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Abstract

Designing an automatic vehicle classification system from still images or videos would

be highly beneficial for developing a traffic control system. On automatic vehicle clas-

sification, numerous articles have been published in the literature. Over the years,

researchers in this subject have created and used a variety of databases, but most

often, these databases are not found to be appropriate in Indian scenarios due to the

specific peculiarities of the road conditions, nature of congestion, and vehicle types

usually seen in India. This thesis primary goal is to create a new still image database

called the JUIVCDv1 that contains 12 different vehicle classes that were gathered

utilising mobile phone cameras in a variety of ways for developing an automated traf-

fic management system. We have also mentioned the characteristics of the current

databases and the various factors we took into account when creating the database

for the Indian scenario. Apart from this, we have benchmarked the results on this

database using a five-base model architecture. Five base models are used: Efficient-

Net, InceptionV3, DenseNet121, MobileNetV2, and VGG19. Among these five-base

models, EfficientNet achieved the best accuracy, i.e., 93.82%.

Keywords: Automatic Vehicle classification, JUIVCDv1, Still image database, Deep

Learning.
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Chapter 1

Introduction

In recent times, the rising number of vehicles on the road has increased the de-

mand for more efficient solutions to the traffic congestion problem. Automatic vehicle

classification (AVC) systems and traffic information systems are needed for real-time

traffic monitoring and management to deal with the ever-increasing volume of traffic.

The rising number of vehicles on the road has been a concern for researchers, not only

for the betterment of the road traffic scenario. Many studies on the traffic manage-

ment system have been published in areas such as vehicle categorization, detection,

make and model recognition, segmentation, lane detection, pedestrian detection, etc.

Autonomous driving will play a huge role in vehicle-related research in the following

years. For this reason, research on AVC systems is much needed in today’s scenario.

Such systems can also be used to collect information about vehicle makers and model

numbers that are required for security purposes. Working on such problems using

real-world traffic scenarios is difficult in terms of training, testing, and model val-

idation. Huge amounts of realistic data are required for this purpose. During the

study of this domain, it has been found that there are not many datasets available

1



for research, and many of them are based on speculative situations. Moreover, well-

known datasets are mostly paid for, and the datasets with a decent number of images

lack appropriate annotations, making it challenging to use them for research. On the

other hand, sufficient samples are needed to create an effective supervised learning-

based model that is accurate and capable of functioning in real-life scenarios. For

vehicle localization, there are a few datasets available, but the number of datasets

available for vehicle classification is limited. Also, all datasets do not capture real-life

scenarios properly. For example, images taken in the Indian subcontinent frequently

show multiple vehicles overlapping in a single frame due to traffic congestion. More-

over, this issue makes the classification, localization, detection, and segmentation

processes extremely challenging. These challenges are relevant not only in India but

also in Bangladesh, Pakistan, and many other South Asian nations. The available

models, which were trained on well-managed traffic scenarios, might not be appli-

cable to the datasets collected from these nations. Recently, Bhattacharya et al.[1]

developed a dataset, called JUVDsi, for vehicle detection in Indian road scenarios.

1.1 Research Motivation

1. For vehicle localization, a large number of datasets are accessible; however, only

a small number of datasets are valid for classification.

2. Not all datasets accurately reflect real-world situations. Similar to the Indian

subcontinent, pictures taken in crowded traffic conditions sometimes show many

automobiles overlapped in one image. This problem makes the classification,

localization, detection, and segmentation processes exceptionally challenging.
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3. These challenges are crucial not only in India but also in many other South Asian

nations such as Bangladesh, Pakistan, and Sri Lanka.

4. There are no multi-view or multi-modal datasets available for classifying vehicles.

Developing a viable solution for AVC requires a lot of research and information.

5. There is no more room for research on some datasets because researchers have

already achieved 100% accuracy on those datasets.

1.2 Scope of the Thesis

Bearing the aforementioned information in mind, this study introduces JUIVCDv1,

a new still image database with suitable annotation made up of frequently seen ve-

hicles on Indian roads. We have collected the data from Kolkata, one of the largest

metropolitan cities in Eastern India, which endures high traffic congestion because of

the rising population and is the capital city of West Bengal. Also, the wide variety

of vehicles seen in Kolkata portrays the traffic scenario of the Indian sub-continent

as close to reality as possible. The main contributions to this work are as follows:

• The image database is appropriately labeled to enable testing of any algorithm

created for the automatic classification of vehicles in an unrestricted environ-

ment.

• To make the visuals robust and realistic, we have added several complexities. In

addition to being small, the cars in the database display required variations for

ensuring the robustness of a developed algorithm, including several orientations,

a single vehicle in one frame, multiple vehicles in one frame, changes in lighting

conditions, specularities, or occlusions.

3



• In this database, we have considered 12 different types of vehicles.

• Each image has been offered in a variety of spectral bands and resolutions. Also,

a precise experimental protocol has been provided, enabling accurate replication

and comparison of the experimental data acquired by various algorithms.

• We have further benchmarked the results on this dataset using some state-of-

the-art deep learning models. In doing so, we have considered five pre-trained

deep learning models namely, EfficientNet[2], DenseNet[3], InceptionV3[4],

MobileNetV2[5], and VGG19[6].

1.3 Organization of the Thesis

The thesis is organized into eight chapters. Chapter 1 provides an introduction to

the thesis. The rest of the thesis is organized as follows:

• Chapter 2 provides a literature review of several classification-based approaches.

In this chapter, we have reviewed the publications that have been conducted on

the topic of categorization.

• Chapter 3 provides information about the dataset nomenclature. In this chapter,

we have discussed how we have collected the raw data, processed the dataset,

and how we have added annotation to the preprocessed data.

• Chapter 4 provides details about the training and testing sets of our dataset

JUIVCDv1.

• Chapter 5 provides the basic architecture of the five-state-of-art deep learning

models.
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• Chapter 6 provides all the results that we have obtained after several testing.

This chapter consists comparison of results that are obtained on five base models.

The comparison of results includes a training accuracy and validation accuracy

curves, training loss and validation loss curves, confusion matrix, and classifica-

tion report.

• Chapter 7 concluding remarks of this study respectively and also discusses the

limitations and the future scope of this thesis.

