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ABSTRACT: This paper presents a novel approach 

to driving style recognition, aiming to address the 

challenges of accuracy, speed, and adaptability in 

existing methods. By leveraging deep learning 

techniques, including Convolutional Neural 

Networks (CNNs) and Long Short-Term Memory 

(LSTM) networks, the proposed method achieves 

remarkable results in driving style classification. 

Initially, a method is devised to collect and 

preprocess driver operation time sequences, 

considering the limitations of available data types. 

Subsequently, CNNs are employed to extract 

essential features from the driving data. 

Additionally, LSTM modules are integrated to 

encode temporal information and enhance feature 

representation. The results demonstrate a significant 

improvement in both accuracy and speed, with 

driving style recognition accuracy surpassing 93%. 

Moreover, the utilization of CNNs and LSTM 

networks ensures robust performance in real-time 

scenarios. Furthermore, an ensemble approach 

combining CNN and LSTM models further 

enhances prediction accuracy, reaching up to 99%. 

As an extension, the study proposes exploring 

additional ensemble techniques, such as CNN + 

LSTM + Bidirectional LSTM, for even greater 

accuracy. Moreover, a user-friendly front-end 

interface is developed using the Flask framework, 

facilitating user testing and authentication. Overall, 

the proposed approach offers a highly accurate, fast, 

and adaptable solution for driving style recognition, 

with promising implications for real-world 

applications. 

“Index Terms: Convolutional neural network 

(CNN), driving style classification, LSTM, neural 

network, time series data”. 

1. INTRODUCTION 

Advanced Driver Assistance Systems (ADAS) have 

revolutionized the automotive industry by 

enhancing driving comfort and safety. These 

systems offer powerful features designed to assist 

drivers in various aspects of driving, including 

collision avoidance, lane departure warning, and 

adaptive cruise control. However, despite their 

potential benefits, there are concerns regarding 

driver distrust, overreliance, and the limited ability 

of current ADAS systems to adapt to individual 

driving styles [1]. 

At its core, ADAS technology is intended to assist 

the driver rather than replace them, with the driver 

remaining the primary operator of the vehicle. 

However, the diverse behaviors and driving styles 

exhibited by different drivers pose significant 

challenges for ADAS systems, necessitating the 

personalization of vehicle systems to accommodate 

individual preferences and behaviors [1]. 
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Personalized ADAS capabilities have the potential 

to greatly improve the safety performance of 

vehicles by addressing the unique needs and 

preferences of each driver. Currently, the 

development of intelligent vehicle systems lacks the 

ability to adapt to individual driving styles, resulting 

in time-consuming and subjective parameter 

adjustments that may not fully capture the nuances 

of each driver's behavior [1]. 

In recent years, deep learning methods have been 

widely applied in various aspects of vehicle 

technology, including vehicle detection and LiDAR 

point cloud processing. However, the application of 

deep learning in processing temporal data, 

particularly in the context of driving style 

recognition, remains relatively uncommon [2][3]. 

This paper proposes a novel approach to driving 

style recognition that addresses the shortcomings of 

existing methods and leverages the capabilities of 

deep learning techniques. Specifically, the paper 

focuses on the fusion of driver operation data and 

vehicle dynamics information to establish a 

comprehensive driving style dataset [1]. 

Furthermore, the paper introduces a method for 

feature extraction using Convolutional Neural 

Networks (CNNs) to capture the operating 

characteristics of drivers. These features are then 

utilized in conjunction with Long Short-Term 

Memory (LSTM) networks for driving style 

classification, effectively leveraging the temporal 

aspects of the data to improve accuracy [1]. 

The key contributions of this paper include the 

establishment of a driving style dataset that 

incorporates both driver operation and vehicle 

dynamics information, as well as the proposal of a 

novel approach for combining CNNs and LSTM 

networks for driving style recognition. These 

contributions aim to address the challenges of driver 

distrust, overreliance on ADAS systems, and the 

need for personalized vehicle intelligence [1]. 

Overall, this paper seeks to advance the field of 

driving style recognition by providing a 

comprehensive solution that improves classification 

accuracy, adapts to individual driving behaviors, and 

enhances the overall safety and comfort of driving 

experiences. 

