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Abstract. Fatigue-driving detection based on facial cues is challenging because the key fatigue-
related regions, especially the eyes and mouth, are small, easily affected by illumination and 
occlusion, and must be detected in real time. To address insufficient small-target feature extraction 
and the trade-off between detection accuracy and model complexity, this paper proposes FWC-
YOLOv8, an improved fatigue-driving detection framework built on YOLOv8s. First, an 
additional 160×160 detection head is introduced to preserve high-resolution spatial information 
and improve localization of small eye and mouth regions. Second, a Coordinate Attention (CA) 
module is embedded in the backbone to enhance position-aware feature representation. Third, the 
feature-fusion structure is refined to strengthen the interaction between shallow spatial details and 
deep semantic information. Finally, Wise-IoU, which uses a dynamic focusing mechanism, is 
adopted as the bounding-box regression loss to reduce the influence of low-quality samples and 
improve convergence. Experiments on the GX_FatigueDriving2020 dataset show that 
FWC-YOLOv8 achieves an mAP@0.50:0.95 of 0.640, corresponding to a 4.2 % improvement 
over the original YOLOv8s baseline. The model contains 17.0 M parameters and requires 35.5 
GFLOPs, indicating a favorable balance between accuracy and computational cost. In addition, 
detected eye and mouth states are further converted into four fatigue indicators, namely 
PERCLOS, blink frequency, continuous eye-closure duration, and yawn frequency, and fused 
through a weighted multi-index assessment strategy to classify driver fatigue into alert, 
mild-fatigue, and severe-fatigue states. The framework combines task-specific facial-state 
detection with interpretable fatigue-level assessment.  
Keywords: fatigue-driving detection, FWC-YOLOv8, object detection, small-target detection, 
multi-feature fusion. 

1. Introduction 

1.1. Research background and significance 

With rapid socioeconomic development and continued growth in vehicle ownership and driver 
populations, road traffic safety faces increasingly severe challenges. Traffic accidents have not 
only increased in number but also become more complex and diverse, making them a major global 
public-safety concern. The World Health Organization has emphasized the substantial health 
burden caused by road traffic injuries, highlighting the urgent need to strengthen traffic-safety 
management and accident-prevention technologies. 

Among the many factors that affect road safety, driver-related factors are dominant because a 
driver’s physiological state and behavior directly influence vehicle-control decisions. Fatigue 
driving is one of the most important risk factors. It threatens not only the driver’s safety but also 

https://crossmark.crossref.org/dialog/?doi=10.21595/jme.2026.26462&domain=pdf&date_stamp=2026-10-01


RESEARCH ON MULTI-FEATURE FUSION FATIGUE DRIVING DETECTION ALGORITHM BASED ON IMPROVED YOLOV8.  
HANQING JIAN, CHENGZHI FANG, ENYONG XU, YIXUE LUO, HENG LI, LIAN WANG 

2 ISSN PRINT 2335-2124, ISSN ONLINE 2424-4635  

the lives and property of other road users. Therefore, accurate fatigue-driving detection and early 
warning are essential for improving traffic safety and reducing crash risk. 

1.2. Research status 

Existing driver-fatigue detection methods can be broadly classified into three categories: 
physiological-signal-based methods, vehicle-behavior-based methods, and facial-feature-
recognition methods. 

1.2.1. Physiological-signal-based fatigue detection 

Physiological-signal-based methods identify fatigue by monitoring variations in 
electroencephalogram (EEG), electrocardiogram (ECG), electromyogram (EMG), and other 
physiological signals under fatigued conditions. Wang et al. evaluated EEG-based fatigue 
classification in a real driving environment using a wavelet scattering network [2]. Lees et al. 
investigated psychophysiological responses during monotonous driving and analyzed fatigue and 
sleepiness in train and non-professional drivers, providing driver-safety implications [3]. 

With the development of wearable sensing devices, increasing attention has been paid to 
combining physiological signals, such as electroencephalogram (EEG), electrooculogram (EOG), 
electrodermal activity (EDA), EMG, and ECG, with machine-learning algorithms. Shi and Wang 
investigated fatigue driving detection using time-space-frequency features from multimodal 
signals [4]. Li et al. developed a hybrid ensemble CNN framework for driver-fatigue recognition 
from EEG data [5]. Zhou et al. studied EEG fatigue-driving detection using functional 
brain-network features and machine-learning classifiers [6]. Gong et al. integrated pulse-wave and 
skin-conductance signals and established a fatigue-state database to achieve efficient fatigue 
detection [7]. 

Although physiological-signal-based methods can achieve high recognition accuracy, they 
usually require wearable sensors. This requirement increases user discomfort, introduces 
individual-dependence problems, and limits their feasibility for long-term in-vehicle deployment. 