5



Chapter 2

Literature Review

AVC is often considered as one of the most challenging computer vision tasks,

and it has a long research history in the literature. This section focuses on three

aspects of this research problem: (i) AVC datasets publicly available to develop and

validate them; (ii) different ways to measure the performance of an algorithm, and

(iii) some recent state-of-the-art approaches available for AVC till date. During our

study, we observed that there are some very costly and privately available datasets.

The datasets that are freely available to the research community have been used so

frequently over the years that researchers now get almost 100% accuracy. This success

also demands a new database with more challenges portraying real-life scenarios. Also,

our country, India, has a different scenario in this domain due to the road condition

and multiple vehicles in a single frame. If we use other datasets that are not similar

to the Indian road scenario, then the model may not be working properly in real-life

conditions.

provides a summary of the AVC databases commonly used by researchers.
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Name of database Number of ve-
hicle classes

Total number
of images

Accuracy
(%)

MIO TCD [7] 11 648959 97.95
FG3DCar [8] 30 300 95.3
Stanford Cars [9] 196 16185 96.8
BIT vehicle [10] 6 9850 96.1
BoxCars [11] 27 63750 86.57
CompCars [12] 163 136726 99
Poribohon BD [13] 15 9058 98.7
VMMR dataset [14] 9170 291752 92.9
Deshi BD [15] 13 10440 98
Frontal-103 [16] 103 65433 91
LSUN+Stanford [17] 196 2067710 99

Table 2.1: List of freely image datasets available for AVC.

There are many studies related to vehicle detection, but the number of classification

methodology-based research is very. Maity et al.[18] surveyed this topic in 2021.

Below, we have discussed some classification-based methods.

Sun et al.[19] proposed a novel vehicle-type classification using a lightweight convo-

lutional neural network (CNN) with feature optimization and joint learning strategy.

The first step was to create a lightweight convolutional network with feature opti-

mization (LWCNN-FO). To minimize the parameters of the network, they employed

depth-wise separable convolution. Additionally, the SENet module was included to

automatically determine the significance of each feature channel using sample-based

self-learning. This increased identification accuracy with little network parameter

development. This research also utilized the joint learning technique, which com-

bined softmax loss with contrastive-center loss to classify vehicle kinds, taking into

account both between-class similarity and intra-class variation, enhancing the model’s

capacity to perform fine-grained classification.

Silva et al.[20] proposed an AVC system with a computer vision solution. A camera

system was put up to verify the vehicle by taking note of its characteristics and

7



comparing them to those in the membership. They concentrate on constructing a fine-

grained vehicle classification system that used the system’s multicamera composition

to fuel a CNN with many views of the vehicle in order to solve the problem of the

vehicles’ make and model classification. The authors suggest utilizing a multi-view

network architecture to extract features from various perspectives and subsequently

integrating them through late fusion for the purpose of classifying the make and model

of a given vehicle. The authors also suggested a methodology for assigning weight

to each autonomous perspective in order to enhance collective knowledge acquisition

within the network. The evaluations presented indicate that incorporating data from

multiple perspectives of a vehicle enhances the classification accuracy of its make and

model, particularly in difficult tolling situations.

Ni et al.[21] proposed a vehicle attribute recognition system by appearance. This

study presented a survey of current vehicle attribute recognition algorithms, cover-

ing both coarse-grained (vehicle type) and fine-grained (vehicle make and model)

attributes. This paper aimed to perform vehicle type recognition by categorizing ve-

hicles into broad classifications based on their sizes or intended usage, such as sedans,

buses, and trucks. This study also conducted an analysis of Vehicle Make Recognition,

which involves the classification of vehicles based on their respective manufacturers

such as Ford, Toyota, and Chevrolet. The process of vehicle model recognition in-

volves training a system to make predictions about the make and model of a vehicle,

such as the Ford Puma, Toyota Corolla, or Chevrolet Volt. This study involved a

higher level of complexity compared to the previously mentioned identification of ve-

hicle makes. It served as a technique for analyzing consumer actions and attitudes

towards a particular model of vehicle.

Silva et al.[22] proposed a computer vision solution for an automatic toll collection

8



(ATC) system that included a subscription/membership feature. This application

system established a one-to-one correspondence between a distinct identifier (ID), a

tangible automobile, and a membership. A camera-based system was implemented

to authenticate that every transaction aligned with the factual membership data by

cross-verifying the vehicle and ID information. The visual system employed various

algorithms to extract distinct features of a vehicle such as a number plate number,

make, model, color, number of axles, and so on. The system performed a com-

parison between the extracted characteristics and those present in the membership.

The authors concentrated on addressing the vehicle’s make classification problem and

suggested a detailed vehicle classification approach that leverages the system’s multi-

camera configuration. This was achieved by utilizing a multibranch CNN that took

in multiple vehicle perspectives. The network employed a cascade methodology in

each of its branches to achieve vehicle localization and extraction of the most sig-

nificant regions, while also obtaining multi-scale characteristics for each viewpoint.

The features that had been extracted were fused in a late manner through a convo-

lutional approach, which was then utilized to classify the make of the vehicle. The

neural network utilized feature extraction techniques to differentiate between vari-

ous perspectives and areas of significance and subsequently combines them optimally

to enhance the accuracy of classification. The evaluations presented indicate that

the multi-view network architecture proposed has a notable positive impact on the

performance of vehicle make classification, as compared to single-view approaches.

Sahin et al.[23] proposed a primary objective of this research is to showcase the

utilization of Light Detection and Ranging (LiDAR) sensor data to differentiate be-

tween distinct categories of truck trailers, surpassing the capabilities of conventional

vehicle classification sensors such as piezoelectric sensors and inductive loop detec-
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tors. Utilizing a multi-array LiDAR sensor, it is possible to produce 3D profiles of

vehicles by gauging the distance to the object reflecting the emitted light. The present

study demonstrates the processing of point-cloud data obtained from a 16-beam Li-

DAR sensor for the purpose of extracting valuable information and features. The

extracted data is then utilized to classify semi-trailer trucks that are transporting

ten distinct types of trailers, including a reefer and non-reefer dry van, 20 ft. and

40 ft. intermodal containers, 40 ft. refer intermodal containers, platforms, tanks,

car transporter, open-top van/dump, and aggregated other types such as livestock

and logging. The field data collected on a motorway segment, comprising of over

seven-thousand trucks, is subjected to supervised machine learning algorithms such

as K-Nearest Neighbours (KNN), Multilayer Perceptron (MLP), Adaptive Boosting

(AdaBoost.M2), and Support Vector Machines (SVM). The outcomes indicate that

the Support Vector Machine (SVM) model can effectively differentiate various car-

avan body types with a remarkably high degree of precision, ranging from 85% to

98%

Liu et al.[24] proposed a new end-to-end CNN architecture that can simultane-

ously detect and remove adversarial perturbations by utilizing denoising techniques.

