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Abstract

Multimodal Spatio-Temporal Deep Learning Framework for 3D

Object Detection in Instrumented Vehicles

Venkatesh Gurram Munirathnam

This thesis presents the utilization of multiple modalities, such as image and lidar, to
incorporate spatio-temporal information from sequence data into deep learning architectures
for 3D object detection in instrumented vehicles. The race to autonomy in instrumented vehi-
cles or self-driving cars has stimulated significant research in developing autonomous driver
assistance systems (ADAS) technologies related explicitly to perception systems. Object
detection plays a crucial role in perception systems by providing spatial information to its
subsequent modules; hence, accurate detection is a significant task supporting autonomous
driving. The advent of deep learning in computer vision applications and the availability of
multiple sensing modalities such as 360° imaging, lidar, and radar have led to state-of-the-art
2D and 3D object detection architectures.

Most current state-of-the-art 3D object detection frameworks consider single-frame ref-
erence. However, these methods do not utilize temporal information associated with the
objects or scenes from the sequence data. Thus, the present research hypothesizes that
multimodal temporal information can contribute to bridging the gap between 2D and 3D
metric space by improving the accuracy of deep learning frameworks for 3D object esti-
mations. The thesis presents understanding multimodal data representations and selecting
hyper-parameters using public datasets such as KITTI and nuScenes with Frustum-ConvNet
as a baseline architecture. Secondly, an attention mechanism was employed along with
convolutional-LSTM to extract spatial-temporal information from sequence data to improve
3D estimations and to aid the architecture in focusing on salient lidar point cloud features.
Finally, various fusion strategies are applied to fuse the modalities and temporal information
into the architecture to assess its efficacy on performance and computational complexity.

Overall, this thesis has established the importance and utility of multimodal systems for
refined 3D object detection and proposed a complex pipeline incorporating spatial, temporal
and attention mechanisms to improve specific, and general class accuracy demonstrated on
key autonomous driving data sets.

Keywords: Autonomy, Object Detection, Autonomous Vehicles, Automated Driving, Per-
ception System, Multiple sensing modalities, Temporal Information, Data Fusion.
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Chapter 1

Introduction

T he race to autonomy among most global automotive manufacturers, including Gen-

eral Motors, Ford, Volkswagen, Toyota, Honda, Tesla, Volvo, and BMW, has led to

the accumulation of deep knowledge about vehicle dynamics and the variety of data required

to achieve full autonomy. Concurrently, breakthroughs in computer vision, the availability

of new sensing modalities, such as lidar and radar, and the benefits of having improved com-

putational hardware technology like GPUs have catalysed the research and development of

autonomous vehicle (AV) technologies [126]. Fig. 1.1 presents a high-level representation

of an ego vehicle with sensors on board, and Fig. 1.2 shows some of the ego vehicles em-

ployed by the various companies and universities working on autonomous driving. Typically

these vehicles are equipped with multiple cameras, lidars, radars, and GPS/IMUs to collect

images, 3D point clouds, and vehicle information. A brief overview of these sensors:

Figure 1.1: Illustration of Autonomous Vehicle with sensor on board adapted from [32]
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Figure 1.2: Some of the ego Vehicles used by various companies and universities working
on autonomous driving

• Visual Cameras: Visual cameras are the most common and widely employed sensor

for data acquisition in a perception-related task in computer vision applications. The

cameras are usually Complementary Metal Oxide Semiconductor (CMOS) sensors

that capture the colour and texture information of a vehicle’s surrounding or driving

environment. However, these sensors are susceptible to lighting and weather con-

ditions and cannot directly provide depth information. Cameras are a fundamental

technology for fully autonomous navigation but can only be used to their maximum

potential by fusing the data they provide with the likes of Lidar or Radar systems [89].

• Lidar: Light Detection And Ranging use active sensors that supply their illumination

source. In automotive applications of lidar technology, the lidar sensors are installed

on the top of the vehicle. Lidar sensors continuously rotate and generate thousands

of laser pulses per second. These high-speed laser beams from lidar are continuously

emitted in the 360-degree surroundings of the vehicle and are reflected by the objects

in the way they are used to calculate accurate depth information of the surrounding

objects in the form of 3D points [33]. As a result, lidar is robust to different light-

ing conditions and less affected by various weather conditions, such as fog and rain,

than visual cameras. However, lidar sensors typically cannot capture objects’ delicate
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textures, and captured point clouds become sparse with distance.

The lidar sensors used in autonomous vehicles can be classified into two categories on

the basis of the technology in use:

– Electro-Mechanical Lidar: These types of lidars are fabricated from multiple

moving parts consisting of high-grade optics and a rotating assembly to cre-

ate a 360-degree Field-Of-View (FOV). The mechanical aspect provides a high

signal-to-noise ratio (SNR) over a wide FOV and is quite bulky, very expensive

and prone to wear and tear in tough terrain. They are installed on the top of

the vehicle and continuously rotate to scan the surroundings of the vehicle and

typically cover a long range.

– Solid State Lidar: These type of lidars are built entirely on a single chip and

has no spinning mechanical components; thus, are compact in size, light in

weight and cost-efficient. Since they have reduced FOV using multiple channels

at the front, rear and sides of a vehicle and fusing their data creates a 360-degree

FOV [41]. Solid-state lidars have multiple implementation methods, including

Microelectromechanical systems (MEMs) lidar, Flash lidar, Optical phase array

(OPA) and Frequency-modulated continuous wave (FMCW) lidar.

• Radar: Radar (Radio Detection And Ranging) technology in autonomous vehicles

operates with millimeter waves and offers millimeter precision. The utilization of

millimeter waves in autonomous vehicular radar ensures high resolution in obstacle

detection and centimeter accuracy in position and movement determination and is

often applied in adaptive cruise control (ACC) for road vehicles that automatically

adjust the vehicle speed to maintain a safe distance from vehicles ahead. Automotive

mmWave radar can be classified into three types based on the frequencies utilized:

24GHz (short-range radars), 77GHz (medium-range radars), and 79GHz (long-range

radars), respectively. Impulse and Frequency modulated continuous wave radar is

commonly used in AV. Radar sensors are robust against various lighting conditions and

use Frequency Modulated Continuous Waves (FMCW) to detect moving or stationary

targets, including cars, trains, trucks, and cargo, in extreme weather conditions. The
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object’s radial velocity is estimated using the Doppler effect by emitting radio waves

to be reflected by an obstacle and measuring the signal run-time. Compared to lidar,

radar has low accuracy and resolution making it difficult to distinguish all the objects

on the road. Radar is also vulnerable to radio waves of the same wavelength the radar

system uses, causing it to miss objects or consider moving objects stationary. For

this reason, radar system technology is often paired with cameras and other sensor

systems. For example, mmWave radar is employed along with two cameras in the

automatic braking systems of automobiles

• Other sensors: Along with cameras, lidar and radar sensors, an AV is usually

equipped with ultrasonic sensors that send out high-frequency sound waves to mea-

sure the distance to objects. They are typically applied for near-range object detection

and low-speed scenarios, such as automated parking. Ultrasonic sensors are also con-

sidered to be the most accurate sensors in close-range applications. However, these

sensors are seriously affected by acoustic interference as the sound can only propa-

gate in the medium, the changes in environmental conditions such as temperature and

humidity will greatly affect the performance of the sensor [89]. Global Navigation

