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Abstract 

Understanding driver behavior is crucial for ensuring safe and seamless takeovers in conditional automation, 
particularly in Society of Automotive Engineers’ Level 3, where human drivers must be prepared to resume control 
upon system request in specific scenarios. This research proposes a framework to classify driving types and enhance 
the takeover experience in autonomous vehicles (AVs). Using realistic data from driver monitoring systems, vehicle 
dynamics, and environmental context within a Virtual Reality driving simulator, the framework classifies response 
patterns through advanced hybrid deep learning models (i.e. CNN-Transformer, CNN-FFNN, CNN-LSTM, and CNN-
GRU). Key metrics such as reaction time, gaze, and hand movement are used to categorize drivers into profiles (i.e.., 
normal, cautious, erratic, and aggressive). Experimental validation in CARLA simulations achieves high classification 
accuracy (99%) and demonstrates the framework’s potential to advance personalized and adaptive takeover in AVs. 
This study contributes to a more intuitive human-vehicle interactions, supporting the integration of autonomy. 
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1. Introduction
The evolution of automated driving systems (ADS) is transforming transportation by introducing vehicles with varying 
levels of autonomy [1]. The Society of Automotive Engineers (SAE) defined six levels of autonomy, starting from 
Level 0, where drivers perform all tasks, to Level 5, with full autonomy in all conditions [2]. Level 3 autonomy enables 
vehicles to handle most driving tasks, facilitating engagement in non-driving-related tasks (NDRTs) until a takeover 
request (TOR) is issued in high-risk situations [2]. These systems rely on drivers' ability to transition from passive 
observation to active control, a process impacted by situational awareness, system design, and most importantly 
driving behavior. 

Understanding driver behavior during control transitions has become a critical focus in ADS. Takeover scenarios 
require robust understanding of divers’ dynamic behaviors to tailor system responsiveness based on drivers’ needs [3]. 
Prior studies explored the importance of TOR design, NDRTs, and driver trust in predicting readiness and improving 
performance [4,5]. Takeovers can be impacted by TOR design, NDRTs, and driver driving behavior. For example, 
prior research have indicated that auditory TORs are more effective than visual-auditory combinations, enhancing 
safety by improving reaction times and maintaining driver focus [4]. NDRT modality also plays a critical role; visually 
demanding tasks impair road attention, whereas auditory tasks support better situational awareness [5]. Trust 
calibration further impacts takeover performance, as drivers with higher trust in adaptive systems exhibited fewer 
takeovers and preferred aggressive driving styles under certain conditions [6]. Additionally, situational factors such as 
lane positioning and traffic density affect takeover quality, with cases of utilizing gaze data and traffic contexts to 
improve human-machine interface designs [7-10].  

Furthermore, human-machine interface (HMI) feedback plays a crucial role in facilitating safe transitions, often 
proving more effective than prolonged driver monitoring alone [11]. Conceptual frameworks such as "takeover 
behavior mode" provide a structured approach to understanding key stages in transitions, such as situational awareness 
and decision-making [12]. These 2023 [13] and 2024 [14] studies have conducted thorough surveys on driver behavior 
classification and factors impacting design driver takeover request in real-world, respectively. Together, these findings 
highlight the necessity of integrating human factors, adaptive systems, and computational tools to enhance safety and 
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driver engagement in Level 3 AVs. Notably, these insights emphasize the value of classifying driving types in enabling 
tailored TOR designs and HMI strategies based on individuals’ behaviors. By aligning takeover mechanisms with 
driver profiles, AV systems can deliver personalized interventions, optimizing response effectiveness and fostering 
safer, more intuitive human-vehicle interactions [15]. To the best of our knowledge, the literature lacks highly accurate 
models for classifying driver behavior based on a comprehensive set of factors, including eye-tracking data, driver-
vehicle interaction data, environmental interactions, vehicle dynamics, and environmental conditions. To address that, 
this study introduces a comprehensive framework for classifying driver behaviors built upon an immersive driving 
simulator. Unlike previous approaches that isolate factors or use limited datasets, this framework integrates data from 
driver monitoring systems, vehicle dynamics, and environmental contexts to holistically analyze response patterns, 
offering new insights into takeover safety and human-vehicle interaction.

