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Abstract: The advancement of self-driving vehicles' ability to perceive their
environment is highly dependent on computer vision-based object detection and
recognition. Over the pasi few decades. many subsiantiol object detection and
recognition datasets have been proposed, including the Karlsruhe Institute of
Technology and Tovota Technological (KITT!) dataser, the Beijing Institute of
Technology (BIT) vehicle dataset, etc. However, these datasets consist af smoath
and organised wrban road traffic of Western nations, ignoring the congested and
disordered traffic of Asian nations (i.e., Pakistan, India, etc.). To overcome the
above-mentioned issues, a substantial dataset named Control Automotive and
Robotics Lab- Object Detection Dataset (CARL-ODD) has been proposed for
self-driving vehicles to navigate safely while having a detailed perception of their
surroundings in an Asian environment. CARL-ODD dataset was collected from
aver eighty cities of Pakistan containing highways, motorways, and congested as
well as diverse traffic scenarios of urban, rural, and hilly areas. The use of both
mono and stereo-vision-based driving videos in the dataset provided a considerable
advantage over the state-of-the-art datasets. The collected data were then labelled,
and 20,000 representative images were selected for the perception madule.
Moreover, to establish a baseline for CARL-ODD, we have also compared the
various pre-frained single-stage and multistage object detection and recognition
algorithms with the dataser. These pre-trained abject detection algorithms, such as
YOLO and Faster R-CNN, have been implemented to detect and classify varions
on-road vehicles present in the Asian environment. This approach can save fime
and resources compared to training a model from seratch. The major findings as a
result of the analysis showed that the CARL-ODD dataset demonstrated strong
performance in detecting and recognising surrounding vehicles, while achieving
91% average precision for single-stage detectors and 93% average precision for
multistage object detectors. This work outperforms the state-of-the-art datasets in
terms of vehicle classes and diverse traffic scenarios.
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1. Introduction

Traffic congestion is the most excruciating experience for people living in the modern cities
of Asia. Every day, thousands of people die in Asia because of road accidents due to congested and
unorganised traffic (World Health Organization, 2018).

This requires the development of intelligent solutions to avoid such ravaging situations.
Therefore, autonomous driving research provides an imperative premise for the perception of the
road environment, which has become the research focus in intelligent vehicles.

Autonomous driving research requires in-depth and rigorous analysis of scene
understanding. For this purpose, it is paramount to collect highly accurate data to feed the
perception module that helps detect and identify on-road objects. To date, several benchmark
datasets, such as COCO (Lin et al., 2014), PASCAL VOC (Everingham et al., 2010) and KITTI
(Geiger et al., 2013), have been introduced for object detection techniques. These datasets have
been applied in autonomous driving for the detection of vehicles (Zhou et al., 2025; Vishwakarma
& Jain, 2024), pedestrians (Amine et al., 2022; Zhang et al., 2018), road signs (Mohammad,
Szalay, & Torok, 2021; Saxena et al., 2024), traffic lights (Lin et al., 2022; Han et al., 2024), etc.
Despite the diversity of existing datasets in the literature, none of them provides the dataset of
Asia's local vehicles and pedestrians.

For the perception of a self-driving vehicle in an Asian environment, we have proposed a
vision benchmark suite, "CARL-ODD", to detect objects around the ego-vehicle. The proposed
dataset exhibits diverse Asian traffic scenarios collected during peak and off-peak traffic hours.
CARL-ODD contains four object categories, including three classes of vehicles and pedestrians.
This dataset encompasses 2-wheeled, 3-wheeled, and 4-wheeled vehicles These vehicles include
motorbikes, rickshaws, minibuses, cars, trucks, and vans.. Moreover, the features and the dressing
culture of Asian pedestrians are different as compared to western people. Thus, the perception
module is susceptible to failure if trained on the existing dataset. Hence, our proposed dataset will
include images of local vehicles, objects, traffic lights, road signs, and pedestrians in Asia. To
overcome the problems in existing datasets, our contributions are as follows:

