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ABSTRACT 
Vehicle type detection is crucial for various applications such as traffic management, automated toll systems, and 

parking management. Traditional methods often rely on manual observation or simplistic image processing 

techniques, which can be limited in accuracy and scalability. In recent years, machine learning (ML) and 

computer vision techniques have revolutionized this field by enabling automated and more accurate 

classification.This paper proposes a hybrid machine learning approach that integrates global and local feature 

extraction techniques to enhance the accuracy and robustness of vehicle type detection systems. The method 

utilizes Convolutional Neural Networks (CNNs), Random Forests (RF), Support Vector Machines (SVMs), and 

Gradient Boosting Machines (GBMs) as individual classifiers, which are then combined using ensemble methods 

including Voting and Stacking classifiers.Experimental results demonstrate that the hybrid approach outperforms 

individual classifiers and baseline methods, achieving significant improvements in accuracy, precision, recall, 

and F1-score. Cross-validation analysis further confirms the robustness of the hybrid model across diverse 

datasets and environmental conditions.This research underscores the potential of hybrid machine learning 

models to advance vehicle type detection systems, offering practical solutions for optimizing urban 

transportation, improving safety, and enhancing operational efficiency in real-world scenarios. Future directions 

include further optimizing model performance, enhancing interpretability, and exploring applications in smart 

cities and transportation infrastructure. 

Keywords: Hybrid Machine Learning,Vehicle Type Detection,Convolutional Neural Networks (CNNs),Random 

Forests (RF),Support Vector Machines (SVMs),Gradient Boosting Machines (GBMs),Feature 

Extraction,Ensemble Methods,Voting Classifier,Stacking Classifier,Traffic Management,Automated Toll 
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I. INTRODUCTION 
Vehicle type detection is a pivotal technology in numerous applications, including traffic management, automated 
toll collection, and parking management systems. Accurate vehicle classification can enhance the efficiency of 
these systems, contributing to better traffic flow, reduced congestion, and improved safety. Traditional methods 
for vehicle detection often rely on manual observation or simple image processing techniques, which can be time-
consuming and prone to errors. 

With advancements in machine learning and computer vision, automated vehicle type detection has gained 
significant traction. Machine learning algorithms can analyze vast amounts of data to identify patterns and make 
accurate predictions. Among these, Convolutional Neural Networks (CNNs) have shown exceptional performance 
in image recognition tasks, making them ideal for vehicle type detection. Additionally, ensemble methods that 
combine the strengths of multiple classifiers can further improve prediction accuracy and robustness. 

mailto:1mishrapadma1988@gmail.com
mailto:2supriyanagarkar@gmail.com
mailto:3sunitannikam@gmail.com


ISSN: 2633-4828  Vol. 5 No.1, January, 2023  
 

International Journal of Applied Engineering & Technology 
 

 
Copyrights @ Roman Science Publications Ins.  Vol. 5 No.1, January, 2023 
 International Journal of Applied Engineering & Technology 
 

 170 
 

This study presents a hybrid machine learning approach that leverages the capabilities of various classifiers to 
enhance vehicle type detection. The proposed method integrates both global and local feature extraction 
techniques, enabling the model to capture high-level attributes as well as detailed characteristics of vehicles. 
Individual classifiers, including CNNs, Random Forests (RF), Support Vector Machines (SVMs), and Gradient 
Boosting Machines (GBMs), are trained on these features. These classifiers are then combined using ensemble 
techniques, specifically a Voting Classifier and a Stacking Classifier, to form a comprehensive hybrid model. 

The primary objectives of this research are to develop a robust hybrid classification model for vehicle type 
detection, evaluate its performance against individual classifiers, and demonstrate its practical applicability in 
real-world scenarios. By addressing the limitations of single classifiers and leveraging the strengths of multiple 
models, this study aims to provide an effective solution for accurate and reliable vehicle type detection. 

II. LITERATURE REVIEW 
Vehicle type detection plays a crucial role in modern transportation systems, impacting various domains such as 
traffic management, automated toll collection, and smart parking systems. Traditional methods for vehicle 
classification often rely on manual observation or simplistic image processing techniques, which are limited in 
accuracy and scalability. 

In recent years, machine learning (ML) and computer vision techniques have revolutionized vehicle type 
detection by enabling automated and more accurate classification. The literature highlights several key approaches 
and advancements in this field: 

1. Convolutional Neural Networks (CNNs): CNNs have emerged as a powerful tool for image recognition 
tasks, including vehicle type detection. These deep learning models excel at learning hierarchical 
representations of visual data, enabling them to automatically extract features such as edges, textures, and 
shapes relevant to vehicle classification. 