This approach is referred to as Denoising Detection and Denoising Adversarial Per-

turbations (DDAP). The DDAP denoiser utilizes the DDAP detector’s adversarial

examples to eliminate adversarial perturbations. The method being proposed can

be considered a pre-processing measure. It does not necessitate any alterations to

the configuration of the vehicle classification model and has minimal impact on the

classification outcomes of clear images. To validate the capabilities of DDAP, they

conducted testing. When training a model, it may be necessary to utilize public

datasets such as BIT-Vehicle.
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Butt et al.[25] have presented a vehicle classification system that utilizes a CNN

to enhance the resilience of vehicle classification in real-time scenarios. The authors

provide a dataset of vehicles consisting of 10,000 images that are classified into six

distinct vehicle classes. The dataset is designed to account for challenging lighting

conditions in order to enhance the reliability of vehicle classification systems in real

time. The study involved fine-tuning pre-trained models such as AlexNet, GoogleNet,

Inception-v3, VGG, and ResNet on a self-constructed vehicle dataset to assess their

accuracy and convergence capabilities. The ResNet architecture has been enhanced

by incorporating a novel classification block into the network, resulting in superior

performance. To achieve generalization, the network was fine-tuned on the VeRi

dataset, a publicly available collection of 50,000 images that have been classified into

six distinct vehicle categories. A comparative analysis has been conducted to assess

the efficacy of the suggested vehicle classification system in relation to the current

methods.

Guo et al.[26] present a semi-supervised approach for vehicle type classification

in Intelligent Transportation Systems (ITS) using broad ensemble learning. The

methodology outlined comprises two primary components. The initial phase involves

training a set of base Broad Learning System (BLS) classifiers using semi-supervised

learning techniques to mitigate the growing burden of unlabeled samples and reduce

the duration of the training process. In the second phase, a dynamic ensemble archi-

tecture is created using trained classifiers that possess distinct characteristics. This

ensemble structure yields the highest probability of vehicle classification and deter-

mines the vehicle’s category, resulting in better generalization performance compared

to a solitary base classifier. The authors utilized the publicly available BIT-Vehicle

dataset and MIOTCD dataset to conduct experiments and showcase that their pro-
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posed method exhibits superior performance in terms of effectiveness and efficiency

when compared to a single BLS classifier and other commonly used methods.

Mohine et al.[27] present a study that introduces a hybrid deep 1D CNN-bidirectional

long short-term memory (CNN-BiLSTM) approach that utilizes acoustic modality

for the purpose of moving vehicle categorization into two-wheeler, low, medium, and

heavyweight groups, as well as noise analysis. The algorithm proposed utilizes a se-

quential process to extract high-level features from signals generated by experimental

vehicles. These features are then stored in the network for the purpose of evalu-

ating time-varying characteristics in order to facilitate classification. Furthermore,

it underwent testing on the reference dataset SITEX02 to validate its performance,

achieving an accuracy rate of 96%. The comparative analysis of the 1D CNN-BiLSTM

model’s performance has been conducted against traditional classifiers such as SVM,

ANN, CNN, and CNN-LSTM models. Based on the empirical findings, it has been

observed that CNN-BiLSTM has achieved a superior classification accuracy of 0.92

and a minimum misclassification rate of 0.08 in comparison to traditional classifiers.

Gholamalinejad et al.[28] have proposed a real-time CNN for vehicle type clas-

sification system. The proposed convolutional neural network (CNN) architecture

incorporates traditional CNN layers, squeeze-and-excitation (SE) modules, and Haar

wavelet pooling layers. The aforementioned architecture enhances the efficiency of

the CNN classifier by accentuating significant feature maps and reducing the entropy

of the network. A loss function based on cross-entropy has been suggested to en-

hance performance. A novel pooling technique utilizing the Haar transform has been

proposed. The selection of network parameters and layer count is optimized for real-

time performance. Empirical findings on two vehicular datasets demonstrate that

this model outperforms others in terms of overall performance, encompassing recog-
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nition time and accuracy. The utilization of Discrete Wavelet Transform (DWT) in

lieu of Max-pooling resulted in an enhancement of the recognition accuracy on the

Infrared Vehicle Dataset (IRVD) from 97.12% to 99.06%. The proposed model has

approximately 5 million training parameters, which is significantly lower than other

well-known networks such as VGG (128 million), ResNet152 (58 million), DarkNet

(40 million), and Inception-V3 (24 million). The optimization resulted in a signifi-

cant reduction in recognition time to 42 ms on the CPU, rendering it appropriate for

real-time applications.
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Chapter 3

Dataset Preparation

In this section the specifics of creating the JUIVCDv1 dataset have been discussed

in detail. We have covered data collecting methods, dataset nomenclature, creating

images from video data, and annotations in the following subsections.

3.1 Dataset Nomenclature

Our developed dataset has been named as JUIVCDv1, where JUIVCD stands

for ‘Jadavpur University Indian Vehicle Classification Dataset’. Currently, we have

developed version 1 of the JUIVCDv1 dataset. It is to be noted that the dataset

has 12 different vehicle classes namely, ‘Car’, ‘Bus’, ‘Bicycle, ‘Ambassador, ‘Van,

‘Autorickshaw’, ‘Rickshaw’, ‘Motorized Two Wheeler’, ‘Motorvan’, ‘Toto’, ‘Truck’

and ‘Minitruck’. Table Figure 3.1 provides an illustration of each of the vehicle

classes, their class names, and class labels.
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Figure 3.1: Sample image of different vehicle classes considered in JUIVCDv1 dataset
(digits in the caption indicate their class labels
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3.2 Collection of Raw Data Preparation

The information has been collected from highways in Kolkata, an Indian metropo-

lis, and some rural locations around Kolkata. We made every effort to compile as

many real-time traffic scenarios as possible. Videos are first taken, and then we used

labelImg[29] to extract the frames and generate still images.JUIVCDv1 includes im-

ages from both fixed positions as well as from a moving vehicle during daytime and

nighttime. We have provided bounding boxes of the vehicles in our dataset. On

Indian urban streets, the most realistic traffic situations have been adopted.

