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Abstract

The rapid advancement of autonomous driving systems is transforming the future of transportation

and urban mobility. However, these systems face signi�cant challenges when deployed in complex and

unstructured traf�c environments, such as those found in many cities in south-east Asian countries like

India. This thesis aims to address the challenges related to data collection, management, and generation

for autonomous driving systems operating in such scenarios. The primary contributions of this work

include the development of a data collection toolkit, the creation of a comprehensive driving dataset

for unstructured environments (IDD-3D), and the proposal of a synthetic data generation framework

(TRoVE) based on real-world data.

The data collection toolkit presented in this thesis enables sensor fusion for driving scenarios by

treating sensor APIs as separate entities from the data collection interface. This framework allows for

the use of any sensor con�guration and demonstrates the smooth creation of driving datasets using our

framework. This toolkit is adaptable to different environments and can be easily scaled, making it a

crucial step towards creating a large-scale dataset for Indian road scenarios.

The IDD-3D dataset provides a valuable resource for studying unstructured driving scenarios with

complex road situations. We present a thorough statistical and experimental analysis of the dataset,

which includes high-quality annotations for 3D object bounding boxes and instance IDs for tracking.

We highlight the diverse object types, categories, and complex trajectories found in Indian road scenes,

enabling the development of robust autonomous driving systems that can generalize across different

geographical locations. In addition, we provide benchmarks for 3D object detection and tracking using

state-of-the-art approaches.

The TRoVE synthetic data toolkit offers a framework for the automatic generation of synthetic data

for visual perception, leveraging existing real-world data. By combining synthetic data with real data,

we show the potential for improved performance in various computer vision tasks. The data generation

process can be extended to different locations and scenarios, avoiding the limitations of bounded data

volumes and variety found in manually designed virtual environments.

This thesis contributes to the development of systems in complex environments by addressing the

challenges of data acquisition, management, and generation. By bridging the gap between the current

state-of-the-art and the needs of unstructured traf�c scenarios, this work paves the way for more robust

and versatile intelligent transportation systems that can operate safely and ef�ciently in a wide range of

situations.
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Chapter 1

Datasets for Driving Scenarios: An Introduction

The rapid advancements in the �elds of arti�cial intelligence, machine learning, computer vision, and

robotics have paved the way for the development of autonomous vehicles and advanced driver assistance

systems (ADAS). These technologies have the potential to revolutionize the transportation industry,

enhance road safety, reduce traf�c congestion, and contribute to a more sustainable and ef�cient mobility

ecosystem. As the world moves toward greater urbanization, the need for intelligent transportation

solutions becomes increasingly urgent. The adoption of autonomous driving and ADAS technologies

could play a signi�cant role in addressing the challenges posed by growing urban populations and the

subsequent demands on transportation infrastructure.

At the heart of autonomous driving and ADAS development lies the need for high-quality, diverse,

and structured data that can be used to train, validate, and test the sophisticated algorithms that drive

these systems. As the complexity and diversity of driving environments increase, so too does the im-

portance of having access to robust and comprehensive datasets that encompass a wide range of sce-

narios, geographical locations, and traf�c conditions. This is particularly true for regions with highly

unstructured and congested traf�c, such as Southeast Asian countries, where traditional driving datasets

collected in well-regulated environments may not adequately represent the unique challenges faced by

autonomous vehicles.

In this thesis, we delve into the creation, management, and utilization of driving datasets for au-

tonomous driving and road scene understanding. We explore various aspects of data collection, annota-

tion, and generation, with a focus on multi-modal data and unstructured environments. Through this in-

vestigation, we aim to contribute to the development of more generalizable and robust autonomous driv-

ing systems that can effectively navigate the complex and diverse road conditions encountered around

the globe.

Our work is driven by the belief that advancements in data acquisition, processing, and generation

methods can have a profound impact on the performance and generalizability of autonomous driving

systems. By developing innovative techniques and tools for data collection, annotation, and synthesis,

we hope to create a strong foundation upon which the next generation of intelligent vehicles and ADAS

applications can be built.

1



1.1 Motivation

The motivation behind this thesis is rooted in the recognition that the performance of autonomous

driving systems and ADAS is highly dependent on the quality and diversity of the data used for training

and validation. As autonomous vehicles are expected to operate in a wide variety of environments, it is

crucial to ensure that the datasets employed during their development accurately re�ect the complexity

and variability of real-world driving conditions. Traditional datasets, often collected in well-structured

and regulated environments [23, 24, 31, 33, 51], may not be suf�cient to capture the nuances and intri-

cacies of unstructured traf�c scenarios, especially those encountered in densely populated regions like

Southeast Asia.

