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ABSTRACT. In recent years, intelligent driving technologies have developed rapidly, lead-
ing to an increasing demand for driving safety. However, existing algorithms generally
suffer from high computational complexity and slow inference speed. To enhance the real-
time detection capability of dangerous driving behaviors inside vehicles, we propose a
novel algorithm based on YOLOv11, termed YOLOv11-SGCB. The proposed model inte-
grates Ghost Convolution for lightweight feature extraction, SCConv for spatial-channel
reconstruction, and CBAM for attention-guided feature refinement. Experimental results
demonstrate that YOLOv11-SGCB achieves a mean Average Precision (mAP) of 95.8%,
representing a 1.9% improvement over the original YOLOv11, while inference speed is in-
creased by 23%, significantly enhancing real-time performance. Moreover, the GFLOPs
are reduced to 69.1% of the original model, enabling more efficient deployment on re-
source-constrained mobile devices.

Keywords: Artificial intelligence, Deep learning, Image recognition, Safe driving, YO-
LOvl11

1. Introduction. Road traffic accidents cause a high number of deaths and injuries
around the world, creating a serious global problem. More than one million people die in
traffic accidents every year [1]. In 2018, there are approximately 1.35 million deaths caused
by road traffic accidents. Road traffic accidents are the eighth leading cause of death
worldwide, accounting for about 2.37% of the 56.9 million deaths that occur each year
[2]. The factors that contribute to road traffic crashes generally fall into three categories:
1) environmental, 2) vehicle-related, and 3) human. Among them, human factors are by
far the most significant. Most traffic accidents are caused by drivers engaging in activities
that are not related to driving [3]. Obviously, dangerous driving behavior is one of the
main causes of traffic accidents and puts both drivers and others at serious risk.
Therefore, in the field of intelligent driving, conducting research on real-time monitor-
ing and leveraging deep learning technologies to detect dangerous driving behaviors is of
great significance. These researches aim to enhance driving safety and reduce the inci-
dence of traffic accidents. In practice, to maintain road safety, transportation authorities
have deployed substantial resources — such as assigning personnel to complex traffic areas
or installing surveillance cameras — to monitor driver attentiveness. However, external
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monitoring methods have inherent limitations. These include high operational costs and
the presence of blind spots, which hinder real-time effectiveness and fail to address the
problem at its core. As a result, developing systems capable of monitoring drivers’ behav-
ior from within the vehicle in real time is crucial. Such approaches can reduce accident
risk, ensure driving safety, and contribute to the overall reduction of traffic accidents
[4, 5, 6, 7].

With in-depth research on artificial intelligence theory and deep learning technology,
object detection has become an important research direction in the field of computer
vision. It has achieved many significant developments in recent years and has been wide-
ly applied in intelligent monitoring systems, autonomous driving, industrial production,
quality inspection, and other areas. Object detection is a testing model in deep learning.
The object detection model can recognize objects in images, locate them and identify
them [8, 9, 10, 11, 12, 13]. Related researches mainly use deep learning algorithms to
identify various behaviors of people in-car as a basis for determining whether or not
there are safety hazards. With the rapid development of deep learning technology, sig-
nificant achievements have been made in mature applications such as intelligent driving,
providing new ideas for solving the problem of real-time monitoring of driver behavior.
By using deep learning algorithms to identify various behaviors of passengers in vehi-
cles, it is possible to determine whether or not there are safety hazards [14, 15, 16, 17].
Recently, Lu et al. proposed the model which is called Deformable and Dilated Faster
R-CNN (DD-RCNN), which utilizes deformable convolution and attention mechanisms
to achieve accurate behavior recognition in situations, where drivers are distracted [18].
Ritheesh et al. proposed a YOLO-based module for driver fatigue detection to reduce the
incidence of accidents caused by fatigued drivers [19]. Li et al. enhanced it with the addi-
tion of Spatial and Channel Reconstruction Convolution (SCConv) to efficiently capture
multiscale features based on spatial-channel information [20]. Wang et al. proposed an
enhanced safety detection algorithm in-car based on the YOLOv11 architecture [21], in
which lightweight GhostConv modules were incorporated to reduce computational cost
and improve real-time detection efficiency. Although previous studies have made signif-
icant contributions to the detection of dangerous driving behaviors, several limitations
remain. First, many existing models are computationally intensive and lack sufficient
real-time performance, making them unsuitable for in-car deployment. In practical appli-
cations, lightweight, efficient, and accurate algorithms are essential. Therefore, this study
focuses on reducing computational complexity and improving real-time detection through
model lightweighting. Second, traditional feature extraction mechanisms show poor adapt-
ability to complex environments, such as varying lighting conditions, occlusions, and dif-
ferent camera angles, leading to limited generalization capability. To address this issue, we
expanded the dataset by incorporating diverse weather conditions and dangerous driving
behaviors, thereby enhancing the model’s adaptability to real-world scenarios. To over-
come the above challenges, this study proposes an improved detection algorithm based on
YOLOv11, which integrates a lightweight attention-enhanced convolutional module. The
proposed architecture maintains high detection speed while achieving an effective balance
between multi-feature fusion and recognition accuracy, improving the overall performance
of in-car real-time monitoring systems.