For the advancement of the perception module of self-driving vehicles, this article proposes
a substantial dataset named CARL-ODD, which helps in detecting and recognising surrounding
on-road vehicles and objects. CARL-ODD consists of driving videos covering over 1,100 km
collected from more than 80 cities and includes congested traffic routes, urban and rural highways,
hilly terrain, and motorways. This dataset consists of almost 20,000 labelled images with
approximately 55,000 labels and is presented in two types of annotation formats which include:
YOLO-based annotations (in .txt format) and PASCAL VOC-based annotations (in .xml format).
Our proposed dataset includes a variety of class categories, including two-wheeler (motorbikes),
three-wheeler (rickshaws), and four-plus-wheeler (cars, buses, and trucks).. Additionally, one-stage
and two-stage object detectors are assessed using the proposed dataset to show their accuracy and
effectiveness. Finally, a thorough comparison of our proposed benchmark suite with the most recent
object detection datasets for self-driving cars demonstrates its diversity and efficacy. Table 1
includes the abbreviation and their meanings.

Table 1. Abbreviation and Meaning

Abbreviation Meaning

COoCoO Common Objects in Context
FPN Feature Pyramid Network
SGD Stochastic Gradient Decent
CNN Convolutional Neural Network
vVOC Visual Object Classes

SPP Spatial Pyramid Pooling

CSP Cross Stage Partial

ODD Object Detection Dataset

SSD Single Shot Detector
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The rest of the paper is organised as follows: Section II presents the literature on existing
datasets; the proposed methodology is given in Section III; Section IV provides extensive results
and experiments; the detailed results and comparison are given in Section V, while Section VI
includes the conclusion and future work.

2. Related Work

In terms of autonomous driving, deep learning technology has achieved significant
advancements (Muzammul & Li, 2025). Traffic safety is greatly impacted by vehicle detection,
which is why it has received substantial attention from both academia and industry. Autonomous
driving is a critical task as it requires high precision and real-time response to its surrounding
environment. For this purpose, high-quality data must be collected from various scenarios to
achieve promising results for the perception module.

Various deep-learning-based vehicle identification algorithms have been proposed in recent
studies. These deep learning methods can be categorised into two categories: region-based and
regression-based methods (Berwo et al., 2023). The former methods help to generate region
candidate boxes and then extract and classify these boxes using deep learning techniques (Chen,
Qiao, & Li, 2020). Currently, the main region-based methods are R-CNN (Yeh, Lin, & Chang,
2021) and Fast R-CNN (Girshick et al., 2014). However, these methods are computationally
complex for real-time object detection. In comparison, the latter techniques consider object
detection as a single feed-forward neural network problem. Regression-based methods are
computationally fast and demonstrate high accuracy in object detection, including Darknet-based
You Only Look Once (YOLO) (Ren et al., 2015), YOLOvV2 (Redmon et al., 2016), YOLOv3 (Zhao
& Li, 2020), and single shot detector (SSD) algorithm.

The above-mentioned techniques require high-quality data to give satisfactory results.
Dataset are essential to train systems to perform their required role. For this purpose, numerous
vehicle datasets have been proposed for self-driving research. One of the most well-known datasets
for self-driving technology is collected by Karlsruhe Institute of Technology and Toyota
Technological Institute (KITTI). The image-based KITTI uses RGB and greyscale stereo vision
cameras to cover various driving circumstances. This benchmark dataset includes over 7,400
training images and over 7,500 test images. This dataset only consists of cars, bicycles, and
pedestrians among the classes of on-road objects. Another dataset introducedin 2005 and expanded
in 2012 named PASCAL Visual Object Classes (VOC) constitutes 20 categories of objects.
Researchers have extensively used this dataset as a benchmark to evaluate object detection,
semantic segmentation, and classification-based problems. This dataset consists of three sets of
images, namely, training, validation, and testing images, and comprises approximately 10,000
images.

