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ABSTRACT: This study presents an intelligent approach to detect distracted driver by integrating a high-

tech Deep Learning (DL) model. The DL model adopted in the system is based on the Efficient Channel 

Attention (ECA) mechanism integrated with the Swin Transformer. By strengthening the capacity of the 

model to focus on essential aspects of images, the goal is to enhance the classification of driver behaviour. 

The ECA module is integrated with the Swin Transformer, which is known for its window-based multi-

head self-attention mechanism that can observe and document both local and global features. This allows 

the ECA module to dynamically modify channel weights, for the improvement of feature extraction process. 

A dataset from the 2016 State Farm Distracted Driving Detection Challenge, which is made up of 22,124 

images depicting different distracted driving behaviours, is used to test the algorithm. To maximise the 

model's performance, the images go through preprocessing, which includes scaling and data augmentation. 

The implementation's results, which were achieved using MATLAB, demonstrate notable improvements in 

classification resilience and accuracy. The model applies ECA for improved feature focus and efficiently 

manages spatial connections among images using methods such as the Adam optimiser. 
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I. INTRODUCTION 

Human-machine co-driving has grown into a major area of research in autonomous driving as a result of 

the ongoing progressions in autonomous driving technology (Zhao et al., 2021; Bu et al., 2020). The precise 

identification of driver behaviour states is especially important in this field as it highlights the cooperative 

relationship between automated systems and human drivers (Su et al., 2024). However, it is difficult to 

accomplish completely autonomous driving at L4 or L5 levels in the near future because present automotive 

intelligence levels mostly fall between L0 and L3 (Ge, 2022). Accordingly, the risk of driver attention rises 

with extended handoffs of control to automated systems (Yi et al., 2022; Lioi and Bassani, 2024). In 

complicated and dangerous driving situations, drivers still make the final decisions despite the help of 

autonomous driving, which calls for constant attention (Jo et al., 2024; Hollosi et al., 2024). As a result, 

identifying driver behaviour in situations where humans and machines co-drive is crucial to maintaining 

driving safety (Li et al., 2024; Huang et al., 2024). Manual feature extraction has been the backbone of 

traditional driver behaviour detection techniques, but it is not very flexible in complicated driving situations 

and has trouble detecting tiny behavioural changes. To cut down on resource use, He et al. (2024) applied 

the Histogram of Orientated Gradients (HOG) for feature extraction. For hand gesture identification, 

Houssem-Lahiani et al., (2018) used the HOG and Local Binary Pattern (LBP) feature extraction approach, 

which enhanced accuracy and decreased detection time. Nevertheless, these traditional methods frequently 

face some challenges with capturing delicate driver actions, especially in difficult settings, resulting in less-

than-ideal accuracy and resilience.  
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Convolutional Neural Networks (CNNs) is usually used in a wide concept for the identification of driver 

behaviour in current years because to the rapid growth of deep learning, particularly for tasks involving 

behaviour recognition from image or video data (Yang et al., 2024; Li et al., 2023; Tang et al., 2024). CNNs 

are more effective than standard human feature extraction methods for automatically learning deep features 

from the data provided. Shahverdy et al., (2020) proposed the use of two-dimensional (2D) CNNs for 

feature learning on images data generated from driving motions to assist in the automatic detection and 

classification of driver behaviour. Xing et al., (2019) employed transfer learning to enhance the 

generalisation capabilities of a pre-trained CNN model for driver behaviour recognition. Even while CNNs 

are effective at the extraction and learning of deep features and improving detection accuracy, it is still 

challenging to capture minute behavioural changes. Models based on vision transformers have attracted a 

lot of attention (Wang et al., 2023). These models, which were first developed for Natural Language 

Processing (NLP), have excellent modelling abilities for visual tasks, improving convolutional approaches 

and offering more scalability for both language and vision integration. The Swin transformer (Wu et al., 

2024), which is an improved transformer model, offers powerful local and universal feature learning 

capabilities. Sharma et al. created a model that combines Kervolution and transformer to predict how drivers 

would behave at roundabout intersections (Sharma et al., 2023). Geng et al., (2023) proposed the application 

of Dynamic-Learning Spatial-Temporal Transformer Network (DSTTN) for 2D vehicle trajectory 

prediction.  