Satellite Systems (GNSS) is used to provide accurate 3D object positions. GNSS is

also used together with HD Maps for path planning and ego-vehicle localization for

autonomous vehicles [33]. Inertial Measurement Units (IMU) and odometers cap-

ture the vehicle’s acceleration, rotational rates, and distance travelled. GNSS and

IMU senors can complement autonomous vehicle perception while generating com-

mon global reference between vehicles, identifying featureless roads and changing

surroundings (highways). However, these sensors are Less reliable in high urban

canyons and are not usable in long tunnels (a few km) due to the high drift rate of

IMU.

The goal is to allow the AV to acquire knowledge of its surroundings, simulate human-

like perception capable of comprehending the environment, precise position and path plan-

ning for the objects appearing in the complex mixed-traffic scenario. Perception of the en-

vironment is one of the crucial aspects of designing technologies related to advanced driver
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assistance systems (ADAS). The perception system needs to process, understand and corre-

late the spatial and contextual information of the scenes and their associated objects analo-

gous to how humans perceive their surroundings. Furthermore, object detection is essential

in perception systems to provide the subsequent modules with the location, direction, ob-

ject size and orientation. Hence, making accurate detection a significant task in supporting

autonomous driving. The proposed research will utilise multiple sensing modalities specif-

ically image and lidar data from KITTI [139, 138] and nuScenes [32] to extract temporal

features and fuse the data in deep network architectures for improved 3D object detection.

This chapter provides an overview and motivates the research conducted in this thesis.

Section 1.1 presents the motivation for deriving the hypothesis, which led to formulating a

series of research questions listed in Section 1.2. Next, Section 1.3 presents the key contri-

butions of the current research work and the layout of the thesis to investigate the hypothesis

and address the research questions are presented in Section 1.4.

1.1 Motivation

Figure 1.3: An example of a Google car’s internal map at an intersection, tweeted by
Idealab founder Bill Gross. Gross claims that Google’s Self-Driving Car gathers almost 1

GB of data per second.

Complex driving environments, for instance, crowded city traffic scenarios presented in

Fig. 1.3, often involve various types of road entities and users. Cars, cyclists, and pedestri-

ans are highly relevant to autonomous driving. The software components of the perception
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system for autonomous vehicles can be broadly categorized into three categories, namely

perception, planning, and control, with the interactions between these subsystems and the

vehicle’s interactions with the environment depicted in Fig. 1.4. Perception refers to the

ability of an autonomous system to collect information and extract relevant knowledge from

the environment acquired from the various sensors mounted to the vehicle like cameras,

lidar, radar, IMU and GNSS. Environmental perception refers to developing a contextual

understanding of the environment, such as determining the location of obstacles, detecting

road signs, and lane marking, and categorizing data by their semantic meaning. Localization

refers to the ability of the system to determine its position with respect to the environment.

Planning refers to the process of making purposeful decisions typically involving objectives

like bringing the vehicle from a start location to a goal location while avoiding obstacles

and optimizing over-designed heuristics. Finally, control refers to the ability to execute the

planned actions that have been generated by the higher-level processes [114].

Figure 1.4: Generic perception system for autonomous vehicles

This thesis focuses on the perception of autonomous vehicles offer greater autonomy

and complexity, emphasizing the detection and localization subsystem, particularly object

detection. Object detection in Autonomous Driving (AD) applications is very complex as

it requires the perception system [79] to detect the location and depth of these objects in a

highly dynamic scene containing multiple object classes. Visible spectrum camera sensors

are the primary perception modality in most 2D object detection research. Most image-based
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state-of-the-art 2D detection methods have achieved the current best accuracy in localisation

and classification of the objects appearing in a scene. However, image-based object detection

methods have limitations in extracting depth information, specifically in the case of single-

frame (monocular) or stereo-based depth estimations methodologies that cannot achieve the

accuracy expected by the perception system. Furthermore, image-based depth estimation

can be erroneous due to changes in lighting, weather, and other environmental conditions. It

requires a complex and computationally expensive process to determine the object’s depth

with only image modality. Although, recent monocular image-based methods have been

proposed that use an RGB image to predict objects on the 2D plane and then perform 2D

to 3D lifting to create 3D object detection results with lesser computational cost. However,

the performance is still far from satisfactory due to the lack of reliable depth prior and the

variance of the object scale caused by perspective projection [28].

In contrast, 3D object detection using lidar produces more accurate depth estimation than

image-based sensors. However, the accuracy of 3D detection achieved with lidar sensors or

the combination of image and lidar sensors is lower compared to the accuracy of 2D object

detection. Therefore, it is necessary to bridge the gap from 2D image space to the 3D metric

space [61] to achieve a reliable object detection and depth estimation module for AV systems.

Spatial image features along with temporal information (i.e, timestamp, frame number,

spatial feature variation over time) are extensively used for improving the accuracy of mov-

ing 2D object detection and tracking in video streams, object path prediction [34], human

pose estimation, activity recognition [46] and flow predictions [119]. Unfortunately, the

utilisation of temporal aspects in data for 3D object detection has had limited focus due

to the non-availability of large-scale, sequentially annotated data sequences for extracting

temporal information from multiple frame references and various modalities in the dataset.

However, the release of large-scale perception datasets like nuScenes [32] by ‘NuTonomy’

and waymo [53] by ‘Waymo Driver’ consisting of extensive annotated sequence data has

drawn considerable interest among researchers. The availability of sequenced data has en-

abled the extraction of spatial and temporal features of the object by employing multi-frame

references. These sequenced references help the deep learning models to establish coher-

ence for understanding the structural information of an object in the scene to estimate the
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accurate depth and other attributes.

Figure 1.5: Representation of lidar and image data for the scene-0061 in the nuScenes
dataset

Fig. 1.5 presents the visual representation of lidar and image data of a scenes-0061

from nuScenes [32] dataset containing various object annotations on the image plane. Au-

tonomous vehicles rely on the perception of their surroundings to ensure safe driving. The

perception system in AV uses object detection algorithms to accurately determine objects

such as pedestrians, vehicles, traffic signs, and barriers in the vehicle’s vicinity. Fig. 1.3

presents a visual depiction of an AV acquiring the data of its driving environment during its

navigation. The data acquired from the image and lidar sensor can be used to extract the var-

ious temporal references of the objects over time that can be eventually utilized to develop a

robust, stable and accurate detection model for the perception system.