In contrast, the Nepalese dataset (Bhatti et al., 2021) was collected as part of a final-year
project. They captured 30 videos (each of length 4 minutes) of different traffic scenarios, and the
images of interest were cropped from the frame. This dataset contains a total of 4,800 images
consisting of two and four-wheeler vehicles. However, the researchers did not consider collecting
data on pedestrians on the road.

Moreover, to evaluate the model developed by an image processing group, a new dataset
was collected from video sequences using a camera attached to the vehicle's front end (Li et al.,
2022). The dataset is named Grupo de Tratamiento de Imagenes (GTI) and comprises 3,425
rear-end views of on-road vehicles. In comparison, GTI contains 3,900 images of the road without
any vehicle on it. However, the dataset contains only the rear-end view of four-wheeled vehicles
and does not exhibit a variety of vehicles that are required for efficient training of the perception
module.

In 2015, the Beijing Institute of Technology (BIT) collected a vehicle model recognition
dataset (Dong et al., 2014). The BIT dataset consists of 9,850 images of four-wheeled vehicles. Two
cameras captured images at various times, along with the positions of the vehicles. They collected
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images under varying illumination conditions, viewpoints, scales, and vehicle surface colours. It has
been observed that in the captured images, the bottom part of the vehicle is not recorded; images
may be due to the size of the vehicle or capturing delay. They considered six vehicle classes: buses,
microbuses, minivans, sedans, SUVs, and trucks, while ignoring pedestrians and other types of
on-road vehicles.

The datasets discussed by Everingham et al. (2010), Geiger et al. (2013), Bhatti et al. (2021),
and Dong et al. (2014) do not consider all three main classes of vehicles, -two-wheelers,
three-wheelers, and four-wheelers altogether, or the images of pedestrians have not been taken into
account. Besides, the amount of data collected is insufficient to train the deep learning models to
prove their applicability in this susceptible application. Moreover,these datasets capture only the
front or rear-end view of the vehicle's position, which may affect the overall efficiency of the
proposed deep-learning model. Hence, despite the diversity of existing datasets in the literature,
none of them provides the dataset of Asia's local vehicles and pedestrians.

3. Methodology of the Proposed Dataset

Currently, there is no public dataset available for object detection that encompasses Asia's
local vehicles and pedestrians. Therefore, in this article,we present Asia's only stereo-vision dataset
of different types of vehicles and pedestrians for use in autonomous driving research. Stereo vision
helps to perceive objects based on the principle of the human eye, and it computes the depth based
on the binocular disparity between the images of an object acquired from the left and suitable
cameras attached to the front dashboard of our vehicle. The features of the images acquired at a
time 't' are matched by examining the relative positions of objects in the visual scene. Our proposed
methodology is illustrated in Figure 1.

———————————————————————————————————————————

________________

Sensor Setup Data Collection Map

By
Dataset
Preprocessing

Figure 1. Proposed methodology

3.1. Data Acquisition

For the collection of robust and high-quality data, this paper utilised high-resolution cameras
equipped on our vehicle while covering 360-degree views of the environment. To cover the front
view, three 12-megapixel, 2K resolution cameras were equipped on a flat base fitted to the vehicle
dashboard (as shown in Figure 2). These cameras were configured to capture both symmetrical
stereo and monocular frames while minimising vibration.
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Figure 2. A glimpse of the camera and power backup setup on the data collection vehicle

In many Asian countries, most vehicles are Right-Hand Drive (RHD) compared to the
European standard, which is Left Hand Drive (LHD). Therefore, a 5-megapixel HD- resolution
camera has been placed on the driver-side mirror to capture environmental perception while driving
an RHD vehicle. Moreover, a 5-megapixel HD+ resolution camera was placed on the rear end of the
vehicle to collect the data from trailing vehicles. To ensure an uninterrupted power source for the
cameras and processing machine, a power backup of four 12-Volt batteries and a UPS plus inverter
was installed to provide power to the equipment mentioned above.