2. LITERATURE SURVEY 

Advanced Driver Assistance Systems (ADAS) have 

gained significant attention in recent years due to 

their potential to improve driving comfort and 

safety. However, there are challenges associated 

with driver trust, reliance on ADAS, and the need for 

personalized vehicle systems. This literature survey 

aims to review relevant studies in the field of ADAS, 

driving style recognition, and the application of deep 

learning methods in vehicle technology. 

Greenwood et al. [1] conducted a study on ADAS 

demographics, preferred sources of information, and 

the accuracy of ADAS knowledge. The research 

highlighted the importance of understanding driver 

preferences and knowledge gaps to enhance the 

effectiveness of ADAS systems. 

Cai et al. [2] proposed YOLOv4–5D, an object 

detector for autonomous driving, demonstrating its 

effectiveness and efficiency in detecting objects in 

complex driving environments. This work 

contributes to the development of robust perception 

systems for ADAS applications. 

Yin et al. [3] introduced a center-based 3D object 

detection and tracking method, which offers 

advancements in object detection accuracy and 

robustness. The proposed approach enhances the 

capabilities of ADAS systems in detecting and 

tracking objects in real-time. 
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Ishibashi et al. [4] explored indices for 

characterizing driving style and their relevance to 

car-following behavior. This research provides 

insights into the factors influencing driving 

behavior, which can inform the design of 

personalized ADAS systems. 

Orit et al. [5] developed the Multidimensional 

Driving Style Inventory (MDSI) to assess various 

dimensions of driving behavior. The validation of 

MDSI contributes to the understanding of individual 

driving styles and their implications for road safety. 

Useche et al. [6] validated the MDSI in professional 

drivers, highlighting its effectiveness in assessing 

driving behavior across different populations. This 

research underscores the importance of considering 

diverse driver profiles in the design of ADAS 

systems. 

Streiffer et al. [7] proposed DarNet, a deep learning 

solution for distracted driving detection. By 

leveraging deep learning techniques, DarNet offers 

a robust approach to detecting driver distraction, 

enhancing the safety features of ADAS systems. 

Galarza et al. [8] developed a real-time driver 

drowsiness detection system based on facial image 

analysis. This system offers a proactive approach to 

mitigating the risks associated with driver fatigue, 

improving the effectiveness of ADAS systems in 

preventing accidents. 

Overall, the literature review highlights the diverse 

approaches and methodologies employed in the 

development of ADAS systems and driving style 

recognition techniques. Deep learning methods, 

such as convolutional neural networks (CNNs) and 

long short-term memory (LSTM) networks, play a 

crucial role in advancing the capabilities of ADAS 

systems by enabling accurate perception and real-

time decision-making. Moving forward, further 

research is needed to address the challenges of driver 

trust, personalized vehicle systems, and the 

integration of advanced deep learning techniques in 

ADAS applications. 

3. METHODOLOGY 

a) Proposed work:  

The proposed work aims to enhance driving style 

classification by leveraging deep learning 

techniques, specifically CNNs and LSTM [30] 

networks. The integration of CNNs for feature 

extraction and LSTM networks for temporal 

analysis improves classification accuracy, speed, 

and adaptability to diverse driving behaviors. As an 

extension, a hybrid model combining CNN, 

Bidirectional LSTM, and LSTM [30] is employed to 

further enhance prediction robustness and accuracy. 

Additionally, a Flask-based frontend interface with 

authentication features is developed to enhance 

security and usability, expanding the project's scope 

to include advanced modeling techniques and user-

friendly application. Overall, the proposed work 

seeks to advance driving style classification methods 

by integrating state-of-the-art deep learning 

architectures and developing a user-friendly 

interface for practical implementation. 

b) System architecture: 

The system architecture encompasses a 

comprehensive pipeline for analyzing driving style 

data. Initially, the system ingests input data, which 

includes driving style metrics. Subsequently, the 

data undergoes processing and visualization to gain 

insights into patterns and trends. The dataset is split 

into a training set and a test set for model 

development and evaluation. Three different models 

are trained: Convolutional Neural Network (CNN), 

CNN combined with Long Short-Term Memory 

(LSTM), and a Voting Classifier ensemble model. 