Why this research? The automotive industry is transiting from ADAS to AD. The vehi-

cle is equipped with ADAS technology really on the data of the sensor to provide assistance

to the driver, leaving the driver’s judgment to take responsibility for the situation. However,

automated driving and the advancement in the sensor and hardware technologies used in

the development of autonomous vehicles have increased the competition in the automotive

industry. To enable fully autonomous driving and use by humans these vehicles should be

highly reliable and trusted for having a safe driving system on the road with ’zero’ casu-

alties. This requirement has raised the expectation of the algorithms designed for the per-

ception system to have human-like perseverance in the driving environment in determining
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the precise positions of the objects in the scene. The continuous data acquisition in the AV

exhibits temporal continuity, and objects appearing in successive frames will have relative

motion due to their own motion or camera motion or when both are in motion . This allows

the utilization of detection results and temporal features of the objects from earlier frames to

refine predictions and/or parameter estimations in the current frame. There has been limited

research about extracting temporal feature using lidar and image data, and its potential usage

during the estimation of object parameters for improved localisation and detection. Further,

availability of large-scale sequenced annotated lidar and image data has paved the way to

enhance the knowledge to understand the dynamic nature of objects in an autonomous vehi-

cle driving environment has motivated to propose the pipeline incorporating spatial features

from lidar and image data detailed in Chapter 4, temporal feature extraction along with

attention mechanism detailed in Chapter 5 and fusion strategies detailed in Chapter 6 for

improved 3D objection detection.

1.2 Hypothesis and Research Question

The hypothesis of this research is defined as follows: “Multimodal spatio-temporal features

can contribute to bridging the gap between 2D image space and 3D metric space by improv-

ing the accuracy and reducing the error score of deep learning frameworks for 3D object

detection.”.

To investigate the above-stated hypothesis following questions are formulated:

• Question 1 (RQ1): How best to represent/prepare multimodal data for training

the object detection architecture?

In this research, datasets with synchronised lidar and image data frames are consid-

ered in designing the 3D object detection framework and data representation is crucial

while training a deep learning network to extract the high-level features for better rep-

resentation of raw data and passed to the prediction layer for estimations depending on

the task. The preliminary findings during the pilot study conducted in Chapter 3 led to

the selection of the baseline framework. Further, exploration of data representation is
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performed in Chapter 4 to utilise most suitable representations for the current research

work effectively.

• Question 2 (RQ2): How can temporal features be extracted from multimodal

data?

Spatial features and temporal information can aid the deep learning network in un-

derstanding the variation in the data about the object/s or the scenes by learning the

changes in the successive appearances during the autonomous vehicle navigation in

a dynamic driving environment. The preliminary finding of temporal understanding

presented in Chapter 3 assisted in addressing the RQ2 by dividing it further into two

aspects:

– Question 2.1 (RQ2.1): What is the minimum number of sequential data needed to

extract temporal information to positively impact the training and final accuracy

during inference?

The purpose of RQ2.1 is to understand the minimum number of frames con-

taining the object of interest, which the network sees to extract the temporal

information and gain knowledge regarding the structural variations in the ob-

ject and the data representing the object to enable better estimation of the object

parameters. Chapter 4 presents the investigation and findings of RQ2.1.

– Question 2.2 (RQ2.2): Which is the most suitable approach for including tempo-

ral information? Potential candidates include Recurrent Neural Network (RNN)

based Long Short Term Memory (LSTM), Gated Recurrent Unit (GRU), Tempo-

ral convolution network (TCN) or frame stacking for extracting temporal infor-

mation from the sequence data.

The purpose of RQ2.2 is to explore the approaches for extracting temporal fea-

tures from the input data sequence. The most straightforward approach is ’frame

stacking’, where consecutive frames are stacked and fed to the network without

any shuffle. In this approach, the deep detection network is expected to learn

the temporal features from the sequenced data during training. Furthermore,

temporal information can be extracted using RNN-based models such as Long
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Short Term Memory (LSTM) or Gated Recurrent Unit (GRU) module. Both

these models are explored in Chapter 4 to verify the suitability to adopt into the

proposed framework presented in Chapter 5 and Chapter 6.

• Question 3 (RQ3): How best to fuse multimodal and temporal data into object

detection networks, and what fusion schemes need to be employed? Where mul-

tiple layers are used to incorporate data, how does the inclusion of additional

layers impact the network’s complexity (i.e., time and memory usage)?

The research focuses on employing lidar and image data. Combing multiple modal-

ities (lidar and image) exploits the individual characteristics of the data employed to

train the detection network, which eventually assists the network in learning a better

representation of the data, resulting in reduced errors and improved accuracy. Other

information from IMU, and local vehicle maps are not considered while exploring the

fusion models. The RQ3 aims to investigate the fusion strategies to fuse lidar and

image data representation into the detection network to mitigate the shortcoming of

using a single modality. Chapter 6 explore the fusion strategies for combining the li-

dar and image data for estimating the object parameters. Any additional functionality

or layer added to the framework increases the network’s complexity in terms of the

number of parameters to be trained, memory usage, per-frame computation time, and

model size. Chapter 6 provides a summary of all the network configurations employed

in this research to understand the complexity associated with the network depending

on the modality employed.

1.3 Research Contribution

The contribution of this research work are listed as follows:

• Recommending a data representation to effectively aid the detection architecture to

learn the spatial features of the object and the temporal feature from the sequence

data.
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– Analysing the influence of prior localisation of the objects using an off-the-shelf

pre-trained 2D detector while extracting the lidar point cloud features and its

influence on the model’s performance in terms of mean average precision (mAP)

using the KITTI dataset.

– Analysing the minimum number of sequenced frames required to effectively ex-

tract the temporal information of the object to propagate into the detector net-

work for understanding the structural variation through lidar point cloud distri-

bution to handle the misalignment problems during the final estimation.

– Analysing the impact of using single sweep versus multiple-sweep lidar point

cloud data for training and estimating the 3D bounding box parameters on the

nuScenes dataset.

– Analysing the effect of varying the feature vector length of lidar data represen-

tation on the performance of the detection model on the KITTI and nuScenes

dataset.

• Proposal of optimum attention mechanism configuration to focus on the salient points

of the lidar point cloud distribution within the region proposals representing the object.

• Incorporating spatio-temporal information coupled with attention mechanism into the

3D detection architecture to improve 3D detection accuracy and reduce the true-

positive error metrics.

• Evaluation of fusion strategies to fuse image and lidar data to improve the 3D object

estimations.

• Analysis of the computational and resource complexity while handling multiple

modalities to improve 3D detection accuracy.

1.4 Thesis Outline

The thesis is structured as follows:

Chapter 2 presents an overview of the existing works in the literature related to object

detection based on the sensing modalities and data representation used for estimating the

14
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3D bounding boxes. This chapter also provides an overview of the datasets used for the

development of the perception system-related task and the evaluation metrics to study the

performance of the network employed in this research.