3.2. Road Map for Video Collection

In the literature, it can be seen that existing datasets only cover urban road traffic scenarios
with limited diversity, including congested traffic scenarios and different light conditions.
Moreover, three-wheeler vehicles, extensively used in Asian countries such as Pakistan, India,
Bangladesh. To overcome these limitations in a state-of-the-art dataset, on-road visual traffic data of
more than 1,100 KM covering almost 80 cities of Asia (Pakistan) has been collected as shown in
Figure 3. During data acquisition, our primary focus was on the following vehicle types including
two-wheelers (motorbikes), three-wheelers (rickshaws), and four-plus wheelers (cars, buses, and
trucks). Moreover, the dataset covers rural, urban, hilly, and national highways, unpaved roads, and
congested traffic scenarios. These data were collected from different types of cities, including big
cities, metro cities, medium and small towns. Samples from extracted image frames of additional
road traffic are depicted in Figure 4.
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3.3. Data Preprocessing and Selection

After dataset collection, image frames were extracted from the collected videos using widely
used tools (as shown in Figure 4). While extracting frames from the video sequences, we carefully
selected every third-frame from the video (decimate by 3) to avoid any repetition of frames in the
dataset.

Car Motorbike Truck Rickshaw Bus 7 Pedestrians

Figure 4. Example frames from the dataset demonstrating diverse classes of vehicles

Moreover, images with no objects were identified and removed from the final dataset. These
extracted frames were resized to the standard High Definition (HD) resolution of 1280 x 720 pixels,
with 24-bit colour depth with an RGB colour scheme. The extracted frames exhibited variations in
brightness and blur due to lighting and camera errors. Therefore, data preprocessing involved
removing noisy, blurry, and corrupted frames extracted from the video sequences. For this purpose,
multiple data preprocessing techniques were applied, including contrast enhancement, smoothing,
histogram equalisation, to improve image quality and correct brightness issues.

3.4. Data Annotation

Our CARL-ODD dataset comprises 20,000 images, which required manual annotation by
trained human resources. For this purpose, a team of volunteer undergraduate students was selected
and trained by experts in the Control, Automotive, and Robotics Lab (CARL) to achieve maximum
performance during annotation. They were trained for one week before deploying for dataset
annotation. These preprocessed images were labelled using an advanced image annotation tool
named Label Image. These images are labelled in multiple formats, including YOLO and PASCAL
VOC, to support single-stage and multistage object detectors. By drawing bounding boxes around
the key elements in the scene, we manually annotated and classified six categories of road users.

Bounding box annotation samples are shown in Figure 5. Our proposed CARL-ODD dataset
contains approximately 55,000 labels in total, as shown in Figure 6.

Figure 5. Samples of 2D annotation on the proposed dataset
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Figure 6. Total number of Labels for each class in our proposed dataset

3.5. Object Detection

One of the robust fields of computer vision is 2D objection detection, which helps locate
different objects of interest in a given image or video. Object detection is considered more
advanced than classification because it not only classifies objects , but also locates the position of
multiple objects in an image or video sequence. Object detectors usually predict the bounding box
for each object, followed by the classification score for the predicted object. Nevertheless, detectors
can also predict multiple bounding boxes for each object,which are later filtered using techniques
such as non-maximum suppression. Object detectors are usually categorised into two types:
one-stage and two-stage. These object detectors differ from each other in their detection approach.
To examine the proposed dataset, both one-stage and two-stage detectors were employed to prove
its diversity.

3.6. One-Stage Object Detector

In recent years, one-stage detectors have progressed rapidly with sufficient upgrades in their
algorithms. Due to their high inference speed, one-stage detectors are ideal for real-time
applications such as perception modules of self-driving vehicles, indoor, and outdoor robot
navigation, etc. In this work, we have deployed the famous and latest YOLOv4object detector to
evaluate our proposed benchmark dataset. Compared to its predecessors, YOLOv4 has better
inference speed and baseline accuracy.