2. Methodology 
Our proposed framework (Figure 1) for driver behavior classification begins with data acquisition, followed by 
comprehensive data processing steps such as cleaning, scaling, imputing, feature extraction, labeling, and one-hot 
encoding of labels. Hybrid deep learning architectures built upon Convolutional Neural Networks (CNN) [16], Long 
Short-Term Memory (LSTM) networks [17], Feed-Forward Neural Networks (FFNN) [18], Gated Recurrent Units 
(GRU) [19], and Transformers [20] are employed for classification. Model performance is rigorously evaluated using 
accuracy, precision, and recall metrics, ensuring a robust analysis.

Figure 1: (a) the proposed framework and (b) the developed immersive driving simulator 

2.1. Data Acquisition and Processing
Data acquisition is conducted using an immersive driving simulator that integrates the CARLA simulator (version 
0.9.13) for autonomous driving [21] with the DReyeVR platform [22] for VR and real-time eye-tracking. The system 
employs an HTC VIVE Pro Eye for immersive VR experiences and accurate eye tracking, a steering wheel and pedals 
for driving and control, and a Dell Precision 5820 workstation powered by an Intel Core i9-10900X processor (3.7 
GHz) for computation. Unreal Engine [23] drives the simulation, providing realistic 3D environments, advanced 
physics, and customizable scenarios that replicate real-world driving conditions, including traffic lights, weather, 
pedestrians, and surrounding vehicles. Vehicles feature 3D mesh modeling, AI control, and VR-enabled interactions, 
with data acquisition monitored via the drivers’ view and controlled through ROS/Python APIs for precision.

The dataset includes key metrics such as eye-tracking data (gaze direction, origin, and validity) to assess visual 
attention, interaction data like collision, distance, and hit point coordinates to measure environmental interactions, and 
uses timestamps for synchronizing sensor inputs. It also captures vehicle dynamics, including velocity, throttle, 
steering, brake, vehicle location, and rotation data (P, Y, R). Additional metrics, such as turn signals, handbrake status, 
and reverse mode, further contextualize vehicle interactions, while environmental factors such as weather and traffic 
density offer environmental insights. 

Once data collection is complete, processing steps such as cleaning, normalizing, and imputation via linear 
interpolation, backward filling, and forward filling are applied. Normalization ensures compatibility across features 
with varying scales. Next, feature engineering is performed to define eleven additional features, each designed to 
capture key aspects of drivers’ behaviors and vehicle dynamics. These features include velocity change (t) (i.e., the 
change in vehicle velocity between consecutive time steps, measured as ), steering rate 
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change (t) (i.e., the change in the steering angle between consecutive time steps, measured as _
_ ), throttle brake interaction (t) (i.e., the difference between throttle and brake inputs at a given 

time step, defined as ), gaze shift rates (X, Y, Z) (i.e., the change in gaze direction along the X, 
Y, and Z axes between consecutive time steps, expressed as _  ( , , )

_  ( , , )),  proximity change (i.e., the change in proximity to collision points or surrounding 
objects, calculated as ), rolling averages over fixed windows for a more refined 
understanding of driver behavior in velocity ( ), steering ( _ ), throttle 

( ), and brake ( ). These derived features enhance the dataset by capturing 
dynamic and temporal patterns in drivers’ behaviors, vehicle dynamics, and gaze activity. 