Chapter 3 briefly explains the preliminary work on multiple 2D object detection and track-

ing. The outcome achieved on 2D detection and tracking motivated to extend the horizon of

object detection in 3D space by using lidar point cloud data and exploring suitable 3D detec-

tion architectures to estimate the 3D box parameters for selecting the framework to address

the research questions.

Chapter 4 provides an overview of the KITTI and nuScenes dataset used for the investiga-

tion and to generate a baseline performance of the detection architecture. This chapter also

presents a series of analyses carried out to understand the data, temporal aspect and train-

ing configuration, which are employed to manifest the training and testing of the proposed

framework.

Chapter 5 presents the proposed framework using lidar-only data to extract the spatio-

temporal information incorporated by employing the convolutional-LSTMs (CLSTM) and

kernel attention mechanism (KAM) module. The learning of Chapter 4 was incorporated

during the investigation, which led to improved accuracy with reduced true positive metric

error scores.

Chapter 6 presents the fusion strategies to fuse the image and lidar representation into the

3D detection framework proposed in Chapter 5. The chapter also provides a brief overview

of various configurations employed in this research, highlighting the computational and re-

source complexity involved while handling multiple modalities for improved 3D detections.

Chapter 7 summarises the research methodologies employed to address the proposed re-

search questions and highlights the contributions made in this research work. The chapter

discusses the feasibility of applying the proposed framework in the context of real-world

applications in autonomous vehicles equipped with improved sensor and hardware technolo-

gies. Finally, concludes by providing future directions to current research on 3D detection

using multiple modalities and how to handle uncertainties that might exist or arise within the

data sequence.
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Related Work and Background

Object detection is the process of identifying and localizing multiple semantic objects of a

particular class (such as humans, buildings, or cars) in a single image. Several datasets have

been released for object detection challenges, and specific performance metrics have been

developed to account for the spatial position of the detected object and the accuracy of the

predicted categories. The literature review presented in this section is structured as shown

in Fig. 2.1. An overview of the most relevant work to explore the deep learning frameworks

for object detection are briefed in Section 2.1 and Section 2.2. Section 2.4 briefly describes

the metrics employed to evaluate the performance of the object detection architecture, and

Section 2.3 provides the available autonomous vehicle datasets used by the researchers to

develop technologies related to perception systems. Finally, Section 2.5 summarises the

related work and provides insight into the planning of preliminary work detailed in Chapter 3

and methodologies to address the research questions in Chapter 5 and Chapter 6.

Figure 2.1: structure of literature presented in this chapter

17



Chapter 2. Related Work and Background

2.1 2D Object Detection

The research work commenced with employing a 2D object detector to localise and track

the objects for the Vision Guided Driver Assistance System (VIDAS)1 project. The Deep

convolutional neural network (DCNN) based detection architectures that are classified into

single-stage and two-stage frameworks as mentioned in the literature [90, 45, 6, 5] were con-

sidered to design the pipeline for object detection and tracking. Single-stage detectors, such

as You Only Look Once (YOLO) [117], and Single-shot multiBox Detection (SSD) [123]

and their derivatives directly predict class probabilities and bounding box offsets simultane-

ously from feature maps extracted on an image scene. In contrast, two-stage detectors, in-

cluding RCNN [134], R-FCN [121], SPPNet [128], Fast RCNN [127], Faster-RCNN [132],

Mask RCNN [109] and Light head RCNN [111] consist of an intermediate step to generate

region proposals where objects might be located, and then these proposals are further refined

to predict the class and location of the object.

This section highlights some of the 2D object detection approaches which were consid-

ered while designing the pipeline for the VIDAS and Huawei-Insight projects which pro-

vided the initial understanding and motivation to explore further 3D object detection ap-

proaches presented in the next section. The exploration started with one of the most popular

single-stage object detection networks from the YOLO family, initially proposed by Redmon

et al. [125] in 2016. The YOLO is based on a unified detector that considers object detec-

tion as a regression problem from image pixels to spatially separated bounding boxes and

associated class probabilities. The region proposal generation stage is dropped, and YOLO

directly predicts detections using a small set of candidate regions. Unlike region-based ap-

proaches, e.g., the Faster-RCNN framework proposed by Ren et al. [132], which predicts

detections based on features from local regions, YOLO uses the features from the entire

image globally. Since YOLO sees the entire image when making predictions, it implicitly

encodes contextual information about object classes and is less likely to predict false posi-

tives in the background. However, YOLO makes more localization errors due to the coarse

grid division of the image into bounding boxes and therefore, YOLO may fail to localize
1This work has been partly funded by the EU H2020 Projects VI-DAS (grant number 690772) link: http:

//www.vi-das.eu/
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some objects, especially small ones, because, by design, each grid cell can only contain one

object. Redmon and Farhadi [117] proposed YOLOv2, an improved version of YOLO in

which the custom GoogLeNet network is replaced with a simpler DarkNet19. In addition,

GoogLeNet utilizes strategies from existing work, such as batch normalization, removing the

fully connected layers, and using good anchor boxes learned with k-means and multiscale

training.

To achieve real-time processing without sacrificing detection accuracy, Liu et al. [123]

proposed the Single Shot Multibox Detector (SSD), which is faster than YOLO [125]

and has accuracy comparable with state-of-the-art region-based detectors, including Faster-

RCNN [132]. SSD effectively combines ideas from Region Proposal Network (RPN) in

Faster-RCNN, YOLO and multiscale convolutional features, to achieve fast detection speed

while still retaining high detection quality. Like YOLO, SSD predicts a fixed number of

bounding boxes and scores for the presence of object class instances in these boxes, fol-

lowed by a non-maximal suppression (NMS) step to produce the final detection. However,

SSD uses shallower layers with higher resolution for detecting small objects. In addition,

SSD performs detection over multiple scales for objects of different sizes by operating on

multiple convolution feature maps, each of which predicts category scores and box offsets

for bounding boxes of appropriate sizes.

Recent approaches in 2D object detection covering many aspects of generic object de-

tection, including detection frameworks, object feature representation, object proposal gen-

eration, context modelling, and training strategies, are outlined in [45, 6, 2].

2.2 3D Object Detection

Visual camera sensors are the primary perception modality in 2D object detection research.

However, camera-based object detection performance can vary due to changes in lighting,

weather, and other environmental conditions. Since the scale of the scene is unknown, it re-

quires a computationally expensive process to depict the depth of the objects as the detection

occurs in the projected image space. Depth estimation is a crucial and necessary functional-

ity for Automated Driving Systems (ADS). Therefore it is necessary to bridge the gap from
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2D image space to the 3D metric space [61] as depth estimation using image-based meth-

ods can be achieved using a single camera or by using stereo cameras are computationally

expensive, requiring first matching and synchronizing the images. Although, recent monoc-

ular image-based methods like DFR-Net [28], MonoDIS [82], M3D-RPN [64] have been

proposed that use an RGB image to predict objects on the 2D plane and then perform 2D

to 3D lifting to create 3D object detection results with lesser computational cost. However,

the performance is still far from satisfactory due to the lack of reliable depth prior and the

variance of the object scale caused by perspective projection [28]. Lidar and Radar utilize

other modalities and offer an alternative to address the challenge of depth perception.