Moreover, it is the fastest in terms of frame per second and has higher mean average
precision as compared to other available object detection algorithms. To extract the different
features required to detect a specific object from the images, CSP-Darknet-53 has been deployed as
a backbone network for the YOLOv4, which is formed by concatenating CSPnet with the
Darknet-53 network. CSP-Darknet-53 achieves higher object detection accuracy than
state-of-the-art feature extractors such as ResNet, which serves as the backbone in two-stage
detectors.

This fifty-three-layer ResNet design comprises multiple convolutional layers, each followed
by batch normalisation and leaky ReLU layers. These layers are organised into blocks, with
multiple residual blocks at the lower levels of the network to mitigate the gradient vanishing
problem in deep neural networks. The pooling layer and the fully connected layer are excluded from
the backbone, and the stride of the convolutional kernels is set to 2 to prevent overfitting by
achieving network down--sampling. The proposed architecture is shown in Figure 7.
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Figure 7. Proposed architecture for YOLO-based one-stage object detector

In addition to the backbone, SPP was integrated as a neck attached to the CSPDarknet-53
architecture, where the last pooling layer was replaced with a spatial pyramid pooling layer. The
SPP block can generate fixed-size outputs even when given variable-sized inputs. Moreover, the
SPP block can also produce similar length pooling features by taking different dimensions of the
same image as input to the block. One of the main advantages of integrating the SPP block with the
YOLO backbone is that it does not alter the overall network architecture, as it simply replaces the
original pooling layer with the spatial pyramid pooling layer.

In this article, PANet was deployed instead of FPN, which was used in the neck of the
previous YOLO version, YOLOv3. When an image is forward propagated through the neural
network, the complexity of the feature vector increases while the spatial resolution decreases,
resulting in lower detection and recognition accuracy. However, FPN in YOLOV3 tried to reduce
this limitation by utilising a top-down approach while extracting and combining the features
required for accurately locating objects in the image. However, it still lacks efficiency as image size
increases, because spatial information must be propagated through hundreds of layers, which
increases the time complexity. While in PANET, a supplemental enhanced bottom-up path is taken
with the top-down path, which aims to reduce the information flow from the lower to the high-level
layers. It helps intensify the feature pyramid and precisely localises the features present at low
levels to intensify the entire feature level. Moreover, an adaptive feature pool was added in PANet
to connect the feature pyramid with all feature extraction layers, enabling the sharing of valuable
information via shortcut paths.

3.7. Two-Stage Object Detector

Two-stage object detectors are beneficial when high accuracy is a crucial factor compared to
the inference speed, for example, in bioinformatics applications and text recognition. Therefore, to
demonstrate the diversity of our proposed dataset, this article employed a widely recognised
two-stage object detector called Faster Region-Based Convolutional Neural Network
(FasterR-CNN). This network architecture consists of three neural networks: the first is the Feature
Extraction Network, followed by Region Proposal Network, and Detection Network. The proposed
architecture is shown in Figure 8.
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Figure 8. Proposed architecture for Faster R-CNN based two-stage object detector

For feature extraction, a l6-layer pre-trained VGG-16 network was utilised as the
backbone of our network architecture , with some of its top layers. VGG-16 is a widely used
convolutional neural network due to its more straightforward but powerful network architecture that
is suitable for extracting generic features, which helps in identifying multiple objects. This network
was employed to extract the good features from the image while maintaining the original shape and
pattern.

After extracting multiple features, the Region Proposal Network (RPN), comprising three
convolutional layers, was used to generate regions of interest (bounding boxes) with a high
probability of containing an object. Subsequently, these features and bounding boxes were provided
as input to the detection network, which consists of fully connected layers that detect and classify
the objects in the input image.

