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Abstract: The rapid growth of vehicles in Bangladesh has exacerbated traffic congestion, safety concerns, and 

administrative difficulties, creating an urgent need for Intelligent Transportation Systems (ITS). However, existing global 

datasets poorly represent Bangladeshi vehicles, and no region-specific detection models are currently available. To 

address this gap, this research constructs a balanced augmented dataset combining two public repositories, yielding 

images across ten vehicle classes. A harmonized dataset of manually verified images was split prior to augmentation, 

expanding the training set to 24,696 samples. Five deep Convolutional Neural Network architectures are then evaluated 

using transfer learning and extensive augmentation, and a convex ensemble of three selected models with optimized 

weights is developed to enhance robustness. The single ConvNeXt model achieves 98.980% ± 0.198% accuracy, while 

the ensemble attains 98.991% ± 0.156% accuracy. Statistical testing confirms the significance of these results; the 

ensemble effectively reduces misclassifications between visually similar categories. Overall, the proposed system 

provides a dependable platform for transportation applications in Bangladesh. Future work will address current limitations 

in static image and category scope through video-based analysis and lightweight deployment strategies. 

 

Index Terms: Convolutional Neural Networks, Deep Learning, Vehicle Recognition, Image Recognition, Intelligent 

Transportation Systems, Ensemble Learning, Transfer Learning 
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1. Introduction 

Daily commuting and transportation of goods are predominantly road-dependent worldwide. However, the rapid 

proliferation of vehicles, particularly in developing countries such as Bangladesh, poses significant challenges concerning 

traffic management, congestion, and security. Annually, approximately 1.19 million fatalities and between 20 and 50 

million injuries occur due to road traffic accidents globally, with 92% of these deaths occurring in low- and middle-

income countries [1]. Road traffic injuries remain the leading cause of death among people aged 5–29 years. Bangladesh 

experiences disproportionately high accident and fatality rates, exacerbated by inadequate traffic control infrastructure, 

suboptimal driver attention, and rapid urbanization. With cumulative vehicle registrations reaching approximately 6.5 

million by the end of 2024 — more than 6.2 million by 2023 alone, according to the Bangladesh Road Transport Authority 

(BRTA) — the urgent need for efficient and intelligent transportation solutions is evident. 

Vehicle detection and classification constitute essential components of Intelligent Transportation Systems (ITS), 

facilitating automated traffic surveillance, congestion management, toll collection, and law enforcement. Traditional 

computer vision approaches face challenges from real-world variations in lighting, occlusion, and weather conditions. 

However, deep learning methods, particularly Convolutional Neural Networks (CNNs), have demonstrated notable 

improvements in detection accuracy [15, 16]. Nevertheless, most existing databases inadequately represent the unique 

vehicle composition in Bangladesh, limiting the potential applicability of pre-trained models. 

1.1. Contributions 

This research addresses the identified gaps through the following four key contributions: 

 

1. Comprehensive Dataset Construction: We construct a balanced, augmented dataset that combines Sorokh-

Poth and Poribohon-BD and includes fine-grained annotations for 10 indigenous Bangladeshi vehicle classes. 

[25, 26, 27] 

2. Systematic Model Comparison and Adaptation: We conduct a comprehensive comparative evaluation of five 

state-of-the-art CNN architectures—ResNet50V2 [16], VGG-19 [24], ConvNeXt [23], EfficientNetV2L [22], 

and YOLOv12 [21]—on the constructed dataset 

3. Mathematically Formulated Ensemble Strategy: We develop and validate a convex-combination ensemble 

with an explicit mathematical formulation and statistical significance testing. 

4. Practical Engineering Deployment Value: We demonstrate the system’s robust performance across diverse 

environmental conditions, providing a practical framework for ITS implementation in Bangladesh 

2. Problem Statement and Literature Review 

2.1. Problem Statement 

The rapid increase in vehicle numbers in Bangladesh has intensified traffic congestion, accidents, and operational 

challenges, necessitating the use of ITS for automated supervision. Accurate vehicle recognition and classification are 

critical components of such systems. However, the performance of deep learning models is constrained by three primary 

challenges: 

1. Absence of Region-Specific Datasets: No publicly available dataset accurately represents unique vehicle types 

prevalent on Bangladeshi roads.  

2. Poor Generalization: State-of-the-art models pre-trained on Western datasets exhibit significant performance 

degradation when applied to local contexts.  

3. Lack of Systematic Comparative Studies: No comprehensive comparative study of Bangladeshi vehicle 

classification exists, comparing modern architectures with established models. 