The lack of comprehensive datasets representing such unstructured environments poses a signi�cant

challenge for the development of autonomous driving systems that can effectively navigate complex

traf�c conditions. The need for data that encompasses a diverse range of road scenes, object categories,

and traf�c behaviors is becoming increasingly apparent as researchers and engineers strive to create

more versatile and adaptive autonomous vehicles.

This thesis aims to address the limitations of existing driving datasets by exploring novel meth-

ods for data collection, annotation, and generation that take into account the unique characteristics of

unstructured environments. By developing innovative tools and techniques for data acquisition and

management, we hope to contribute to the creation of more representative and diverse datasets that can

be used to improve the performance and generalizability of autonomous driving systems and ADAS

applications.

Additionally, we are motivated by the potential bene�ts of synthetic data generation as a means

to augment real-world data [11, 28, 73, 91]. Synthetic data offers several advantages, including the

ability to create a virtually unlimited number of unique scenes, simulate various sensor con�gurations,

and incorporate diverse environmental conditions. By leveraging synthetic data, we can potentially

overcome the limitations of manual data collection and annotation efforts, while still preserving the

real-world structural properties that are essential for training effective autonomous driving systems.

In summary, the motivation for this thesis lies in the recognition of the critical role that high-quality,

diverse, and representative datasets play in the development of autonomous driving systems and ADAS

applications. By exploring novel methods for data collection, annotation, and generation in unstructured

environments, we aim to contribute to the ongoing efforts to create more robust, adaptive, and versatile

intelligent transportation solutions.

1.2 Indian Driving Dataset (IDD) and its Limitations

Overview of IDD: The Indian Driving Dataset (IDD) [82] is a comprehensive dataset that captures

the unique characteristics of Indian road scenes. It includes diverse and challenging scenarios that are

often absent in other popular driving datasets. The IDD consists of over 10,000 images, with detailed
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annotations for various object categories, including vehicles, pedestrians, riders, and static objects. The

dataset is particularly valuable for its representation of unstructured traf�c scenarios, which are common

in densely populated regions like India.

Limitations of IDD: Despite its contributions, the IDD has certain limitations that this thesis aims

to address. The dataset primarily consists of 2D images, which may not be suf�cient for developing

and validating advanced driver assistance systems (ADAS) and autonomous vehicles that rely on 3D

perception. The lack of depth information and 3D annotations in the IDD limits its applicability for

tasks such as 3D object detection and tracking, which are crucial for understanding complex traf�c

scenarios.

Moreover, the IDD, like many other real-world datasets, is limited by the cost and effort associated

with data collection and annotation. The dataset's coverage of diverse scenarios is inherently constrained

by the locations and conditions under which the data was collected. This limitation is particularly signif-

icant for autonomous driving systems, which are expected to operate in a wide variety of environments

and conditions.

Addressing the Limitations: In this thesis, we aim to address these limitations by introducing the

IDD-3D dataset and the TRoVE synthetic data toolkit. The IDD-3D dataset extends the original IDD

by incorporating high-quality LiDAR data and 3D annotations, thereby enabling research in 3D object

detection and tracking in diverse environments. On the other hand, the TRoVE toolkit allows for the

automatic generation of synthetic data, which can augment real-world data and overcome the limitations

of manual data collection and annotation efforts. By leveraging synthetic data, we can create diverse

and physically meaningful variations in scenes, thereby improving the performance and generalizability

of autonomous driving systems.

In summary, while the IDD has signi�cantly contributed to the understanding of unstructured traf�c

scenarios, this thesis aims to further enhance its utility by addressing its limitations through the intro-

duction of 3D data and synthetic data generation techniques.

1.3 Challenges & Contributions

The development of autonomous driving systems and ADAS applications for complex and unstruc-

tured traf�c scenarios presents several challenges, which this thesis aims to address. Our primary con-

tributions can be summarized as follows:

1.3.1 Data Collection Framework:

Challenge: Creating an ef�cient and �exible data collection framework that allows for seamless

integration of multi-modal sensors, easy calibration, and adaptability to different sensor con�gurations.