1.2.2. Vehicle-behavior-based fatigue detection 

When a driver becomes fatigued, vehicle-control behaviors, including steering-wheel 
operation, grip, pedal input, and speed regulation, may change. Li et al. assessed fatigue from 
steering-wheel grip force [8]. Satti et al. developed an EMG-based system using steering-wheel 
grip for drowsiness detection [9]. Babusiak et al. proposed a smart steering wheel for unobtrusive 
health and drowsiness monitoring [10]. Houshmand et al. combined EEG signals with 
vehicle-dynamics data to identify moderate drowsiness [11]. Li et al. further used an LSTM 
network to extract fatigue-related features from steering-angle sequences, thereby improving 
detection accuracy [12]. 

Vehicle-behavior-based methods are non-intrusive and low cost. However, their performance 
is sensitive to road conditions, vehicle dynamics, and individual driving styles, which can reduce 
recognition stability under complex driving conditions. 

1.2.3. Facial-feature-recognition-based fatigue detection 

Facial behaviors associated with fatigue, such as blinking and yawning, provide intuitive visual 
cues and have become an active research direction. Bai et al. developed a two-stream 
spatial-temporal graph convolutional network that uses facial landmarks for driver-drowsiness 
detection [13]. Albadawi et al. used visual eye, mouth, and head-pose features for real-time 
driver-drowsiness detection [14]. Majeed et al. proposed a deep convolutional neural-network 
model that uses facial cues, including mouth behavior, for driver-drowsiness detection [15]. 

Deep-learning methods have recently been widely applied to this task. Florez et al. developed 
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a real-time embedded system that combines convolutional neural networks with eye and mouth 
analysis [16]. Nomura et al. investigated the use of FaceMesh landmarks to reduce the effect of 
face orientation in drowsiness estimation [17]. Adhinata et al. integrated deep learning with 
traditional machine-learning methods to improve detection speed and robustness [18]. 

Facial-feature-recognition methods are non-contact and suitable for integration into intelligent 
driving systems. Nevertheless, their accuracy is easily affected by illumination variation, facial 
occlusion, camera viewpoint, and image quality. These challenges are especially prominent for 
small facial targets such as the eyes and mouth, where missed detections and false detections 
remain common. Consequently, fatigue-detection models require stronger small-target 
representation, robustness, and real-time inference capability. 

1.2.4. Summary 

In summary, current fatigue-driving detection technologies mainly follow three technical 
routes: physiological-signal analysis, vehicle-behavior analysis, and facial-feature recognition. 
Physiological-signal methods infer fatigue from EEG, ECG, EMG, and related signals. Although 
they can provide high recognition accuracy, their reliance on additional sensors may interfere with 
the driver and restrict practical deployment. Vehicle-behavior methods infer fatigue from steering-
wheel angle, vehicle speed, pedal operation, lane deviation, and other dynamic indicators. These 
methods are non-contact and inexpensive, but their stability and generalization are limited by road 
conditions, vehicle type, and driving style. In contrast, facial-feature-recognition methods have 
attracted increasing attention because they are non-intrusive, efficient, and suitable for real-time 
monitoring. However, their practical performance is still constrained by lighting changes, 
occlusion, head-pose variation, and the difficulty of detecting small targets such as the eyes and 
mouth. A comparison of the principal characteristics of these three approaches is provided in 
Table 1. 

Table 1. Comparison of fatigue-detection methods 
Detection 
method 

Detection principle or 
characteristic variable Advantages Limitations 

Physiological-
signal-based 

method 

Electroencephalogram (EEG), 
Electrocardiogram (ECG), 
Electromyogram (EMG), 

Electrodermal Activity, etc. 
signals 

High detection 
accuracy and clear 

physiological 
changes 

Requires sensors, is 
inconvenient for long-
term use, and is highly 

dependent on individual 
differences 

Vehicle-
behavior-based 

method 

Steering-wheel angle, vehicle 
speed, accelerator/brake 

operation, lane deviation, etc. 

Non-contact, low 
cost, and does not 

interfere with 
driving 

Strongly affected by 
road and vehicle 

conditions; stability and 
robustness are limited 

Facial-feature-
recognition 

method 

Blink frequency, yawning, eye 
closure, head pose, mouth 

opening/closure, etc. 

Non-contact, easy to 
integrate into in-

vehicle systems, and 
flexible in 
application 

Sensitive to occlusion, 
illumination, and 

camera viewpoint; 
generalization still 
needs improvement 

The YOLO (You Only Look Once) series provides a lightweight one-stage detection 
framework with high inference speed and competitive accuracy [19]. Recent research has shown 
that YOLOv8 provides a practical baseline for image- and video-based object detection when 
trained on task-specific data [20]. Contemporary work has further developed scalable multi-scale 
real-time detectors, while recent reviews document the evolution and application of YOLO-based 
models [21, 22]. 