• To take the videos and still images, we mostly used two different camera phones:

1. Redmi Note 9Pro (1280x720p)

2. Honor - HRY-AL00 (1080x2340p)

In order to make it easier for the image processing algorithms to process each video,

we separated each video into image frames, taking one out of every 15 frames and

saving the frame into the JPEG file format. The steps of this procedure are as follows:

1. Cropped frames have at least 30% and up to 70% of the image taken up by

automobiles.

2. Now, specific image frames have been chosen such that they are visibly different

from each other in the set of chosen frames and are not too fuzzy, i.e., intelligible.

All of the still images that were downsized from video frames, have been randomly

divided into the training set (70%) and test set (30%). Depending on the needs, the

programmer can divide the training data into a training set and a validation set.
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3.3 Annotation of Processed Data

Accurate annotation is a crucial necessity for any developed dataset. Also, the

researchers would benefit from having annotations in the test set photographs for

evaluating performance when they design a new algorithm. Here format of annotation

has been given in TXT and XML formats. Some models require the coordinates of

the left top corner of the rectangle and the coordinates of the right bottom corner,

along with the class ID. The selected images have been annotated using a standard

tool called labelImg[29] tool. Table 3.1 shows the annotation format of JUIVCDv1.

Figure 3.2 shows the annotation done on sample images using the said tool. The

format of the annotations can be found in the GitHub link, where the dataset is

provided. The bounding boxes of the objects are described as:-bx, by, the x and y

coordinates representing the center of the box relative to the bounds of the grid cell.

The bw, and bh are the predicted width and height of the bounding boxes relative

to the entire image and c represents the class of the object. In TXT format ’0’ is

defined as a class of the object and the next values are x center, y center, and width,

and height respectively where, x center, y center are the normalized coordinates of

the center of the bounding box and width, height is the normalized width and height

of the image. In JSON format, annotation data is represented in the following order:

the image name being the first, then the class of the vehicle, the x and y coordinate

of the bounding box, and finally width and height of the bounding box.
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Figure 3.2: Annotation on a sample image from JUIVCDv1 dataset.

Annotation Format in JSON Annotation Format in JSON

Table 3.1: Annotation format of Figure 3.2
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Chapter 4

Details of Dataset

The dataset contains images that can be utilized to create a realistic AVC system

that focuses on a typical Indian road scene. The images were taken at various times of

the day and night conditions to accommodate every possible diversity of the typical

Indian road scene. Images contain a single object or several objects from several

vehicle classes in a single frame. In both the training and test sets of the dataset,

there are a few extremely complex images with several items of different classifications,

which is a regular sight in Indian traffic on a daily basis. This dataset covers every

possible road and traffic scenario, including traffic congestion and all types of road

conditions in Kolkata and rural locations in and around Kolkata, India. The videos

are recorded from both the side of the road and while riding on a bus. This will

strengthen the model and provide a diversity of images for the benefit of researchers.

For the model to be incredibly robust and operate in any situation, the dataset is

intentionally kept unbalanced.
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4.1 Training Set

The training set of JUIVCDv1 consists of twelve folders namely ‘0 Car’, ‘1 Bus’,

‘2 Bicycle’, ‘3 Ambassador’, ‘4 Van’, ‘5 Motorized2wheeler’, ‘6 Rickshaw’, ‘7 Motorvan’,

‘8 Truck’, ‘9 Autorickshaw’, ‘10 Toto’, ‘11 MiniTruck’.

‘0 Car’ folder has 560 number of images, ‘1 Bus’ folder has 560 number of images,

‘2 Bicycle’ folder has 120 images, ‘3 Ambassador’ folder has 480 images, ‘4 Van’,

‘5 Motorized2wheeler’ and ‘6 Rickshaw’folders have 560 number of images, ‘7 Motorvan’

has only 33 images, ‘8 Truck’ has 140 images, ‘9 Autorickshaw’ has 564 images,

‘10 Toto’ has 36 images and ‘11 MiniTruck’ has 181 images. A total 4300 num-

ber of images are given in the training set of the JUIVCDv1 dataset. Sample Images

are shown in Figure 3.1. The distribution of the number of objects in each class

in the training set has been shown in Figure 4.1 using bar graph. Here, the Y-axis

represents the number of images, while the X-axis represents the number of items in

a class.

Figure 4.1: Number of images in training set of JUIVCDv1
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4.2 Testing Set

The test set of JUIVCDv1 consists 12 folders namely ‘0 Car’, ‘1 Bus’, ‘2 Bicycle’,

‘3 Ambassador’, ‘4 Van’, ‘5 Motorized2wheeler’, ‘6 Rickshaw’, ‘7 Motorvan’, ‘8 Truck’,

‘9 Autorickshaw’, ‘10 Toto’, ‘11 MiniTruck’.

In ‘0 Car’ folder there are 240 number of images, ‘1 Bus’ folder has 240 number

of images, ‘2 Bicycle’ folder has 80 images, ‘3 Ambassador’ folder has 320 images,

‘4 Van’, ‘5 Motorized2wheeler’ and ‘6 Rickshaw’folders have 240 number of images,

‘7 Motorvan’ has only 11 images, ‘8 Truck’ have 59 images, ‘9 Autorickshaw’ has 240

images, ‘10 Toto’ has 23 images and ‘11 MiniTruck’ has 122 images. A total number

of 2035 images are given in the test set of the JUIVCDv1 dataset. Sample images are

shown in Figure 3.1. The distribution of the number of objects in each class in the

test set is shown in Figure 4.2 bar graph. Here, the Y-axis represents the number of

images, while the X-axis represents the number of items in a class.

Figure 4.2: Number of images in test set of JUIVCDv1
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Chapter 5

Benchmarking JUIVCDv1 Dataset

To categorize the automobiles in our database, we have focused on deep learning

methods. All the models discussed in the following sections have used different deep-

learning algorithms. In order to understand the qualities and the differences between

the models, we need a lot of data. Deep learning algorithms have shown real-time

competitive performance in comparison to other machine learning algorithms and

conventional approaches in various applications, and deep learning models strive to

outperform previous results in a given domain.