K-means clustering with Dynamic Time Warping (DTW) is a robust technique for grouping time-series data based on 
temporal patterns [8]. Unlike traditional k-means, which employs Euclidean distance, this approach utilizes DTW to 
non-linearly align sequences, effectively capturing variations in timing and length [8]. Cluster centers, or time-series 
prototypes, are iteratively updated by averaging aligned sequences under the DTW metric, enabling the discovery of 
complex temporal dynamics. This method is widely used for labeling time-series data in domains such as activity 
recognition, speech processing, and driving behavior analysis, where precise temporal alignment is critical. Here, 
labels such as normal (moderate control inputs and stable gaze), cautious (lower speeds and high attentiveness), erratic 
(quicker decisions with sharper control inputs), and aggressive (rapid, extreme inputs with frequent gaze shifts) are 
assigned to different driving behaviors, which are subsequently transformed using one-hot encoding to facilitate multi-
class classification.

2.2. Model Training and Evaluation
The dataset is partitioned into training (80%), validation (10%), and testing (10%) subsets. To classify driving types, 
we implement four hybrid learning architectures—CNN-FFNN, CNN-LSTM, CNN-GRU, and CNN-Transformer—
chosen for their capabilities in effectively capturing both spatial and temporal patterns in time-series data. The CNN 
layers serve as feature extractors, through multiple Conv1D layers with ReLU activation and pooling layers to identify 
spatial patterns while reducing dimensionality. The CNN layers produce high-level feature representations, while the 
subsequent layers adapt to specific classification tasks. The classification components of each model are tailored to 
specific temporal modeling requirements. The LSTM layers capture long- and short-term dependencies in sequential 
data, the FFNN architecture employs two fully connected hidden layers, the GRU model efficiently captures temporal 
patterns while optimizing computational costs, and the Transformer architecture leverages self-attention mechanisms 
to model long-range dependencies and intricate relationships within the data. These hybrid architectures are designed 
to handle the temporal complexity inherent in driving behavior datasets. Model performance is rigorously evaluated 
using accuracy, precision, recall, and F1-score metrics, alongside an analysis of confusion matrices to identify 
misclassification trends and enhance prediction accuracy.

3. Results and Discussion
The dataset contains 44,787 data points, made of 11 driving rounds totaling 2240 frames of recording simulation. Each 
session is approximately 50 minutes and involving 70 autonomous vehicles under clear night weather, generating 
synchronized multimodal data. Figure 2 illustrates some insights into our dataset. 

Figure 2: Distribution of (a) throttle, (b) proximity to collision point, and (c) velocity over time
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The throttle plot (Figure 2.a) displays dispersion in throttle inputs across the first 1000 timestamps, demonstrating
how drivers adjust acceleration. The proximity to collision distribution (Figure 2.b) indicates that most interactions 
occur at shorter distances, with fewer instances at greater proximities, emphasizing frequent close-range interactions 
in dynamic traffic conditions. The vehicle velocity distribution plot (Figure 2.c) demonstrates that most vehicles 
operate at lower speeds, with a gradual decline as velocity increases, reflecting typical driving behaviors in controlled 
simulation scenarios. The dataset goes through processing steps including cleaning, scaling, imputation, and feature 
engineering. These steps are followed by labeling which is implemented via K-means clustering with DTW ( 
demonstrated in Figure 3). 

Figure 3: Distribution of (a) throttle, (b) proximity to collision point, and (c) velocity over time

Figure 3 visualizes the DTW alignment between a selected sample timeseries and each cluster center. In each plot
(i.e., 3.a to 3.d) the blue line represents the sample timeseries, while the orange line represents the cluster center (the 
"average" time series of that cluster). The gray dashed lines show the warping path, illustrating how individual points 
in the sample time series are aligned with points in the cluster center. These alignments account for differences in 
timing or phase shifts between the two timeseries. Timeseries closest to each cluster center, take the label of that 
cluster. Once the dataset is labeled and coded, the data is used for training four hybrid models— CNN-LSTM, CNN-
FFNN, CNN-GRU, and CNN-Transformer —to classify driver’s type based on their driving behavior extracted from 
the driving simulation data. Figure 3 displays the training and validation accuracy trends of these four models. 