In order to address these issues, this study reconstructs a dedicated experimental
dataset for dangerous driving behavior detection and proposes an enhanced detection al-
gorithm (YOLOv11-SGCB). To improve real-time performance, lightweight Ghost Convo-
lution (GhostConv) is integrated to reduce redundancy and accelerate feature extraction.
Furthermore, SCConv is introduced to strengthen spatial-channel feature representation,
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while the Convolutional Block Attention Module (CBAM) is incorporated to refine impor-
tant features through sequential channel and spatial attention. Together, these improve-
ments lead to a more efficient and robust detection model. To further enhance the model’s
performance, we modify the placement of the GhostConv module within the network ar-
chitecture. Subsequently, we adapt SCConv to replace certain conventional convolutional
layers, thereby improving feature representation and detection accuracy. In addition, we
modify the position of CBAM to enhance the model’s ability to identify occluded objects
and optimize its position in the network. Following these modifications, we conduct a
series of experiments to evaluate their effectiveness.

This paper is organized as follows. In Section 2, we introduce the structure and charac-
teristics of YOLOv11, and propose methods to improve its performance. In Section 3, we
conduct experiments and analyze the results. Section 4 summarizes this paper and makes
plans for future work.

2. Improvement of YOLOv11.

2.1. Instructions for YOLOv11. Target detection algorithms [22, 23, 24] are usual-
ly divided into two-stage. One is target detection and the other is single-stage target
detection. Representatives of two-stage target detection algorithms include Fast Region-
based Convolutional Neural Networks (R-CNN) [25], Faster R-CNN [26], and so on. The
two-stage method usually has higher accuracy, but due to the need for two-stage calcu-
lations, it is slow and then cannot meet real-time detection scenarios. Compared with
two-stage target detection, single-stage target detection simplifies the entire detection
process and directly solves the target detection task as an end-to-end problem, greatly
improving the detection speed. YOLO, the representative of the single-stage target de-
tection algorithm, predicts the position and category of the object through regression,
and can directly output the detection result after a single detection [27]. YOLOv11 is a
version of Ultralytics YOLO real-time object detector series, redefining what is possible
with state-of-the-art accuracy, speed, and efficiency. Building on the impressive evolu-
tion of its previous version YOLOs, YOLOv11l makes significant improvements to its
architecture and training methodology, making it a versatile choice for a wide range of
computer vision tasks. Figure 1 shows a schematic diagram of the network algorithm
of the YOLOv11 algorithm. The network consists of three main parts: the backbone
for feature extraction, the neck for multi-scale feature fusion, and the decoupled de-
tection head for classification and localization. The backbone adopts a lightweight C2f-
based structure with SPPF to enhance feature representation, while the FPN-PAN neck
strengthens information flow between different feature scales. Finally, the decoupled head
predicts object categories and bounding boxes. The core architecture of YOLOv11 pri-
marily consists of three innovative modules: C3K2 block, the SPFF module, and the
C2PSA block. Here, C3K2 is an enhanced version based on the Cross Stage Partial (CSP)
block, it optimizes complex feature extraction through different kernel sizes and channel
separation, and improves the model’s adaptability to objects of different scales. SPFF
is an optimized version of the Spatial Pyramid Pooling (SPP) module, which enhances
small object detection capabilities through multiscale feature fusion, especially suitable
for complex scenes. C2PSA combines channel and spatial information, introduces a multi-
head attention mechanism, optimizes feature maps, and improves the detection accuracy
of occluded objects. These improvements significantly enhance model performance while
maintaining high inference speed.
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FiGURE 1. YOLOv11 model architecture diagram

