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 The incidence of traffic accidents in Indonesia has been escalating, 

predominantly attributed to human factors such as fatigue and drowsiness. 

This study presents the implementation of a deep learning-based drowsiness 

detection system utilizing the you only look once (YOLO) architecture to 

enhance vehicular safety. Three YOLO model variants (YOLOv5, YOLOv8, 

and YOLOv10) were evaluated using a dataset comprising 1,000 annotated 

images across four classes: alert, low vigilance, drowsy, and microsleep. A 

quantitative experimental methodology was employed, with performance 

assessed through precision, recall, accuracy, and F1-score metrics. 

Experimental results demonstrate that YOLOv8 (medium and small variants) 

achieved superior overall performance, exhibiting a balanced optimization 

across all evaluation metrics. YOLOv5 yielded the highest recall, suggesting 

its suitability for comprehensive detection tasks, whereas YOLOv10 

demonstrated enhanced computational efficiency without significant 

performance degradation. Based on these findings, YOLOv8 is 

recommended as the most effective model for real-world deployment, while 

YOLOv5 and YOLOv10 offer viable alternatives depending on specific 

operational requirements. This study contributes to the advancement of early 

warning systems for driver drowsiness detection, with the broader aim of 

mitigating traffic accident risks. 
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1. INTRODUCTION  

Indonesia continues to face significant challenges in the transportation sector, particularly the 

persistently high rate of traffic accidents. According to the Ministry of Transportation, the number of 

accidents increased from 103,645 in 2021 to 137,851 in 2022, marking a sharp rise of 34,206 cases [1]. 

Although modern vehicles are increasingly equipped with active and passive safety technologies, these 

advancements alone have proven insufficient to guarantee road safety, which remains a primary concern for 

both drivers and other road users [2]. 

The causes of traffic accidents are generally attributed to human, vehicle, road, and environmental 

factors, with human-related errors being the most dominant [3], [4]. In particular, the National Transportation 

Safety Committee (KNKT) reported that nearly 80% of toll road accidents in Indonesia were caused by 

driver fatigue or drowsiness resulting from extended driving durations [5]. Driving in a drowsy state reduces 

concentration, slows reaction time, and increases the likelihood of losing vehicle control. Early signs, such as 

yawning, frequent blinking, and difficulty maintaining head posture, are often overlooked by drivers, even 
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though they represent early indicators of potential accidents [6]. Similar trends have also been reported 

globally, where drowsiness has been identified as a leading cause of severe road crashes, accounting for up to 

20% of fatal accidents in several developed countries according to the World Health Organization (WHO) 

and the National Highway Traffic Safety Administration (NHTSA). This highlights that drowsiness detection 

is not only a local concern but also a global safety priority.  

Several notable accidents worldwide illustrate the urgency of this issue. For example, on July 6, 

2025, a 25‑year‑old driver experienced microsleep while traveling on the Bernina Pass road in Poschiavo, 

Switzerland. At approximately 2:50 p.m., the vehicle crossed into the oncoming lane and collided head‑on 

with another car, followed by a secondary collision involving a third vehicle. Three individuals sustained 

injuries and required hospitalization, underscoring the critical risks associated with driver drowsiness [7]. 

Similarly, on December 2, 2025, a coroner determined that the fatal collision involving a night‑shift worker 

and a school bus was primarily attributable to driver fatigue. The investigation emphasized that microsleep 

episodes lasting only a few seconds can severely compromise driving performance, reinforcing fatigue as a 

critical risk factor in road traffic accidents [8]. Such cases reinforce the urgent need for robust, real-time 

drowsiness detection systems to mitigate accident risks. 

Existing studies have investigated drowsiness detection primarily through visual monitoring of the 

driver’s face, particularly by analyzing blink frequency, eye closure duration, and head movement patterns 

[9]. Deep learning–based methods have achieved promising results. For example, Flores et al. [9] proposed a 

model using Mediapipe for feature extraction and several convolutional neural networks (CNN) architectures, 

with ResNet50V2 achieving the highest accuracy of 99.89%. Jahan et al. [10] trained VGG16, VGG19, and 

4D CNN models on the MRL eye dataset, where the 4D CNN achieved superior accuracy, precision, and 

recall (97%) despite longer training times. Kanigoro and Asdyo [11] further demonstrated that applying data 

augmentation to YOLOv5s improved detection performance by 23% compared to non-augmented training. 