Contribution: We developed a data collection and management system that relies on the robotic

operating system (ROS) architecture and uses a Qt-based GUI for ease of use. The framework en-
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ables sensor fusion, supports various sensor con�gurations, and facilitates data processing and curation,

ultimately contributing to the creation of driving datasets for diverse environments.

1.3.2 IDD-3D Dataset:

Challenge: Addressing the lack of comprehensive datasets representing unstructured driving sce-

narios, particularly in Southeast Asian countries where traf�c densities and inter-object behaviors are

more complex.

Contribution: We introduced the IDD-3D dataset, which captures unstructured driving scenarios

in Indian road scenes, with data collected using high-quality LiDAR sensors and cameras. The dataset

includes detailed annotations for various object categories and offers unique insights into complex tra-

jectories, enabling research in 3D object detection and tracking in diverse environments.

1.3.3 TRoVE - Synthetic Data Toolkit:

Challenge: Overcoming the limitations of manual data collection and annotation efforts while pre-

serving the real-world structural properties essential for training effective autonomous driving systems.

Contribution: We proposed a framework for automatic generation of synthetic data for visual per-

ception using existing real-world data. Our approach enables the creation of diverse and physically

meaningful variations in scenes while minimizing the domain gap between synthetic and real data. By

combining synthetic data with real data, we demonstrated improvements in performance across various

computer vision tasks.

These contributions tackle the main challenges in developing autonomous driving systems for com-

plex and unstructured environments. By offering novel tools and techniques for data acquisition, man-

agement, and generation, this thesis aims to support the ongoing efforts to create more robust and ver-

satile intelligent transportation solutions.

1.4 Organization of the Thesis

The thesis is organized into the following chapters, which provide an in-depth exploration of the

challenges and contributions in developing autonomous driving systems for complex and unstructured

traf�c scenarios:

Introduction (Chapter 1): This chapter sets the stage for the thesis, providing an overview of the

motivation, challenges, and primary contributions. It also outlines the organization of the subsequent

chapters.

Data Collection Toolkit (Chapter 2): In this chapter, we present the development of a data collection

framework that enables sensor fusion for driving scenarios. We discuss the design choices, sensor

details, and data processing steps, highlighting the framework's ease of use, adaptability, and scalability.
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IDD-3D Dataset((Chapter 3): This chapter introduces the IDD-3D dataset, a comprehensive dataset

for unstructured driving scenarios in Indian road scenes. We provide a thorough statistical and ex-

perimental analysis of the dataset, as well as benchmarks for 3D object detection and tracking using

state-of-the-art approaches.

TRoVE - Synthetic Data Toolkit ((Chapter 4): In this chapter, we propose a framework for auto-

matic generation of synthetic data for visual perception using existing real-world data. We discuss the

advantages of combining synthetic data with real data, the potential for improved performance in var-

ious computer vision tasks, and the possibilities for expanding the data generation process to different

locations and scenarios.

Conclusions and Future Work (Chapter 5): This chapter synthesizes the main �ndings and contri-

butions of the thesis, re�ecting on the overall impact of the work and its implications for the development

of autonomous driving systems in complex environments. We also discuss potential future research di-

rections and extensions of the current work.

By addressing the challenges of data acquisition, management, and generation in unstructured traf�c

scenarios, this thesis aims to contribute to the ongoing efforts in developing robust and versatile intelli-

gent transportation systems. Through the development of new tools and techniques, we seek to improve

the generalizability and applicability of autonomous driving systems across diverse environments and

conditions.
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Chapter 2

Collecting data in the real world: The Data Collection Toolkit

2.1 Introduction

Intelligent vehicles and Autonomous driving systems have come a long way and keep becoming more

sophisticated over time. Much of this advancement is owing to the rapid progress in the deep learning

and computer vision community. However, the core component for all these increments is the availabil-

ity of high quality and structured data which augments the strengths of these sophisticated models and

brings out the best performance. Recently, there have been many works which focus on the process of

data selection and quality improvement [20,70,97], building high quality and large scale datasets in the

autonomous driving community, and approaches built using these resources which improve the state of

autonomous driving [36,98].

