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Abstract—This research presents an efficient and deployable
driver fatigue detection system based on the enhanced YOLOv11
algorithm. To improve detection accuracy for small and occluded
facial features under challenging conditions, the model is
augmented with a Dynamic Attention Gate Mechanism (DAGM)
and a Multi-scale Feature Alignment Fusion Module (MFAFM).
The system leverages the YAWDD dataset for training and
validation, ensuring robustness across diverse driving scenarios. A
sliding window mechanism is implemented for continuous
behavior assessment to reduce false alarms. The complete end-to-
end system is deployed on the Rockchip RK3588 embedded
platform, achieving real-time performance with low power
consumption. Experimental results demonstrate that the system
achieves 93.7% accuracy, which is superior to baseline models in
both accuracy and efficiency, thereby validating the system’s
potential for practical application in intelligent transportation and
vehicle safety systems.
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I. INTRODUCTION

Fatigue driving is one of the main causes of major traffic
accidents, as it significantly reduces drivers’ reaction speed and
judgment, even leading to brief sleep episodes that boost
collision risks[1,8]. Non-contact detection methods based on
computer vision have become a research hotspot due to their
non-invasiveness and easy deployment[2,9], yet real driving
challenges—such as variable illumination, partial occlusion
(sunglasses, hands), and head pose variations — severely
compromise model robustness[7,13].

As the latest real-time detector in the YOLO series (building
on YOLOvV3, YOLOv4, YOLOvS’s strengths[4,5,6]),
YOLOvVI11 excels at small target detection (eyes, mouth) via
advanced feature extraction and multi-scale fusion[3,12]. This
study thus develops an efficient, robust, embeddable fatigue
detection system with core innovations:

1. Propose a Dynamic Attention Gate Mechanism (DAGM),
inspired by SE and CBAM attention[10,11], to dynamically
enhance key region (eyes/mouth) features via dual-path
attention.
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2.Design a Multi-scale Feature Alignment Fusion Module
(MFAFM), using deformable convolution to solve cross-scale
feature misalignment (a flaw in traditional PAN[12]) and
improve small target localization.

3. Introduce a sliding window temporal mechanism,
extending single-frame detection to continuous analysis
(referencing PERCLOS-based temporal assessment[9]) to cut
false alarms.

4. Achieve end-to-end deployment on Rockchip
RK3588[16], adopting pruning[14] and quantization[15] for
model lightweighting and NPU acceleration to meet real-time
needs.

II. RELATED WORK

A. YOLOvl1l Algorithm

The YOLO series, as a mainstream one-stage real-time
object detection framework, has evolved continuously since
YOLOvV1 (2016) laid the foundation of "single forward pass for
whole-image detection[4]". YOLOV3 introduced Darknet-53
backbone and multi-scale detection to enhance small-target
sensitivity[5]; YOLOv4 integrated CSPNet and Mosaic
augmentation for better speed-accuracy balance[17]; YOLOVS
optimized with CSPDarknet and adaptive anchors, supporting
lightweight deployment[18]; YOLOVS further refined the
backbone and decoupled head for efficiency.

YOLOvVI1 (2024) builds on these advances: it adopts an
enhanced CSP-C2f module (evolved from CSPNet) as the
backbone for efficient feature extraction, an improved PANet
neck with Cross-Scale Feature Enhancement Module (CS-
FEM) for multi-scale feature fusion, and a decoupled detection
head with Adaptive Spatial Feature Fusion (ASFF). It also
incorporates dynamic convolutional kernel adjustment, CloU
loss, and TaskAligned Assigner. While maintaining real-time
performance, it significantly boosts small-target detection—
critical for identifying fatigue-related facial features (eyes,
mouth) — providing an ideal foundation for driver fatigue
detection.

B. Driver Fatigue Dataset

The YAWDD dataset—published in 2014 by the
Distributed and Collaborative Virtual Environment Research
Laboratory of the University of Ottawa, with data primarily
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sourced from Kaggle—and employed in this study, is collected
in driving cabins and real vehicles with cameras mounted on the
steering wheel upper area (30-50 cm from the driver’s face). It
contains over 12,000 annotated video clips, with a minimum
duration of 5 seconds, a maximum duration of 15 seconds, and
an average duration of approximately 10 seconds (=4,000 clips
for each of illumination, posture, and occlusion scenarios), and
provides detailed fatigue behavior labels—including normal
driving, talking, and yawning statesis shown in (Figure 1). The
Kaggle-hosted dataset is publicly available for non-commercial
research use, with dedicated repositories for different data
formats: raw video data
(https://www.kaggle.com/datasets/enider/yawdd-dataset) and
YOLO-compatible annotated data
(https://www.kaggle.com/datasets/jasonkq/yawdd-driving-
state), laying a high-quality benchmark for model training and
evaluation.