The driver's actions often fit into a number of different categories. Both enhanced sensitivity to fine-grained 

features and strong global information processing capacities are necessary for these tasks, which necessitate 

a detailed analysis of local postures and activities (Xing et al., 2021). In driving scenarios, the driver's 

actions are often varied and subtle, involving little hand movements on the steering wheel, head rotations, 

and changes in focus. These subtle characteristics are crucial for accurately identifying driving behaviour 

(Lotz et al., 2019). Despite the fact that driver behaviour detection algorithms have greatly improved 

behaviour identification, it is still challenging to accurately identify fine-grained traits. To get over these 

limitations, the Swin transformer model in this study incorporates the Efficient Channel Attention (ECA) 

mechanism (Zhou et al., 2023). The application of ECA enhances the model's ability to gather significant 

fine-grained characteristics while preserving the advantages of the Swin transformer in global feature 

extraction (Zhang et al., 2024). Additionally, the lightweight channel attention design of ECA reduces 

processing complexity, making the model more effective, reliable and efficient for real-time driving 

scenarios. However, the primary objective of this research is to present a driver behaviour detection method 

based on the Swin transformer and the ECA attention mechanism. 

 

II. RESEARCH METHODOLOGY 

In order to enhance the Swin transformer model's feature learning capabilities and raise the precision of 

driver behaviour recognition, the ECA method was included in this work. The major function of the ECA 

module is to adjust the channel feature weights dynamically so that the model may focus more efficiently 

on feature channels that are relevant to the task. Specifically, the ECA module is first used for gathering 

global spatial information from the input features with the use of Global Average Pooling (GAP) before 

producing a channel-wise descriptor vector. A One-Dimensional (1D) convolution is applied for further 

process the vector in order to efficiently capture inter-channel interactions. The weights that are generated 

are then developed using an activation function, such as Rectified Linear Unit (ReLU) and Sigmoid. Finally, 

the ECA module performs channel-wise weighted integration by adding these weights to the original 

channel characteristics, making the relevant channels more significant while suppressing the less significant 

ones.  

By integrating the ECA module following the window-based self-attention approach, the Swin transformer 

model's feature extraction performance is further enhanced. This updated model keeps the Swin 

transformer's window-based self-attention architecture while adding the ECA module after each 

transformer block's output. This enables channel properties to be dynamically changed based on their 

importance. The enhanced model is able to focus on factors that are relevant to the job by effectively 
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capturing both local and global information through multi-scale window attention. Additionally, it continues 

to use the Swin transformer's hierarchical structure.  

 

A. DATA COLLECTION 
The dataset, which includes 22,124 images, 25 driver images, and 10 classes of distracted driving 

behaviours, which was made available by the 2016 State Farm Distracted Driving Detection Challenge and 

considers a variety of characteristics (Monota et al., 2016). The ten classes of distracted driving behaviours 

that were selected for training and testing which includes normal driving, texting with the right hand while 

driving, talking on the phone inclined with the right hand, texting with the left hand while driving, talking 

on the phone inclined with the left hand, adjusting/tuning the radio while driving, drinking water while 

driving, looking back while driving forward, adjusting glasses while driving, and talking to other people in 

different directions while driving. Data augmentation techniques were employed to expand the amount of 

the dataset after it had been first divided at random. This improved the model's ability to generalise and 

reduced overfitting during model training.  A 7:3 ratio was used to randomly separate the dataset into 

training and testing sets. Examples of the ten categories of driving habits are shown in Figure 1. 

 

 
Figure 1: Sample Images of Driving Behaviours 

(Source: https://www.kaggle.com/competitions/state-farm-distracted-driver-detection) 

 

B. DATA PREPROCESSING 
The State Farm driver dataset, which is openly accessible, is used in this experiment to preprocess the 

images. The original images are in colour and have a resolution of 640 x 480. The images take up a lot of 

memory and demand additional processing power during training because of their size. In order to minimise 

memory usage, the image size is first decreased. The original image should be resized to 224 × 224. Despite 

offering more precise information, high-resolution images need more memory and processing power, which 

might cause training to lag and result in excessive resource usage. Reducing the image size improves 

training performance, optimises memory consumption, and lowers computational expenses. Deep learning 

frequently uses the 224 × 224 image size because it balances computational efficiency with preserving the 

quality of input data.  