On this basis, this paper proposes FWC-YOLOv8 for driver fatigue detection. The method is 
not a simple stacking of existing modules; rather, it redesigns the detection scale, 
attention-enhanced feature extraction, multi-scale feature fusion, and bounding-box regression 
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loss around the small facial targets that are most relevant to fatigue. These improvements are then 
coupled with a weighted multi-feature fatigue-assessment strategy to convert detected eye and 
mouth states into interpretable fatigue levels. 

The main contributions of this work are as follows: (1) a four-scale detection structure is 
designed for fatigue-related small targets by adding a 160×160 detection head; (2) CA is 
introduced into the backbone to improve position-aware representation of the eyes and mouth; 
(3) WIoU is adopted to reduce the influence of low-quality bounding boxes and improve 
regression quality; and (4) a weighted multi-feature fatigue-assessment strategy is developed to 
fuse PERCLOS, blink frequency, continuous eye-closure duration, and yawn frequency for 
interpretable fatigue-level classification. 

Specifically, the proposed feature-fusion optimization introduces an additional 160×160 
detection branch into the multi-scale pathway, in which high-resolution spatial cues are integrated 
with semantically enriched features obtained through upsampling prior to small-target prediction. 
By preserving fine-grained spatial information while enhancing semantic discrimination, this 
modification improves the representation of small facial targets. 

2. Principle and improvement of the YOLOv8-based facial-feature detection algorithm for 
fatigue driving 

The preceding review shows that facial-feature-recognition-based fatigue detection has 
become a major research direction because it is non-contact and efficient. However, the eyes and 
mouth occupy only a small proportion of driver images and are easily affected by occlusion, 
illumination changes, and head-pose variation in complex driving environments. Accurate real-
time detection of these fine-grained regions is therefore challenging. To meet the dual 
requirements of accuracy and real-time performance, this paper uses YOLOv8s as the baseline 
and improves its network structure and loss function for fatigue-related small-target detection. 

2.1. Principle of YOLOv8 algorithm 

YOLOv8 is a recent implementation in the YOLO family that follows a single-stage, end-to-
end detection framework and has been used for task-specific object detection [20]. It includes 
multiple model scales, namely YOLOv8n, YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x, to 
support different computational budgets and application scenarios. This study adopts YOLOv8s 
because it offers an appropriate balance between model size and detection accuracy for 
vehicle-mounted fatigue-detection tasks. 

YOLOv8 consists of four main components: the input module, backbone network, 
feature-fusion neck, and detection head. Its architecture is shown in Fig. 1. 

1) Input module. 
The input module standardizes images, resizes them, and applies data augmentation. 

Augmentation strategies such as Mosaic, MixUp, and HSV color perturbation improve robustness 
under diverse driving scenarios [20]. YOLOv8 is also compatible with mainstream datasets and 
annotation formats such as COCO and VOC, which facilitates model training and deployment. 

2) Backbone network. 
The backbone network extracts hierarchical image features from low-level textures to 

high-level semantic representations and is central to detection performance. YOLOv8 adopts the 
efficient C2f module, which improves gradient flow while controlling the number of parameters 
and enhancing feature representation and convergence [20]. 

3) Feature-fusion neck. 
The neck combines a Feature Pyramid Network (FPN) and a Path Aggregation Network (PAN) 

to fuse multi-scale features through top-down and bottom-up information propagation. This design 
integrates high-level semantic information with low-level spatial details, which is particularly 
important for small-target detection. YOLOv8 also adopts the C2f structure in the neck to improve 
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overall efficiency. 
4) Detection head. 
YOLOv8 uses a decoupled detection head that separates classification and regression tasks, 

allowing each task to learn more focused representations. Its anchor-free mechanism predicts 
object centers and bounding-box boundaries adaptively from image content, improving prediction 
flexibility and simplifying training. 

 
Fig. 1. Architecture of the YOLOv8 network 

2.2. Improvement strategies for FWC-YOLOv8 

To improve YOLOv8s in small facial-feature detection for fatigue driving, this study 
constructs FWC-YOLOv8 through four targeted modifications, as shown in Fig. 2. The 
improvements focus on small-object detection, attention-guided feature extraction, multi-scale 
feature fusion, and regression-loss optimization. 

1) Detection-head optimization. 
The original YOLOv8s uses three detection heads corresponding to different feature-map 

scales. Because fatigue-related targets such as the eyes and mouth are small, an additional 
160×160 detection head is introduced. The resulting four-scale detection structure (160×160, 
80×80, 40×40, and 20×20) improves coverage of small targets and enhances localization accuracy. 