In this chapter, we explore the process of building a data collection and management system for

autonomous driving systems with multi-modal sensors and discuss ways for data cataloguing and pro-

cessing. The developed system can consolidate data streams from different types of sensors (Camera,

LiDAR, GPS etc.) and store them in the form of rosbags for raw data storage. The collection framework

relies on a robotic operating system (ROS) [67] architecture and uses a Qt based GUI [89] as a front-end

to facilitate easy access to the data collection without any technical training. The core highlights of our

proposed system are:

1. Ease of data collection using a GUI tool for calibration, sensor monitoring and recording.

2. Post-processing and analysis of multi-modal sensor data.

3. Data management and transformations for annotation, consolidation and visualization.

The rest of the chapter is organised in the following sections: In Related work, we talk about the

literature in the autonomous driving community, speci�cally about popular datasets and data collection

frameworks; In Infrastructure & Setup, we discuss the need for the data collection kit, design choices

and sensor details; and in Data Collection, we outline the details of the architecture, properties of the

data we are managing with the proposed system and the database design for storage and post-processing.
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We conclude the discussions about the future directions and the immediate steps for which the proposed

system will be used, i.e. the large-scale dataset collection task.

2.2 Related Work

The importance of multi-modal datasets and related benchmarks for autonomous driving systems is

very well established. Availability of large scale public datasets and associated benchmarks/challenges

accelerate the progress of autonomous driving system and enables interdisciplinary research collabo-

rations [98]. The existing autonomous driving datasets such as KITTI [33], Oxford Robotcar [54],

Apolloscape [38], nuScenes [9] and Argoverse [15] help in achieving this purpose.

All of these popular datasets are collected in a vast set of environments with variations in the sensor

con�gurations. Only a small fraction of the recent datasets provide a model for sensor-fusion in the range

of sensors available [35, 62, 79]. In recent works, the volume of data collected and annotated has been

increasing [79], and this effort enhances the quality of autonomous driving benchmarks. Similarly, the

availability of many annotation tools make it easier to develop datasets for driving scenarios [3,49,101].

However, there is a lack of software available for data collection and curation which create a gap in

the process. Some works make their platforms available [38], while some provide detailed information

about the data collection process [9], but most of these are targeted towards a very speci�c set of sensors

that the respective datasets are using. It becomes very dif�cult to use the same data collection setup,

and often requires creation of new frameworks from scratch for different purposes. Some effort has

been observed in the community for building low-cost interface for data collection [42], but scaling up

such software and using new technologies is not available in the set of limited functionalities offered in

such suites. Towards this, we propose a new data collection framework which makes the sensor kit and

the collection kit as disjoint entities, and also provide methods for post-processing and data storage for

creating structured datasets around driving scenarios, as described in this work.

2.3 Infrastructure & Setup

While many datasets exist for autonomous driving tasks, the support for openly available and easily

accessible tools for data collection and management remains scarce and often tedious to set up. One of

the major problems with data collection lies in the fact that usually it is performed by individuals who

may not have extensive technical knowledge about the sensors or the system internal functions. This

often results in loss of data, misalignment or bad synchronization in data streams from the multi-modal

sensor kit or corruptions in the metadata. Such situations render the data capturing efforts unusable and

are usually discovered at a later stage when data consolidation or processing is happening. Furthermore,

it is also possible that the changes in sensor setup etc may result in modi�cations of sensor parameters

(say extrinsic and intrinsic parameters for the camera) and as a result the captured data shows erroneous

output when processed. To avoid such situations, we ensure that multiple checks are added to the
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Table 2.1Available sensors on-board the vehicle used for data collection. The description of each sensor

and its con�guration is provided in the corresponding sensors section. The resolution is mentioned

wherever applicable.

Sensor
Qty. Resolution Con�guration Manufacturer/Model

LiDAR 1

64 channel

(vertical)

1024 channel

(horizontal)

10 Hz capture.

XYZ, Intensity,

Re�ectivity, Range

Ouster OS1 sensor

Camera 6 2048 x 1536
BayerRG8 format

10 Hz capture

FLIR Black�y S,

C-mount

Lens 6 -

UC Series

Fixed focal length

12/25mm

Edmund optics

GPS 1 -

G-Star IV

BU-353-S4 sensor

˜1Hz

GlobalSat

collection interface so that each step in the data collection pipeline is automatically followed and all

quality requirements are met.

2.3.1 Sensors

The available sensors are shown in table 2.1 along with the frame rate and resolution (wherever

applicable). We now discuss the sensors and the corresponding SDKs used for construction of the data

collection kit, and then discuss the overall system design in the later sections. These SDKs provide the

APIs which form the core of the proposed system.