An extension to the architecture incorporates 
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Bidirectional LSTM (BiLSTM) with CNN and 

LSTM. The trained models are then tested to assess 

their performance. Performance evaluation metrics 

are utilized to measure the effectiveness of each 

model. Finally, the system classifies driving styles 

based on the trained models. This architecture 

integrates data preprocessing, model training, 

evaluation, and classification, enabling robust 

analysis of driving behavior in a structured and 

efficient manner. 

 

Fig 1 Proposed Architecture 

c) Dataset collection:  

The dataset collection process for the CNN-LSTM 

driving style classification model involves capturing 

driver operation time series data from various 

sources such as vehicle sensors, GPS devices, 

accelerometers, and onboard diagnostic systems. 

These data sources record parameters like speed, 

acceleration, braking, steering angle, and other 

relevant metrics. Data collection may occur in 

controlled environments such as test tracks or in 

real-world driving scenarios. Additionally, 

contextual information such as road conditions, 

weather, and traffic conditions may also be logged. 

The dataset aims to encompass diverse driving 

behaviors and conditions to ensure the robustness 

and generalizability of the trained model. Data 

collection procedures adhere to privacy and ethical 

guidelines, ensuring consent and anonymization of 

sensitive information where necessary. The 

collected dataset forms the foundation for training 

and testing the CNN-LSTM classification model for 

accurately categorizing driving styles. 

 

Fig 2 DATASET  

d) Data Processing: 

In the data processing phase for the CNN-LSTM 

driving style classification model, the collected 

driver operation time series data is preprocessed 

using the pandas library in Python. Initially, the data 

is loaded into a pandas DataFrame, enabling 

efficient manipulation and analysis. Preprocessing 

steps include handling missing values, outliers, and 

normalization of features to ensure consistency and 

reliability. Time series data may be segmented into 

fixed-length sequences to facilitate input into the 

CNN-LSTM model. Feature engineering techniques 

may also be employed to extract relevant 

information, such as calculating derivatives or 

aggregating over specific time intervals. 

Additionally, categorical variables or contextual 

information may be encoded for inclusion in the 

model. The processed dataset is then split into 

training and testing sets for model development and 

evaluation. Proper data processing ensures the 

quality and suitability of input data for training a 

robust CNN-LSTM classification model capable of 

accurately predicting driving styles. 

e) Visualization: 

Visualization plays a crucial role in understanding 

the data and assessing the performance of the CNN-

LSTM driving style classification model. Using 

libraries such as Seaborn and Matplotlib in Python, 
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various visualization techniques are applied. Time 

series plots can display the trends and patterns in 

driving behavior data over time, aiding in feature 

selection and understanding temporal dynamics. 

Distribution plots help in visualizing the distribution 

of different driving style classes, ensuring class 

balance and identifying potential class imbalance 

issues. Confusion matrices visualize the 

performance of the classification model by 

displaying the true positives, true negatives, false 

positives, and false negatives for each class, 

facilitating model evaluation. Additionally, ROC 

curves and precision-recall curves provide insights 

into the model's classification performance across 

different thresholds. Visualizations provide intuitive 

interpretations of model performance and aid in 

refining the CNN-LSTM model for accurate driving 

style classification. 

f) Feature Selection: 

Feature selection is a critical step in developing a 

CNN-LSTM driving style classification model 

based on driver operation time series data. The goal 

is to identify the most relevant features that capture 

the essential characteristics of driving behavior 

while reducing dimensionality and computational 

complexity. Feature selection techniques include 

both domain knowledge-driven and data-driven 

approaches. Domain knowledge-driven methods 

involve selecting features based on prior 

understanding of driving behavior and its impact on 

driving style. Data-driven methods utilize statistical 

techniques such as correlation analysis, feature 

importance ranking algorithms, and dimensionality 

reduction methods like Principal Component 

Analysis (PCA). Time series-specific feature 

selection may involve extracting time-domain, 

frequency-domain, or time-frequency domain 

features to capture temporal patterns effectively. 