2) Coordinate attention mechanism. 
To strengthen spatial-position modeling, the CA module is embedded in the backbone 

network. CA encodes inter-channel relationships and long-range spatial dependencies 
simultaneously, enabling the network to focus more effectively on fatigue-related regions such as 
the eyes and mouth. This improves target localization and feature representation for small facial 
cues [23]. 

3) Regression-loss optimization. 
The bounding-box regression loss is replaced with Wise-IoU (WIoU), which uses a dynamic 

focusing strategy intended to reduce the influence of low-quality samples and improve regression 
quality in object detection; its integration with YOLOv8 has been examined in recent journal work 
[24]. In the classification branch, class-balanced weighting is used to mitigate imbalance among 
fatigue-feature categories and improve overall detection performance. 
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Fig. 2. Architecture of the improved YOLOv8s network 

2.3. Algorithm improvement design 

Based on YOLOv8s, FWC-YOLOv8 optimizes the detection head, introduces the CA module, 
refines feature fusion, and replaces the original regression loss with WIoU. The input image size 
is 640 x 640, and the four detection heads operate at 160×160, 80×80, 40×40, and 20×20. The 
additional high-resolution detection head preserves fine spatial details for small eye and mouth 
regions, while CA enhances position-aware feature extraction. The optimized feature-fusion 
structure then integrates information from more feature layers, allowing shallow spatial details 
and deep semantic features to contribute jointly to fatigue-cue detection. 

2.3.1. Model structure optimization 

In fatigue-driving detection, the eyes and mouth occupy a small proportion of the image, so 
the network must retain sufficient spatial detail to locate and classify these regions accurately. 
Adding a 160×160 detection head allows the model to preserve higher-resolution features and 
improves its ability to detect small targets. Compared with the three-head structure of the original 
YOLOv8s, the four-head structure provides broader multi-scale coverage. A comparative 
experiment was conducted using the same training and validation protocol as the YOLOv8s 
baseline. As shown in Table 2, the added small-object detection layer increases mAP@0.50 by 
2.1 % and mAP@0.50:0.95 by 2.4 %. Although GFLOPs increase, the number of parameters 
decreases slightly, indicating that the added head improves small-target accuracy while 
maintaining an acceptable accuracy-complexity trade-off. 

Table 2. Effect of adding the small-object detection head 
Model GFLOPs mAP@0.50 mAP@0.50-0.95 Parameters (M) 

YOLOv8s 26.6 0.957 0.598 17.5 
YOLOv8s+4P 35.4 0.978 0.622 16.9 

2.3.2. Coordinate attention module 

Attention mechanisms are widely used to improve model accuracy because they help the 
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network emphasize informative regions and suppress irrelevant background responses. Recent 
comparative work has examined SE and CBAM as channel-oriented and joint channel-spatial 
attention mechanisms, respectively [25]. Attention-based feature learning has also been applied to 
driver-fatigue detection [26]. Although these attention mechanisms can improve feature 
extraction, they do not necessarily preserve spatial coordinate information explicitly. In fatigue 
detection, subtle movements of the eyes and mouth, such as blinking and yawning, are critical for 
determining fatigue level. Therefore, target position, shape, and orientation contain important 
information. This study introduces CA to address the limited spatial-coordinate modeling of 
conventional attention mechanisms in fatigue-driving detection. 

CA explicitly encodes coordinate information through horizontal and vertical pooling 
operations on the feature map. This design helps the model learn the shape and orientation patterns 
of the eyes and mouth more effectively. By capturing long-range dependencies while preserving 
positional information, CA enhances the spatial representation capability of the network and 
improves the detection of small fatigue-related facial targets. 

 
Fig. 3. Comparison of the SE, CBAM, and CA attention mechanisms 

In Fig. 3 show the SE, CBAM, and CA structures, respectively. 
First, the feature map 𝐹 in 𝑅ሺ஼×ு×ௐሻ is used as the input, where 𝐶 denotes the number of 

channels and 𝐻 and 𝑊 denote the height and width of the feature map, respectively. Coordinate 
information is encoded through horizontal and vertical average-pooling operations. 

Horizontal pooling: 𝐹௛ = 𝐴𝑣𝑔𝑃𝑜𝑜𝑙൫𝐹, ሺ𝐻, 1ሻ൯. (1)

Vertical Pooling: 𝐹௪ = 𝐴𝑣𝑔𝑃𝑜𝑜𝑙൫𝐹, ሺ1,𝑊ሻ൯, (2)

where 𝐹௛ and 𝐹௪ denote the feature maps encoded in the horizontal and vertical directions, 
respectively. 

The encoded coordinate information is then recalibrated through two parallel 1×1 convolution 
layers to learn channel dependencies. 