Figure 4: training and validation accuracy for classification models

Figure 4 illustrates the training and validation accuracy of the models, highlighting their strong performance and 
generalization capabilities. The high training accuracy demonstrates the models' ability to effectively fit the training 
data, while the slightly lower but still high validation accuracy reflects robust performance on unseen data. All models 
exhibit a significant initial increase in training and validation accuracy within the first few epochs, indicating effective 
learning from the data. Throughout the training process, the models maintain consistently high accuracy values with 
minimal divergence between training and validation accuracy, signifying good generalization. This strong 
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performance is further corroborated by a weighted accuracy of 99% across all models. In terms of overall precision, 
the CNN-Transformer outperforms other models, while achieving comparable recall performance. Figure 5 further 
breaks down the models' classification performance for each driving type (cautious, normal, erratic, and aggressive) 
across precision, recall, and F1-score metrics. These results collectively demonstrate the efficacy of the models in 
accurately and reliably classifying driver behavior. 

Figure 5: Performance of each model in classifying the four driving types: a. precision, b. recall, and c. F1-Score

As shown in Figure 5, all models demonstrate strong performance in classifying the four driving types (cautious, 
normal, erratic, and aggressive). In terms of precision (Figure 5a), the CNN-Transformer achieves the highest scores 
for normal, erratic, and aggressive drivers but is outperformed by CNN-GRU for cautious drivers. Conversely, in 
terms of recall (Figure 5b), the CNN-Transformer excels in identifying cautious, normal, and aggressive drivers, while 
CNN-GRU performs best for erratic drivers. In driver-type classification, both precision and recall are critical metrics, 
though the relative importance depends on the application and the consequences of misclassification. Recall is often 
prioritized in safety-critical contexts, such as autonomous vehicle systems or driver behavior monitoring, where 
identifying all instances of risky behaviors (e.g., erratic or aggressive driving) is essential to prevent accidents and 
ensure safety. High recall minimizes false negatives, reducing the likelihood of overlooking hazardous behaviors. 
However, low precision—resulting in frequent false alarms, such as misclassifying normal or cautious driving as 
aggressive—can diminish system reliability and user trust. Considering the F1 scores (Figure 5c), which balance 
precision and recall, the CNN-Transformer leads in the classification of cautious, normal, and aggressive drivers, 
while the CNN-FFNN achieves the best performance for identifying erratic drivers. These results highlight the CNN-
Transformer's robustness in complex driving patterns and the potential trade-offs across metrics for driving behaviors.

4. Conclusion 
This study presents a comprehensive framework for classifying driver behavior in Level 3 AVs, utilizing data collected 
from an immersive VR-based driving simulator developed as part of this research. The framework encompasses three 
critical phases: (1) data acquisition, (2) data processing, including feature engineering and labeling, and (3) model 
training and evaluation. Hybrid deep learning models—CNN-FFNN, CNN-LSTM, CNN-GRU, and CNN-
Transformer—are employed to classify driver behaviors into profiles such as normal, cautious, erratic, and aggressive. 
Among these, the CNN-Transformer model demonstrates exceptional performance across all profiles, achieving high 
precision, recall, F1-scores, and accuracy, highlighting its suitability for adaptive takeover systems. By incorporating 
dynamic, temporal, and gaze-based features, this framework lays the groundwork for personalized, context-aware 
human-machine interfaces, enhancing safety and efficiency during takeover scenarios. Additionally, the development 
of the VR driving simulator provided a highly controlled and flexible environment to study driver behavior under 
diverse conditions, enabling precise data collection and scenario customization. Future work could expand the 
framework's generalizability by incorporating more varied simulation scenarios, such as diverse traffic conditions, 
weather variations, and road types. Investigating the evolution of driver behavior over time and across different 
contexts could further inform the design of adaptive systems tailored to broader user needs, advancing the safety and 
adaptability of autonomous vehicles.
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