While these studies confirm the potential of deep learning, challenges remain in ensuring computational 

efficiency, scalability, and real-time performance under real driving conditions. 

With the rapid advancement of artificial intelligence, CNNs, and the you only look once (YOLO) 

framework have emerged as powerful tools for object detection and pattern recognition [12]–[14]. Nevertheless, 

a critical research gap remains: most prior works focus on controlled datasets and offline evaluations, with 

limited emphasis on real-time implementation in naturalistic driving scenarios. Additionally, few studies have 

integrated CNN-based feature extraction with YOLO-based object detection for multimodal analysis of facial 

indicators such as eyes, mouth, and head movement simultaneously. 

To address these gaps, this study proposes a hybrid deep learning approach that combines CNN and 

YOLO to detect early signs of driver drowsiness in real time. By focusing on critical facial indicators, the 

system is expected to generate timely alerts that enable drivers to take preventive action, thereby reducing 

accident risks. This research contributes not only to improving road safety in Indonesia but also to advancing 

the development of intelligent transportation safety systems that are efficient, adaptive, and globally relevant. 

 

 

2. METHOD  

This study aims to evaluate the effectiveness of implementing YOLOv5, YOLOv8, and YOLOv10 

algorithms for driver drowsiness detection. According to Hussain [15], these YOLO variants demonstrate an 

optimal balance of speed, accuracy, and efficiency, making them suitable for resource-constrained 

environments. Based on this objective, the research adopts a quantitative experimental approach, as the data 

processed are numerical and directly support accuracy analysis. The study was conducted at PT. Bengawan 

Solo Trans from August 2024 to February 2025. Data collection was carried out using two main methods: 

observation and documentation. The observation method involved direct monitoring of research objects in 

real-world contexts, particularly the behavior of Batik Solo Trans bus drivers related to drowsiness [16]. The 

documentation method was employed to collect secondary data in the form of written records, images, and 

visual documents obtained from individuals or institutions. For this purpose, data were recorded using digital 

cameras and smartphones within the driver’s cabin, focusing on four states: alert, low vigilance, drowsy, and 

microsleep. Supporting tools included writing instruments, a laptop, and a digital camera used to document 

activities and conditions during the study. Figure 1 presents the research flowchart, which systematically 

illustrates the stages and procedures undertaken throughout the research process. 

 

2.1.  Problem identification 

In this stage, the study focuses on identifying potential issues and research gaps relevant to the topic 

under investigation. Problem identification serves as the initial step to introduce the challenges to be 

addressed and to define the research objectives based on these challenges [17]. In the context of 

transportation in Indonesia, a major concern is the high number of traffic accidents caused by drowsy driving. 

This issue was selected because limited research in Indonesia has explored the implementation of YOLO 
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algorithms for real-time drowsiness detection. Therefore, this study seeks to address this knowledge gap and 

contribute to the advancement of technology-based transportation safety. 
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Figure 1. Research flowchart 

 

 

2.2.  Literature review 

The literature review is the process of collecting data and information that serves as a reference for the 

research, relying on relevant sources such as journals, articles, proceedings, and books [18]. In the context of driver 

drowsiness detection, the reviewed literature includes studies on image-based drowsiness detection methods, eye 

and head movement recognition, as well as the implementation of YOLO in object detection tasks. This stage 

provides the foundation for designing the experimental procedure and justifying the methodological choices. 

 

2.3.  Dataset collection 

  This study utilized primary data collected through direct image acquisition of 40 drivers’ faces from 

Corridor 1 of an Indonesian transportation company, captured during driving using a Samsung Galaxy A30 

smartphone camera. Complementarily, secondary data were obtained from open-source platforms such as 

Kaggle, consisting of four classes: alert, low vigilance, drowsy, and microsleep, which were initially 

unlabeled. The integration of primary and secondary datasets was designed not only to increase data diversity 

but also to address the limitations of relying on a single-source dataset, such as overfitting and limited 

generalization. By combining real-world observations with publicly available datasets, this study aims to 

develop a more robust and adaptable model for driver drowsiness detection under various conditions. To 

ensure a balanced dataset for model training and evaluation, an equal number of images was selected for each 

driver condition from both primary and secondary data sources. The distribution of the dataset according to 

driver condition and data source is summarized in Table 1. 
 