4. Experiments and Results

Different state-of-the-art deep learning models including one-stage and two-stage detectors
are applied to our proposed dataset to evaluate the performance of the benchmark .These models
were trained on a powerful deep learning machine rigged with an Intel Core 19-9900K processor 32
GB DDRS5 RAM, and NVIDIA RTX 2080Ti 11GB GPU. Multiple Python-based deep learning
frameworks were employed for training these models based on the nature of the training.

4.1. One-Stage Detector

In this work, the YOLOv4 object detector was employed to evaluate our proposed
benchmark dataset. A PyTorch-based setup was employed, with model training performed on GPU.
Images were preprocessed by resizing to 608 x 608 pixels, to achieve training efficiency with less
resource overhead. The dataset was split in the ratio of 70:20:10, with 70% of the data used for
training, 20% for testing, and 10% for validation. For training, this study employed transfer
learning, where YOLOv4 was initialised with pre-trained COCO weights to acquire low-level
features. This can expedite the training process compared with training from scratch. While
selecting the training options, we fixed the batch size to 5 per our GPU memory. An adaptive
learning rate was employed to maximise performance in terms of speed and accuracy. We trained
our network for 100 epochs, with approximately 4,000 iterations per epoch, given the dataset size
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(20,000 images) and the chosen batch size of 5. This training process took around 18 hours to
complete. The result performance achieved after training are depicted in Figure 9.
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Figure 9. Training results of One Stage Detector on our proposed dataset
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The performance graph as shown in Figure 10 demonstrates that the one-stage detector has
shown decent performance on our dataset. This network attained an average precision of 0.91 and
recall of 0.84, which shows the robustness and diversity of our proposed data collection. n the
benchmark data, the deployed single-stage object detector achieved a mean average precision of
84.40% (Figure 8), demonstrating satisfactory performance for use in machine learning applications
where real-time detection is critical. Some of the predicted samples of this network are also shown
in Figure 11.
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Figure 11. Object detection results of the single-stage detector on the proposed data collection
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4.2. Two-Stage Detector

To demonstrate the diversity and applicability of the proposed dataset, experiments were
extended to two-stage object detectors. For this purpose, a pre-trained Faster R-CNN was
employed to evaluate the benchmark dataset. As mentioned above, for the base network of the
two-stage detector, this study employed the VGG-16 model, pre-trained on the ImageNet dataset
(Bansal et al., 2021) and further fine-tuned on our proposed benchmark dataset. During training, the
weights of the batch normalisation layers in the pre-trained model were frozen to accelerate
training and prevent overfitting. The detailed process of 2D object detection using a two-stage
custom Faster R-CNN is illustrated in Algorithm 1.

4.3. Pseudocode for Training
Algorithm 1: Algorithm for 2D Object Detection (Two Stage Module using Custom FasterRCNN )

START
INPUT: NIM, bb-annotaticn{label-location)
OUTPUT: Rectangular Coocrdinates for surrounding detected objects, NFstrVGG1le,
NFstrResnetl8, NFstrMcobilenetW2, RvgPF_wgglé, RvgP resnetl8, RvgP mobilenetwv?
NIM: Number of input Images containing surrounding cbjects
bb-annotation: Rectangular bounding boxes of cobjects in images
Rectangular Coordinates for surrounding detected objects: Objects'
location

HFEstrVGG1i6e: VGGnet-based custom faster R-CHN model

KFstrResnetlf: Resnetlfi-based custom faster E-CNN model
NFstrMobilenetVZ: MobilenetVZ based custom faster rcnn model
PreCbjLoc: function to Predict the rectangular coordinates for the

Cbject Location
/{ Estimation of anchor boxes

B a— AnchorboxEstimation (NIM, bb-annotation)

input image size < [400 400], [300 300], [&00 &00]

NFstrVGGEle +— ConstructCustomVggnetFasterRCNN (inputImageSize, EB)
NEstrResn=tlid *+— ConstructCustomResnetlBFasterRCNN {inputImageSize, B)