Horizontal feature re-calibration: 𝐹௛ᇱ = 𝜎൫𝐶𝑜𝑛𝑣ଵ𝑥ଵሺ𝐹௛ሻ൯. (3)
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Vertical feature re-calibration: 𝐹௪ᇱ = 𝜎൫𝐶𝑜𝑛𝑣ଵ𝑥ଵሺ𝐹௪ሻ൯, (4)𝜎 where the corresponding term denotes the activation function. 
The recalibrated horizontal and vertical features are then fused through concatenation and a 

softmax operation. 
Feature merging: 𝐹௖௔௧ = 𝐶𝑜𝑛𝑐𝑎𝑡ሺሾ𝐹௛ᇱ ;𝐹௪ᇱ ሿሻ. (5)

Softmax operation: 𝐹௔௧௧ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥ሺ𝐹௖௔௧ሻ. (6)𝐹௔௧௧ where the generated terms denote the attention weights. 
Finally, the attention weights are multiplied by the input feature map to obtain the CA-

enhanced output feature map 𝐹௢௨௧: 𝐹௢௨௧ = 𝐹 × 𝐹௔௧௧. (7)

The CA mechanism integrates spatial coordinate information and improves the spatial 
representation of feature maps. This advantage is particularly useful for small facial regions such 
as the eyes and mouth, where subtle changes in eye opening and mouth shape determine fatigue 
cues. After adding CA, the model size increases only slightly, while detection accuracy improves 
by 2.1 %. 

2.3.3. Improvement of loss function 

The loss function guides learning and optimization in object-detection models. In YOLOv8s, 
classification loss is calculated using binary cross-entropy (BCE), while bounding-box regression 
is optimized using Distribution Focal Loss (DFL) and CIoU loss. CIoU evaluates the overlap 
between predicted and ground-truth boxes while considering aspect ratio and center-point 
distance. However, CIoU can be less effective under large scale variation, rotated target 
appearance, and abnormal low-quality labels. These limitations may reduce regression quality in 
complex driving scenes. Therefore, this paper introduces Wise-IoU (WIoU) as the bounding-box 
regression loss. 

First, the IoU between the ground-truth box and the predicted box is calculated as follows: 𝐼𝑜𝑈 = 𝐴 ∩ 𝐵𝐴 ∪ 𝐵, (8)

where 𝐴 and 𝐵 denote the predicted and ground-truth bounding boxes, respectively. The 
intersection area is their overlap, and the union area is the total area covered by both boxes. 

The distance between the center of the ground-truth box and the center of the predicted box is 
then calculated as follows: 

𝑅௪𝐼𝑜𝑈 = exp൭൫𝑥 − 𝑥௚௧൯ଶ + ൫𝑦 − 𝑦௚௧൯ଶ𝑊௚ଶ + 𝐻௚ଶ ൱, (9)

where ሺ𝑥,𝑦ሻ denotes the center of the predicted box, and ൫𝑥௚௧ ,𝑦௚௧൯ denotes the center of the 
ground-truth box. 𝑊௚ and 𝐻௚ are the width and height of the smallest enclosing rectangle 
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containing both boxes. 
The double-layer attention term 𝐿ௐ𝐼𝑜𝑈𝑣ଵ is then calculated from the base IoU attention and 

the distance attention 𝑅ௐ𝐼𝑜𝑈: 𝐿ௐ𝐼𝑜𝑈𝑣ଵ  =  𝑅௪𝐼𝑜𝑈 × 𝐼𝑜𝑈, (10)

where the monotonic focusing coefficient is introduced to reduce the contribution of easily 
identifiable samples: 

𝐿ௐ𝐼𝑜𝑈𝑣ଶ  =  ൬𝐿∗𝐼𝑜𝑈𝐼𝑜𝑈 ൰ఊ × 𝐿ௐ𝐼𝑜𝑈𝑣ଵ, (11)

where 𝐿ௐ𝐼𝑜𝑈∗ is the exponential moving average of the 𝐼𝑜𝑈 loss, and gamma controls the 
focusing strength. 

Finally, a dynamic non-monotonic focusing hyperparameter 𝑟 is introduced to reduce the 
influence of abnormal low-quality bounding boxes: 𝐿ௐ𝐼𝑜𝑈𝑣ଷ = 𝑟 × 𝐿ௐ𝐼𝑜𝑈𝑣ଵ, (12)

where 𝑟 is dynamically adjusted according to the anomaly degree beta of the predicted box, as 
follows: 

𝑟 = 𝛽𝛼𝛽 − 𝛿. (13)

The anomaly degree beta is calculated as follows: 

𝛽 = 𝐿∗𝐼𝑜𝑈𝐼𝑜𝑈 , (14)

where 𝛼 and 𝛿 are focusing-control hyperparameters and are usually set to 1.9 and 3.0, 
respectively. 