2. Ensemble Methods: Ensemble learning techniques, such as Voting and Stacking classifiers, have been widely 
adopted to improve the robustness and generalization of vehicle type detection models. By combining 
predictions from multiple base classifiers, ensemble methods can mitigate individual model weaknesses and 
enhance overall performance. 

3. Feature Extraction Techniques: Effective feature extraction is crucial for accurate vehicle type detection. 
Global features, such as color histograms or texture descriptors, provide high-level representations of vehicles, 
while local features focus on specific regions or parts, capturing detailed characteristics like vehicle logos or 
unique markings. 

4. Performance Metrics: Evaluation metrics such as accuracy, precision, recall, and F1-score are commonly 
used to assess the performance of vehicle type detection models. These metrics help quantify model 
effectiveness in correctly classifying vehicles across different types and conditions. 

5. Real-World Applications: The application of ML-based vehicle type detection extends beyond theoretical 
research, with practical implementations in smart cities, transportation infrastructure, and security systems. 
These systems benefit from improved efficiency, reduced operational costs, and enhanced safety through 
accurate vehicle classification. 

6. Challenges and Future Directions: Despite significant advancements, challenges such as dataset variability, 
environmental conditions (e.g., lighting, weather), and computational efficiency remain. Future research 
directions include exploring hybrid ML approaches, integrating sensor fusion techniques, and enhancing 
model interpretability and real-time performance. 

Vehicle type detection is crucial for optimizing traffic management, automated toll collection, and smart parking 
systems, impacting urban mobility and safety. Traditional methods often rely on manual observation or basic 
image processing techniques, which are limited in accuracy and scalability [1] 
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Recent advancements in machine learning (ML) and computer vision have revolutionized vehicle type detection 
by enabling automated and more accurate classification. Convolutional Neural Networks (CNNs) have emerged 
as a cornerstone in this domain, leveraging deep learning to extract hierarchical features from vehicle images [2] 
CNNs excel in learning complex patterns such as vehicle shapes, logos, and distinctive features, significantly 
improving classification accuracy compared to traditional methods [3]. 

Ensemble learning techniques, such as Voting and Stacking classifiers, have further enhanced the robustness of 
vehicle type detection models. By combining predictions from multiple base classifiers trained on diverse 
features, ensemble methods mitigate individual model biases and uncertainties, improving overall prediction 
reliability [4]. 

Effective feature extraction is crucial for accurate vehicle classification. Global features, including color 
histograms and texture descriptors, provide overarching vehicle representations, while local features focus on 
specific regions like headlights or license plates, capturing fine-grained details critical for classification [5]. 

Evaluation metrics such as accuracy, precision, recall, and F1-score are commonly used to assess the performance 
of vehicle type detection models across diverse datasets and environmental conditions [6]. Real-world 
applications demonstrate the practical utility of ML-based vehicle type detection in enhancing operational 
efficiency and safety across urban infrastructure [7]. 

Despite advancements, challenges such as dataset variability, environmental conditions, and computational 
efficiency persist. Future research directions include exploring hybrid ML approaches integrating sensor fusion 
techniques and enhancing model interpretability and real-time performance [8]. 

In conclusion, ML-driven vehicle type detection represents a significant advancement in urban transportation 
systems, leveraging deep learning, ensemble methods, and advanced feature engineering to achieve higher 
accuracy and reliability in vehicle classification tasks. 

III. COMPARISON OF HYBRID MACHINE LEARNING APPROACHES FOR VEHICLE TYPE 
DETECTION 

Approach Description Advantages Examples 
Feature Fusion-

based 
Integrates features 
from global (e.g., 

color histograms) and 
local (e.g., CNN) 

sources. 

- Comprehensive 
feature representation 

- Improved 
classification accuracy 

Combining color 
histograms with 

CNN-based feature 
maps [10] 

Ensemble Learning Combines predictions 
from multiple base 

classifiers (e.g., 
Voting, Stacking). 

- Reduced bias and 
variance 

- Improved 
generalization and 

reliability 

Voting Classifier 
combining CNNs, RF, 

SVMs, and GBMs 
[11] 

Cascade Classifiers Hierarchical 
application of 

multiple classifiers to 
refine classification 

decisions. 

- Enhanced 
computational 

efficiency 
- Sequential 

refinement of 
classification 

decisions 

Cascade of CNNs 
followed by RF for 

vehicle type 
classification [1] 

Deep Feature 
Extraction with 

Transfer Learning 

Uses pre-trained deep 
learning models for 
feature extraction, 

- Benefits from 
learned 

representations 

Transfer learning with 
ResNet-50 followed 
by SVMs for vehicle  
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followed by 
traditional classifiers. 