5.1 EfficientNet

EfficientNet is a CNN design and scaling technique that uses a compound co-

efficient to consistently scale all depth, breadth, and resolution dimensions. The

EfficientNet scaling method uniformly increases network breadth, depth, and resolu-

tion using a set of preset scaling coefficients, in contrast to standard practice, which

scales these variables arbitrarily. The authors have proposed a scaling technique that

utilizes pre-existing Convolutional Neural Networks (ConvNets). To showcase the
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efficacy of their scaling method, they have introduced a novel baseline model, named

EfficientNet, which is optimized for mobile devices. The architecture of EfficientNet

is shown in Figure 5.1.

Figure 5.1: EffientNet Architecture

5.2 InceptionV3

In 2016, Szegedy et al. proposed a novel method for classification namely In-

ceptionV3 in the study named Rethinking the Inception Architecture for Computer

Vision. The Inception-v3 is a CNN model belonging to the Inception family. It incor-

porates various enhancements such as the utilization of Label Smoothing, Factorized

7 x 7 convolutions, and an auxiliary classifier to disseminate label information to

lower network layers. Additionally, batch normalization is employed for layers in the

side head. In Figure 5.2 architecture of Inception V3 is shown.

23



Figure 5.2: EffientNet Architecture

5.3 DenseNet121

DenseNet, is a CNN architecture that was recently presented, with an intriguing

connection pattern. In this architecture, each layer is connected to all the others

within a dense block. In this scenario, all the layers have access to the feature maps

of their predecessors, which encourages significant feature reuse across all levels. As

a direct result of this, the model is more condensed and less likely to suffer from

overfitting. In addition to this, each individual layer is subject to direct supervision

from the loss function via the shortcut pathways, which contributes to the provision

of implicit deep supervision. Because it possesses so many useful characteristics,

DenseNet is an obvious choice for solving issues involving per-pixel prediction. Each

layer in DenseNet receives extra inputs from all of the layers that came before it and

then pass on its own feature maps to all of the levels that come after it. There is a use

for concatenation. Each layer is imparted with some of the ”collective knowledge” of
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all the layers that came before it. Because each layer is given feature maps from all

of the layers that came before it, the network may be made more thin and compact;

in other words, there can be fewer channels. The growth rate, shown by the symbol

k, is the total number of extra channels added to each layer. As a result, both

its computational and memory efficiencies are significantly improved. In Figure 5.3

architecture of DenseNet architecture is shown.

Figure 5.3: DenseNet121 Architecture[3]
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5.4 MobileNet

An effective model for mobile and embedded vision applications is provided in Mo-

bileNet[30]. It is a simplified architecture that builds lightweight deep convolutional

neural networks using depthwise separable convolutions. The architecture of the Mo-

bileNet model is depthwise separable convolutions, a type of factorized convolution

that factors a conventional convolution into a depthwise convolution. Convolution

and a pointwise convolution, which is a 1–1 convolution. Each input channel of Mo-

bileNet receives a single filter applies to depthwise convolution. The outputs of the

depthwise convolution are combined using an 11 convolution after the pointwise con-

volution. In one step, a conventional convolution filters inputs and combines them

into a new set of outputs. This is divided into two layers by the depthwise separable

convolution: a layer for combining and a layer for filtering. The result of this factor-

ization is a significant decrease in computation and model size. With the exception

of the final fully connected layer, which has no nonlinearity and feeds into a softmax

layer for classification, all layers are followed by a batchnorm and ReLU nonlinearity.

Modern object detection systems can potentially use MobileNet as an efficient base

network. The architecture of MobileNet is shown in Figure 5.4.
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Figure 5.4: MobileNetV2 Architecture

5.5 VGG19

In 2014, the Visual Geometry Group—(VGG) at the University of Oxford devel-

oped VGG19, which is a CNN architecture. It consists of a total 19 layers which

include sixteen layers of convolutional processing and three levels of fully linked pro-

cessing. VGG19 has used an RGB image with dimensions 224*224 as the input. In

the initial layers of the network, convolutional layers consisting of 3*3 filters have

been used. The convolutional layers are then followed by max-pooling layers with

2*2 filters. These 2*2 filters can reduce the spatial size of the output of the convolu-

tional layers in half. Of almost the 16 convolutional layers, the first 13 layers employ

3*3 filters and the remaining three use 1*1 filters. When smaller filters are used, a

deeper network can be constructed using fewer parameters. The first convolutional

layer starts with 64 filters and then works its way up to 512 filters in the final layer.
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Each of the completely linked layers that make up the final stage of the network con-

sists of 4096 neurons. A softmax layer serves as the last layer of the network and is

responsible for producing the class probabilities The architecture of VGG19 is shown

in Figure 5.5.

Figure 5.5: VGG19 Architecture
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Chapter 6

Results and Discussion

The present effort includes the development of a still image dataset for vehicle

classification. This dataset is called JUVCsi v1 and it is created keeping the Indian

road environment in mind. Five different models are trained and evaluated on the

dataset. These models are EfficientNet, InceptionV3, DenseNet121, MobileNetV2,

and VGG19.

6.1 Model Evaluation

Evaluation metrics are used to measure the quality of the model. One of the most

important topics in deep learning is how to evaluate a model. We have used different

models to evaluate our dataset. To analyze these models, various metrics are used.

Metrics, such as precision-recall, F1 scores can be applied to evaluate classification-

based methods. Five models namely, EfficientNet, InceptionV3, DenseNet121, Mo-

bileNetV2, and VGG19 are trained and tested on this dataset. We have achieved

93.82% accuracy on the EfficientNet model, while InceptionV3 has achieved an ac-

curacy of 93.33%, DenseNet121 has achieved an accuracy of 92.16%, MobileNetV2
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has achieved an accuracy of 91.28% and VGG19 has achieved 84.48% accuracy. In

the following subsections, we have defined the metrics, that are used for the determi-

nation of the classification accuracy of the model. Here, we have shown the results

obtained by the models.

6.2 Evaluation Metrics for Classification

• Accuracy

Accuracy is only a measurement of how frequently the classifier makes accurate predic-

tions. The ratio of the number of accurate forecasts to the total number of predictions

is one way to quantify accuracy.