• LiDAR : The LiDAR sensor we are using is an Ouster OS1 with 64 channel vertical and 1024

channel horizontal resolution. The available sensor has a 10Hz data capture rate and is able to

acquire data in the form of point clouds for the data collection kit.

• Camera: For this work, we are using a total of six RGB cameras with a resolution of 2048x1536

pixels. We capture data at 10 frames per second from the camera to align well with the LiDAR

sensor capture rate. The six cameras are triggered in a sequential way to align with the rotation of
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Figure 2.1The vehicle with all available sensors mounted. The LiDAR is mounted at the top of the car,

and the 6 cameras are arranged in the con�guration as front, front-left, front-right, back, back-left, and

back-right. The GPS sensor is mounted towards the rear screen. All sensors are connected to a USB3

hub inside the car which is then connected to the on-board computing machine and storage.

the LiDAR sensor, however, we also provide an option to perform a simultaneous trigger in the

toolkit.

• GPS: We are using a globalsat G-Star BU-353-S4 global positioning system sensor and capturing

the data at a rate of 1Hz as supported by the sensor. The GPS data is used to accurately keep track

of the vehicle trajectory and make the geopositioning information available for further usage.

2.3.2 Design

Some of the challenges and the design decisions for the preparation of the data collection system are

outlined in this section. We �rst discuss the essential aspects of the data storage, sensor calibration and

on-board computing:

Data Storage: Now each of these sensors are generating at a high resolution and require very fast

write rates on the disk. The approximate size of the data generated per minute is 15GB. This amount of

data is enough to occupy a 1TB disk with roughly one hour of continuous data collection. For smooth
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write speeds to the disk, we are using SSDs with a very fast transfer rate and record the data directly to

the external disk, avoiding any additional data transfer overhead on the system.

Sensor Calibration: The usability of the captured data, especially in a multimodal sensor scheme,

depends on the availability of the sensor calibration information. For example, with the cameras and

LiDAR, if we have the intrinsic and extrinsic calibration data, we can estimate the relative position of an

object in the scene with respect to all the sensors and hence enable sensor fusion. It is crucial to know

the relation and conversion between the data space for each of the sensors to enable adequate usage of

the captured data. For our capture setup, we perform camera calibration as a necessary step before each

capture and record the calibration video from the sensor streams so that it can be veri�ed again of�ine.

This allows us to also perform LiDAR-camera calibration in an of�ine manner without impacting the

accuracy of the data captured. We show an example of the LiDAR-camera calibration done of�ine in

Figure 2.4.

On-board Computing: For the on-board computing capability, we have a machine with Intel i7-

11th Gen processor, 16GB RAM, and Ethernet port. For the data capture, we use a USB3 extension

module and connect the 7 high-speed-transfer sensors (camera + LiDAR). Additionally, the machine

also consists of an Nvidia GeForce RTX 3070 6GB GPU which can allow for deep learning applications

to be run in parallel as well. This capability can be used in the future for smarter data collection processes

as well.

2.4 Data Collection

For the data collection kit, there are a some key points to keep in mind for ef�cient performance and

design of the system:

• Ease of use: The system should be easy to use since after deployment in a real-world setting,

a complete technical training of on-site individuals cannot be assumed. The system should be

simple and cover all aspects of data collection including sensor checkups, data formatting and

metadata collection.

• Speed and Scalability: It is important that the interface provided for data collection be fast to set

up and be scalable to multiple systems (so that in the future a �eet of vehicles operating on the

same technology can be used, for example).

Keeping in mind the key factors, we now describe the interface of the data collection tool, the data

format and post processing steps for dataset curation, and show samples from annotation and sensor-

fusion/calibration.
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Figure 2.2 The data collection interface: Shows a continuous stream of RGB images from the camera

sensor to visually validate the current surroundings and sensor status. Provides instructions for data

collection in simple steps. Details about the interface are mentioned in the corresponding section.

2.4.1 Data Collection Interface

As shown in the �gure 2.2, the graphical interface for the data collection tool comprises all the steps

and provides instructions for the operation as well. The tool was developed with the Python Qt [89]

with integration from ROS python. The �rst window shows the visual inputs from each of the cameras

mounted on the vehicle. This enables us to visually verify the working condition of each of the camera

sensors and the data quality. Furthermore, the instructions provided outline the steps to be followed for

initiating the data collection. To ensure that the system is robust, there are multiple automated checks

in place which do not allow a user to circumvent any of the steps mentioned in the instructions, i.e. an

error will appear if a user tries to skip any of the steps.