Fig. 1. Some samples of dataset in YawDD

[II. METHOD DESIGN
A.  System Architecture
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Fig. 2. The framework of the system

The system adopts a three - layer structure with multi - scale
feature interaction theory as the connection framework: First,
the perception layer—infrared cameras (mounted at the steering
wheel upper area, 30-50 cm from the driver’s face with a 90°
field of view) acquire images, which then undergo
preprocessing (e.g., contrast enhancement, denoising). Second,

the processing layer—integrates an improved YOLOv11 model
(leveraging multi - scale feature alignment to enhance small -
target detection sensitivity) and temporal analysis. Third, the
application layer—employs a PyQt5 GUI and alarm module.
The overall framework, enabling cross - scenario robustness via
multi - scale theory, is shown in (Figure 2).

B.  Improved YOLOvI1I Model

To improve the feature extraction and fusion capabilities of
the model in complex scenarios, two core improvements are
made to YOLOv11:

e Dynamic Attention Gate Mechanism: It is integrated into
the backbone. Through the channel and spatial attention
paths, the feature response is dynamically calibrated,
enabling the model to focus on key regions such as eyes
and mouth. Its core operation is as follows:

Fout = Fin ® (O( @ B) (1)

where Fy, is the input feature map, @ denotes channel-wise
multiplication, and® is the sigmoid function.

The structure is shown in (Figure 3).
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Fig. 3. The architecture of DAGM

e Multi - scale Feature Alignment and Fusion Module: It
replaces the standard neck fusion node, uses deformable
convolution to achieve spatial alignment, and performs
semantic fusion through cross - level attention. The
formula is as follows:

GG IG)) 2)

b Tjexp (0(FNT-0(Fren))
This effectively improves the detection accuracy of small
targets. The overall architecture of the improved YOLOv11n is
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shown in (Figure 4), which clearly shows the integration
positions of DAGM and MFAFM.
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Fig. 4. The improvement architecture of yolo11n

C. Temporal Behavior Analysis and System Deployment

To upgrade frame - level detection to temporal state
evaluation, the system uses a 10 - second (300 - frame) window
to calculate the proportion of frames judged as fatigue within
the window, denoted as R;.The calculation formula is as
follows:

1

R¢= N Z}\le S 3)

An alarm is triggered only when the proportion exceeds the
threshold, which effectively suppresses false alarms caused by
instantaneous actions.

D. Evaluation Metrics

The performance of the detection model is evaluated using

the following standard metrics:

- mAP@50: Mean Average Precision at IoU threshold of
0.50

mAP@50=—N, AP®"S x 100% (4)

- (N) is the total number of object classes (e.g., left eye,
right eye, mouth);

- (APi@O‘S) denotes the Average Precision for class \( 1)) at
an Intersection over Union (IoU) threshold of 0.5;
-A mAP@50 (%)
AmAP@50 = mAP@50,,p0seq — MAP@50p,4¢1ine  (5)

- Precision: Ratio of true positive detections to total
predicted positives
TP
TP+FP

Precision= x 100% (6)

- Recall: Ratio of true positive detections to total ground
truth instances
TP
TP+FN

- TP (True Positives), FP (False Positives), and FN (False
Negatives) are standard detection outcome counts.

Recall=

x 100% 7

- F1-Score: Harmonic mean of precision and recall

- Inference Speed (FPS): Frames per second processed on
the RK3588 NPU

- Model Size: Size of the quantized model in megabytes
(MB)

For the fatigue detection system as a whole, additional
metrics include:

- True Positive Rate (TPR): Proportion of actual fatigue
events correctly detected

- False Positive Rate (FPR): Proportion of non-fatigue
events incorrectly flagged as fatigue

- Latency: End-to-end delay from frame capture to alarm
trigger

IV. EXPERIMENTS AND RESULT ANALY SIS

A. Experimental setup

The experiment is conducted on the Rockchip RK3588
platform[16]. The software environment includes Ubuntu
20.04, PyTorch 1.13[19], and RKNN Toolkit 1.5.0. The
YAWDD dataset is used, and the training, validation, and test
sets are divided in a ratio of 70:15:15. The evaluation metrics
include mAP@50, precision, recall, F1 - score, FPS, and false
positive rate (FPR).

B.  Results and Analysis

TDetection model metrics: mAP@50 (mean Average
Precision at IoU=0.5), Precision (true positives over total
predicted), Recall (true positives over total ground truth), F1-
Score (harmonic mean of Precision/Recall), inference FPS (on
RK3588 NSystem-wide metrics: TPR (true fatigue detection
rate), FPR (false fatigue alarm rate), and end-to-end latency
(from frame capture to alarm trigger).PU), and quantized model
size (MB).