Accuracy Score = (TP + TN) / (TP + TN + FP + FN) (6.1)

• Precision

The precision of a prediction is measured by calculating the number of positive ob-

servations that can be anticipated. A low percentage of false positives is indicative of

high accuracy.

1. True Positive (TP): When an outcome is positive and it is also predicted as

positive by the model, it is called True positive.

2. True Negative (TN): When an outcome is negative and it is also predicted as

negative by the model, it is called True negative.
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3. False Positive (FP): If the number of outcomes that is negative is predicted

as positive, it is called false positive. These errors are also called Type 1 Errors.

4. False Negative (FN): When the number of outcomes that are positive is pre-

dicted as negative, it is called false negative. These errors are also called Type

2 Errors.

Precision = TP / (TP + FP) (6.2)

• Recall

Recall calculates the ability of a classifier to find positive observations in the database.

The greater the number of false negatives the model predicts, the lower the recall

becomes.

Recall = TP / (TP + FN) (6.3)

1. Macro Averaged Recall: The mean of the recalls for classes A, B, and C is

known as the macro-average recall.

Macro Averaged Recall = 1 - Accuracy (6.4)

It informs us how frequently the model may be incorrect.

2. Micro Averaged Recall: The micro average recall score is calculated by di-

viding the total number of true positives for each class by the total number of

true positives across all the classes.

31



• F1 score

It is a single metric that combines both Precision and Recall. The performance of

the model improves with increasing F1 scores. The range of F1-score is [0, 1]. The

weighted average of recall and accuracy is the F1 score. Both the precision and recall

must be high for the classifier to have a high F-score. This metric solely rewards

classifiers with comparable recall and accuracy. The F1 score is a measurement that

takes into account both accuracy and recall. The harmonic mean is defined as the

simple weighted average of accuracy and recall. Using P for precision and R for recall,

we can represent the F1 score as:

F1 = 2PR / (P + R) (6.5)

1. Macro Averaged F1 score: The macro-averaged F1 score is computed using

the arithmetic mean of all the per-class F1 scores.

2. Micro Averaged F1 score: By adding the sums of the True Positives (TP),

False Negatives (FN), and False Positives (FP), micro averaging determines the

global average F1 score. In order to get the micro F1 score, the corresponding

TP, FP, and FN values across all classes are added.

• Confusion Matrix

The performance of the classification models for a certain set of test data is evaluated

using a matrix called the confusion matrix. It can be calculated only after the real

values of the test data are known. Although the matrix itself is simple to understand,

some of the terminology may be confusing. It is sometimes referred to as an error

matrix as it displays the faults in the model performance in the form of a matrix.
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6.3 Results obtained by deep learning models

The outcomes of the five deep learning models have been examined in this section.

The outcomes of the foundational learners have been displayed graphically. When it

comes to identifying certain vehicles, certain models have been observed to be more

accurate than others. In addition, a report detailing the accuracy of the classifications

has been provided as a classification report, and a confusion matrix is also given.

Figure 6.1: Bar chart representation of test accuracy of five deep learning models used
for AVC on JUIVCDv1 dataset
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6.4 Performance Comparison of deep learning models

6.4.1 Performance Comparison: Training Accuracy and Validation Ac-

curacy vs Epoch

Figure 6.2 shows the training accuracy and validation accuracy curve with respect

to the number of epochs for the EfficientNet model. We have trained and validated

the model EfficientNet for 30 epochs on our proposed dataset JUIVCDv1.

Figure 6.2: Training and Validation accuracy curve of EfficientNet on JUIVCDv1 dataset

Figure 6.3 shows the training accuracy and validation accuracy curve with respect

to the number of epochs for the InceptionV3 model. We have trained and validated

the model InceptionV3 for 25 epochs on our proposed dataset JUIVCDv1.

Figure 6.3: Training and Validation accuracy curve of InceptionV3 on JUIVCDv1 dataset
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Figure 6.4 shows the training accuracy and validation accuracy curve with respect

to the number of epochs for the DenseNet121 model. We have trained and validated

the model DenseNet121 for 25 epochs on our proposed dataset JUIVCDv1.

Figure 6.4: Training and Validation accuracy curve of DenseNet121 on JUIVCDv1
dataset

Figure 6.5 shows the training accuracy and validation accuracy curve with respect

to the number of epochs for the MobileNetV2 model. We have trained and validated

the model MobileNetV2 for 120 epochs on our proposed dataset JUIVCDv1.

Figure 6.5: Training and Validation accuracy curve of MobileNetV2 on JUIVCDv1
dataset

35



Figure 6.6 shows the training accuracy and validation accuracy curve with respect

to the number of epochs for the VGG19 model. The model has been trained and

validated for 120 epochs on our proposed dataset JUIVCDv1.

Figure 6.6: Training and Validation accuracy curve of VGG19 on JUIVCDv1 dataset

6.4.2 Performance Comparison: Train Loss and Validation Loss vs Epoch

Figure 6.7 shows the training loss and validation loss curves with respect to the

number of epochs for the EfficientNet model. We have trained EfficientNet for 30

epochs to achieve this training loss and validation loss curve on our proposed dataset

JUIVCDv1.

Figure 6.7: Training Loss and Validation Loss curve of EfficientNet on JUIVCDv1 dataset
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Figure 6.8 shows the training loss and validation loss curves with respect to the

number of epochs for the InceptionV3 model. We have trained InceptionV3 for 25

epochs to achieve this training loss and validation loss curve on our proposed dataset

JUIVCDv1.

Figure 6.8: Training Loss and Validation Loss curve of InceptionV3 on JUIVCDv1
dataset

Figure 6.9 shows the training loss and validation loss curves with respect to the

number of epochs for the DenseNet121 model. We have trained DenseNet121 for

25 epochs to achieve these training loss and validation loss curves on our proposed

dataset JUIVCDv1.

Figure 6.9: Training Loss and Validation Loss curve of DenseNet121 on JUIVCDv1
dataset
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Figure 6.10 shows the training loss and validation loss curves with respect to the

number of epochs for the MobileNetV2 model. We have trained MobileNetV2 for

120 epochs to achieve these training loss and validation loss curves on our proposed

dataset JUIVCDv1.