Following the instructions, �rst a storage path needs to be selected from a popup window (which

appears on clicking the button), which is usually on the storage SSD device. A directory is automatically
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Figure 2.3 Data processing pipeline shows the various stages for the data acquisition/procurement,

transfer, curation and processing of the dataset. The elements C1, C2, C3 refer to the camera/gps

sensors, L1 is shown separately as the LiDAR sensor. The core components are divided as the online

unit which is on-board, and the of�ine unit which performs tasks on the server.

created with the format YYYYMMDDSessionID (as shown in the �gure). This allows for uniquely

identifying the raw data source, location and helps in future debugging. Then, each camera is calibrated

one-by-one. To ensure proper calibration, an “(OK”) symbol appears for each calibrated camera. Once

the calibrations are completed, the user can click on the recording button and recording of the data in

rosbag format is initiated in the background. To measure the progress of the recording, we display a

progress bar which shows the number of rosbags created so far (each bag contains 5 minutes of data)

and the progression of current bag recording. Once the user is satis�ed with the recording, they can

click on the “Stop” button and save the data recorded.

2.4.2 Data Processing

We follow a multi-stage approach for data collection and processing to ensure a robust �ow in each

stage of the dataset procurement, curation and production �ow, as shown in �gure 2.3, and explained in

the below points:

• Data procurement: In the shown online unit (sensors, storage, and computing), we make use of

the aforementioned data collection interface to procure data from each of the sensors (shown as

C1, C2, C3, and L1 in the �gure) as raw data along with the metadata (from camera, lidar, gps

and ROS meta info). This collected raw data is stored in the form of rosbag �les.
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Figure 2.4 A scene sample where the LiDAR points are projected on the RGB image from the front

camera. The points are colored in a ”hsv” color-space in terms of the distance to the sensor in world

coordinates.

• Data Curation: After each data procurement session, the storage SSD devices are sent for cu-

ration to the data servers where all session recording are stored in the RAW format (along with

necessary backups). The metadata is used to store information about the type and volume of

collection and display on the metadata dashboard (an example was shown earlier in �gure 2.2).

• Post-processing: To provide a standard dataset structure, we prepare a post-processing stage

which crawls through the raw data and performs data cleanup, image processing, sensor synchro-

nization and stores the corresponding multi-sensor information in different locations. A database

is maintained with tokens from each session to ensure ef�cient lookup and availability of each

item for different recordings, session parts, frames, locations etc.

2.4.3 Calibration & Annotation

As a �nal step before the data is made available in a structured manner, camera extrinsic and anno-

tations are also required before the dataset can be used for analysis and model development purposes.

While the details about the data statistics, annotation categories, and volumes are beyond the scope of
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Figure 2.5 Annotation example from a sample frame of the processed data. The bounding boxes are

tight around the 3D LiDAR point cloud and colored according to object categories. Each box contains

location and pose information for the objects.

this manuscript, we show some samples of the annotation tool outputs and calibrated image visualiza-

tions in �gures 2.4 and 2.5.

Figure 2.4 shows the projection of the LiDAR points from a sample frame onto the corresponding

front camera image. The extrinsic calibration in the post-processing stage is performed in a semi-

automated way. Since we already have the camera intrinsics available from the metadata available, we

provide an initial estimate of the extrinsic parameters of the camera and then project the LiDAR points

on the image. Then iteratively we align the projected points to the RGB image and measure the extrinsic

data. This is performed in a similar way as shown in [41,60,80] for targetless extrinsic calibration. The

annotation sample shown in �gure 2.5 is taken from a similar scene where the back camera image is

visualized along with the 3D bounding boxes for the objects present in the scene. The bounding boxes

are colored based on different object categories. We are using a modi�ed version of SUSTechPoints

annotation tool [49] for this purpose.