2.2. Literature Review 

Early vehicle detection methods relied on traditional computer vision approaches, using Gaussian Mixture Models 

(GMM) and hand-engineered feature extraction techniques such as SIFT and HOG [17]. However, these methods 

demonstrated limited efficacy under varying lighting conditions, occlusions, and adverse weather conditions, as they 

lacked the capacity to learn robust hierarchical representations from raw image data. 

The advent of deep learning revolutionized vehicle detection and classification. [15] demonstrated the superior 

feature-learning capabilities of CNNs on the ImageNet dataset, establishing deep learning as a powerful alternative to 

hand-crafted features. [16] introduced residual connections that enable deeper network training, which have become a 

cornerstone of modern vehicle detection architectures by mitigating the vanishing gradient problem. 

A comprehensive survey of Faster R-CNN and YOLO-based vehicle detection was conducted [3], highlighting the 

trade-offs between detection accuracy and inference speed. [2] demonstrated the effectiveness of YOLOv8 for automatic 

object detection in behavioral research. [4] improved YOLOv5s by incorporating Ghost modules for faster inference 

without compromising accuracy. [5] optimized Faster R-CNN for edge devices, enabling real-time detection on resource-
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constrained hardware. [6] enhanced SPP-NET to improve robustness against extreme weather conditions, addressing the 

challenge of adverse environmental factors. 

For Bangladeshi vehicle classification, YOLOv7 with transfer learning was utilized [7], achieving promising results 

on a custom dataset. YOLOv8 was applied to the Poribohon-BD dataset, achieving 91.3% mAP [8]. Comprehensive 

research using deep CNNs with transfer learning was conducted [18], providing valuable benchmarks for Bangladeshi 

vehicle classification. 

For lightweight models, YOLOv5s was improved through Ghost modules [9], reducing computational requirements 

for deployment. Faster R-CNN was implemented on NVIDIA Jetson TK1 for real-time applications [10], demonstrating 

the feasibility of edge-based vehicle detection. 

Beyond vision-based detection, SirenNet was proposed for acoustic detection of emergency vehicles using CNNs 

[11]. YOLOv4 was combined with Deep SORT for vehicle counting [12], integrating detection with tracking for 

comprehensive traffic analysis. Background subtraction with invariant moments was utilized for vehicle detection [13], 

while motion and color cues were employed for vehicle tracking [14]. 

Deep learning was also explored for traffic data mining [19] and applied to Bangla news classification [20], 

demonstrating the versatility of deep learning approaches across domains. 

While these studies demonstrate the potential of deep learning for vehicle classification, several limitations persist. 

First, most studies rely on datasets collected from Western traffic scenes, which do not capture the unique vehicle 

composition of South Asian countries like Bangladesh, where vehicle types such as CNG auto-rickshaws, easy-bikes, and 

legunas are prevalent. Second, the comparative analysis of modern architectures such as ConvNeXt and EfficientNetV2L 

against established models like ResNet and VGG remains limited in the context of region-specific vehicle classification. 

Third, ensemble strategies are often applied without rigorous mathematical formulation and statistical validation, making 

it difficult to assess their true effectiveness. 

These gaps motivate the present study, which addresses dataset scarcity through the construction of a balanced, 

region-specific Bangladeshi vehicle dataset; provides systematic model comparison across both established and modern 

CNN architectures; and introduces a mathematically formulated convex ensemble strategy with statistical significance 

testing. This comprehensive approach aims to establish a dependable framework for vehicle classification in the 

challenging road conditions of Bangladesh. 

3. Methodology 

3.1. Overview 

This section describes the design and implementation of the proposed automated vehicle classification system. 

 

 

Fig. 1. Proposed Methodology flowchart 

3.2. Dataset Collection and Preprocessing 

We utilize two vehicle classification datasets: Sorokh-Poth [25] and Poribohon-BD [26, 27]. Sorokh-Poth contains 

9,809 annotated images across ten categories, while Poribohon-BD contains 9,058 images across 15 categories. For 

consistency, we select ten common classes: bicycle, bike, bus, car, CNG, easy-bike, Laguna, rickshaw, truck, and van. 

To address class imbalance and enhance generalization, we applied augmentation operations [28], including random 

horizontal flipping, rotation, scaling, brightness adjustment, and cropping. After augmentation, each category contains 

approximately 3,520 images, totaling 35,320 images. The dataset was split into training (70%), validation (20%), and 

testing (10%) sets. 