After that, the images are transformed into tensors so that the deep learning framework can analyse and 

compute them. When images are transformed into tensors, which accurately preserve and express the 

dimension information of height, width, and channels, models are better able to understand and control the 

spatial structure and colour information of images. Greyscale images are represented by two-dimensional 

tensors, whereas colour images are represented by three-dimensional tensors. This tensor structure enables 
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effective processing and is perfect for parallel computation. It also enables batch processing, which analyses 

several images at once to expedite the training process. Scaling the images to ensure conformity with the 

input size of the Swin transformer model further improves training performance. The dataset was expanded 

by randomly fine-tuning the brightness, contrast, and saturation of the images using the ColorJitter approach 

to simulate several lighting situations. This process led to an increase in the amount of the dataset. 

 
Figure 2: Architecture of the Swin Transformer Network 

 

 

C. THE SWIM TRANSFORMER MODEL 
The transformer model's encoder and decoder modules are designed for feature extraction (Vaswani et al., 

2017). Training time is significantly reduced by the encoder's capability for parallel processing. While the 

CNN relies on advanced layers to extract more features and realise a larger area of receptive field, the 

transformer model naturally gathers global information without the requirement for significant layer 

stacking. By using the attention mechanism, it effectively addresses the long-range dependence issue in 

Recurrent Neural Networks (RNNs). For the driving behaviour recognition task, these transformer 

advantages enable the model to efficiently gather both local and global information in images. This is 

particularly important for driver action analysis as it enables more effective cross-regional information 

collection. The Swin transformer (Li et al., 2022; Song et al., 2024) is an improved transformer model that 

successfully reduces computing cost by including a sliding window operation. The Swin transformer is 

primarily composed of a Multilayer Perceptron (MLP), a window-based multi-head self-attention layer, a 

shifting window multi-head self-attention layer, and normalisation layers (Liu et al., 2021). The network 

architecture of the Swim transformer is illustrated in Figure 2. Together, these components enhance the 

model's ability to execute on visual tasks. Specifically, the Swin transformer effectively captures local 
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information while processing high-resolution images, while the sliding window approach boosts 

computational efficiency and reduces memory cost.  

The network structure of the Swin transformer is used to handle an input image with H × W dimensions 

and three RGB channels. The image passes through Stages 1, 2, 3, and 4 in order after first passing through 

the patch partition module. During these stages, the feature map is progressively down sampled. The patch 

partition module divides the image into smaller patches so that the model can better capture local 

characteristics, which are crucial for evaluating driver motions. Stage 1 employs a linear embedding 

structure as opposed to the patch merging structure used in the following stages. The patch merging module 

handles down sampling, adjusting the number of channels, and lowering the resolution. There is a twofold 

reduction in resolution with each down sampling step. Reducing image quality and changing the number 

of channels in driver behaviour detection helps the model better focus on important areas, improving 

detection performance.  

As seen in Figure 3, the block of Swin transformer is made up of two encoder modules that are coupled in 

series. The attention methods used by these encoders vary. A Shifted Window-Based Multihead Self-

Attention Module (SW-MSA) is used in one, while a Window-based Multi-head Self-Attention Module 

(W-MSA) is used in the other. Accurate local feature extraction is essential for driving behaviour 

identification. In order to minimize the system’s computational complexity, the W-MSA module divides the 

feature map into fixed-size windows and individually carries out self-attention actions inside each window. 

This method, however, limits the flow of information between windows. The SW-MSA module, on the 

other hand, allows communication and information exchange between windows by offsetting the window 

partitions. This makes it possible for the model to record cross-window relational data, which is very useful 

for identifying intricate patterns of driver behaviour. 

 
Figure 3: Structure of Swin Transformer Block (Cui et al., 2024) 

 

Despite its notable benefits in handling high-resolution images and intricate visual tasks, the Swin 

transformer still has several drawbacks. First off, processing large-scale information might cause a 

bottleneck in CPU resources because to the Swin transformer's comparatively high computational 

complexity. Furthermore, the constant window size may restrict the model's ability to capture long-range 
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dependencies, particularly when complex interrelationships need to be recorded, even while the sliding-

window self-attention technique efficiently minimises computation. This creates further difficulties for 

model performance in jobs like driver behaviour detection, because actions entail interactions across several 

areas. LN is an operation for normalisation. MLPs stand for multi-layer perceptron blocks. To effectively 

describe both local and global elements, the shifted window approach alternates between W − MSA and 

SW − MSA layers. To address this, the integration of the ECA mechanism with the Swin transformer model 

is considered. Through dynamically modifying the attention weights across many channels, the ECA 

mechanism enhances the model's ability to concentrate on crucial information. Additionally, due of its 

lightweight channel attention architecture, which ensures little computing cost, it may provide outstanding 

classification performance in driver behaviour detection tasks.  

