmap for each class category.  

Annotation heatmap shows the density of objects in 

different regions of the image, highlighting areas where 

there are more objects and dimming areas where there are 

fewer objects. It is used to check the quality of annotations 

and ensure that objects are properly labeled and localized 

in the images.  

 

 
(a) 

 
(b) 

 
(c) 

Fig 5. Annotation heatmap: (a) Normal (b) Eye closed (c) Yawning 
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To make the image look better, we also enhanced the 

contrast by using a technique called contrast stretching. 

Contrast stretching refers to adjusting the intensity 

intervals of an image and stretching them to new intervals 

(generally, the target intervals are the lowest and highest 

values that the image can take, such as 0 and 255) [17]. It 

helps improve the image's contrast and make it easier for 

the YOLO model to detect the objects in the image. 

Contrast stretching is a technique that expands the 

histogram of intensity levels in an image to cover the 

entire range of intensities in the input range. Before 

applying contrast stretching, the first step is determining 

the lower bound (a) and upper bound (b) values of the 

image pixels. We then scan all image pixels to find the 

lowest pixel value (c) and the highest pixel (d) in the 

image. Each pixel is then rescaled using (1) [18]. Eq. (1) 

stretches the image's contrast by mapping the pixels' 

intensity values to the new range [a, b]. This helps improve 

the image's contrast and make it easier for the YOLO 

model to detect the objects in the image. If there is a 

scaling result value less than zero, it is considered zero. If 

there is a pixel value greater than 255, it is considered 255. 
 

( )out in

b a
P P c a

d c

−
= − +

−
 (1) 

 

D. Image Augmentation 

In YOLOv5, an object detection model, we have an 

online data augmentation feature that allows for various 

transformations to be applied to images during training. 

The changes offered include scaling, color map 

adjustments, and mosaic augmentation. Mosaic 

augmentation is a particular method that merges four 

different images into a single image, arranged in a four-

part grid with randomly sized sections. This technique is 

helpful for enhancing the identification of smaller items 

within images, as these tiny objects might not be 

recognized as reliably as larger ones. In this research, we 

only performed online augmentation due to limited 

memory resources available for training the model. Table 

III in our study shows the online augmentation parameters 

used before hyperparameter evolution. By using online 

augmentation, we increased the variation of the training 

data and improved the performance of the YOLOv5 

model. This resulted in a better ability to detect objects 

accurately, improving the model's overall performance. 

 
TABLE III 

IMAGE AUGMENTATION PARAMETERS 

Augmentation Type Scale Scale Type 

Hue-HSV 0.015 Fraction 

Saturation-HSV 0.7 Fraction 

Value-HSV 0.4 Fraction 

Translation 0.1 Fraction (±) 

Scaling 0.5 Fraction (±) 

Horizontal Flip 0.5 Probability 

Mosaic 1.0 Probability 

E. Hyperparameters 

Hyperparameters are values that determine the 

architecture and training of a machine learning model. 

Hyperparameters differ from model parameters because 

they are established before any learning takes place. While 

model parameters are adjusted as the model learns from 

data, hyperparameters are not modified during the training 

phase and stay constant [19]. The right hyperparameter 

settings change based on the specific problem the model 

is trying to tackle. The effectiveness of a model can be 

drastically impacted by carefully selecting the correct 

hyperparameters [20]. In object detection, several 

hyperparameters can be set, including the learning rate, 

batch size, anchor box, weight decay, and others. In this 

research, we conducted scenarios by changing the learning 

rate hyperparameters and experimented with full training 

and partial training on the pre-trained YOLOv5 COCO 

model dataset can be seen in Table IV.  
TABLE IV 

MODELING SCENARIOS 

Key Scheme Remarks 

A Baseline Adam (lr = 0.01); Freezed 0 

B Fully training Adam (lr = 0.005); Freezed 0 

C Fully training Adam (lr = 0.0001); Freezed 0 

D Partial training Adam (lr = 0.01); Freezed 2 

E Partial training Adam (lr = 0.01); Freezed 6 

F Evolution 1 GA: 150 generations 

G Evolution 2 GA: 300 generations 

H Evolution 3 GA: 450 generations 

 

The key column in the table is a unique scenario that 

we did. Partial training involves freezing some the pre-

trained model layers so that the weights on those layers do 

not change during the fine-tuning process [21]. This 

approach aids in boosting the model's effectiveness by 

keeping the information it has previously learned intact. 