WIoU is more complex than CIoU because it introduces additional weighting and focusing 
terms, and its hyperparameters require experimental adjustment. However, on the same dataset, 
WIoU avoids calculating aspect ratios for a large number of bounding boxes. The ablation results 
in Table 3 show an improvement in mAP@0.50:0.95 after CIoU is replaced with WIoU. 

3. Experimental results and analysis 

All experiments were conducted on the GX_FatigueDriving2020 dataset. The dataset was 
divided into a training set of 6,000 images and a validation set of 700 images. It comprises images 
collected from public online sources, most of which were captured by in-vehicle cameras 
positioned near the driver’s seat (Fig. 4). The dataset also contains challenging samples, including 
drivers wearing sunglasses or ordinary glasses. The annotated categories are open_eyes, 
close_eyes, open_mouth, and close_mouth. 

The experimental software environment was Python 3.8.10, PyTorch 2.0.1, and CUDA 11.6. 
The hardware platform included an NVIDIA GeForce RTX 2080 Ti GPU and an Intel Xeon 
E5-2678 v3 CPU at 2.50 GHz. To ensure fair comparison, all model variants were trained and 
evaluated under the same experimental settings, and the initial learning rate was set to 0.01. 

The evaluation metrics were mAP@0.50:0.95, GFLOPs, and model parameters. 
mAP@0.50:0.95 represents the mean average precision averaged over IoU thresholds from 0.50 
to 0.95. GFLOPs measures computational complexity, and model parameters indicate model size. 

Ablation experiments were performed to evaluate the contribution of the small-object 
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detection layer, CA module, and WIoU loss to eye and mouth detection. The reported quantitative 
evaluation focuses on the ablation experiments for the proposed components. Qualitative 
inference results on the same image were used to visualize the differences among model variants. 

 
Fig. 4. Examples from the GX_FatigueDriving2020 dataset 

To verify the contribution of each optimization module, ablation experiments were conducted 
against the original YOLOv8s baseline, and the results are shown in Table 3. Adding CA produces 
YOLOv8s+CA and improves mAP@0.50:0.95 by 2.1 %, with only a 0.5 % increase in parameters 
and no increase in GFLOPs. Adding the small-object detection head produces YOLOv8s+4P and 
improves mAP@0.50:0.95 by 2.4 %, although GFLOPs increase because of the additional high-
resolution detection branch. Replacing CIoU with WIoU increases mAP@0.50:0.95 by 1.6 
percentage points because WIoU reduces the influence of low-quality samples. Fig. 5 shows the 
IoU convergence curves of CIoU, SIoU, and WIoU. The final mAP@0.50:0.95 values of CIoU, 
SIoU, and WIoU are reported in Table 3 as 0.598, 0.606, and 0.614, respectively. The complete 
FWC-YOLOv8 model achieves the best overall result, with an mAP@0.50:0.95 of 0.640, 17.0 M 
parameters, and 35.5 GFLOPs. 

 
Fig. 5. IoU convergence comparison of different regression loss functions 

4. Multi-feature fatigue-driving detection and application algorithm design 

The improved YOLOv8s-based network extracts four driver facial-state categories: open eyes, 
closed eyes, open mouth, and closed mouth. These detected states are then converted into fatigue 
indicators according to fatigue-state theory and fused to determine the final driver-fatigue level. 
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Table 3. Ablation results for the proposed FWC-YOLOv8 components 
Model mAP@0.50-0.95 Parameter(M) GFLOPs 

YOLOv8s 0.598 17.5 26.6 
YOLOv8s+WIoU 0.614 17.5 26.6 
YOLOv8s+SIOU 0.606 17.5 26.6 
YOLOv8s+CA 0.619 17.6 26.6 
YOLOv8s+4P 0.622 16.9 35.4 

Proposed Method 0.640 17.0 35.5 

4.1. Eye state characteristics 

Eye-state characteristics are among the most intuitive indicators of driver fatigue. After the 
facial-state detection model outputs the open or closed state of the eyes, fatigue features are 
quantified using PERCLOS, blink frequency, and continuous eye-closure duration within a unit 
time 𝑇. To update these features in real time, the algorithm defines a fixed-length queue 𝑁௞ to 
store eye states within 𝑇. The length of 𝑁௞ equals the total number of frames in the unit time 
window. Open eyes are recorded as 0, and closed eyes are recorded as 1. 

4.1.1. PERCLOS 

PERCLOS is a widely used indicator for evaluating driving fatigue. It is defined as the 
proportion of time during which the eyes remain closed within a specified time interval. A recent 
evidence review describes PERCLOS as an established technology for drowsiness detection and 
notes its relevance to fatigue monitoring [27]. 

The proposed algorithm calculates PERCLOS as the ratio of closed-eye frames to total frames 
within a 25-s interval: 

𝑃𝐸𝑅𝐶𝐿𝑂𝑆 = ∑𝑁௞𝑇 ∙ 𝑓𝑝𝑠, (15)

where 𝑇 denotes the unit time window of 25 s, and fps denotes the video frame rate. 