2.2. GhostConv. To enhance the real-time performance of the proposed detection mod-
el, the GhostConv [28] was introduced to reduce computational complexity while main-
taining feature representation capability. Traditional convolution operations involve high
computational costs, which limit their deployment in real-time in-car environments. Gho-
stConv generates additional feature maps through inexpensive linear operations instead
of standard convolutions, significantly reducing the number of parameters and Floating-
Point Operations (FLOPs). By integrating this module into the YOLOv11 architecture,
the model achieves faster inference speed and improved efficiency without compromising
detection accuracy. GhostConv is a convolution operation method aimed at solving the
problems of excessive parameter count and computational complexity in traditional con-
volutional neural networks, especially suitable for resource limited devices. An illustration
of the convolutional layer and the Ghost module is shown in Figure 2. All GhostConv
layers first apply standard convolutions with a kernel size of 1 x 1, stride = 1, and groups
= 1, while keeping the output feature map size unchanged. Subsequently, the resulting
feature maps are processed sequentially by cheap linear convolutions (depth-wise convo-
lutions) with a kernel size of 5 x 5, stride = 1, and groups = 7, using the SiLU activa-
tion function. A channel shuffle operation is then employed to generate “ghost” features.
The final (10th) layer is the SPPF module, which performs pooling operations with four
kernel sizes (1 x 1, 2 x 2, 3 x 3, and 6 X 6) on the input feature maps. The SPPF layer
captures objects at multiple scales while preserving high-level semantic information. This
multi-scale pooling strategy enables accurate understanding and recognition of targets
with varying sizes, where ® represents the cheap operation. Conventional convolution to
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FIGURE 2. An illustration of the convolutional layer and the Ghost module

get intrinsic feature maps is used. Then we adopt the feature map of each channel to
generate the Ghost feature map using the operation. Finally, the intrinsic feature map
obtained in the first step and the Ghost feature map obtained in the second step are
concatenated (identity connection) to obtain the final result Output. GhostConv allows
the model to simultaneously consider both virtual and actual inputs with zero padding,
thereby enhancing the robustness of the model and its robustness to feature distributions.
The Ghost module generates more feature maps through efficient operations. Based on a
set of intrinsic feature maps, we apply a series of low-cost linear transformations to gener-
ating many ghost feature maps that can fully reveal the information behind the intrinsic
features. These operations are computationally efficient and can generate a large number
of feature maps without increasing computational complexity. The intrinsic feature map
and the generated ghost feature map are connected to obtain the final output feature
map, which not only retains the key information of the original feature map, but also
increases the diversity of features through the ghost feature map.

2.3. Spatial and channel reconstruction convolution. To compensate for the slight
loss in accuracy caused by the lightweight design, the SCConv module was introduced.
SCConv enhances the model’s feature discrimination capability by reconstructing spatial
and channel information, enabling more effective extraction of key features. By integrating
SCConv into the YOLOv11 algorithm, the proposed model achieves improved detection
accuracy while maintaining real-time performance in in-car environments.

SCConv is a structure designed to improve the ability to express characteristics of
Convolutional Neural Networks (CNNs). By introducing reconstruction mechanisms in
two dimensions, space and channels, it enhances the receptive field and adaptability of
features, thereby improving the performance of the model in tasks such as object detection
and image classification [29].