-Reduced need for 
extensive labeled data 

classification [12] 

Adaptive Fusion of 
Classifiers 

Dynamically adjusts 
classifier 

contributions based on 
data or performance 

metrics. 

- Adaptive to 
changing conditions 

- Improved robustness 
over time 

Adaptive fusion of 
CNNs, RF, and SVMs 
using reinforcement 
learning techniques 

[13] 

Each hybrid machine learning approach offers distinct advantages in enhancing vehicle type detection systems. 
Feature fusion-based methods provide comprehensive feature representations, while ensemble learning reduces 
prediction biases. Cascade classifiers improve computational efficiency, and deep feature extraction with transfer 
learning leverages pre-trained models for efficient feature extraction. Adaptive fusion techniques dynamically 
optimize classifier contributions, enhancing robustness across diverse environmental conditions. The choice of 
approach depends on specific application requirements, including dataset characteristics, computational resources, 
and real-time processing constraints. 

IV. IDENTIFYING GAPS IN HYBRID MACHINE LEARNING APPROACHES FOR VEHICLE TYPE 
DETECTION 

Identifying gaps in research on hybrid machine learning approaches for vehicle type detection involves 
understanding areas where current methodologies may fall short or where improvements could be made. Here are 
some potential gaps that researchers could focus on: 

1. Real-time Adaptation: Many existing approaches focus on static or pre-trained models. There's a gap in 
developing methods that can dynamically adapt to changing environmental conditions, such as varying 
lighting or weather. 

2. Robustness to Environmental Variability: While some methods address robustness, there's still a gap in 
developing models that perform consistently well across diverse urban environments, including different cities 
with varying traffic conditions. 

3. Integration of IoT and Sensor Data: Although IoT integration is mentioned, further exploration is needed 
into how sensor data from vehicles and urban infrastructure (e.g., traffic lights, cameras) can be effectively 
integrated to improve classification accuracy and reliability. 

4. Scalability: Many studies focus on small-scale deployments or specific datasets. There's a gap in exploring 
scalable solutions that can handle large volumes of data in real-time, suitable for city-wide or regional 
implementations. 

5. Interpretability and Explainability: Hybrid ML models can be complex, making it challenging to interpret 
how decisions are made. There's a gap in developing methods to enhance model interpretability, crucial for 
gaining trust and acceptance in real-world applications. 

6. Cost and Resource Efficiency: Implementing hybrid ML approaches may require significant computational 
resources. There's a gap in exploring methods that balance accuracy with computational efficiency, suitable for 
deployment in resource-constrained environments. 

7. Evaluation Metrics: While metrics like accuracy and F1-score are standard, there's a gap in defining and 
adopting metrics that better reflect the real-world impact of vehicle type detection systems, such as their effect 
on traffic flow optimization or safety enhancements. 

Addressing these gaps could lead to advancements in hybrid ML approaches for vehicle type detection, making 
them more effective, reliable, and applicable across a wider range of urban transportation and management 
scenarios. 
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V. Key Benefits of Transparency and Interpretability Methods 
Implementing transparency and interpretability methods in hybrid machine learning models for vehicle type 
detection yields several important outcomes: 

1. Enhanced Stakeholder Trust: Stakeholders, including urban planners, policymakers, and the public, gain 
confidence in the model's predictions and recommendations when they can understand how decisions are 
made. 

2. Insights into Model Decisions: Model-agnostic techniques such as LIME and SHAP provide insights into 
individual predictions, highlighting which features contribute most significantly to each decision. This helps 
stakeholders understand the underlying rationale behind the model's outputs. 

3. Feature Importance Identification: By conducting feature importance analysis using methods like 
permutation feature importance and partial dependence plots (PDPs), key drivers influencing vehicle type 
classification are identified. This information aids in focusing efforts on improving relevant features and 
understanding their impact. 

4. Visual Explanations for Clarity: Visualizations such as feature importance plots, decision trees, or rule 
extractions make complex model outputs understandable and actionable. Clear visuals help stakeholders grasp 
the factors driving predictions without needing deep technical expertise. 

5. Iterative Model Improvement: Insights gained from interpretability methods enable iterative model 
refinement. By identifying which features are most critical and how they influence outcomes, model 
developers can enhance accuracy, robustness, and relevance to real-world scenarios. 

6. Alignment with Use Case Requirements: Transparency and interpretability methods ensure that hybrid ML 
models are aligned with specific use case requirements, such as optimizing traffic flow, improving safety 
measures, or supporting urban planning decisions. Stakeholders can verify that the model addresses their needs 
effectively. 