 

Table 1. Distribution of the primary and secondary datasets 
Driver condition Primary data Secondary data 

Alert 125 125 

Low vigilance 125 125 
Drowsy 125 125 

Microsleep 125 125 

Total 500 500 

 

 

Data collection was conducted in a real-world environment, specifically inside the cabin of Batik 

Solo Trans buses. The acquisition process was carried out across two times ranges to capture variations in 

natural lighting conditions: shift 1 (04:00–12:00) and shift 2 (12:00–20:00). Furthermore, each driver was 

documented from three different angles right oblique, left oblique, and frontal to provide a more 

representative perspective of facial conditions in realistic settings. Although the dataset incorporates 

variability in viewpoints and lighting conditions across two times ranges, demographic factors such as driver 

age and gender were not considered. This limitation highlights the need for future research to involve more 

diverse participants and additional environmental conditions, including nighttime lighting or varying road 

situations. Further details regarding the dataset employed for model training are provided in Table 2. 
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Table 2. Training data 

No Class 
Dataset 

Primary Secondary 

1. Alert 

  
    

2. Low vigilance 

  
    

3. Drowsy 

  
    

4. Microsleep 

  

 

 

2.4.  Preprocessing  

This stage involved a preprocessing procedure in which the dataset was labeled to classify facial images 

into four categories: alert, low vigilance, drowsy, and microsleep [19]. The labeling process was performed using 

the Roboflow platform, which transforms raw data into a test-ready format and enables export in various 

compatible structures. In this study, all datasets were standardized to a resolution of 640×640 pixels, following the 

YOLO input specification to ensure consistency and computational efficiency during the training process. 

The annotation process refers to the stage of assigning class labels and spatial information to each 

image by defining the coordinates and confidence values of the bounding boxes. Roboflow provides several 

annotation tools, including the drag tool, bounding box tool, polygon tool, and AI-assisted annotation 

features to facilitate the labeling process. In this study, the bounding box tool was selected because it is well 

suited for facial object detection. Figure 2 illustrates the annotation interface in Roboflow, where each 

driver's face is enclosed using a bounding box and assigned the corresponding driver condition label. The 

resulting annotations provide the object location and class information required for training the proposed 

YOLO-based driver drowsiness detection model. As shown in Figure 2, this annotation process ensures 

consistent labeling before the dataset is divided into the training, validation, and testing sets. 

Table 3 demonstrates that each version of the dataset was organized in a balanced manner to ensure 

a fair comparison of model performance. For example, in the first dataset consisting of 200 images, each 

class was represented by 50 images, with an equal proportion of primary data (25) and secondary data (25). 

In this study, no data augmentation techniques were applied in order to preserve the authenticity of the 

dataset distribution, ensuring that the model performance truly reflected its ability to recognize original data 

without artificial variations. Following the annotation process, the next stage involved dataset splitting for 

training and testing purposes. Dataset splitting is essential to separate training and testing data, thereby 

enabling the development and evaluation of the model. In this study, the dataset was divided into training 

(72%), validation (20%), and testing (8%) subsets. However, due to this splitting strategy, it is possible that 

the same driver identity (e.g., a frontal face included in the training set and a side face included in the testing 

set) appeared in multiple subsets. This may allow the model to more easily recognize driver identities, as 

certain facial features had already been observed during training. Consequently, the reported performance is 

likely to reflect the model’s ability to recognize variations in facial perspectives (frontal, right, and left) of 

the same drivers, rather than its generalization capability to unseen drivers. This limitation is important to 

acknowledge, and it highlights the need for future research to consider identity-based dataset splitting 

strategies to improve model generalization. 
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Figure 2. Example of image annotation using the Roboflow platform 
 

 

Table 3. Number of annotations per class 

Dataset size 
Class types 

Alert Low vigilance Drowsy Microsleep 

200 datasets 50 50 50 50 

400 datasets 100 100 100 100 
600 datasets 150 150 150 150 

800 datasets 200 200 200 200 

1000 datasets 250 250 250 250 

 

 