The anchor box is a hyperparameter used to detect objects 

with different scales and aspect ratios [22]. When adapting 

a pre-trained model, it's crucial to select appropriate 

anchor box values. This is because the dimensions and 

positions of the objects in your specific training data might 

not match the default anchor box values the pre-trained 

model was initially designed with. If the anchor values are 

not properly set, the model may not perform well in 

detecting objects in the training data. In previous versions 

of YOLO, anchor boxes were determined using the K-

Means clustering algorithm. In YOLOv5, a new method 

called auto-anchor is introduced that automatically learns 

the anchor box values from the training data [23]. This is 

especially useful when fine-tuning the model with custom 

datasets because it ensures that the anchor values are 

properly set and the model can accurately detect objects in 

the training data. To prevent the model from being 

overfitted, we used early stopping. This means the training 

stopped automatically if the model didn't get any better 

after a set amount of training cycles. Specifically, we 

chose 100 cycles without improvement as the cutoff point 

in this study [24]. In our study, we utilized the mini-batch 
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gradient descent method to update the model weights. This 

approach updates the importance of each neuron using a 

group of training examples all at once, instead of adjusting 

them individually after each single example. A commonly 

used batch size of 32 was used in all scenarios. By using 

mini-batches, we were able to train our model more 

efficiently. This allowed the model to learn from a smaller 

subset of the training data, which can help reduce 

overfitting to the training data. Additionally, updating the 

weights more frequently with mini-batches can help 

 improve the model's performance. 

III. Results and Discussion 

This section concentrates on evaluating how well the 

fine-tuned YOLOv5 model performs in identifying 

drowsy drivers. To rigorously assess the efficacy of our 

fine-tuned model, we will employ a suite of established 

performance metrics. These metrics, crucial for evaluating 

the model’s capabilities, include recall, precision, and 

mean average precision (mAP). These metrics will help us 

understand how well the model can identify and locate the 

signs of fatigue. We will also benchmark the performance 

of the fine-tuned build with and without hyperparameters 

tuning evolution. 

A. Performance Metrics 

In considering the model’s performance, we employed 

a suite of benchmark metrics, namely mean average 

precision (mAP), recall, and precision. Precision (P) 

quantifies the precision of the model's positive 

predictions, reflecting the proportion of instances 

identified as positive that are indeed truly positive. 

Complementary to precision, recall (R) examines the 

model’s ability to recognize all pertinent positive 

instances within the dataset, representing the proportion of 

actual positive cases correctly classified as such. In object 

detection, the Intersection over Union (IoU) metric is 

utilized to calculate the intersection between the actual 

bounding box and the estimated bounding box. The IoU is 

1.0 if the boxes overlap perfectly, and 0.0 if they do not. 

The mAP50 score shows how accurate the model is, using 

an IoU of 0.5. Essentially, a predicted object is considered 

a true positive if its bounding box has an overlap of 50% 

or more with the actual, correct bounding box. The 

equations used to evaluate the model performance are 

shown in Eq. (2)-(5) [25]-[26]. 

 

Precision
TP

TP FP
=

+
 

(2) 

 

 

Recall
TP

TP FN
=

+
 

(3) 

 

 

1

1
Precision

n

i

i
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n =

=   
(4) 

  

1

Q

i

i

AP

mAP
Q

==


 

(5) 

B. Loss and Performance Metrics Graphs Analysis 

We plot the loss and performance metrics graphs for the 

fine-tuned YOLOv5 model under various scenarios. The 

loss graph in Fig. 6-8 showcases the box, objectness, and 

classification losses over the number of epochs, while the 

performance metrics graph are shown in Fig. 6-8 exhibit 

precision, recall, and mean mAP for each scenario. Box 

loss indicates how precisely the model locates the center 

of an object and how closely the drawn box fits around the 

object it has identified. Objectness loss is used to assess 

the probability of object presence in the proposed region 

of interest. Classification loss is used to assess the model’s 

proficiency in categorization the class of detected objects 

[27]. As the training advances through more epochs, the 

loss values go down, suggesting that the model gets better 

at predicting the object's central location, the size and 

position of the box around it, and what type of object it is. 