 

D. EFFICIENT CHANNEL ATTENTION (ECA) MECHANISM 
By enhancing the assessment of the significance of channel characteristics, the ECA mechanism is intended 

to improve the deep learning models' capacity for feature extraction and, therefore, model performance. 

ECA reduces computational complexity and inference time by avoiding the need of conventional fully 

linked layers or matrix operations through efficient computing. The model can better capture important 

characteristics by learning global feature representations and weighting channels according to local 

information. Figure 4 depicts the particular structure. 

 
Figure 4: Structure of the ECA Mechanism. 

 

The global characteristics of every channel are extracted from the input feature map using global average 

pooling, as shown in Figure 4. Inter-channel dependencies are then captured using a one-dimensional 

convolution with an adaptively chosen kernel size. A Sigmoid function is used to the convolution result in 

order to provide normalised attention weights. To improve the representation of significant features, these 

attention weights are then multiplied element-wise with the original input feature map. Based on the number 

of channels, the ECA module adaptively determines the one-dimensional convolution's kernel size. The 

formula in Equation 1 can be used to determine the kernel size (Cui et al., 2024):  

[𝑘 = |
𝑙𝑜𝑔2(𝐶)

𝛾
|
𝑜𝑑𝑑

]                  (1) 

 

where |t|odd denotes the next odd number of t, γ and b are hyperparameters, and C is the number of input 

channels. To determine the relative relevance of each channel, a 1-Dimensional (1D) convolution is 

performed to the input features. The precise computation looks like this (Cui et al., 2024): 
[𝑜𝑢𝑡 = 𝐶𝑜𝑛𝑣1𝐷𝑘(𝑖𝑛)]                              (2) 

where (in) represents the input features, out for the output features, and Conv1D for 1D convolution. 
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E. INTEGRATION OF THE SWIM TRANSFORMER MODEL WITH CHANNEL ATTENTION 
MECHANISM 

The ECA module maintains a low computational cost during training and inference since it does not reliant 

on completely linked layers. Window-based self-attention is the level at which the ECA layer is 

implemented. The ECA layer applies channel-wise attention weighting to the output features once the self-

attention process is completed, therefore dynamically adjusting the weight of each channel. To guarantee 

that the output of the attention mechanism is completely employed in later phases, the weighted output is 

then used as input for further processing. Additionally, the ECA module does fine-grained dynamic 

modification of channel information, whilst the window-based self-attention gathers local spatial 

information. This makes it possible for the model to successfully combine global channel information with 

local spatial data. The ECA module optimises the model's capacity to acquire crucial feature information 

for driver behaviour detection tasks while maintaining the Swin transformer's hierarchical structure.  

Figure 5 presents the updated Swin transformer model's structure for detecting driver behaviour. The 

following describes the specific steps involved in the driver behaviour detection model that uses the Swin 

transformer and the integrated channel attention mechanism, as shown in Figure 5: The enhancement to the 

original Swin transformer model is shown in the top portion of Figure 5. At the initial stage, the model 

receives the driver image and modifies its size to fit the input measurements. The image is then split into 

many patches using the patch partition technique. After that, a feature vector is created from each patch. 

Each patch is then subjected to a linear embedding technique, which converts the flattened patches into 

fixed-dimensional vectors. The Swin transformer model processes these vectors as inputs and uses them to 

extract features. In every step of the Swin transformer, the ECA attention mechanism is introduced after 

every Swin block. In order to improve the capacity of the model to extract features from the driver behaviour 

images and enable precise categorisation of driver behaviour images, this technique dynamically modifies 

the channel weights. 

 
Figure 4: The Complete Architecture of the Improved Swin Transformer Model for the Detection of 

Driver Behaviour 

 

The ECA module is shown in the bottom section of Figure 4 and is a component of the window self-attention 

module, which first computes self-attention in each window to extract local characteristics, then improves 

channel-wise attention and feature representation by highlighting the most important channel properties. 
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After using residual connections and normalisation procedures, the training process is stabilised, which 

results in the classification of driving behaviours. 