2.5.  Processing 

In the processing stage, the dataset was divided into two subsets: training and testing. The training 

phase refers to the process of teaching the model to recognize driver drowsiness characteristics using the 

prepared dataset [20]. Several steps were involved in the training stage, including mounting Google Drive, 

checking GPU installation, configuring YOLO, creating a custom dataset, and initiating the custom training 

process. The training was conducted using Google Collaboratory with a T4 GPU and high RAM 

configuration to optimize performance and accelerate the training process [21]. After the annotation process 

was completed, the labeled dataset was exported from the Roboflow platform and imported into the Google 

Colaboratory environment for model training. Roboflow provides a download feature that automatically 

generates an API key and Python snippet, enabling seamless integration of the annotated dataset into the 

training notebook. Figure 3 illustrates the dataset export interface in Roboflow and its integration into the 

Google Colaboratory notebook used for training the YOLOv5, YOLOv8, and YOLOv10 models. 
 

 

 
 

Figure 3. Dataset export from Roboflow and integration into the Google Colab notebook 
 

 

The performance of deep learning models is strongly influenced by the selection of appropriate 

training hyperparameters. To ensure a fair and unbiased comparison among YOLOv5, YOLOv8, and 
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YOLOv10, the same training configuration was applied to all models. The selected hyperparameters include 

the number of training epochs, batch size, optimizer, and learning rate, as summarized in Table 4. These 

parameters were kept identical across all models to ensure that performance differences were attributable to 

the model architectures rather than variations in the training configuration. 
 

 

Table 4. Training hyperparameters for YOLOv5, YOLOv8, and YOLOv10 
Training parameter YOLOv5 YOLOv8 YOLOv10 Training parameter YOLOv5 YOLOv8 YOLOv10 

Epoch 100 100 100 Optimizer AdamW AdamW AdamW 

Batch size 32 32 32 Learning rate 0.001 0.001 0.001 
 

 

Using the hyperparameters summarized in Table 4, YOLOv5, YOLOv8, and YOLOv10 were trained 

under identical conditions to ensure a fair comparison of their performance. After the training process was 

completed, the resulting models were evaluated using the testing dataset. The testing dataset consisted of annotated 

images and videos that were used to assess the detection performance of each model. The experimental results are 

presented and discussed in Figure 4, which compares the performance of the evaluated YOLO models. 
 

 

 
 

Figure 4. Dataset evaluation 

 

 

2.6.  Model evaluation 

The model evaluation was conducted using the testing dataset to measure accuracy and confidence 

levels in classifying new data [22]. The evaluation metrics included the confusion matrix, accuracy, 

precision, recall, and F1-score, as illustrated in Figure 5. The output generated from the training process is a 

file named “best.pt”, which represents the optimal result of the training phase. This file can be utilized with 

different datasets to evaluate whether the YOLO algorithm is capable of detecting driver drowsiness across 

various images and videos.  
 

 

 
 

Figure 5. YOLO training results 
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2.7.  Data analysis 

Data analysis refers to the process of systematically organizing and structuring the collected 

information from interviews, field notes, and documentation. This process involves categorizing data, 

breaking it down into units, synthesizing, arranging it into patterns, identifying key elements for further 

examination, and drawing conclusions to facilitate interpretation. In this study, two analytical techniques 

were employed, namely comparative analysis and performance analysis.  

 

2.7.1. Comparative analysis 

 To evaluate the influence of different YOLO architectures on driver drowsiness detection, this study 

compares several variants of YOLOv5, YOLOv8, and YOLOv10. Each architecture provides multiple model 

variants with different computational complexities and network sizes, allowing the selection of models that 

balance detection accuracy and computational efficiency. Table 5 summarizes the YOLO variants evaluated 

in this study, including the nano (n), small (s), medium (m), large (l), and extra-large (x) variants available 

for each architecture. As shown in Table 5, not all architectures provide the same set of model variants. 

Therefore, this study selected the available variants from each YOLO architecture to compare their 

performance under different dataset sizes. To investigate the effect of dataset size on model performance, 

five dataset scenarios with different numbers of images were prepared. The datasets consisted of 200, 400, 

600, 800, and 1,000 images, allowing a systematic evaluation of how increasing the amount of training data 

influences the performance of the YOLO models. Table 6 summarizes the number of images included in each 

dataset scenario used throughout the experiments. 
 