The precision, recall, and mAP values also increase with 

the number of epochs, indicating that the model's 

effectiveness in identifying and categorizing objects 

improves with more training. 

 
Fig 6. Box loss: This loss function is used to fine-tune the accuracy of the predicted bounding box locations. It quantifies the difference between 

where the model thinks the box is, and where it actually is according to the labeled data. 
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Fig. 7. Objectness loss: This loss function is responsible for determining whether something is there in a particular grid cell or not. It helps in reducing 

false positives. 

 

 
Fig. 8. mAP: it is the average precision at different recall levels across all queries, where each query represents the detection of a particular class of 

objects in the image. 

 

From the graph, it can be seen that each scenario 

reaches a different number of epochs before stopping. This 

happens because we use a technique called early stopping. 

It cuts off the training when the model's performance 

plateaus and doesn't get any better for a set number of 

training cycles. The graph shows that scenario E uses the 

most epochs, while scenario B uses the least. An 

interesting finding in this study is that freezing the first six 

layers of the backbone requires more epochs to train. 

However, this scenario results in the worst accuracy, 

possibly due to the model getting stuck in a local optimum 

and failing to converge. Scenario C, which used the lowest 

learning rate, required the most epochs to train the model. 

However, this resulted in the best performance of all the 

scenarios. This is because using a low learning rate means 

that the weights in the model are updated slowly, with 

minor changes at each iteration. According to the mAP 

graph, the most effective model is the one that has the 

slowest learning rate (scenario C), followed by scenario B. 

With early stopping, the best weights can be saved at 

each additional epoch. Scenarios F, G, and H are training 

scenarios that use evolved hyperparameters for particular 

generation. The graph in Fig. 6 -8 shows that these evolved 

hyperparameters from GA can improve the model's 

performance regarding box and classification loss 

compared to the other scenarios. The longer the evolution 

process, the better the model's performance regarding 

these metrics. The hyperparameters developed using GA 

did not show a significant improvement in objectness loss, 

precision, recall, or mAP values compared to the best 

hyperparameters from scenario C that did not use GA. To 

achieve a larger improvement in performance, it may be 

necessary to use additional epochs in each evolutionary 

generation and to generate more evolutionary generations. 

However, this would require a significant amount of 

computation. These results indicate that further research 

may be necessary to identify more effective ways adjust 

the model using evolved hyperparameters. 

C. Model Performance and Analysis 

The outcomes of each experiment are presented in 

Table V, which demonstrates the performance of the 

model for each scenario. These tables provide an overview 

of the Precision (P), Recall (R), and mAP50 of the model 

in detecting drowsiness, and allow us to compare the 

results of each experiment to identify the best scenario. 
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Based on the test results in Table V, it can be seen that 

scenario C (full training with a learning rate of 0.0001) 

produces the highest mAP value for the scenario before 

hyperparameter evolution. This suggests that lower 

learning rates tend to have better model performance. It is 

supported by the test results in scenario B, where the 

learning rate is set to 0.005, and the mAP is lower than in 

scenario C. Scenario A, which uses the default 

hyperparameters with a learning rate of 0.01, has an mAP 

value of 0.757, which is lower than in scenario C and B. 

Scenario E, which involves partial training by freezing the 

first six layers of the backbone, has an mAP of 0.681, 

which is lower than the baseline model (scenario A). 

However, scenario D, which involves partial training with 

the first two layers of the backbone frozen, has an mAP of 

0.767, which is higher than the baseline model. This 

suggests that partial training can improve the model's 

performance if the proper layers are frozen.  