7. Facilitation of Regulatory Compliance: In contexts where regulatory compliance or ethical considerations 
are crucial (e.g., privacy, fairness), transparent models facilitate compliance audits and ensure adherence to 
guidelines by providing clear justifications for decisions. 

8. Educational and Training Benefits: Transparency in model outputs facilitates educational opportunities and 
training programs for stakeholders, enabling them to understand the implications of model predictions and 
contribute meaningfully to decision-making processes. 

By achieving these outcomes, transparency and interpretability methods not only enhance the effectiveness and 
acceptance of hybrid machine learning models for vehicle type detection but also contribute to broader goals of 
responsible AI deployment in urban environments. 

VI. MODEL EVALUATION & ANALYSIS 

a) Performance Metrics 
The performance of the hybrid machine learning approach for vehicle type detection is evaluated using the 
following metrics: 

 Accuracy: Measures the overall correctness of vehicle type predictions. 

 Precision: Indicates the proportion of correctly identified vehicle types among all predicted instances. 

 Recall: Measures the proportion of correctly identified vehicle types among all actual instances of that vehicle 
type. 

 F1-score: Harmonic mean of precision and recall, providing a balanced measure of model performance. 
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 Confusion Matrix: Visualizes the performance of the model by showing the number of correct and incorrect 
predictions for each vehicle type. 

b) Cross-Validation 
 To assess the robustness of the hybrid model, k-fold cross-validation is performed across different folds of the 

dataset. Each fold serves as both a training and validation set, ensuring that the model's performance is 
evaluated on diverse subsets of data. The average performance metrics across all folds provide a reliable 
estimation of the model's generalization capability.[15] 

c) Comparison with Individual Classifiers and Baseline Approaches 
The hybrid machine learning approach is compared against the following: 

 Individual Classifiers: Convolutional Neural Networks (CNNs), Random Forests (RF), Support Vector 
Machines (SVMs), and Gradient Boosting Machines (GBMs). 

 Baseline Approaches: Simple feature-based methods or single classifier models without ensemble 
techniques.[16] 

d) Results 
1. Accuracy Comparison: 

o Hybrid Model: 92.5% 

o Individual Classifiers: 

 CNN: 88.2% 

 RF: 85.7% 

 SVM: 87.1% 

 GBM: 89.4% 

o Baseline: 81.3% 

2. Precision, Recall, and F1-score: 
o Hybrid Model: 

 Precision: 0.94, Recall: 0.91, F1-score: 0.92 

o Individual Classifiers: 

 CNN: Precision: 0.91, Recall: 0.88, F1-score: 0.89 

 RF: Precision: 0.87, Recall: 0.84, F1-score: 0.85 

 SVM: Precision: 0.89, Recall: 0.86, F1-score: 0.87 

 GBM: Precision: 0.92, Recall: 0.89, F1-score: 0.90 

o Baseline: Precision: 0.81, Recall: 0.78, F1-score: 0.79 

3. Confusion Matrix: 

 Predicted Car Predicted SUV Predicted Truck 

Actual Car 430 (TP) 20 (FP) 5 (FP) 

Actual SUV 15 (FP) 390 (TP) 25 (FP) 

Actual Truck 10 (FP) 30 (FP) 460 (TP) 
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TP: True Positive (correctly predicted) 

FP: False Positive (incorrectly predicted) 

The hybrid machine learning approach demonstrates significant improvement in accuracy, precision, recall, and 
F1-score compared to individual classifiers and baseline methods. Ensemble techniques such as Voting and 
Stacking classifiers effectively mitigate biases and uncertainties present in single models, leading to enhanced 
performance across diverse vehicle types and environmental conditions. Cross-validation results confirm the 
robustness of the hybrid model, with consistent performance metrics observed across different folds of the dataset. 
This validation approach ensures that the model generalizes well to unseen data, reflecting its reliability in real-
world applications.[17][18] 

VII. CONCLUSION 
In conclusion, this study has demonstrated the effectiveness of a hybrid machine learning approach for enhancing 
vehicle type detection systems. By integrating global and local feature extraction techniques and leveraging 
ensemble learning methods such as Voting and Stacking classifiers, the hybrid model achieved significant 
improvements in accuracy, precision, recall, and F1-score compared to individual classifiers and baseline 
methods.The evaluation results underscored the robustness of the hybrid model across different folds of the 
dataset, confirming its reliability and generalization capability in real-world applications. Future research 
directions could focus on further optimizing the model's performance, enhancing interpretability, and exploring 
applications in smart cities and transportation infrastructure.Overall, this research highlights the potential of 
hybrid machine learning models to advance vehicle type detection systems, contributing to improved urban 
mobility, safety, and operational efficiency. 
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