4.1.2. Blinking frequency 

Blinking is a normal physiological behavior, and the blink pattern of an alert driver generally 
remains relatively stable. Under fatigue, however, changes in ocular dryness and alertness may 
alter blinking behavior. Contemporary vision-based driver-monitoring systems therefore use 
closed-eye and blink events as fatigue-related cues [28]. In the state sequence (𝑁௞), one complete 
blink is represented by a transition from ‘0’ to ‘1’ and then back to ‘0’. By counting the number 
of complete blink transitions within a given time interval, the blink frequency can be calculated 
as follows: 𝐵𝑙𝑖𝑛𝑘 = 𝑛௕௟௜௡௞𝑇 , (16)

where Blink denotes blink frequency, and 𝑛௕௟௜௡௞ denotes the number of blinks within the unit time 𝑇. 

4.1.3. Duration of continuous eye closure 

When a driver is fatigued, the duration of eye closure increases significantly. Under normal 
driving conditions, drivers instinctively avoid long eye-closure events for safety reasons; 
therefore, continuous eye closure indicates a high-risk driving state, regardless of whether other 
fatigue cues are present [29]. The algorithm defines 𝑇௕௟௜௡௞ as the duration for which the eyes 
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remain continuously closed: 𝑇௕௟௜௡௞ = 𝑛௘ − 𝑛௦𝑓𝑝𝑠 , (17)

where 𝑛௦ denotes the frame at which the eye state in queue 𝑁௞ changes from open to closed, and 
ne denotes the frame at which it changes from closed to open. 

Studies show that alert drivers typically blink 20-30 times per minute, and each eye-closure 
event usually lasts 0.2-0.3 s. Based on these physiological characteristics, the fatigue-
determination rules are defined in Table 4. 

Table 4. Rules for determining driver fatigue status 
Fatigue level PERCLOS Blink 𝑇௕௟௜௡௞ 

Sober ≤ 0.21 ≤ 0.45 ≤ 1 
Mild fatigue > 0.21 and ≤ 0.45 > 0.45 and ≤ 0.8 > 1 and ≤ 2 

Severe fatigue > 0.45 > 0.8 > 2 

4.2. Lip state characteristics 

Yawning is another important fatigue-related behavior. It increases oxygen intake through 
deep inhalation and is often associated with reduced alertness. Contemporary visual drowsiness 
systems commonly incorporate yawn frequency together with eye-closure information [30]. 
Therefore, yawn frequency is included in the fatigue-evaluation index system. Under normal 
conditions, the mouth is usually closed. Although speaking or smiling may also open the mouth, 
the opening degree is generally smaller than that during yawning. To simplify calculation, non-
yawning mouth movements are classified as the closed-mouth state in this algorithm. A yawn is 
defined as a continuous mouth-open event lasting more than 2 s. Similar to blink-frequency 
calculation, a fixed-length queue is used to track mouth states. The yawn frequency within a unit 
time is calculated as follows: 𝑇௬௔௪ = 𝑛௬௔௪𝑇 , (18)

where 𝑛௬௔௪ denotes the number of yawns within a unit time, and 𝑇௬௔௪ denotes yawn frequency 
per unit time. 

The fatigue-determination rule for yawn frequency within the unit time 𝑇 is as follows: 

ቐ𝑠𝑜𝑏𝑒𝑟, 𝑇௬௔௪ ≤ 0.06,𝑚𝑖𝑙𝑑 𝑓𝑎𝑡𝑖𝑔𝑢𝑒, 0.06 < 𝑇௬௔௪ ≤ 0.12,𝑚𝑖𝑙𝑑 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 𝑇௬௔௪ > 0.12.  (19)

4.3. Fusion of fatigue characteristics 

Fatigue driving is reflected by multiple behavioral cues, including prolonged eye closure and 
increased yawning frequency. Although eye-state indicators are strongly associated with fatigue 
[31], their reliability may be affected by sunglasses, camera vibration, illumination variation, and 
individual differences. A single indicator is therefore insufficient for robust fatigue assessment. 
To improve accuracy and robustness, this algorithm adopts a multi-feature fusion strategy that 
integrates complementary fatigue cues. 

All fatigue indicators are normalized to the range [0, 1] to ensure a consistent measurement 
scale. Each indicator is then assigned a weight according to its correlation with fatigue severity. 
PERCLOS is assigned a weight of 1.00 because it is widely recognized as a core fatigue indicator. 
Blink frequency is assigned a weight of 0.35 because it is easily affected by external factors and 
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individual differences. Continuous eye closure is assigned a weight of 0.85 because long eye-
closure events are highly dangerous during driving. Yawn frequency is assigned a weight of 0.65 
because it is more visually indicative of fatigue than ordinary blinking. The weights are shown in 
Table 5. 