 
TABLE V 

PERFORMANCE METRICS WITHOUT EVOLUTION SCHEME 

Key Class Precision Recall mAP 

A 

All 0.707 0.73 0.757 

Closed 0.766 0.71 0.695 

Normal 0.534 0.931 0.892 

Yawning 0.822 0.549 0.686 

B 

All 0.831 0.797 0.826 

Closed 0.822 0.778 0.768 

Normal 0.905 0.888 0.937 

Yawning 0.767 0.724 0.772 

C 

All 0.832 0.86 0.887 

Closed 0.725 0.908 0.873 

Normal 0.9 0.929 0.959 

Yawning 0.872 0.742 0.829 

D 

All 0.787 0.745 0.767 

Closed 0.77 0.793 0.739 

Normal 0.805 0.89 0.899 

Yawning 0.788 0.552 0.664 

E 

All 0.705 0.693 0.681 

Closed 0.746 0.643 0.666 

Normal 0.698 0.915 0.86 

Yawning 0.671 0.52 0.517 

 

Low learning rates result in high mAP values because 

the pre-trained weights are not updated extensively, so the 

weights trained on the COCO dataset are not damaged 

during the training process. In contrast, partial training 

with more layers frozen produce poor model performance 

because the drowsiness detection with facial structures is 

fairly different from the pre-trained weights in the COCO 

dataset. Therefore, many layers need to be updated with 

small, gradual changes to the weights. However, freezing 

the first two layers (scenario D) produces better results 

than full training because the first layer of pre-trained 

weights already extracted low-level features such as basic 

local shapes, edges, and corners, which are useful for 

drowsiness detection. Therefore, the first layer does not 

need fine-tuning in this case.  

According to Table VI, the model's performance in 

detecting the "yawning" class is poor, especially when 

considering the recall metric. This is because the dataset 

used has an imbalanced class distribution, with only 706 

"yawning" labels, while the "normal" and "eye closed" 

classes have 2653 and 2347 labels, respectively. This 

shows that YOLOv5 is unable to effectively handle 

imbalanced classes on this dataset. One possible way to 

address the imbalanced class problem is to use data 

augmentation on specific classes. This can be done by 

applying transformations to the images in the minority 

class to generate additional data. This method can boost 

how well the model works by adding more examples of 

the less common type, leading to a more even spread of 

different types of data. 
TABLE VI 

PERFORMANCE METRICS WITH EVOLUTION SCHEME 

Key Class P R mAP 

 

F 

All 0.835 0.836 0.874 

Closed 0.722 0.907 0.849 

Normal 0.894 0.917 0.956 

Yawning 0.89 0.685 0.815 

 

G 

All 0.844 0.83 0.882 

Closed 0.738 0.88 0.869 

Normal 0.889 0.917 0.95 

Yawning 0.905 0.693 0.828 

 

H 

All 0.854 0.85 0.888 

Closed 0.76 0.893 0.876 

Normal 0.941 0.906 0.959 

Yawning 0.86 0.749 0.83 

 

Another way to address the imbalanced class problem 

is to generate synthetic data. This means using computer 

programs that learn to produce fresh information that 

resembles the original data, but possesses some altered 

qualities. This approach can make the model learn better 

and improve its output on the minority class. In addition 

to these techniques, another possible approach to 

addressing the imbalanced class problem is to use a 

weighted loss function. It involves assigning higher 

weights during training to the samples in the minority 

class, so the model gives them more importance. This 

approach allows the model to concentrate more on 

understanding the features of the less frequent group, 

which can lead to better results when dealing with that 

specific group.  

To address class imbalance, consider employing 

techniques that balance the dataset, such as boosting the 

count of minority class examples (oversampling) or 

reducing the number of majority class instances 

(undersampling). This helps to address imbalances in the 

class distribution, ultimately boosting the model's 

capability to accurately classify minority classes. 

Ultimately, the method for tackling the class imbalance 
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issue will depend on the dataset's specific characteristics 

and the model's goals. Table VII compares the 

performance of the YOLOv5 model across three different 

evolution scenarios, with 150, 300, and 450 generations. 