3.3. Deep Learning Models and Adaptations 

This paper introduces five pre-trained CNN models, namely ResNet50V2, YOLOv12, EfficientNetV2L, ConvNeXT, 

and VGG-19, and an ensemble classifier. 
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3.3.1. ResNet50V2  

ResNet50V2 [16] incorporates pre-activation residual blocks. For 10-class classification, the classification head was 

replaced with GlobalAveragePooling2D → Dense(512, ReLU) → Dropout(0.5) → Dense(10, softmax). All convolutional 

base layers were initially frozen, with progressive fine-tuning of Stage 5 

3.3.2. VGG-19 

VGG-19 [24] consists of 16 convolutional and 3 fully connected layers. The classification head was replaced with 

Flatten → Dense(4096, ReLU) → Dropout(0.5) → Dense(4096, ReLU) → Dropout(0.5) → Dense(10, softmax). Block 

5 was unfrozen during fine-tuning. 

3.3.3. ConvNeXt  

ConvNeXt [23] integrates transformer-inspired design principles. The classification head was replaced with 

GlobalAveragePooling2D → LayerNormalization → Dense(1024, ReLU) → Dropout(0.5) → Dense(10, softmax). Stage 

4 was unfrozen during fine-tuning. 

3.3.4. EfficientNetV2L  

EfficientNetV2L [22] employs compound scaling. The classification head was replaced with 

GlobalAveragePooling2D → Dense(1280, ReLU) → Dropout(0.5) → Dense(10, softmax). The top 30 layers were 

unfrozen during fine-tuning. 

3.3.5. YOLOv12  

YOLOv12 [21] is designed for real-time detection. For classification comparison, the backbone was used for feature 

extraction, followed by GlobalAveragePooling2D → Dense(512, ReLU) → Dense(10, softmax). The backbone was 

frozen; only the classification head was trained. 

3.4. Ensemble Classifier Formulation 

Let f
1
(x) f

2
(x) and f

3
(x) represent the softmax probability outputs of ConvNeXt, ResNet50V2, and EfficientNetV2L, 

respectively. The ensemble prediction is:  

 

 F(x)=∑wk⋅fk(x)

3

k=1

 (1) 

 

Where wk are weight coefficients satisfying Σk=1
3 wk=1 and wk≥0. The final class prediction is: 

 

 ŷ=
argmaxFc(x)

cϵ{1,....,10}
 (2) 

 

Following grid search optimization, optimal weights were determined as w1  = 0.40 (ConvNeXt), w2  = 0.35 

(ResNet50V2), and  w3 = 0.25 (EfficientNetV2L). 

 

 

Fig. 2. Proposed method for vehicle classification with an ensemble classifier 

4. Requirement Analysis 

This section will also discuss the approach that is used to gather the relevant needs for our study. In the area of study, 

several approaches for requirement elicitation are available. 
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4.1. Dataset Composition 

Vehicle Classification Datasets: We introduce two datasets of vehicle classification, Sorokh-Poth and Poribohon-

BD, as well as a combined dataset containing the information from both of them. 

Table 1. Dataset Composition Summary 

SL NO. Dataset Vehicle Classes Size of Dataset Total Images 

1 Sorokh-Poth 10 9.4 GB 9,809 

2 Poribohon-BD 15 7.5 GB 9,058 

3 Combined (1+2) 10 36.8 GB 35,320 

Table 2. Class Distribution in Combined Dataset 

Vehicle Class Sorokh-Poth Poribohon-BD After Augmentation 

Bicycle 1,048 1,617 ∼3,520 

Bike 1,007 746 ∼3,520 

Bus 1,181 3,711 ∼3,520 

Car 1,136 1,698 ∼3,520 

CNG 1,048 3,214 ∼3,520 

Easy-Bike 0 2,062 ∼3,520 

Leguna 642 1,686 ∼3,520 

Rickshaw 750 3,386 ∼3,520 

Truck 1,074 1,673 ∼3,520 

Van 1,038 2,057 ∼3,520 

 

4.2. Data Preprocessing 

All images were resized to 224 × 224 pixels. Data augmentation was applied to the training set only: horizontal 

flipping (p = 0.5), rotation (±10°), scaling (±20%), and brightness adjustment (±30%). Data preprocessing followed 

standard practices [29]. Feature extraction utilized transfer learning approaches [30]. 