In recent years, 3D object detection methods for autonomous vehicles have been catego-

rized into single-frame reference and multiple-frame reference-based methods. Single-frame

reference frameworks are designed by considering lidar data only or fusing information from

multiple modalities. Further, based on the input data representation, these methods are di-

vided into three sub-categories: image-based, point cloud-based and multimodal fusion-

based methods. Image-based methods are not considered in this thesis due to the complex

computational process required to compute the 3D estimation of the object. The point cloud-

based and multimodal fusion-based methods are presented in Section 2.2.1. Multiple-frame

reference framework employs more than one frame by considering the estimation made in

the previous frame to learn the object feature and incorporate the variation during the com-

putation of 3D estimation in the current frame. A brief overview of the methods in the

literature is presented in Section 2.2.2.

2.2.1 Single Frame Reference Methods

Lidar point cloud data

3D object detector frameworks can be categorized into single-stage and two-stage detectors.

The methods can be further divided into three sub-categories based on the representation of

lidar point clouds: view-based, voxel-grid based and unstructured point cloud-based meth-

ods.

View-based methods: In view-based methods, a lidar 3D point cloud is projected onto a 2D

plane, including image, spherical, cylindrical, or top-views (bird’s-eye-views). Then these
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Figure 2.2: Representation captured from Complex-YOLO [100], the method operates on
Lidar only based birds-eye-view (BEV) RGB-maps to estimate and localize accurate 3D

multiclass bounding boxes

projected views are processed using a convolutional deep neural architecture to obtain 2D

bounding boxes. These 2D bounding boxes are then regressed by position and dimension

to compute 3D bounding boxes. Single-stage architectures, like Fast and furious (FaF) [95],

Complex-YOLO [100] and YOLO3D [88], have demonstrated excellent performance in both

speed and accuracy by exploiting a single-stage detector on bird’s-eye-view (BEV) represen-

tations and mapping the features directly to classification scores and bounding boxes through

a single-stage, unified CNN model.

Complex-YOLO [100] and YOLO3D [88] extended YOLOv2 [117] to perform 3D ob-

ject detection and classification from the BEV representation projected from the 3D lidar

point cloud with real-time performance. Complex-YOLO uses a simplified YOLOv2 archi-

tecture, expanding it to a specific complex regression strategy to increase speed and perfor-

mance. To do this, Complex-YOLO, as shown in Fig. 2.2, utilises a specific Euler-Region-

Proposal Network (E-RPN) for reliable angle regression to detect accurate multi-class 3D

objects with orientation. However, it uses fixed height and z-centre locations in the pre-

dicted 3D bounding boxes. In addition, as Complex-YOLO translates the orientation vector

to real and imaginary values, angle regression does not guarantee or preserve any correla-

tion between the two components. Recognising this, YOLO3D extended the loss function
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of YOLOv2 to include yaw angle, the 3D box centre in cartesian coordinates and the box

height as a straightforward regression task.

FaF [95] conducts single-stage, proposal-free, real-time 3D object detection that effi-

ciently uses height-encoded BEV input by assuming that the objects are on the ground. The

input to the detector is a 4D tensor created from multiple consecutive temporal frames to per-

form 3D convolution. FaF pioneered jointly learning 3D detection, tracking and short-term

motion forecasting from lidar point clouds in driving scenarios. Yang, Luo and Urtasun [103]

proposed PIXOR, a single-stage proposal-free framework employing 2D convolution instead

of 3D convolution to estimate the 3D object parameters using BEV representation compris-

ing occupancy and intensity as the features maps of lidar data. The oriented 3D estimations

are decoded from a single-branch multi-task header network based on pixel-wise neural net-

work prediction. VeloFCN [122] proposed by Li, Zhang, and Xia generated lidar feature map

using range and height feature which are fed to 2D fully convolutional networks (FCN) [131]

to predict the object score and location. Bo Li [110] extended the work of VeloFCN to adapt

FCN to perform 3D convolution on point cloud data to detect objects and estimate oriented

object bounding boxes in an end-to-end fashion.

LMNet [96] used intensity, range, distance, side and height features to generate a five-

channel lidar feature map as input to the network. Like VeloFCN, the authors used de-

convolutional-based FCN to gather richer contextual information with lesser parameters to

predict the 3D object parameters in the feature vector (FV) plane. Gregory P et.al [74]

proposed using FCN to predict a multimodal distribution for each point, and then these

distributions are fused to generate a prediction for each object. The input feature vector map

consists of five-channel, which include features of the range, height, intensity, azimuth angle

of the point and binary flag indicating whether the cell contains a point.

Summary: FV-based methods project the point cloud into a front view to form a dense

2D map easily to utilize the off-the-shelf 2D detector. The depth information encoded in

the FV map allows capturing dependencies across different views, such as raw point cloud

and camera image, which benefits sensor fusion. However, projection inevitably causes

a loss of detail. Due to the perspective nature, the scale varies and occlusion problems

encountered in 2D detectors are tricky in FV-based detection as well. In Projection-based
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(a) (b)

Figure 2.3: (a): Schematic diagram of the voxel procedure of LiDAR data from [146], (b):
Voxel Representation using height directly as input feature as in [95]

methods, the point cloud data is projected in a bird’s eye view to forming a 2D BEV map.

This technique has been widely researched, but it heavily relies on the update of 2D detection

algorithms. Calculation of object yaw angle is easier as the size of the object in the BEV

map remains constant regardless of range, which provides prior information on object size

and improves the network training process. However, due to the small effective area, the

network cannot handle occlusion in vertical space or pole-like object which has few points

after BEV projection. Also, ground plane fluctuations will accumulate height prediction

errors. Various hand-engineered features are designed to keep the spatial feature of a 2D

projection map. However, since the resolution of the projection map and the number of

feature channels affect the calculation efficiency, the irreversible information loss introduced

by projection still exists and limits the object detection accuracy.

Voxel-based methods: In voxel-grid-based methods, the lidar point cloud data is discretized

into a volumetric 3D grid or voxel representation. The voxelization process is presented in

Fig. 2.3 showing three voxels labelled A to C. Each object has either binary occupancy

(present/absent in the voxel) or a continuous point density (number of points in the voxel).