 

Table 5. Comparison of YOLO  

variants 
Model variant YOLOv5 YOLOv8 YOLOv10 

Nano (n) ✓ ✓ ✓ 

Small (s) ✓ ✓ ✓ 

Medium (m) ✓ ✓ ✓ 

Large (l) ✓ ✓ - 

Extra large (x) ✓ - - 
 

Table 6. Comparison of dataset 

sizes used in the experiments 
Dataset Number of images 

1 200 

2 400 

3 600 

4 800 

5 1000 
 

 

 

2.7.2. Performance evaluation 

The performance of an algorithm significantly influences the accuracy of detection outcomes. This 

study aims to evaluate the performance of the YOLO algorithm in detecting driver drowsiness. The 

evaluation metrics employed include the confusion matrix, accuracy, precision, recall, and F1-score, each of 

which serves a distinct purpose in assessing model performance [23].  

a. Confusion matrix 

The confusion matrix is a tabular representation used to evaluate the performance of a classification 

model by comparing the predicted class labels with the corresponding ground-truth labels [24]. It provides 

detailed information about the model's prediction outcomes by categorizing them into four possible results: 

true positive (TP), true negative (TN), false positive (FP), and false negative (FN). Figure 6 illustrates the 

structure of the confusion matrix used in this study. TP and TN represent correctly classified positive and 

negative instances, respectively, whereas FP and FN indicate incorrect predictions. This matrix serves as the 

basis for calculating the evaluation metrics, including accuracy, precision, recall, and F1-score. 

b. Accuracy 

Accuracy measures the proportion of correctly classified instances, encompassing both positive and 

negative predictions [25]. The value of accuracy can be calculated using (1): 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
 (1) 

 

c. Precision 

Precision is defined as the ratio of true positive predictions to the total predicted positive outcomes, 

indicating the model’s ability to minimize false positives [26]. The value of precision can be calculated using (2): 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 

 

d. Recall 

Recall is defined as the ratio of true positive predictions to the total actual positive instances, reflecting 

the model’s sensitivity in detecting drowsiness cases [27]. The recall value can be calculated using (3): 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

 

e. F1-score 

The F1-score represents the weighted harmonic mean of precision and recall, providing a balanced 

measure between the two metrics [28]. The F1-score value can be calculated using (4): 
 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2 𝑥 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
 (4) 

 

 

 
 

Figure 6. Confusion matrix 

 

 

3. RESULTS AND DISCUSSION  

This study evaluates the performance of several deep learning models, namely YOLOv5, YOLOv8, 

and YOLOv10, using evaluation metrics such as precision, accuracy, recall, and F1-score. The comparative 

results of model performance are presented in the graph below, providing a clearer illustration of each 

model’s capability in object detection. A detailed explanation of the training outcomes is provided in the 

subsequent discussion. 

 

3.1.  Performance evaluation on Dataset 1 

The first dataset consists of 200 images, which are divided into 144 training images, 40 validation 

images, and 16 testing images. Based on the evaluation results presented in Figure 7, the YOLOv8-small 

model achieved the highest precision value of 0.934, reflecting its ability to minimize false positive 

detections. 
 

 

 
 

Figure 7. Performance of the YOLO algorithm on Dataset 1 

 

 

The YOLOv5-medium and YOLOv5-large models demonstrated the most balanced performance, as 

indicated by their high F1-scores (0.94 and 0.93, respectively), along with relatively stable accuracy and 

recall values. In contrast, the YOLOv10-nano model achieved a perfect recall of 1.00, indicating its 

capability to detect all objects in the dataset, although its precision was lower (0.842). Meanwhile, the 

YOLOv10-small model exhibited consistently stable performance across all evaluation metrics, with an  

F1-score of 0.94, highlighting its efficiency and effectiveness as a lightweight model. Overall, YOLOv5 

demonstrated superiority in balancing evaluation metrics, YOLOv8 excelled in precision, and YOLOv10 

showed strength in recall as well as computational efficiency. 
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3.2.  Performance evaluation on Dataset 2 

The second dataset consisted of 400 images, comprising 288 images for training, 80 images for 

validation, and 32 images for testing. Figure 8 presents a comparative performance evaluation of the 

YOLOv5, YOLOv8, and YOLOv10 variants on Dataset 2 using four evaluation metrics: precision, recall, 

accuracy, and F1-score. The figure shows that YOLOv8-large achieved the highest precision (0.953), 

indicating its strong capability to minimize false-positive predictions. In contrast, YOLOv5x obtained the 

highest F1-score (0.98) with a perfect recall of 1.00, although its precision was relatively lower (0.839), 

reflecting robust detection performance with room for improvement in accuracy. All YOLOv5 variants 

exhibited superior recall (1.00), while YOLOv8 maintained consistent performance across different model 

sizes, with both the small and large variants achieving high F1-scores of 0.89 and 0.86, respectively. 