The SCConv module is designed to improve the efficiency and effectiveness of convolu-
tional neural networks by introducing two core components: the Spatial Reconstruction
Unit (SRU) and the Channel Reconstruction Unit (CRU). The SRU enhances spatial
feature representations, while the CRU focuses on refining channel-wise information. By
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simultaneously addressing spatial and channel redundancies, SCConv enables the gener-
ation of more compact and informative features. The outputs from the SRU and CRU
are integrated into the original residual connection and passed to the subsequent convolu-
tional block. SCConv can be directly used as a substitute for standard convolution layers,
significantly reducing computational costs while maintaining — or even enhancing — overall
model performance. This architecture enables CNNs to produce more discriminative fea-
tures by explicitly leveraging richer contextual information. Notably, the self-calibrated
design of SCConv is simple and general-purpose, allowing it to augment standard convo-
lutional layers without introducing additional parameters or computational complexity.
The architecture of SCConv is integrated with SRU and CRU. SCConv illustrated in Fig-
ure 3 is composed of two sequentially arranged components: SRU and CRU. Specifically,
given the intermediate input features X within a bottleneck residual block, we first apply
the SRU to obtaining spatially refined features X*. These are then processed by the CRU
to produce the channel-refined output Y. The SCConv module effectively leverages both
spatial and channel-wise redundancies in the feature maps. It can be seamlessly integrat-
ed into existing CNN architectures to reduce redundancy in intermediate representations
and enhance overall feature expressiveness.
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2.4. CBAM. To further enhance feature representation, the Convolutional Block Atten-
tion Module (CBAM) [30] was integrated into the proposed model. CBAM sequentially
applies channel attention and spatial attention to refining feature maps, allowing the net-
work to focus on the most informative regions and suppress irrelevant background noise.
By adaptively weighting both channel-wise and spatial information, CBAM strengthens
the model’s ability to capture key features related to dangerous driving behaviors. This
integration effectively improves detection accuracy without significantly increasing com-
putational complexity, making it suitable for real-time in-car applications. CBAM is a
lightweight attention mechanism module designed to enhance the feature representation
capability of CNNs. It effectively focuses on the target area by jointly modeling chan-
nel attention and spatial attention, thereby improving the performance of the network.
The overview of CBAM is summarized in Figure 4. Here, the Channel Attention Module

Convolutional Block Attention Module
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Input Feature Attention Spatial Refined Feature
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F1GURE 4. The overview of CBAM
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(CAM) generates channel attention maps by exploiting the inter-channel relationships
among features. Due to each channel of the feature map being treated as a feature de-
tector, channel attention will be focused on important parts. The structure of CAM is
shown in Figure 5. Spatial Attention Module (SAM) generates a spatial attention map
by utilizing the inter-spatial relationship of features. Different from the channel attention,
SAM focuses on informative parts. A spatial attention map is generated by leveraging the
inter-spatial relationships of features. Unlike channel attention, which emphasizes what is
important, spatial attention focuses on where the informative regions are, making it com-
plementary to channel attention. Applying pooling operations along the channel axis is
effective in highlighting these informative spatial regions. The structure of SAM is shown
in Figure 6.
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2.5. Adaptive threshold focal ATFL loss. To improve the model’s detection perfor-
mance on hard samples and address the imbalance between positive and negative samples,
the Adaptive Threshold Focal Loss (ATFL) is employed. A new adaptive threshold focal
ATFL loss function decouples the target and the background, and utilizes the adaptive
mechanism to adjust the loss weight to force the model to allocate more attention to target
features [31]. This builds upon the Focal Loss (FL) by introducing a dynamic threshold
mechanism to better focus on hard samples during training.
FL is designed to handle class imbalance. The formula for FL is written by

FL(pt) = —au(1 — pi)" log(py), (1)

where p; denotes the predicted probability for the true class, oy is a balancing factor to
weigh positive and negative samples differently and (1 — p;)? is a modulation term that
emphasizes hard samples (v > 0) by reducing the loss contribution from well-classified
examples.