The shape information is preserved in the volumetric representation and can be applied di-

rectly to the 3D CNN. Zhou and Tuzel proposed a lidar-only architecture named Voxel-

Net [107], which takes raw point cloud and simultaneously learns a discriminative feature

representation to predict accurate 3D bounding boxes using a single end-to-end trainable

network. VoxelNet has three functional blocks: (1) Feature learning network, (2) Convolu-

tional middle layers, and (3) Region proposal network. First, the feature learning network

separates the point cloud into equally spaced 3D voxels, transforming points within each
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voxel to a vector represented as a 4D tensor characterizing shape information through voxel

feature encoding (VFE) layers. After that, the convolutional middle layers aggregate the

neighbourhood voxel features, adding more context to the shape description and converting

the point cloud into a high-dimensional volumetric portrayal. Finally, the region proposal

network takes the volumetric representation and obtains the 3D detection results.

The major bottleneck with VoxelNet [107] methods was the high computational cost in-

volved with a 3D convolutional network, which increased the computational complexity of

3D CNN cubically with the voxel resolution. To shorten the training and inference speed,

Yan, Mao, and Li proposed SECOND [102] framework to improve VoxelNet. SECOND

used sparse convolutional layers [92] after the VFE to convert the sparse voxel data into 2D

images and applied an angle loss regression mechanism to improve the orientation estima-

tion. This sparse convolution only operates on the locations associated with input points,

resulting in much stronger 3D detection performance with improved speed. However, SEC-

OND still includes the bottleneck of using expensive 3D convolutions.

Since lidar point cloud data is sparse when compared to dense image data, researchers

transform the point cloud data into regular 3D voxels or project them into perspective im-

ages. There is always a loss of spatial information as a result. Some of the recently pro-

posed architectures Pointnet [115] and Pointnet++ [115] use unordered raw point clouds

without pre-processing. Focusing on the potential information in the verticals and tackle

the computation complexity of the 3D convolutions, Lang, Alex H., et al. [70] proposed a

2D convolution-based end-to-end learning framework that learns a representation of point

clouds organized in pillars, where a pillar is a column that can extend infinitely up and

down. After voxelization, the authors constructed a sparse pseudo-BEV feature map by

transforming the points into vertical columns (pillars). They employed a simplified version

of Pointnet [115] to extract the point-wise features inside the pillars of the voxel space.

Max-pooling is applied over channels aggregated with z-axis information encoded as pillar

position is passed to a single-stage 2D SSD [123] to detect and relate the 3D oriented boxes

instead of expensive 3d convolutions.

Kuang, Hongwu, et al. expanded the idea of VoxelNet [107] and proposed a single-stage

Voxel Feature pyramid Network (Voxel-FPN) [42] that uses raw data from lidar sensors only
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for 3D object detection. Unlike its former voxel-based approaches, Voxel-FPN encodes

multi-scale voxel features, which are realised using two significant blocks: voxel feature

encoding - FPN (VFE-FPN) and region proposal network - FPN (RPN-FPN). In the VFE-

FPN block, the raw points clouds are divided into voxels of multiple scales, and a simple

PointNet is used to extract the voxel features in a bottom-up manner, followed by an FPN

network to fuse voxel features of different sizes. The RPN-FPN blocks perform the multi-

scale feature aggregation, decode the feature maps in a top-down way from various scales,

and associates them with the final detection output.

Yi, Hongwei, et al. [60] handled the voxelization processing by considering the free-

of-charge semantic information extracted from the bird’s eye view feature map. An FPN

was employed to extract the contextual information through a segmentation mask to aid the

network in learning the probability of a segment containing the object within the voxel cell.

While SegVoxelNet [60] proposed the design depth-aware detection head with convolution

layers of different kernel sizes and dilation rates to explicitly model the distribution differ-

ences with increasing depth and aid the model in automatically focusing on detecting the

target detection range.

Liu, Zhe, et al. [47] emphasized the need to improve the detection accuracy for com-

plex objects like pedestrians and the effect of noisy point cloud data on the performance of

the 3D object detection architecture and proposed end-to-end voxel-based 3d object detec-

tion pipeline with triple attention (TA). The TA module makes the model selectively focus

on informative points and suppress the unstable points by jointly learning the point-wise,

channel-wise and voxel-wise attention followed by element-wise multiplication. Finally,

the localization accuracy of the model is elevated using a coarse-to-fine regression model

without adding any overhead to the computation cost.

Confident IoU-Aware single-Stage object Detector (CIA-SSD) [27] highlights the prob-

lems associated with the single-stage detector while aligning the localization accuracy and

classification confidence as object localization, and classification tasks are addressed sepa-

rately. CIA-SSD uses a lightweight spatial semantic feature aggregation module to adap-

tively fuse high-level abstract semantic features and low-level spatial features for accurate
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bounding box prediction and improved classification confidence score. The prediction con-

fidence is further rectified through the IoU-aware confidence rectification module to make

the confidence more consistent with the localization accuracy. Non-maximal suppression

(NMS) based on the distance-variant IoU-weighted is used to obtain smoother regressions

and avoid redundant prediction.

In contrast, Yin, Zhou and Krahenbuhl proposed a two-stage framework Centre-

Point [26] to address the axis alignment issues observed in anchor-based methods [107, 70,

36] when the objects are rotated in the 3D world. CentrePoint employs VoxelNet or PointPil-

lar to represent the input point-cloud data which are then transformed into an overhead map

view for applying a keypoint detector to find the object corners. All the objects are detected

and tracked as points. In the first stage, point features are extracted using a keypoint detector

to estimate the object centres and are regressed to determine the size, orientation and veloc-

ity in 3D space. These estimations are further refined to localize the object in the second

stage. Similarly, Wang, Guojun, et al. also addressed the axis-alignment issues by propos-

ing an anchor-free CentreNet3D [55] architecture, inspired by CentreNet [87]. CentreNet3D

uses the keypoint estimation to determine the objects’ center points and directly regress 3D

bounding boxes. In addition, the corner attention module is used to focus the model on the

points for accurate boundary estimation. Finally, the alignment of the predicted bounding

boxes with the corresponding classification confidence is aligned using a keypoint-sensitive

warping operation.

Summary: Voxel-based methods are well-researched in-point cloud-related tasks which

make use of 3D CNN to learn the local dependencies for estimating the depth information

in a 3D representation. The non-homogeneous points of the lidar data with various channels

are naturally normalised during voxelization. However, it also suffers the loss of information

due to the merging of multiple points falling in one voxel. Although previous works consider

simple statistical features on the scatter of points, most methods have shifted towards a

learned paradigm to capture the 3D geometric inside voxels. The explicit modelling of the

entire 3D space results in a sparse representation and inevitable calculations, which increases

the computation complexity of the model and this also makes the training of a voxel-based

model not feasible.