2.5 Summarizing Remarks

We demonstrated the development of a data collection framework for driving scenarios which enables

sensor-fusion. The key component of this framework is that the sensor APIs which rely on ROS (Robot

operating system) are treated as a separate entity from the data collection interface. This disjoint system

allows us to use any sensor con�guration (from low- cost, low-resolution, high-availability to high-

cost, high-precision sensors). We also outlined the data processing steps and show how the curation of
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data using our framework leads to smooth creation of driving datasets. This framework can be used in

different environments and can be scaled easily. Although the current framework shows capability, we

are always iteratively improving the performances and aiming for better systems. This collection kit is a

step towards the bigger goal of creating a large-scale dataset for Indian road scenarios and benchmarks

for autonomous driving, which we plan to release in the future as an extension of this work.
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Chapter 3

IDD-3D: The 3D Indian Driving Dataset

3.1 Introduction

Existing datasets for road scenarios and autonomous driving use-cases are usually collected in well-

structured environments with proper traf�c regulations and relatively-evenly distributed traf�c. In such

situations, crowd behavior demonstrates low diversity and average densities. In south-east Asian coun-

tries, such as India, the traf�c densities and inter-object behaviors are much more complex. Such com-

plexities have been studied in the past [13,15,82], but extensive data coverage and multi-modal systems

are still unavailable for such scenes. It hence may not be entirely applied to cases where the distribution

of object categories and types varies greatly.

In this chapter, we propose a dataset on complex unstructured driving scenarios with multi-modal

data, highlighting the capabilities of 3D sensors such as LiDAR for better scene perception in unstruc-

tured and sporadically chaotic traf�c conditions. In the proposed dataset, we highlight a signi�cantly

different distribution of object types and categories compared to existing datasets collected in European

or similar settings [31,51,79], due to the different nature of traf�c scenes in Indian roads. Furthermore,

the categories and annotations available in the proposed dataset vary greatly from existing datasets.

Speci�cally, they cover objects in scenes that usually appear in still-developing cities, for example,

Auto-rickshaws, hand carts, concrete mixer machines on roads, and animals on roads.

We provide data collected in Indian road scenes, from high-quality LiDAR sensors and six cameras

that cover the surrounding area of the ego-vehicle to enable sensor-fusion-based applications. We pro-

vide annotations for 15.5k frames in the dataset, which spans 10 primary categories (and 7 additional

miscellaneous categories), which we use for model training and evaluation. Along with the annotations,

we also provide extra unlabelled raw data from the sensors to facilitate further research, especially into

self- and unsupervised learning over such traf�c scenes. A unique feature of the proposed dataset, which

stems from the unstructured environment, is the availability of highly complex trajectories. We show

samples from the dataset which emphasize such cases and display experiments on object detection and

tracking, which is possible due to availability of instance speci�c labels for each object bounding box

per sequence.
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Figure 3.1Some examples from the dataset showing different traf�c scenarios, LiDAR data with anno-

tations, and a sample of LiDAR point clouds projected on camera data.

Our main contributions can be summarised as follows: (i) We propose the IDD-3D dataset for driving

in unstructured traf�c scenarios for Indian roads with 3D information, (ii) high-quality annotations for

3D object bounding boxes with 9DoF data, and instance IDs to enable tracking, (iii) Analysis over

highly unstructured and diverse environments to accentuate the usefulness of proposed dataset, and (iv)

provide 3D object detection and tracking benchmarks across popular methods in literature.

3.2 Related Work

Data plays a huge role in machine learning systems, and in this context, for autonomous vehicles

and scene perception. There have been several efforts over the years in this area to improve the state of

datasets available and towards increasing the volumes of high-quality and well annotated datasets.

2D Driving: One of the early datasets towards visual perception and understanding driving has

been the CamVid [7] and Cityscapes [23, 24] dataset, providing annotations for semantic segmentation

and enabling research in deeper scene understanding at pixel-level. KITTI [33,34] dataset provided 2D

object annotations for detection and tracking along with segmentation data. However, fusion of multiple
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Figure 3.2 Samples from the dataset highlighting different (a) RGB images and (b) LiDAR Bird-Eye-

View (BEV) along with bounding box annotations. The samples visualized above are taken from differ-

ent sequences of the dataset.

modalities such as 3D LiDAR data enhances the performance for scene understanding benchmarks as

these provide a higher level of detail of a scene when combined with available 2D data. This multi-

modal sensor-fusion based direction has been the motivation for the proposed dataset to alleviate the

discrepancies in existing datasets for scene perception and autonomous driving.