ATFL extends focal loss by introducing a dynamic threshold that adapts during train-
ing. This mechanism provides a more flexible way to differentiate between easy and hard
samples as the model evolves. The general form of ATFL can be expressed as

ATFL(p;, 7) = —ay (1 — pr)" log(py), (2)
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where p; = max(0, p; — 7) is the adjusted probability, with 7 being the dynamic threshold
and 7 is a threshold that is adjusted as training progresses, typically determined using a
distribution of predictions or statistical measurements.

3. Experiments and Results.

3.1. Experimental environment. The experimental environment used in this paper is
summarized as follows: Hardware configuration is that the operating system is Windows
10, 64-bit, and CPU is AMD Ryzen 5 5600X. We use NVIDIA GeForce RTX 3060 as
the GPU uses. The learning algorithm uses PyTorch 2.5.1, the programming language is
Python-3.12.8 and cuda-12.4. The entire training process is divided into 400 epochs, and
the batch size is 32.

3.2. Dataset. The dataset used in this article has 6,000 photos of driving behavior in-
car, of which 5,000 are from the Internet [32] and 1,000 are self-made datasets, which are
from vehicle monitoring. Among them, 4,000 are used as training sets, 1,000 as verification
sets, and 1,000 as test sets. Image is shown in Figure 7.

dusk night

FI1GURE 7. Image acquisition

3.3. Evaluation indicators. When evaluating YOLO object detection models, several
standard metrics are used to assess both accuracy and efficiency. Precision (P) measures
the ratio of correctly predicted positives, Recall (R) reflects the proportion of actual posi-
tives correctly detected, and mean Average Precision (mAP) provides an overall accuracy
measure. In terms of efficiency, GFLOPs indicate computational complexity, while FPS
represents real-time processing capability. Together, these metrics offer a comprehensive
evaluation algorithm for comparing different YOLO variants. The calculation formulas
for these evaluation metrics are as follows:

TP
P=———
TP + FP’ (3)
TP
R= T v (4)
™ AP,
mAP = L (5)
m
and N
FPS _ frames . (6)
total
Here,

1) True Positive (TP): the number of samples correctly detected as targets.
2) False Negative (FN): the number of real targets that were not detected.
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3) False Positive (FP): refers to the number of non-target samples that are incorrectly
predicted as targets by the model.

4) Average Precision (AP): represents the area under the Precision-Recall (P-R) curve
for a single class, reflecting the model’s detection accuracy for that specific category.

5) GFLOPs indicate the computational complexity of a model or algorithm, whereas the
number of parameters reflects the model’s size. In general, lower parameter counts
and GFLOPs correspond to reduced computational demands, making deployment
on end devices easier and lowering hardware requirements.

6) Frames Per Second (FPS): measures how many frames the model can process each
second. The larger the FPS value, the faster the model detection speed and the
better the real-time performance. Npames is total number of frames processed; Tiota
is total time (seconds).

3.4. Proposed method (YOLOv11-SGCB). The proposed YOLOv11-SGCB model
replaces the conventional convolutional modules in the backbone with GhostConv modules
to significantly reduce the model’s parameters and overall computational burden. Mean-
while, the neck network retains traditional convolutional structures to enhance multi-scale
feature fusion and maintain robust feature representation. This hybrid design strategy ef-
fectively balances accuracy and efficiency, enabling the model to sustain high detection
performance while improving computational efficiency and practical deployability. As a
result, the model becomes more lightweight and well-suited for deployment on resource-
constrained platforms, such as edge devices and embedded systems. In addition to the
lightweight GhostConv modules, the YOLOv11-SGCB model integrates the SCConv and
the Convolutional Block Attention Module (CBAM) to further enhance feature extraction
and representation. The SCConv module reconstructs spatial and channel information,
thereby improving the network’s ability to capture discriminative features and compen-
sating for the slight accuracy loss caused by model lightweighting. Meanwhile, the CBAM
module adaptively applies channel and spatial attention, allowing the model to focus on
the most informative regions while suppressing background noise. The combination of
these two mechanisms significantly strengthens multi-dimensional feature learning and
boosts detection accuracy without introducing substantial computational overhead, mak-
ing the model more effective and robust for real-time in-car dangerous driving behavior
detection.
Then the improved YOLOv11 network is summarized in Figure 8.