Meanwhile, YOLOv10 demonstrated stable performance, characterized by high recall (0.98–0.99) and 

reasonably good F1-scores (0.84–0.86), making it suitable for deployment in resource-constrained 

environments. Overall, Figure 8 indicates that YOLOv5 achieved the best recall and F1-score, YOLOv8 

provided the highest precision, and YOLOv10 offered balanced performance across all evaluation metrics. 
 
 

 
 

Figure 8. Comparison of precision, recall, accuracy, and F1-score of the evaluated YOLO variants on Dataset 2 

 

 

3.3.  Performance evaluation on Dataset 3 

The third dataset consisted of 600 images, comprising 432 images for training, 120 images for 

validation, and 48 images for testing. Figure 9 presents a comparative performance evaluation of the 

YOLOv5, YOLOv8, and YOLOv10 variants on Dataset 3 using four evaluation metrics: precision, recall, 

accuracy, and F1-score.  
 

 

 
 

Figure 9. Comparison of precision, recall, accuracy, and F1-score of the evaluated YOLO variants on Dataset 3 
 

 

Figure 9 shows that YOLOv8-small achieved the best overall performance, with a precision of 

0.921, an accuracy of 0.84, and the highest F1-score of 0.93, indicating a strong balance between precision 

and recall. YOLOv5 also demonstrated competitive performance, particularly in terms of recall, which 

consistently reached 0.99, although its accuracy was slightly lower than that of YOLOv8. In contrast, 

YOLOv10 produced relatively lower precision and accuracy values, despite maintaining an acceptable recall 

of 0.96. Overall, Figure 9 indicates that YOLOv8-small provides the most balanced performance on Dataset 

3, while YOLOv5 remains suitable for applications requiring high sensitivity and YOLOv10 offers stable but 

comparatively lower performance across the evaluated metrics. 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Driver drowsiness detection using YOLO based deep learning models (Helmi Wibowo) 

3793 

3.4.  Performance evaluation on Dataset 4 

The fourth dataset consisted of 800 images, including 576 images for training, 160 images for 

validation, and 64 images for testing. Figure 10 presents a comparative performance evaluation of the 

YOLOv5, YOLOv8, and YOLOv10 variants on Dataset 4 using four evaluation metrics: precision, recall, 

accuracy, and F1-score. The figure shows that YOLOv8, particularly the medium variant, achieved the most 

balanced performance, with the highest F1-score of 0.95, a precision of 0.901, and a recall of 0.97, indicating 

a strong balance between detection accuracy and sensitivity. The small and large variants of YOLOv8 also 

demonstrated consistently strong performance across all evaluation metrics. Meanwhile, YOLOv5 exhibited 

the highest recall, with values ranging from 0.98 to 0.99 across all variants, highlighting its capability to 

detect nearly all positive instances. Although YOLOv10 produced slightly lower precision and F1-score 

values than YOLOv8, it maintained stable performance with high recall (0.98–0.99), making it a suitable 

alternative for computationally efficient applications. Overall, Figure 10 demonstrates that YOLOv8 provides 

the most balanced detection performance on Dataset 4, while YOLOv5 excels in recall and YOLOv10 offers 

competitive performance with a more efficient architecture. 
 

 

 
 

Figure 10. Comparison of precision, recall, accuracy, and F1-score of the evaluated YOLO variants on Dataset 4 

 

 

3.5.  Performance evaluation on Dataset 5 

The fifth dataset consisted of 1,000 images, comprising 720 images for training, 200 images for 

validation, and 80 images for testing. Figure 11 presents a comparative performance evaluation of the 

YOLOv5, YOLOv8, and YOLOv10 variants on Dataset 5 using four evaluation metrics: precision, recall, 

accuracy, and F1-score. The figure shows that YOLOv5 achieved consistently high performance, with 

precision values reaching 0.959, recall of 0.99, and stable F1-scores ranging from 0.86 to 0.89, indicating 

reliable and comprehensive detection capability. Among all evaluated models, the YOLOv8 medium variant 

delivered the best overall performance, achieving a precision of 0.95, recall of 0.99, and the highest F1-score 

of 0.91, demonstrating an effective balance between detection accuracy and sensitivity. Meanwhile, 

YOLOv10, particularly the small variant, also produced competitive results, with a precision of 0.954, recall 

of 0.97, and an F1-score of 0.87, making it a suitable choice for applications with limited computational 

resources. Overall, Figure 11 demonstrates that YOLOv8 provides the most balanced performance on Dataset 

5, while YOLOv5 offers excellent detection stability and YOLOv10 achieves competitive results with a more 

computationally efficient architecture. 