The results show that scenario H, with 450 generations of 

evolution, outperforms scenario C, achieving an mAP of 

0.888. This suggests that longer evolution processes can 

improve the performance of the detection model. Table 

VII present the best hyperparameters and augmentation 

scales, obtained from 450 generations of the evolution 

process. 

 
TABLE VII 

THE HYPERPARAMETERS AND AUGMENTATION SCALES FROM 

EVOLUTION PROCESS 

Augmentation Type Scale Scale Type 

lr0 7.0e-05 hsv_h 

momentum 0.97767 hsv_s 

weight_decay 0.00041 hsv_v 

warmup_epochs 2.4762 degrees 

warmup_momentum 0.87464 translate 

box 0.04431 scale 

cls 0.59496 shear 

cls_pw 0.74023 perspective 

obj 1.8035 flipud 

obj_pw 1.1885 fliplr 

iou_t 0.2 mosaic 

anchor_t 2.9315 anchors 

 

Fig. 9 presents example images illustrating the top-

performing model’s real-time inference capabilities. The 

pictures demonstrate the model's precise detection of 

tiredness states. The model was tested using an Intel Core 

i5-8250 CPU device and 8GB of RAM, and it was able to 

achieve an FPS of 30. This shows that the model is 

efficient and can be easily deployed on edge devices with 

low specifications. 

 

Fig. 9. Inference real-time 

 

D. Limitations 

One limitation of this study is the imbalanced 

distribution of dataset classes, where the yawning class 

contains substantially fewer samples than the normal and 

eye-closed classes. This imbalance affects the recall 

performance of the yawning category and may limit the 

model's ability to generalize to rare fatigue events. The 

dataset was compiled from both public sources and self-

recorded images. Although this increases dataset 

diversity, potential demographic and environmental biases 

may still exist due to limited subject representation and 

recording conditions.Although the dataset includes 

various lighting conditions, the model has not been 

systematically evaluated under extreme illumination 

scenarios such as nighttime driving, strong backlighting, 

or rapidly changing lighting environments. The real-time 

evaluation was conducted on a single CPU-based 

platform. Therefore, additional validation on embedded 

automotive hardware such as Raspberry Pi, Jetson Nano, 

or in-vehicle computing systems is required before large-

scale deployment. 

IV. Conclusion 

This This study proposed a driver fatigue detection 

system based on YOLOv5s for recognizing three facial 

states associated with fatigue, namely normal, eye-closed, 

and yawning. Transfer learning was applied using pre-

trained COCO weights, and multiple fine-tuning strategies 

were evaluated, including full training, partial layer 

freezing, and genetic-algorithm-based hyperparameter 

evolution. The experimental results showed that the best 

model without hyperparameter evolution achieved an 

mAP of 0.887, while the best evolved model achieved an 

mAP of 0.888. These results indicate that GA-based 

hyperparameter optimization can provide a modest 

improvement in detection performance when combined 

with an appropriate fine-tuning strategy. 

In addition to detection accuracy, this study emphasized 

deployment feasibility on resource-constrained edge 

devices. The proposed model achieved real-time inference 

at approximately 30 FPS on a CPU-based platform (Intel 

Core i5-8250U with 8 GB RAM), demonstrating its 

suitability for practical implementation in Advanced 

Driver Assistance Systems (ADAS) and other driver 

monitoring applications. Furthermore, unlike 

conventional fatigue detection approaches that rely on 

manually defined threshos, the proposed method 

automatically learns fatigue-related facial features directly 

from image data, improving adaptability across different 

users and driving conditions. 

Future work will focus on improving the robustness and 

generalization capability of the proposed system through 

class imbalance handling techniques, such as weighted 

loss functions and focal loss, as well as expanding dataset 

diversity across subjects and environmental conditions. 

Additional validation under real-world driving scenarios 

and deployment on embedded automotive hardware will 

also be investigated to further assess the practical 

applicability of the proposed approach. 
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