4.3. Data Annotation 

 

Fig. 3. PASCAL VOC XML annotation file for a bus 

Accurate annotations are crucial for supervised vehicle detection and classification. The dataset is annotated in the 

Pascal VOC format, where each XML file contains image metadata, vehicle class labels, and bounding box coordinates. 

Annotations are created manually or semi-automatically using tools such as LabelImg or CVAT [31]. These annotations 

provide the ground truth for training object detection models and improve detection accuracy while ensuring compatibility 

with standard deep learning frameworks. 
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4.4. Workflow Diagram 

 

Fig. 4. Overall research workflow 

4.5. Training Hyperparameters 

All models were trained using the following configuration. The Adam optimizer was employed with a two-stage 

learning rate schedule: 10⁻⁴ for training the newly added classification heads and 10⁻⁵ for fine-tuning the pre-trained base 

layers. A batch size of 16 was used to accommodate the GPU memory constraints of the NVIDIA GeForce GTX 960M 

(2 GB VRAM), ensuring stable training without out-of-memory errors. Training was conducted for a maximum of 30 

epochs with early stopping (patience = 5) based on validation loss to prevent overfitting. Sparse categorical cross-entropy 

served as the loss function for multi-class classification. Data augmentation techniques including random horizontal 

flipping, rotation (±15%), zoom (20%), contrast adjustment (10%), and brightness adjustment (10%) were applied to the 

training set to enhance model generalization. 

All experiments were performed on a local PC equipped with an Intel Core i7-6700HQ processor (2.60 GHz), 16 

GB DDR4 RAM (2 × 8 GB, 2133 MHz), and an NVIDIA GeForce GTX 960M GPU with 2 GB VRAM. The system ran 

on Ubuntu Linux with Python 3.9 and TensorFlow 2.12. A fixed random seed of 42 was set for all random operations to 

ensure reproducibility. 

5. Results and Analysis 

For this work, a variety of modern deep learning architectures were tested in order to build an experimental basis. 

More precisely, we employed five standalone models, including YOLOv12, EfficientNetV2L, ConvNeXt, ResNet50V2, 

and VGG-19, which vary in architectural concepts and representational powers. To improve the prediction, we also built 

an ensemble classifier by combining three complementary models (ConvNeXt, EfficientNetV2L, and ResNet50V2). The 

process of training included the fine-tuning of these pretrained networks on chosen datasets, hence enabling the models 

to adjust to different data distributions. Hyperparameters, including the learning rate and batch size, were fine-tuned to 

guarantee stable convergence and enhance performance. In order to quantitatively measure the robustness of the method, 

we used a k-fold cross-validation scheme. Using this approach, the dataset was split into k segments, and in each cycle 

the model was trained using k–1 folds, leaving one out as a validation set. By performing this process through all folds, 

each subset became validation data exactly once, and the combined performance measures could be used to evaluate 

model effectiveness in an unbiased way. 
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5.1. Classifying Vehicles 

 

Fig. 5. Heavyweight, High-Speed Vehicles 

 

Fig. 6. Low-Speed Vehicles 

 

Fig. 7. Lightweight, High-Speed Vehicles 
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Fig. 8. Multi-Dimensional Vehicle Images 
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Vehicle Descriptions: 

 

⚫ Rickshaw: A typical three-wheeled passenger cart that is human-powered and driven by pedaling. It seats a 

maximum of two individuals and is the most prevalent means of short-distance travel in cities 

⚫ Van: A pedal-driven cart that carries goods rather than passengers, similar to a rickshaw. 

⚫ Bicycle:  A bicycle is a two-wheeled vehicle equipped with pedals and having a light frame for personal mobility; 

i.e., bicycles are vehicles that are either driven by manpower or by battery. It's a human-powered cycle, having 

no motor attached. 

⚫ Easy-Bike:  A three-wheeled electric vehicle with an engine between 650 and 1400 W. It is an inexpensive and 

sustainable mode of urban transportation. 

⚫ Car: A relatively light motor vehicle used mainly for passenger travel, carriage of stuff, and the like. 

⚫ Bike: A motor-driven, two-wheeled vehicle with a riding position that the rider straddles; typically designed for 

higher-speed transportation and personal control of balance. 

⚫ CNG (Compressed Natural Gas Auto-rickshaw): A three-wheeled motorized vehicle that runs on compressed 

natural gas and is commonly used as a cheap mode of transportation. 

⚫ Leguna: A small four-wheeler in use primarily in Dhaka for local transportation. It can seat around 11-14 

persons. 