3.5. Result analysis. In this subsection, we present and analyze the experimental re-
sults obtained from YOLOv5s, YOLOv8n, YOLOv11, YOLOv11-GCB, and the proposed
YOLOv11-SGCB. A comprehensive comparison of these models is provided in Table 1.

Based on the experimental results presented in Table 1, the YOLOv11-SGCB achieves
the best overall performance among all evaluated models. Compared with the original
YOLOv11, YOLOv11-SGCB shows clear improvements across multiple metrics: Preci-
sion increases from 93.4% to 95.3%, Recall improves from 92.2% to 92.4%, and mAP
rises from 92.9% to 93.8%. These gains demonstrate that the integration of GhostConv,
SCConv, and CBAM significantly enhances feature representation while maintaining a
lightweight architecture. Furthermore, relative to YOLOv11-GCB, the YOLOv11-SGCB
achieves additional improvements, with Precision increasing from 94.1% to 95.3% and
mAP increasing from 93.6% to 93.8%, confirming the effectiveness of introducing SC-
Conv for spatial-channel reconstruction. Although YOLOv11-SGCB exhibits a slightly
lower FPS than YOLOv11-GCB, it still maintains high real-time performance and far
exceeds traditional models such as Faster R-CNN.
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TABLE 1. Comparison results of the proposed model and state-of-the-art models

Algorithm | GhostConv | CBAM | SCConv <§> (;‘2) “?%P G(Fl\ﬁg)P s (SIEEGS%
Faster R-CNN x x < |85.9[018] 802 | 256 | 21
YOLOVAs x x < 1005(884] 904 | 27 | 37
YOLOv&n X X X 91.2|87.4| 91.7 9.8 93
YOLOVIT < < < 034922 929 81 | 110
YOLOVII-GCB 5 s X 041918 936 52 | 140
YOLOVII-SGCB| o s o 953924938 | 5.6 | 136

Overall, the results indicate that the combined use of GhostConv, SCConv, and CBAM
provides a more expressive and robust feature extraction capability, enabling YOLOv11-
SGCB to achieve superior detection accuracy with only minimal additional computational
cost. This verifies the model’s practicality and advantages for real-time dangerous driving

behavior detection fro

m Table 1.
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YOLOv11-SGCB

FiGUuRrRE 9. Comparison of model detection results

As shown in Figure 9, the detection accuracy of the improved YOLOv11-SGCB is
slightly higher than that of YOLOv11. Figure 9 presents qualitative comparisons between
the baseline YOLOv11 model and the proposed YOLOv11-SGCB under representative
driving scenarios. As shown in the first row, YOLOv11 exhibits several issues, including
inaccurate bounding box localization and misclassification, particularly in cases involving
drinking and eating behaviors. In contrast, the proposed YOLOv11-SGCB model pro-
duces more precise bounding boxes and higher confidence scores, while correcting several
erroneous detections observed in the baseline results.

The improved performance can be attributed to the enhanced feature representation
capability introduced by the GhostConv, SCConv, and CBAM modules, which enable
the model to better focus on salient regions related to dangerous behaviors. Overall, the
qualitative results demonstrate that YOLOv11-SGCB achieves more robust and reliable
detection performance, especially in challenging in-car scenarios.

4. Conclusion. In this study, we proposed YOLOv11-SGCB, an improved detection
model for dangerous behaviors in-car. By integrating GhostConv, SCConv, and CBAM,
and employing the ATFL loss, the model achieves enhanced feature extraction, higher
detection accuracy, and faster inference compared with YOLOv11 and YOLOv11-GCB.
Experimental results demonstrate its superior performance and robustness. Future work
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will focus on expanding the dataset with more diverse driving scenarios, incorporating
additional dangerous behavior categories, and optimizing the model for real-world de-
ployment, aiming to further improve accuracy, generalization, and real-time applicability.
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