26



Chapter 2. Related Work and Background

point-based methods: Projection-based and voxel-based methods represent the raw point

cloud into image grids or 3D voxels to extract feature maps and estimate the bounding box

parameters. Although the representation in these methods is simple and easily adapted to

utilise the 2D detection framework, they exhibit a loss of information and suffer geometric

misalignment. The introduction of PointNet [115] architecture paved the way to directly

process the unstructured lidar point cloud data to capture local and global point features

and ease the information loss. The researchers captured the idea of PointNet to adapt the

segmentation task into various 3D-related tasks leading to the proposal of point-based 3D

object detection methods. Shi, Wang and Li proposed PointRCNN [80], a two-stage bottom-

up 3D object detection framework. In the first stage, initial box proposals are generated by

learning the point-wise features extracted using pointnet++ [116] to segment the raw point

cloud and generate 3D proposals from the segmented foreground points simultaneously. The

framework employs a bin-based bounding box generation strategy to split each foreground

segmented point into a series of bins. The one with the highest object confidence score

is selected as the object centre for the current foreground points. In the second stage of

PointRCNN, the box location and orientation are further refined by the semantic point-wise

features, foreground mask and canonical coordinates of its inside points. Although these

methods yielded good performance due to their longer inference time, they cannot be applied

to real-time autonomous driving systems.

Qi, Charles R., et al. [78] observed the unstructured and sparse nature of lidar data;

the object centres are likely to be in space, even far away from any scanned points from

the sensor. Therefore, directly proposing 3D boxes from a visible point makes it hard to

aggregate the context around the object centre resulting in incorrect detection results. The

object’s centre is first generated through a voting mechanism similar to the classical Hough

voting to solve this problem. Centroid points are then clustered and aggregated to generate

box proposals.

Li, Jiale, et al. proposed 3d IoU-Net [44], a two-stage framework which generates the

proposals and point-wise features directly from the point cloud data. The method uses the

attention corner mechanism (ACA) to perform feature pooling to obtain perception invariant

prediction head by aggregating the local point cloud feature from each perspective of eight
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corners in the bounding box. Weights to these predictions are assigned using perspective-

wise and channel-wise attention mechanisms. Corner-geometry encoding (CGE) encodes

the geometric information of the bounding box to enhance IoU sensing feature learning. Fi-

nally, the IoU alignment is used to resolve the mismatching at the NMS stage. The complex

upsampling layer and refinement stage are crucial and commonly employed in most point-

based method [107, 80, 104, 86]. Yang, Zetong, et al. proposed a single-stage anchor-free

point-based detector 3D-SSD [59] incorporating fusion sampling (FS) strategy in a set ab-

straction (SA) layer to achieve the detection on less representative points. The framework

used a 3D centre-ness assignment based on VoteNet [78] to generate candidate points later

passed to an anchor-free regression head to estimate the size centre coordinates and orienta-

tion of the 3D box for each candidate point.

point-voxel based: Chen, Yilun, et al. proposed Fast Point R-CNN [67], a unified two-stage

framework to use both voxel representation and raw point cloud data. Initial box proposals

are generated by employing a voxel-based region proposal network that directly exploits

point clouds’ voxel representation, followed by a lightweight PointNet to refine the pre-

dictions further. This assists in inspecting coordinate points to capture more localization

information with enlarged receptive fields. The attention mechanism is used to effectively

fuse each interior point’s coordinates with each point’s convolution feature in the initial

prediction. 2D and 3D convolutions are employed to preserve information, and the atten-

tion mechanism makes each point aware of its context information for final box refinement.

Fast-PointRCNN consumes more time for generating point-wise representation, similar to

methods proposed in [80, 104]. Yang, Zetong, et al. proposed a two-stage sparse-to-dense

3D Object Detector (STD) [86] where regional proposals are generated by seeding each of

the points in the point cloud data element with appropriate spherical anchors to a proposal

generation network. The semantic context feature for each point and generating object-

ness score to filter anchors are extracted using PointNet++, which are then passed to the

PointsPool layer. By following this strategy, the detector takes advantage of both point- and

voxel-based methods for proposal feature generation by transforming interior point features

from sparse expression to dense representation, enabling efficient CNNs and end-to-end

training. The final refined prediction is achieved in the second stage, where the 3D IoU
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prediction branch helps alignment between classification score and localization. Although

the speed of STD is improved from its former point-based methods, it is still slower than the

voxel-based methods.

Point-Voxel CNN [72] took the leverage of the point-based to reduce the memory foot-

print and voxel-based methods to obtain the contiguous memory access pattern and im-

prove the localization. The framework segregated fine-grained feature transformation and

neighbour aggregation processes to take advantage of each branch effectively. The upper

voxel-based branch initially transforms the points into low-resolution voxel grids, and then

it aggregates the neighbour points by voxel-based convolution followed by de-voxelization

to convert them back to points. The lower point-based branch extracts the features for each

point using MLP and can afford high resolution without aggregating the neighbour’s in-

formation. Information from the upper and lower branches is fused to get complementary

cues for the prediction of objects. Similarly, PointVoxel-RCNN [52] extracts the point-wise

features from the PointNet-based network to refine the proposals generated from 3D voxel

CNN. The point-wise feature is encoded from a small set of keypoints sampled by the far-

thest point sampling (FPS) algorithm using the whole point cloud data. The keypoint feature

is generated by concatenating features extracted from the raw point cloud, BEV features ex-

tracted by voxelization and z-axis features obtained by aggregating the neighbouring voxel-

wise features via PointNet-based set abstraction for summarizing multi-scale point cloud

information. All the keypoints are re-weighted so that the foreground points contribute more

to predicting the accurate box parameters.

Downsampling of convolutional features is a commonly employed strategy in most de-

tection architectures. This results in a loss of spatial information, eventually affecting the

bounding box’s localization in the 3d space. He, Chenhang, et al. [36] proposed Structure

aware single-stage 3D detector (SA-SSD) network using lidar point cloud data to improve

the localization precision of single-stage detectors by explicitly leveraging the structure in-

formation of 3D point cloud. A detachable auxiliary network was used to learn this structural

information and convert the extracted convolutional features in the backbone network back

to point-level representations. To rectify the discordance between the predicted bounding
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boxes and corresponding classification confidences, an efficient part-sensitive warping oper-

ation was adapted to improve the detection accuracy by reducing the misalignment between

the predicted bounding boxes and the classification confidence.

Summary: Point-based methods directly process the irregular point cloud to extract

point-wise features by aggregating the neighbouring local feature and then generating pre-

dictions based on each point. Most of the point-based methods adopt either Pointnet [115]or

Pointnet++ [115] to infer 3D geometry and shape features from irregular points without in-

formation loss. Although some of the methods rely on camera image for proposal locating or

expensive per-point foreground segmentation networks. Methods like [36, 44, 86] directly

locate objects leveraging the sparse characteristics of the point cloud. Point-based meth-

ods show strong capabilities and great potential in the current research for designing the 3D

detection architecture.