TABLE I. COMPARISON OF DIFFERENT YOLO ON YAWDD TEST SET

mAP@ | Precisi | Rec g CID FPS | ModelS
Model 50 on all | 7 | (RK35 ize
(%) (%) (%) (%) 88) (MB)
YOLOVS8n 86.2 88.1 | 83.7 | 858 | 32.1 185
YOLOV10n 89.4 903 | 872 | 887 | 2938 172
YOLOviln 91.6 920 | 89.8 | 909 | 273 16.8
(Original)
YOLOv11+D
AGM
MFAFM 95.8 96.1 | 943 | 952 | 284 147
(Proposed)
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Model Performance and Ablation Experiments: As shown
in (Table I), the mAP@50 of the improved model reaches
95.8%, which is significantly better than that of baseline models
such as YOLOv8n and YOLOv10n.

The evaluation of the proposed method is consists of the
four configurations: 1) Baseline (original YOLOvl1n); 2)
+DAGM (baseline with DAGM in backbone); 3) +MFAFM
(baseline with MFAFM replacing neck fusion); 4)
+DAGM+MFAFM (full proposed model).

TABLE II. THE COMPARISON OF THE PROPOSED METHOD AND THE
YOLOVI11 BASELINE

Configuration ”’A(l%@j) 04 ”;;1)@5 O |precision (%) Recall (%)
YOLOvI 1n (Baseline) 91.6 - 92.0 89.8
+DAGM 93.5 +1.9 942 918
+MFAFM 914 2.5 94.8 92.6
FDAGM + MFAEM | g5 ¢ +4.2 96.1 94.3
(Proposed)

The Table II confirms that DAGM and MFAFM contribute
1.9% and 2.5% to the mAP improvement respectively, and their
synergistic effect leads to a total improvement of 4.2%.

Robustness and System Performance: Under challenging
scenarios such as low illumination, side view, and occlusion
(Table III), the system's detection accuracy is higher than 91%.
The sliding window mechanism reduces the false positive rate
from 18.7% to 6.3% . The system operation effect is shown in
(Figure 5, Figure 6). Finally, the optimized model achieves a
real - time performance of 28.4 FPS on the RK3588.

TABLE III. ABLATION STUDY ON KEY COMPONENTS

Detection

Scenario Accuracy(%) Notes
Low Illumination 947 IR camera ensures
(Night) ) visibility
® Oéll(flie:fil?l“v:lm) 93.2 MFAFM improves small
target detection
Partial Occlusion 918 DAGM focuses on
(Hand near face) ) visible regions
Sun Glare 951 HDR-like preprocessing
(Backlighting) ) applied
Fast Motion (Head Nod) 92.5 Temsﬁ;?rllgn‘:ﬁgggjvg via

Normal

e -

@ /opt/matrix/fatigue-detect/video/13-FemaleGlasses.avi.avi

start stop

Fig. 5. Fatigue detect results (normal state)

Cross - model Comparative Analysis: The comparison with
models such as Faster R - CNN and SSD - MobileNetV2 (Table
IV) further shows that this system achieves the best balance in
multiple dimensions such as accuracy, speed, model size, and

false positive rate, making it more suitable for embedded real -
time applications.

caution: Drowsy detected!

8 Undrowsy (Total) ® Drowsy (Total)

Cumulative Count

o~ ¢ . y £

@ /opt/matrix/fatigue-detect/video/4-FemaleGlasses-Yawning.avi

Time (s)
‘‘‘‘‘ sop

Fig. 6. Fatigue detect results (fatigue state)

TABLE IV. THE COMPARISON OF THE PROPOSED METHOD AND

OTHER METHODS
mAP@50 FPS ModelSize FPR
Model (%) (RK3588) (MB)) \Latency(ms) (%)
Faster R-CNN 90.3 14.2 210.5 70.4 12.1
SSD-
MobileNetV?2 85.6 357 15.8 28.0 21.3
YOLOvlln 91.6 27.3 16.8 36.6 9.8
Proposed Model 95.8 28.4 14.7 35.2 6.3

Faster R-CNNJ[20] has moderate accuracy but high latency
(70.4 ms) and large model size, unfit for real-time embedded
deployment. SSD-MobileNetV2[21,22] is fast but with low
mAP@50 and high FPR, unreliable for fatigue detection. The
proposed model balances best: highest accuracy, low latency,
small size, and lowest FPR, outperforming two-stage and
lightweight one-stage detectors in driver fatigue detection.

V. CONCLUSIONS

This study has successfully developed and verified a real-
time driver fatigue detection system based on the improved
YOLOv11. The robustness of the model is enhanced through
the innovative DAGM and MFAFM modules; the reliability of
alarms is ensured by combining the sliding window mechanism;
and efficient deployment is achieved on an embedded platform.

The current system still has limitations such as reliance on a
single visual modality and the use of fixed thresholds. Future
work will focus on the following aspects:

1) Fusing multi-modal data (e.g., vehicle CAN signals or
physiological data) ;

2) Developing personalized adaptive threshold algorithms;

3) Using generative models[23,24] for data augmentation to
improve generalization ability;

4) Conducting large-scale real-vehicle tests to verify long-
term reliability.
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