Driving Datasets: Recent datasets such as nuScenes [10], Argoverse [15], Argoverse 2 [90] provide

HD maps for road scenes. This allows for improved perception and planning capabilities and towards

construction of better metrics for object detection such as in [79]. These large scale datasets cover a

variety of scenes and traf�c densities and have enabled systems with high safety regulations in the area

of driver assistance and autonomous driving. However, the drawback for a majority of these datasets

arises from the fact that the collection happens in well-developed cities with clear and structured traf�c

�ows. The proposed dataset bridges the gaps of varying environments by introducing more complex

environments and extending the diversity of driving datasets.

Complex environments: There have been multiple efforts to build datasets for dif�cult environ-

ments such as variations in extreme weather [63, 75], night-time driving conditions [25], and safety

critical scenarios [5]. There have been recent works which make use of different sensors such as �sheye
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Dataset 3D Scenes Cameras Lidar Images Classes 3D Boxes Traf�c Diversity

KITTI [34] 15k 2 yes 15k 3 80k Low

nuScenes [10] 40k 6 yes 1.4M 23 1.4M Mid

Apolloscape [38] 20k 6 yes 0 6 475k Low

KAIST [19] 8.9k 2 yes 8.9k 3 0 Low

Waymo Open [79] 230k 5 yes 1M 4 12M Mid

ONCE [55] 1M (16k) 7 yes 7M 5 417k Mid

Cityscapes-3D [31] 20k - no 490k 8 - Low

A* 3D [62] 39k 1 yes 39k 7 230k Mid

Ours 20k* 6 yes 120k 10 (17**) 285k* High

Table 3.1A comparison with existing popular 3D autonomous driving datasets. Our dataset showcases

the highest diversity with the highest average number of bounding boxes per frame and a wide distri-

bution. The statistical distribution is further studied in the following sections. (*) Number reported on

train-val-test set, experiments/statistics reported on train-val set. (**) The 17 classes are total of the 10

primary and 7 additional classes.

lenses to cover a larger area around the ego-vehicle [51, 96] and event camera [68] for training models

with faster reaction times. However, most of these datasets have been collected in environments with

little to no changes in the traf�c patterns and consistency in the background objects. Some works in liter-

ature [43,77,82,88] explore such situations where the label distributions can vary signi�cantly, however

these are either limited to mostly 2D modalities, or off-road environments. In this work, the proposed

dataset enhances the availability of data for enabling research for autonomous driving in unconstrained

traf�c environments.

Object Detection and Tracking: Several popular methods have been explored in recent literature

which handle the task of 3D object detection for the cases of driving scenarios [47, 93–95, 100]. In our

work, we speci�cally talk about 3D object detection from point clouds, while we do note the effective-

ness of multi-modal approaches as well [18, 66, 78]. We have used approaches such as SECOND [93]

which voxelize the input point cloud and apply 3D convolution, which leads to discrete geometric rep-

resentations of the data. CenterPoint [95] approach which assigns centers is known to perform well for

smaller objects due to the �ne level of details for each point feature. We also explore PointPillars [47]

for an analysis of pillar based approaches where the data is projected to Bird-Eye-View mode and then

treated as an image. We highlight the performance of each in the experiments section and draw our

inferences speci�c to the proposed dataset.

Many methods have been proposed towards 3D Multi-Object Tracking (MOT) in literature which

have been shown to perform well across a multitude of datasets in different scenarios. There are various
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ways to model the tracking task such as using the Bird-Eye View [52], approaches based on multi-sensor

fusion [45], and simple tracking based on distance metrics and methods like Kalman �lter [61]. In this

work, we utilise the method presented in [61] using the detections from our trained models on IDD-3D

and present the evaluations based on popular MOT metrics such as the ones presented in [87].

Figure 3.3 Distribution of class labels in the proposed dataset. (a) The primary 10 classes are shown

here along with the 3 super-categories (Vehicle, Pedestrian, and Rider) which are considered to make

the proposed dataset more consistent with labels from existing datasets. (b) The additional 7 classes

annotated in the dataset are shown in log-scale separately since they are currently not used for training

the models.The Rider class covers both riders and non-riders on two-wheeler motor vehicles.We do

not consider the Miscellaneous classes for evaluation of the dataset currently.

3.3 Proposed Dataset

In the following sections we discuss and highlight the qualities of the proposed dataset, including the

design choices and method for data collection, annotations and analysis of the dataset over interesting

scenarios.

3.3.1 Data Acquisition

The data collection for the proposed dataset was covered in two driving sessions with over 5 hours of

collected data during daytime. Afterwards, we manually sample scenes of interest in sequences of 100
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