Figure 6.10: Training Loss and Validation Loss curve of MobileNetV2 on JUIVCDv1
dataset

Figure 6.11 shows the training loss and validation loss curves with respect to the

number of epochs for the VGG19 model. We have trained VGG19 for 120 epochs

to achieve this training loss and validation loss curve on our proposed dataset JUIV-

CDv1.

Figure 6.11: Training Loss and Validation Loss curve of VGG19 on JUIVCDv1 dataset
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6.4.3 Performance Comparison: Confusion Matrix

Figure 6.12 shows the confusion matrix of the base model EfficientNet. From this

figure, we have observed that the best true positive value is obtained for the class

0 Car but lowest true positive value is obtained for the class 10 Toto.

Figure 6.12: Confusion matrix of EfficientNet on the test set of JUIVCDv1
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Figure 6.13 shows the confusion matrix of the base model InceptionV3. From this

figure, we have found that the best true positive value is obtained for the class 0 Car

but lowest true positive value is obtained for the class 10 Toto.

Figure 6.13: Confusion matrix of InceptionV3
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In Figure 6.14 shows the Confusion Matrix of the base model DenseNet121.From

this figure, we have observed that the best true positive value was obtained for the

class 0 Car but lowest true positive value is obtained for the class 10 Toto.

Figure 6.14: Confusion matrix of DenseNet121 on the test set of JUIVCDv1

41



Figure 6.15 shows the confusion matrix of the base model MobileNetV2. From

this figure we have observed that, the best true positive value is obtained for the class

0 Car and the lowest true positive value is obtained for the class 10 Toto.

Figure 6.15: Confusion matrix of MobileNetV2 on the test set of JUIVCDv1
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Figure 6.16 shows the confusion matrix for the base model VGG19. From this

figure, we have observed that the best true positive value is obtained for the class

0 Car but lowest true positive value is obtained for the class 10 Toto.

Figure 6.16: Confusion matrix of VGG19 on the test set of JUIVCDv1
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6.4.4 Performance Comparison: Classification Report

Table 6.1 shows the performance of AVC on the test set of JUIVCDv1 dataset

using the EfficientNet model. After evaluating EfficientNet on our dataset, we have

observed that the highest precision value of 0.99 is achieved by the class 3 Ambassador

and the class namely 8 Truck has the lowest precision value of 0.64. The class 0 Car

has achieved highest recall value of 1.00 and the class 10 Toto has the lowest recall

value of 0.57. Highest F1-Score has been achieved by the model for two classes,

namely 5 Motorized2wheeler and 9 Autorickshaw i.e., 0.98. EfficientNet Model has

achieved overall an accuracy of 0.93.

Vehicle Class Precision Recall F1-Score
0 Car 0.83 1.00 0.91
10 Toto 0.87 0.57 0.68

11 Minitruck 0.95 0.64 0.76
1 Bus 0.97 0.97 0.97

2 Bicycle 0.97 0.84 0.90
3 Ambassador 0.99 0.95 0.97

4 Van 0.96 0.88 0.92
5 Motorized2wheeler 0.97 0.99 0.98

6 Rickshaw 0.94 0.97 0.96
7 Motorvan 0.91 0.91 0.91
8 Truck 0.64 0.92 0.75

9 Autorickshaw 0.98 0.99 0.98

OVERALL

Accuracy 0.93

Macro Avg. 0.91 0.89 0.89
Weighted Avg. 0.94 0.93 0.93

Table 6.1: Classification report of the EfficientNet model.

44



Table 6.2 shows the performance of AVC on the test set of JUIVCDv1 using

the InceptionV3 model. After evaluating InceptionV3 on our dataset, we have ob-

served that the model has achieved the highest precision value of 1.00 for the class

2 Bicycle and the class namely 7 Motorvan has the lowest precision of 0.58. Highest

Recall value of 1.00 has been achieved by the model for two classes i.e., 0 Car and

7 Motorvan and 10 Toto has the lowest recall value of 0.48. Highest F1-Score value

of 0.98 has been achieved by the model for two classes, namely 3 Ambassador and

5 Motorized2wheeler. InceptionV3 model has achieved an overall accuracy of 0.93.

Vehicle Class Precision Recall F1-Score
0 Car 0.86 1.00 0.92
10 Toto 0.73 0.48 0.58

11 Minitruck 0.94 0.61 0.74
1 Bus 0.96 0.95 0.95

2 Bicycle 1.00 0.88 0.93
3 Ambassador 0.99 0.97 0.98

4 Van 0.97 0.90 0.93
5 Motorized2wheeler 0.98 0.97 0.98

6 Rickshaw 0.95 0.98 0.97
7 Motorvan 0.58 1.00 0.73
8 Truck 0.60 0.95 0.74

9 Autorickshaw 0.97 0.97 0.97

OVERALL

Accuracy 0.93
Macro Avg. 0.88 0.89 0.87

Weighted Avg. 0.94 0.93 0.93

Table 6.2: Classification report of the InceptionV3 model.
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Table 6.3 shows the performance of AVC on the test set of JUIVCDv1 using

DenseNet121 model. After evaluating DenseNet121 on our dataset, we have ob-

served that for the classes 3 Ambassador and 7 Motorvan, the model has achieved

the highest precision of 1.00 and for the class 8 Truck the model achieved the lowest

precision of 0.57. The model has achieved the highest recall value of 1.00 for two

classes 0 Car and 5 Motorized2wheeler and the lowest recall value of 0.43 for the

class 10 Toto. The Highest F1-Score of 0.98 has been achieved by the model for the

class 5 Motorized2wheeler. DenseNet121 model has achieved an overall accuracy of

0.92.

Vehicle Class Precision Recall F1-Score
0 Car 0.88 1.00 0.93
10 Toto 0.67 0.43 0.53

11 Minitruck 0.86 0.61 0.72
1 Bus 0.91 0.94 0.93

2 Bicycle 0.93 0.84 0.88
3 Ambassador 1.00 0.94 0.97

4 Van 0.95 0.88 0.92
5 Motorized2wheeler 0.97 1.00 0.98

6 Rickshaw 0.95 0.97 0.96
7 Motorvan 1.00 0.91 0.95
8 Truck 0.57 0.93 0.71

9 Autorickshaw 0.95 0.95 0.95

OVERALL

Accuracy 0.92
Macro Avg. 0.89 0.87 0.87

Weighted Avg. 0.93 0.92 0.92

Table 6.3: Classification report of the DenseNet121 model.
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Table 6.4 shows the performance of AVC on the test set of JUIVCDv1 using

the MobileNetV2 model. After evaluating MobileNetV2 on our dataset, we have

observed that the model has achieved the highest precision value of 0.98 for the class

3 Ambassador and the lowest precision of 0.56 for the class 8 Truck. Highest recall

value of 1.00 has been achieved by the model for the class 0 Car and the class 10 Toto

has the lowest recall value of 0.22. The Highest F1-Score of 0.97 has been achieved

by the model for the class 5 Motorized2wheeler. MobileNetV2 model has achieved

an overall accuracy of 0.91.