NFatrMobilenetV2Z -#— ConstructCustomMobilenetVZFasterRCNN (inputImageSize, EB)
[ &-trn, &% -tst] «— splitting NIM into train and test set
// Training Module for 2D Cbject Detection
For each input training image n: d-trn

a) gn = Feature Extraction VGG-16

b} xun 44— Feature Extraction Resnetl8

c) un w— Feature Extraction McbilenetV2
End For
Train Model NFstrVGEGlE for features gon
Train Model NFstrResnetlB for features xn
Train Model NFstrMobilenetVi for features un

7 _vgglé -— PreCkjLoc {(on)

7 reslit B ———— PreCbjLoc (xn)

i:mabilevz B e — PreCbjLoc {um)

Zvgp wgglt -~ Evaluate RvgP (NFstrVGGl6, I _wvgglé)

Lvgp resnetlf --—— Evaluate AvqgP (NFstrResnetl8, ¥ reslB)
_“—_vgp:mobi lenetvy a-—— Evaluate AvgP (NFstrMobilenstVa, 7 mobilevi)

For each testing image N: 8-tst
a) §9 =— Features extraction using selscted trained model =
b} [boundingbox coordinates, class_label] -—— Predict (§N)
c) Display input image with boundingbox coordinates, class label
d} ©-=— [ @ boundingbox coordinates] N -

End For

Avgr % -+— Evaluate mod{al £ uszing @

FINISH

In this article, the region proposal network (RPN) was trained on a mini-batch before the
classifier. The parameters of the Region Proposal Network and the base network were updated once,
while the classifier was trained and updated using the positive and negative proposals generated by
the Region Proposal Network. Consequently, the parameters were updated once whereas the base
convolutional layers were updated twice. The Region Proposal Network and VGG-16based
classifier share these base convolutional layers. Compared to the SGD optimiser used in the original
Faster R-CNN, this study employed the Adam algorithm to improve the loss function. An adaptive
learning rate was also employed, as mentioned in one stage detector, to get maximum performance
in terms of speed and accuracy. Multiple backbone networks were implemented to check the
performance of Faster R-CNN with different feature models. Training was performed on an
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NVIDIA RTX 2080 Ti (11 GB) using Keras and TensorFlow backend. The dataset split ratio was
the same as the previous one used for one stage detector, while the image is resized to multiple
dimensions, including 400 x 400, 500 x 500, and 600 x 600. The image batch size for training was
eight per GPU memory, and the max epochs was set to 100. The training process took around 48
hours to complete the maximum epochs. The proposed network architecture took near to the linear
time complexity of O(n).

This article used precision and recall performance metrics to evaluate the performance of the
two-stage detector on our dataset. The mathematical formulae for these metrics are presented in
Equations (1) and (2).

Precision = TP/TP + FP (1)
Recall = TP/TP + FN (2)

Here, TP (True Positive) refers to correctly predicted objects, FP (False Positive) refers to
incorrectly predicted objects, and FN (False Negative) refers to objects that the model failed to
predict. The performance of FasterR-CNN on the proposed dataset is shown in Table 2.

Table 2. Performance results of the two-stage detector on our proposed dataset
Performance Metrics

Resolution Backbone Average Precision Recall
VGG-16 0.9126 0.8674

400 x 400 Resnet-18 0.9041 0.8611
Mobilenet-v2 0.9097 0.8638

VGG-16 0.9322 0.8880

500 x 500 Resnet-18 0.9347 0.8894
Mobilenet-v2 0.9286 0.8713

VGG-16 0.9394 0.8910

600 x 600 Resnct-18 0.9321 0.8790
Mobilenet-v2 0.9297 0.8761

It can be seen from the above table that Faster R-CNN performed exceptionally on our
proposed dataset. Input image resolution, as well as backbone networks, has a significant effect on
the accuracy of the model. The best results (i.e., 0.93 average precision and 0.89 recall) were
achieved by the VGG-16 backbone network with a 600 x 600 pixel resolution image. These
performance metrics demonstrated that two-stage object detectors can perform exceptionally well
on the proposed dataset.