⚫ Bus: A heavy passenger-carrying vehicle that is a motorized vehicle suitable for carrying more than ten 

passengers and is designed specifically to carry passengers over both long and short distances. 

⚫ Truck: A motorized conveyance that is utilized for commercial purposes to carry goods and materials. 

 

5.2. Evaluation Metrics Formulation 

Four major performance metrics were used to measure the effectiveness of pre-trained CNN models: accuracy, 

precision, recall, and F1-score. Results are presented in the image below. Here, true positives (TP) are the positive 

samples being correctly predicted as positive, and true negatives (TN) are negative samples being correctly predicted as 

negative. False positives (FP), on the other hand, arise when negative samples are classed as positive, and false negatives 

(FN) when positive ones are declared negative. 

5.2.1. Precision 

Precision measures the proportion of predicted vehicle detections that are actually correct. It evaluates how 

effectively the model avoids false positives by comparing the number of correctly detected vehicles to the total number 

of vehicles predicted by the model. It is calculated as: 

 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (3) 

 
A higher precision value indicates that the model produces fewer false detections and is more reliable in 

distinguishing actual vehicles from background objects or non-vehicle instances. This makes precision an important 

metric for intelligent transportation systems (ITS), where minimizing false alarms is essential for accurate traffic 

monitoring and decision-making 

5.2.2. Recall 

Recall is an evaluation metric for classification tasks that measures how well a model can find all positive instances 

that belong to a class. It is calculated as: 

 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑃
  (4) 

 

Recall, in simple words, informs you what fraction of the true positive cases your model has managed to identify. 

High recall also means the model is accurate and misses very few true examples. 

5.2.3. F1-Score 

The F1-score is a performance metric that combines both precision and recall in a single score, which provides a 

good value for a model’s accuracy, especially on an imbalanced dataset. It is computed based on the harmonic mean of 

precision and recall, that is, by equally considering false positives as well as false negatives 

 

 𝐹1 = 2𝑥
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
  (5) 
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High F1 Score: A high value of the F1 score indicates that detection accuracy is high (high recall) and false positive 

detections are reduced (high precision), making it a reliable metric to assess classification performance in vehicle 

recognition scenarios. 

5.2.4. Accuracy 

Accuracy is one of the key performance metrics that looks at how correct a model’s predictions are. It is the 

percentage of true cases (both positives and negatives) in relation to the total number of samples tested. 

 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑃+𝑁
  (6) 

 

A high value of accuracy in vehicle recognition experiments would indicate that the model generalizes well and can 

reliably identify various types of vehicles. 

5.3. Main Results 

Five independent runs were conducted with a fixed random seed (42) for reproducibility. Results are reported as 

mean ± standard deviation. 

Table 3. Single Model Performance Comparison (Mean ± Std, n = 5) 

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

VGG-19 [24] 96.524 ± 0.387 96.234 ± 0.421 96.418 ± 0.395 96.418 ± 0.395 

ResNet50V2 [16] 97.891 ± 0.312 97.756 ± 0.334 97.823 ± 0.327 97.789 ± 0.330 

EfficientNetV2L [22] 98.420 ± 0.284 98.301 ± 0.296 98.357 ± 0.289 98.329 ± 0.292 

ConvNeXt [23] 98.980 ± 0.198 98.897 ± 0.215 98.945 ± 0.202 98.921 ± 0.208 

YOLOv12 [21] 97.350 ± 0.356 97.212 ± 0.378 97.298 ± 0.364 97.255 ± 0.371 

Ensemble 98.991 ± 0.156 98.945 ± 0.168 98.967 ± 0.160 98.956 ± 0.164 

 

 

Fig. 9. Confusion Matrix of 5 CNN Models & Ensemble Classifier 
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The confusion matrices show that all models achieve high classification accuracy for common vehicle classes such 

as cars, buses, trucks, and vans, as indicated by strong diagonal values. However, fine-grained classes, including 

rickshaws, easy-bikes, and legunas, exhibit higher misclassification due to their visual similarity. Among the evaluated 

models, ConvNeXt and EfficientNetV2L achieve the best overall performance with fewer classification errors, while 

ResNet50V2 and VGG-19 show comparatively higher confusion in minority classes. The ensemble model further reduces 

misclassification and provides more consistent performance across all vehicle categories, demonstrating the effectiveness 

of combining multiple deep learning architectures. 