The selected features should exhibit discriminative 

power in distinguishing between different driving 

styles while minimizing redundancy and noise, 

ultimately enhancing the performance and 

interpretability of the CNN-LSTM classification 

model. 

g) Training And Testing: 

In the CNN-LSTM driving style classification 

model based on driver operation time series data, the 

dataset is typically divided into training and testing 

sets, with a common split ratio such as 80% for 

training and 20% for testing. This split ensures that 

the model is trained on a sufficiently large portion of 

the data while retaining a separate portion for 

evaluation. During training, the model learns the 

underlying patterns and features present in the 

training data. The testing set, which is kept separate 

from the training data, is used to evaluate the model's 

performance on unseen data. By measuring the 

model's accuracy, precision, recall, and other 

performance metrics on the testing set, it's possible 

to assess how well the model generalizes to new 

driving behavior instances. This split ratio balances 

the need for model training with the requirement for 

robust evaluation, ensuring the model's 

effectiveness in real-world driving style 

classification tasks. 

h) Algorithms: 

CNN: CNN [32], or Convolutional Neural Network, 

is a deep learning architecture designed for 

processing structured grid-like data such as images. 

It comprises multiple layers including 

convolutional, pooling, and fully connected layers. 

In the project, CNNs are utilized to extract 

hierarchical features from driver operation time 

series data, capturing spatial and temporal patterns. 

These patterns are crucial for discerning different 

driving styles. CNNs [32] excel at feature extraction 

and are adept at learning intricate patterns, making 
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them suitable for classifying driving behavior based 

on the input data's sequential nature. Through 

training, CNNs [32] can learn to distinguish between 

various driving styles with high accuracy. 

CNN + LSTM: CNN + LSTM [32] is a hybrid 

neural network architecture that combines 

Convolutional Neural Networks (CNNs) and Long 

Short-Term Memory (LSTM) [32] networks. CNNs 

are adept at capturing spatial features, while LSTMs 

excel at modeling temporal dependencies in 

sequential data. In the project, this combination is 

employed to effectively capture both spatial and 

temporal patterns present in driver operation time 

series data. The CNN extracts spatial features from 

the input data, which are then fed into the LSTM to 

model the temporal dynamics of driving behavior. 

This hybrid architecture enhances the model's ability 

to classify driving styles accurately by leveraging 

both spatial and temporal information 

simultaneously. 

CNN + LSTM + Bidirectional LSTM: CNN + 

LSTM + Bidirectional LSTM is an advanced neural 

network architecture combining Convolutional 

Neural Networks (CNNs), [32] Long Short-Term 

Memory (LSTM), and Bidirectional LSTM layers. 

CNNs capture spatial features, while LSTMs [32] 

model temporal dependencies. Bidirectional LSTMs 

enhance temporal modeling by processing 

sequences in both forward and backward directions. 

In the project, this architecture is employed to 

effectively capture spatial and temporal patterns in 

driver operation time series data. The CNN [32] 

extracts spatial features, which are then fed into both 

LSTM and Bidirectional LSTM layers to capture 

sequential information bidirectionally. This 

comprehensive approach improves the model's 

ability to classify driving styles accurately by 

leveraging spatial, temporal, and bidirectional 

context simultaneously. 

Voting Classifier: A Voting Classifier is an 

ensemble learning method that combines the 

predictions of multiple individual classifiers to make 

a final prediction. In the project, a Voting Classifier 

is utilized to aggregate the outputs of various 

models, such as CNN, LSTM, and CNN + LSTM, 

[32] to enhance overall classification accuracy. Each 

base classifier may have different strengths and 

weaknesses, and by combining their predictions, the 

Voting Classifier aims to achieve better performance 

than any single classifier alone. This approach 

leverages the diversity of models to effectively 

capture different aspects of driving behavior, 

leading to improved classification results for 

identifying driving styles. 

4. EXPERIMENTAL RESULTS 

Accuracy: The accuracy of a test is its ability to 

differentiate the patient and healthy cases correctly. 