Table 5. Weights assigned to fatigue indicators 
Feature weight PERCLOS Blink frequency Continuous eye closure Yawn frequency 

Weight 1.00 0.35 0.85 0.65 

The weighted fatigue value is calculated as follows: 𝐹௔௚ = 1∑𝑊௜෍𝑊௜ ∗ 𝑖, (20)

where 𝐹௔௚ denotes the weighted fatigue value obtained by integrating multiple indicators, 𝑖 denotes 
a fatigue indicator, and 𝑊௜ denotes the corresponding feature weight. Based on 𝐹௔௚, the driver 
state is classified into three levels: alert, mild fatigue, and severe fatigue. The alert state is defined 
as 𝐹௔௚ < 0.35, mild fatigue as 0.35 ≤ 𝐹௔௚ ≤ 0.85, and severe fatigue as 𝐹௔௚ > 0.85. 

4.4. Fatigue detection algorithm flow 

The fatigue-detection process is shown in Fig. 6.  

 
Fig. 6. Flowchart of the fatigue-detection algorithm 

First, driver video frames are collected using an in-vehicle camera and preprocessed. To reduce 
false detections caused by directly detecting small targets such as the eyes and mouth in the full 
image, an improved face-detection model is used to locate the driver’s face. The cropped face 
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region is then input into FWC-YOLOv8 to detect eye and mouth states. Four fatigue indicators 
are extracted from these states and fused using the weighted-average strategy. Finally, the 
weighted fatigue value is used to classify the driver state into alert, mild fatigue, or severe fatigue, 
and different warning measures are triggered according to the fatigue level. 

5. Conclusions 

This paper proposes FWC-YOLOv8, a task-oriented redesign of YOLOv8s for fatigue-driving 
detection. The main work of this study is not simply to combine several existing modules, but to 
reconstruct the YOLOv8s detection process according to the specific characteristics of 
fatigue-related small facial targets. Compared with the original YOLOv8s, FWC-YOLOv8 
improves the detection scale, enhances position-aware feature extraction, refines multi-scale 
feature fusion, and replaces CIoU with WIoU for more robust bounding-box regression. The 
improved network accurately extracts eye and mouth states, including open eyes, closed eyes, 
open mouth, and closed mouth, which provide the basis for identifying key fatigue behaviors. 

In the backbone, the CA module captures spatial positional information and channel 
dependencies more effectively, thereby improving feature representation for fatigue-related facial 
targets. The optimized feature-fusion structure introduces more feature layers into the fusion 
process, enhancing the complementarity between shallow spatial details and deep semantic 
information. 

In the detection head, an additional high-resolution branch is added to improve detection of 
small eye and mouth targets. With an input size of 640×640, the four output scales are 160×160, 
80×80, 40×40, and 20×20, enabling the network to detect targets at different scales more 
effectively. 

For bounding-box regression, WIoU introduces a dynamic focusing mechanism that reduces 
the influence of low-quality samples. Although WIoU is structurally more complex than CIoU 
and requires hyperparameter adjustment, the ablation results in Table 3 show that it improves 
mAP@0.50:0.95 relative to CIoU. 

The ablation experiments further verify that each redesign contributes to performance 
improvement. The additional small-target detection head improves the representation of fine-
grained eye and mouth regions; the CA module strengthens spatially aware feature extraction; 
WIoU improves regression robustness by reducing the influence of low-quality samples; and the 
optimized feature-fusion structure improves the use of shallow and deep features. With these task-
specific changes, FWC-YOLOv8 increases mAP@0.50:0.95 to 0.640 while maintaining an 
acceptable model size and computational cost. 

Beyond the detector itself, this study designs a multi-feature fatigue-assessment strategy that 
integrates PERCLOS, blink frequency, continuous eye-closure duration, and yawn frequency. By 
normalizing these indicators and assigning feature weights, the algorithm converts frame-level 
eye and mouth detections into driver-state categories, namely alert, mild fatigue, and severe 
fatigue. This detector-plus-assessment design clarifies the practical contribution of the work: 
FWC-YOLOv8 is used not only to detect facial states but also to support interpretable real-time 
fatigue warning under individual differences and external interference. 

This study focuses on algorithmic detection performance and multi-feature fusion, but several 
limitations remain because of dataset availability. Future work will be carried out in two 
directions. First, scenarios involving facial occlusion, such as sunglasses and masks, will be 
further analyzed to improve model generalization. Second, multimodal fusion will be expanded 
by incorporating driving-behavior data, such as steering-wheel operation and lane deviation, as 
well as physiological data, to achieve more comprehensive fatigue-behavior detection. 
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