 

3.6.  Comprehensive analysis of you only look once performance  

Overall, the evaluation results indicate that each YOLO variant possesses specific strengths and 

limitations. YOLOv5 stands out in terms of training efficiency and recall stability (≥0.97), demonstrating its 

ability to detect most instances with minimal misses, which makes it a promising candidate for real-time 

applications on resource-constrained devices. However, the relatively low accuracy on the Drowsy class 

(0.52 on Dataset 2) suggests that network depth and limited data augmentation remain challenges in 

capturing complex patterns, consistent with [29], which reported the limitations of YOLOv5 on minority 

classes. YOLOv8 exhibits superior precision and consistency, with the highest precision of 0.953 achieved 

by YOLOv8l on Dataset 2. This aligns with findings in [30], highlighting the contribution of the CSPDarknet 

and PANet architectures in strengthening feature representation. Among its variants, YOLOv8s demonstrates 

the most balanced performance (precision 0.928, accuracy 0.839, recall 0.97, F1-score 0.93 on Dataset 4), 

making it suitable for scenarios requiring a trade-off between accuracy and efficiency. Nevertheless, its 

longer training time and sensitivity to illumination changes may limit deployment in real-world environments 

with highly dynamic visual conditions.  
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Figure 11. Performance of the YOLO algorithm on Dataset 5 
 

 

YOLOv10, on the other hand, presents a promising compromise between efficiency and precision. 

With faster training times (e.g., 26 minutes for YOLOv10n on Dataset 5), the model achieves competitive 

detection performance, particularly YOLOv10s on Dataset 4, with a precision of 0.94, accuracy of 0.84, 

recall of 0.98, and an F1-score of 0.91. In addition to its detection accuracy, YOLOv10s demonstrates 

efficient inference performance, achieving an average inference time of 83.77 ms per image, corresponding 

to approximately 11.93 FPS on an NVIDIA Tesla T4 GPU. These findings support [31], which emphasized 

the efficiency and convergence advantages of YOLOv10 compared to previous versions. From an 

implementation perspective, the recall stability of YOLOv5 and the efficiency of YOLOv10 suggest potential 

for real-time driver monitoring systems, whereas the higher precision of YOLOv8 is more suitable for 

forensic analysis or applications requiring high accuracy [32]. Despite these findings, this study has several 

limitations. Specifically, no statistical significance testing was conducted to compare models, error analysis 

was not performed to identify failure patterns, and concrete measurements of inference time and memory 

consumption were not included. These limitations render efficiency claims, particularly for YOLOv10, 

relative rather than based on operational data. Future research is recommended to focus on: i) applying 

advanced data augmentation techniques to address class imbalance, particularly for minority classes such as 

Drowsy; ii) evaluating inference time and memory consumption to better reflect real-world implementation 

scenarios; iii) conducting systematic error analysis to identify model failure patterns; and iv) exploring 

lightweight architectures that are more adaptive to varying illumination conditions. 

  

 

4. CONCLUSION  

In summary, the evaluation across five datasets highlights that each YOLO variant has distinct 

strengths and limitations. YOLOv5 excels in training efficiency and recall stability, making it suitable for 

resource-constrained real-time applications, while YOLOv8 achieves the highest precision and overall 

consistency, particularly in scenarios requiring high accuracy. YOLOv10 offers a balanced trade-off between 

efficiency and precision, with faster convergence and strong performance in smaller variants. Nevertheless, 

challenges remain in detecting minority classes such as Drowsy, largely due to data imbalance and sensitivity 

to hyperparameter settings. Future work should address these limitations by incorporating advanced data 

augmentation, systematic error analysis, inference and resource evaluation, and the development of 

lightweight architectures adaptive to diverse environmental conditions. 
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