To estimate the accuracy of a test, we should 

calculate the proportion of true positive and true 

negative in all evaluated cases. Mathematically, this 

can be stated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN
(1) 

F1-Score: F1 score is a machine learning evaluation 

metric that measures a model's accuracy. It 

combines the precision and recall scores of a model. 

The accuracy metric computes how many times a 

model made a correct prediction across the entire 

dataset. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 X 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
∗ 100(2) 

Recall: Recall is a metric in machine learning that 

measures the ability of a model to identify all 

relevant instances of a particular class. It is the ratio 

of correctly predicted positive observations to the 

total actual positives, providing insights into a 
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model's completeness in capturing instances of a 

given class. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP +  FN
(3) 

Precision: Precision evaluates the fraction of 

correctly classified instances or samples among the 

ones classified as positives. Thus, the formula to 

calculate the precision is given by: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positive

True Positive + False Positive
(4) 

Table (1) evaluate the performance metrics—

Accuracy, precision, recall, F1 - Score—for each 

algorithm. Across all metrics, the Voting Classifier 

consistently outperforms all other algorithms. The 

tables also offer a comparative analysis of the 

metrics for the other algorithms. 

Table.1 Performance Evaluation Table 

ML Model Accuracy f1_score Recall Precision 

CNN 0.978 0.978 0.978 0.978 

Propose CNN + LSTM 0.979 0.979 0.979 0.981 

Extension CNN + LSTM + Bidirectional LSTM 0.999 0.999 0.999 0.999 

Voting Classifier 1.000 1.000 1.000 1.000 

Graph.1 Comparison Graph 

 

Accuracy is represented in blue, f1-Score in red, 

recall in green and precision in purple Graph (1). In 

comparison to the other models, the Voting 

Classifier shows superior performance across all 

metrics, achieving the highest values. The graphs 

above visually illustrate these findings. 

 

Fig 3 Home page  
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Fig 4 Sign up  

 

Fig 5 Sign in  

 

Fig 6 upload input data 

 

Fig 7 predicted result  

 

Fig 8 upload input data 

 

Fig 9 predicted result  

 

Fig 10 upload input data 

 

Fig 11 predicted result  

5. CONCLUSION 
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In conclusion, the project successfully demonstrated 

the effectiveness of advanced algorithms, 

specifically CNN and CNN + LSTM models, in 

accurately classifying driving styles from temporal 

data. The integration of a Voting Classifier further 

enhanced performance by leveraging predictions 

from multiple base classifiers, rigorously tested to 

ensure accurate frontend predictions based on user 

inputs. These models offer promising opportunities 

for vehicles to adapt to diverse driving behaviors, 

ultimately improving safety and comfort for 

passengers through a personalized driving 

experience. Rigorous evaluation using metrics like 

Accuracy, Precision, Recall, and F1-Score instilled 

confidence in the reliability and effectiveness of the 

models. Integration with Flask and SQLite 

facilitated user-friendly interaction, allowing for 

input on driving behaviors and real-time feedback 

on driving style classification. Overall, the project 

lays a solid foundation for advancing intelligent 

vehicle systems, suggesting potential for further 

research in optimizing model performance for 

enhanced vehicle safety and driving experience. 

6. FUTURE SCOPE 

The future scope for the CNN-LSTM driving style 

classification model based on driver operation time 

series data encompasses a wide range of aspects 

related to driving behavior. Features may include 

temporal patterns such as acceleration, braking, 

steering angle, velocity, and their derivatives over 

time. Additionally, contextual features such as road 

type, weather conditions, time of day, and traffic 

density can provide valuable information for 

characterizing driving styles. Time series-specific 

features such as frequency-domain transformations, 

autocorrelation functions, and statistical moments 

may also be considered to capture nuanced 

variations in driving behavior. Furthermore, 

interaction features between different variables can 

be explored to uncover complex relationships. The 

feature scope aims to comprehensively represent the 

diverse aspects of driving behavior, enabling the 

CNN-LSTM model to effectively learn and classify 

different driving styles with high accuracy and 

granularity. 
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