 

F. SYSTEM IMPLEMENTATION 
The Swin Transformer with Efficient Channel Attention (ECA) mechanism implementation for distracted 

driver classification involves a number of important MATLAB operations. The dataset is initially pre-

processed using data augmentation methods, such adjusting contrast and brightness and reducing the size 

of images to a standard size. The dataset is separated into training and testing subsets using MATLAB's 

imageDatastore and augmentedImageDatastore functions. A custom ECA layer is built to enhance feature 

representation by calculating attention weights for channel-wise refinement using sigmoid activation, 

global average pooling, and a one-dimensional convolution. Combining the ECA layer with the Swin 

Transformer blocks. which include window-based and shifting multi-head self-attention techniques 

improves feature extraction. The model architecture starts with an input layer and patch embedding. Next 

are a number of Swin Transformer blocks that are used in conjunction with ECA to learn hierarchical 

features. In the end, there are SoftMax, completely connected, and classification layers for the identification 

of distracted drivers. Training with the appropriate batch sizes, validation data, and learning rates is done 

using the Adam optimiser. Finally, the test dataset is used to evaluate the trained model's performance and 

accuracy. This approach ensures precise and effective classification by utilising MATLAB's deep learning 

and attention techniques. 

 

III. RESULTS AND DISCUSSION 

Using a hybrid deep learning model that integrated the Swin Transformer and Enhanced Channel Attention 

(ECA) processes, the distracted driver classification system was created in MATLAB. The dataset was pre-

processed by reducing images, normalising pixel values, and enriching the data in order to boost robustness. 

A split dataset (80% training, 20% validation) was used to train the model, and trial-and-error was used to 

optimise parameters including learning rate, batch size, and number of epochs. ECA improved channel-

wise feature learning, and the Swin Transformer efficiently handled spatial connections. The model 

produced encouraging results during training and validation, with important metrics indicating its reliability 

in identifying distracted driving behaviours. To guarantee robustness, ten-fold cross-validation approach 

was applied. Ten equal parts of the dataset were created, nine of which were used for training and one for 

validation. Metrics including accuracy, precision, recall, and F1-score for each fold were calculated to offer 

a comprehensive evaluation of the system's performance. Table 1 shows the results of the 10-fold validation 

as well as the average performance metrics of implementing the recommended solution. 

 

Table 1: System Validated Results 

Epochs Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

1 94.8 95.5 94.0 94.7 

2 96.2 96.8 95.8 96.3 

3 95.7 96.3 95.2 95.7 

4 96.0 96.7 95.6 96.1 

5 95.5 96.1 95.0 95.5 

6 96.1 96.9 95.7 96.3 

7 95.9 96.6 95.5 96.0 

8 95.4 96.0 94.9 95.4 

9 96.3 97.0 95.9 96.4 

10 95.8 96.5 95.2 95.8 

Average 95.8 96.5 95.2 95.8 
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Table 1 summarises the performance across all 10 folds. The average accuracy of 95.8%, precision of 

96.5%, recall of 95.2%, and F1-score of 95.8% all show consistent and high-performance characteristics 

across folds. The results confirm the robustness and reliability of the hybrid deep learning model in correctly 

classifying distracted driving behaviours. 

 

IV. CONCLUSION 

The study presents a hybrid deep learning model that combines the Efficient Channel Attention (ECA) 

mechanism with the Swin Transformer to categorise inattentive drivers. By dynamically altering the 

channel weights, the ECA module enhances the state-of-the-art vision transformer model Swin Transformer, 

allowing the model to focus on the most relevant components in the incoming images. The key components 

of the model's architecture are global average pooling, one-dimensional convolution for channel attention, 

and a window-based multi-head self-attention mechanism. Together, these elements enhance the model's 

capacity to correctly categorise driver behaviour by successfully capturing both local and global traits. The 

dataset, which was extracted from the 2016 State Farm Distracted Driving Detection Challenge, consists of 

22,124 images showing various distracted driving behaviours. The images undergo preprocessing, which 

includes data augmentation and scaling, to optimise the model's performance. The application's outcomes 

demonstrate how effectively the proposed model classifies distracted driving behaviours. The Swin 

Transformer with ECA greatly improved feature extraction and classification accuracy in comparison to 

traditional methods. The model was tuned using the Adam optimiser following training phase adjustments 

to learning rates, batch sizes, and validation data. Recall was 95.2%, accuracy was 95.8%, precision was 

96.5%, and F1-score was 95.8%, indicating consistent and strong performance metrics across folds. By 

efficiently handling spatial relationships between images and honing channel-wise characteristics using the 

ECA mechanism, the model was able to achieve high classification accuracy. The MATLAB 

implementation produced encouraging results as the model reliably identified distracted driving behaviours, 

which might be important for real-time safety applications. 
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