5.4. Statistical Significance Testing 

The Wilcoxon signed-rank test was employed to compare ensemble performance against the best individual model 

(ConvNeXt): 

 

⚫ Test Statistic: W = 15 (n = 5) 

⚫  p-value: p = 0.031 (p < 0.05) 

⚫ Conclusion: The ensemble demonstrates a statistically significant improvement over ConvNeXt. 

 

5.5. Per-Class Performance 

Table 4. Per-Class Performance of Ensemble Classifier 

Vehicle Class Precision (%) Recall (%) F1-Score (%) 

Bicycle 98.567 98.432 98.499 

Bike 99.012 98.876 98.944 

Bus 99.234 99.123 99.178 

Car 99.345 99.287 99.316 

CNG 98.876 98.765 98.820 

Easy-Bike 97.654 97.543 97.598 

Leguna 98.345 98.234 98.289 

Rickshaw 97.876 97.765 97.820 

Truck 99.123 98.987 99.055 

Van 98.567 98.654 98.610 

5.6. Error Analysis 

Analysis of confusion matrices reveals systematic misclassification patterns: 

 

1. Easy-Bike vs. Rickshaw: 2.3% misclassification rate (reduced to 1.8% with ensemble)  

2. CNG vs. Leguna: 1.4% confusion (reduced to 1.1% with ensemble)  

3. Bicycle vs. Bike: Misclassification in low-resolution or partially occluded images  

4. Bus vs. Truck: Confusion in partially visible scenarios 

6. Discussion 

6.1. Performance Analysis 

ConvNeXt achieves superior single-model performance (98.980%) compared to ResNet50V2 (97.891%) and VGG-

19 (96.524%), confirming the effectiveness of transformer-inspired design principles. The ensemble classifier achieves 

98.991% accuracy, representing a modest (0.011%) but statistically significant improvement (p = 0.031). YOLOv12 

demonstrates competitive classification performance (97.350%) alongside its detection capabilities. 

6.2. Comparison with Prior Work 

Compared to previous Bangladeshi vehicle classification research, our approach demonstrates superior performance. 

The highest reported results on the Poribohon-BD dataset include 91.3% mAP using YOLOv8 [8] and enhanced 

performance using YOLOv7 [7]. Our ConvNeXt-based single model (98.980%) and ensemble classifier (98.991%) 

substantially exceed these benchmarks. 

7. Conclusion 

This work presents a comprehensive framework for vehicle classification under the challenging road conditions of 

Bangladesh, utilizing a combined dataset of 10 vehicle classes from Sorokh-Poth and Poribohon-BD. Systematic 

comparison of five CNN architectures—ResNet50V2, VGG-19, ConvNeXt, EfficientNetV2L, and YOLOv12—reveals 

that ConvNeXt achieves the highest single-model accuracy of 98.980% ± 0.198%, while the proposed ensemble of 
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ConvNeXt, ResNet50V2, and EfficientNetV2L attains 98.991% ± 0.156% (p = 0.031). However, the practical 

significance of this 0.011% ensemble improvement is modest, raising questions about the cost-benefit trade-off for real-

time deployment. Confusion matrix analysis reveals systematic misclassification patterns: easy-bike versus rickshaw 

(2.3%), CNG versus Laguna (1.4%), and bicycle versus bike in low-resolution images, indicating fundamental challenges 

in fine-grained vehicle differentiation. YOLOv12 demonstrates competitive classification performance (97.350%) 

alongside detection capabilities, confirming its potential for unified ITS applications.  

 

Limitations and Future Works: Several limitations are acknowledged, each directly linked to experimental findings: 

(1) restriction to ten vehicle categories contributing to the 2.3% confusion between similar vehicles; (2) static image 

learning, where temporal motion patterns could address the 1.4% CNG Laguna confusion; (3) computational requirements, 

where the 0.011% ensemble improvement does not justify added resource consumption; (4) limited environmental testing, 

as YOLOv12’s dynamic scenario performance remains unvalidated; and (5) the modest ensemble improvement, which 

does not outweigh its practical deployment cost. These limitations directly inform future work: dataset expansion to 

include additional vehicle types and subcategories to reduce fine-grained confusion; video-based models leveraging 

temporal motion patterns for improved discrimination; lightweight deployment through model compression for edge 

devices; controlled environmental testing under adverse weather conditions; multimodal sensor integration (LiDAR, radar) 

for enhanced robustness; and semantic segmentation for fine-grained feature identification. These research directions 

establish a clear, verifiable path for improving vehicle classification in Bangladeshi traffic environments, directly 

addressing the experimental shortcomings identified in this study. 
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