Vehicle Class Precision Recall F1-Score
0 Car 0.87 1.00 0.93
10 Toto 0.83 0.22 0.34

11 Minitruck 0.94 0.49 0.65
1 Bus 0.92 0.96 0.94

2 Bicycle 0.97 0.79 0.87
3 Ambassador 0.98 0.91 0.94

4 Van 0.93 0.95 0.94
5 Motorized2wheeler 0.94 0.99 0.97

6 Rickshaw 0.90 0.99 0.95
7 Motorvan 0.89 0.73 0.80
8 Truck 0.56 0.90 0.69

9 Autorickshaw 0.96 0.93 0.94

OVERALL

Accuracy 0.91
Macro Avg. 0.89 0.82 0.83

Weighted Avg. 0.92 0.91 0.91

Table 6.4: Classification Report of the MobileNetV2 model.
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Table 6.5 shows the performance of AVC on the test set of JUIVCDv1 using the

VGG19 model. After evaluating on our dataset, we have observed that the model

has achieved the highest precision value of 0.98 for the class 3 Ambassador and for

the class 8 Truck the model has achieved the lowest precision of 0.56. The model has

achieved the highest recall value of 1.00 for the class 0 Car and the class 10 Toto has

the lowest recall value of 0.26. The highest F1-Score of 0.93 has been achieved by the

model for the class 3 Ambassador. VGG19 model has achieved an overall accuracy

of 0.82.

Vehicle Class Precision Recall F1-Score
0 Car 0.75 1.00 0.86
10 Toto 0.86 0.26 0.40

11 Minitruck 0.75 0.33 0.46
1 Bus 0.77 0.85 0.81

2 Bicycle 0.65 0.60 0.62
3 Ambassador 0.98 0.82 0.89

4 Van 0.94 0.80 0.86
5 Motorized2wheeler 0.88 0.89 0.88

6 Rickshaw 0.84 0.89 0.86
7 Motorvan 0.50 0.64 0.56
8 Truck 0.43 0.83 0.56

9 Autorickshaw 0.93 0.93 0.93

OVER-ALL

Accuracy 0.82
Macro Avg. 0.77 0.73 0.72

Weighted Avg. 0.84 0.82 0.82

Table 6.5: Classification Report of the VGG19 model.
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6.5 Discussion of the Obtained Outcomes

In comparison to the other five CNN models, EfficientNet has achieved the best

accuracy of 93.82%, followed by InceptionV3 having 93.33%, DenseNet at 92.16%,

MobileNetV2 having 91.28% accuracy, and EfficientNet with 82.48% accuracy and

VGG19 with 82.48% accuracy.

Models Name Accuracy(%)
EfficientNet 93.82
InceptionV3 93.33
DenseNet121 92.16
MobileNetV2 91.28

VGG19 82.48

Table 6.6: Comparison AVC of accuracies obtained on the test set by the different CNN
models used here for experimentation.

• Class imbalance is a major problem in both the training and testing data sets.

A large proportion of the still images in the training set include cars and motor-

cycles, whereas just a small fraction feature totos and bicycles.

• There are 560 cars in the training set, which is sufficient for the models to

accurately classify vehicles in the test set. The 240 vehicles in the validation set

allow for a more precise model and easier vehicle classification. In contrast, the

test set only contains 80 vehicles from the class bicycle, whereas the training set

has only 120 bicycles. Therefore, there is not enough data for the CNN models

to properly learn bicycle class images. With less inequality across classes, we

may have gotten a far better accuracy score.

• The total number of ‘Rickshaw’ in this dataset is extremely close to that of

a ‘Toto’. There are very few still images of Toto in our data collection. As a

49



result, several ‘Toto’ have been incorrectly designated as ‘Rickshaws’ in the

models. Adding more ‘Toto’ data to the base models will help them better

distinguish ‘Rickshaws’ and ‘Toto’ and so to address the problem.
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Chapter 7

Conclusion

Nowadays there is a large number of vehicles on the roads, and hence AVC has be-

come more significant in the real-time traffic picture. A realistic image/video dataset

is essential for this purpose. Researchers may utilize this dataset to assess the efficien-

cies of their approaches for both automated localization and classification. Though

there are plenty of datasets available for vehicle localization, only a few of them can

be used for classification and segmentation purposes. Additionally, not all datasets

accurately reflect real-world situations. For example, images taken on the Indian sub-

continent, frequently show two or more vehicles overlapping in a single frame owing to

traffic congestion. Therefore, researchers have faced difficulties to use this information

because of the distinctive features of Indian roads, such as the high volume of traffic,

clogged highways, the poor state of the roads, and traffic congestion. In order to fill

this research vacuum, we have created an image database suitable for Indian roads in

the current study. This dataset can be utilized to classify vehicles. We have included

the necessary annotation for the assessment of the AVC algorithms. This dataset is

made publicly available for research purposes only. We have benchmarked the results
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using five state-of-the-art deep learning models namely EfficientNet, DenseNet121,

InceptionV3, MobileNetV2, and VGG19. Finally, we are able to reach an accuracy

of 93.28% which is satisfactory given the complexity of the images.

7.1 Limitations and Future Scope

• Version 1 of the dataset has about 6000 images, which may not be sufficient

to train deep learning models properly. Therefore, we would like to continue

gathering images or videos for the up-gradation of the dataset.

• We will take steps in the future to alleviate the class imbalance found in the

current edition of this dataset by gathering more images for certain classes like

totos, vans, and rickshaws, which have been rarely included in any of the available

datasets.

• We want to take pictures in a variety of weather situations, including foggy,

nighttime, rainy, etc.

• We will attempt to include additional types of vehicles that are found on Indian

roads.

• We also have a plan to create a video database for AVC.
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