5. Comparison

When comparing the proposed dataset with state-of-the-art public datasets, the comparison
was categorised in terms of vehicle classes and traffic scenarios. In Table 3, the proposed dataset
was compared in different vehicle classes, including two-wheelers, three-wheelers, four-wheelers,
and on-road pedestrians. Most of the existing datasets omit three-wheeler vehicles, which are
highly prevalent in Asian countries, especially Pakistan, India, and Bangladesh. Similarly, in Table
4, the proposed data repository was compared to traffic scenarios, including urban, rural, dense, and
motorway conditions.. Moreover, existing data collections were captured using low-resolution
cameras, which can reduce performance and lead to overfitting when training deep neural networks.
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However, this issue was addressed in the proposed data collection, where high-quality cameras were
employed during capture.

Table 3. Comparison of the proposed data collection with existing datasets in terms of vehicle classes

Datasets Dataset Size Vehicle Class
Two-wheeler Three-wheeler Four-wheeler Pedestrian
KITTI (Geiger et al., 14,000 - - v v
2013)

Nepalese Vehicles 4800 v - v -
(Bhatti et al., 2021)

GTI (Li et al., 2022) 7325 - - v -

BIT (Dong et al., 2014) 9850 - - v -

UA-DETRAC (Wen et 140,000 v - v v

al., 2020)
Proposed dataset 20000 v v v v

Furthermore, most of the existing data collections are relatively small, regarding the total
number of images and labels unsuitable for real-world deployment. However, some datasets have
more images and annotations than ours. Nevertheless, these datasets lacked diverse traffic scenarios
as they only contained data from urban traffic areas. Compared with existing datasets, the proposed
data collection was more diverse in vehicle classes and traffic scenarios, which can significantly
enhance environmental perception in varied traffic conditions (Table 4).

Table 4. Comparison of the proposed data collection with existing datasets based on traffic scenarios

. . Traffic Scenarios Total No of
Datasets Resolution Annotations A B C D Labels
KITTI (Geiger et al., 0.5 MP 14,000 v - v - 40,000
2013)
UA-DETRAC (Wen et al., 18 MP 8250 v - v - -
2020)
nuScenes (Caesar et al., 1.4 MP 90,000 v - v - -
2020)
TME Motorway Dataset 1.0 MP 30,000 - - - v -
(Caraffi et al., 2012)
Udacity (Ramanishka et 2.0MP 15,000 v - v - -
al., 2018)
Pandaset (Xiao et al., 2.1 MP 48,000 v - v - -
2021)
Caltech (Bansal et al., 0.5 MP 800 v - - - -
2021)
Proposed dataset 12 MP 20000 v v v v 55,000

6. Conclusion and Future Directions

To improve the ability of self-driving cars to perceive their environment, this paper proposed
a vision benchmark dataset for on-road vehicle detection and recognition. This data repository was
collected from more than 80 cities in Pakistan with diverse traffic scenarios. Different vehicle
classes, including two-wheelers, three-wheelers, and four-wheelers, were incorporated into the
proposed dataset, making it one of the most diverse of the Asian vehicles. To evaluate the proposed
benchmark suite, different state-of-the-art CNN models, including one-stage and two-stage
detectors, were employed and evaluated. These models demonstrated outstanding performance,
which shows their effectiveness for the environmental perception of self-driving vehicles. Although
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our ensemble has certain limitations, it does not include diverse weather conditions such as fog,
rain, and snow.

Moreover, training our deep learning algorithms from scratch requires more data compared
to using transfer learning. In the future, we aim to expand the dataset with diverse weather
conditions including fog, rain, and snow, so that autonomous cars can navigate effectively on
dynamic temperature and road conditions. Moreover, we will train our deep learning model from
scratch rather than using transfer learning to improve the accuracy of these models on Asian-based
traffic patterns.

Conflicts of Interest: The authors declare they have no conflicts of interest to report
regarding the present study.
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