Lidar point cloud and Camera Image

Each of the various sensors usually available in advanced driver-assisted systems (ADAS)

has certain limitations. For example, camera-based processing methods provide rich colour,

texture information, no depth information. On the other hand, lidar-based processing meth-

ods provide depth information but lack texture information. However, the availability of

new lidar technologies can provide texture information. The dataset considered in most of

the SOTA methods has not used employed an open dataset with such sophisticated sensors

and where the dataset contains such sensor data, object annotations are not available which

can be used for training 3D detection models. Hence, high-level features extracted from

the image data a vital role in object detection and classification, while depth information is

critical for accurately estimating 3D location and object size. Furthermore, as the distance

from the sensor increases, the point cloud density decreases proportionally. Since texture

and depth modalities are essential in 3D object detection, some methods use images and

point clouds to improve the overall performance by adopting fusion schemes, as illustrated

in Fig 2.4. The deep learning-based approaches available in the literature can be categorised

into region-based, point-based, and task-based fusion methods are briefly described in this

section. Architectures like MVX-Net [83], ImVoteNet [51] fall into more than one category.
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Figure 2.4: An illustration of early, late, and deep fusion [61, 7]

Region-based Fusion Methods: MV3D [65] takes the bird’s eye view and front-view pro-

jection of a 3D point cloud together with the RGB image as input to extract feature maps

using multi-stream CNNs. The lidar bird’s-eye-view feature map is passed to an RPN, ex-

tended from Faster-R-CNN [132], to generate highly accurate 3D region proposals. Each of

these 3D region proposals is projected onto all three views of the feature maps. Finally, three

types of fusion networks are used to combine region-wise features from multiple views for

object classification and oriented 3D box regression. Similar to MV3D, AVOD [93] intro-

duced an early fusion architecture that takes a bird’s-eye-view projected from a lidar point

cloud and RGB images to generate high-resolution feature maps to perform multi-modal

feature fusion to generate reliable 3D object proposals. These 3D proposals are then trans-

ferred to the second stage detector network for oriented 3D bounding box regression and

classification. AVOD [93] converts the orientation vector to sine and cosine with four cor-

ner representations to preserve orientation information at the corner order while performing

corner-to-corner matching.

Liang, Ming, et al. [71] propose to exploit information extracted while performing multi-

ple perception-related tasks to improve 3D detection using multiple sensors. The information

from depth maps, lidar bird-eye-view feature maps, images and sparse depth images gener-

ated by projecting the LiDAR points to the image are fused to accomplish multiple tasks,

including depth estimation, 2D object detection and 3D object detection. All these tasks take

advantage of the representation learnt from cross-modalities and enhance the performance

of 3D object detection.

Sindagi, Vishwanath et al. proposed a Multimodal voxelnet for 3d object detection

(MVX-Net) [83] to combine the early fusion of point features and late fusion of voxel
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feature to integrate the lidar and image information fully. Early fusion is achieved by the

PointFusion approach, where the point features from the lidar data are projected onto the

image plane, followed by image feature extraction from a pre-trained 2D detector. The point

feature and image feature are jointly processed by VoxelNet architecture. The late fusion

is accomplished through the VoxelFusion approach, where the 3D voxel features generated

from the VoxelNet are projected to the image, followed by extracting image features for ev-

ery projected voxel using a pre-trained CNN. These features are then pooled and appended

to the Voxel Feature Encoding (VFE) layer for every voxel and further used by the 3D region

proposal network (RPN) to produce 3D bounding boxes.

Tian, Yonglin, et al. [54] proposed to adopt various modalities of lidar data to generate

rich features and employ an adaptive and azimuth-aware network to aggregate the local fea-

tures from the image, bird’s eye view maps, and point cloud. The 3D anchors are generated

using a ground plane network that uses features extracted from the point cloud to predict the

parameters of a plane. The region proposal is generated using image features and bird’s eye

view maps. An adaptive azimuth-aware fusion network is used to integrate heterogeneous

image and point cloud features by explicitly adjusting the intensity of multiple local features

and achieving orientation consistency between image and lidar data.

Point-based Fusion: Liang, Ming, et al. [94] proposed an end-to-end learnable architecture

that exploits continuous convolutions to fuse image and lidar feature maps at different levels

of resolution. The network is trained to fuse the image features by transforming to BEV

space where 3D estimations are made. The continuous fusion layer encoded the dense accu-

rate geometric relationship between the positions under two modalities. Meyer, Gregory P.,

et al. extended the work of LaserNet [74] and proposed LaserNet++ [75] to fuse 2D image

data with the 3D lidar data. The image features extracted using the CNN model are mapped

to the lidar points in the native range view and passed to a deep layer aggregation network

for feature fusion. This fusion technique significantly boosted the detector’s performance

for long-range object detection and improved the semantic segmentation of the 3D points.

Huang, Tengteng, et al. addressed the issues related to the fusion of multiple sensors and in-

consistency associated between the localization and classification confidence by enhancing

the point features with image semantics for 3D object detection and proposed an end-to-end
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learnable framework named EPNet [39]. The framework fuses the point features with cor-

responding semantic image features in a point-wise manner without image annotations. The

detection accuracy is improved by stimulating the consistency between the localization and

classification confidence through the consistency enforcing loss (CE loss) function. This

aided the network in allowing the boxes with high confidence scores to have a large overlap

with the ground truth and vice versa.

Qi, Charles R., et al. designed a joint 2D-3D voting scheme for 3D object detection

named ImVoteNet [51]. The architecture was built on top of VoteNet [78] framework to esti-

mate the 3D bounding boxes using RGB-D data by fusing 2D votes in images and 3D votes

in point clouds. Instead of using multiple modalities, the authors explicitly employ 2D im-

ages to extract geometric and semantic features, which are transformed into 3D using camera

parameters and depth information to generate pseudo-3D votes. The pseudo-3D votes aided

the network in recovering heavily truncated objects or objects with few points improving

the network confidence to distinguish geometrically similar objects. A multi-tower training

scheme with gradient blending was proposed to ensure the network balances the contribu-

tions of 2D and 3D features. However, the fusion methods that employed BEV and Voxel

feature representations usually involve the loss of information leading to incorrect estima-

tion. Xie, Liang, et al. [58] tackled this issue by employing a point-based attentive cont-conv

fusion (PACF) module to effectively fusion the multi-sensor data information directly on 3D

points for 3D object detection. Based on the PACF module, the authors propose a 3D multi-

sensor multi-task network called PointCloud-Image RCNN (PI-RCNN), which handles the

image segmentation and 3D object detection tasks. The performance of the PACF module is

further improved by applying point-pooling and attentive aggregation. These descriptive se-

mantic features, along with the fused features from the PACF module, are utilised to improve

the performance of 3D detection.

Task-based Fusion: The computational complexity of processing sparse lidar point cloud

data for localizing the objects in 3D space typically grows cubically with respect to resolu-

tion and becomes too expensive for large scenes. Qi, Charles R., et al. [97] leveraged the

availability of matured 2D detector to localize the objects in image space and later extract the

3D bounding frustum of an object by extruding these 2D bounding boxes. The framework
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performed both the instance segmentation and amodal 3D bounding box regression using

two variants of PointNet within the trimmed 3D frustums. All the regressions are carried out

in a local coordinate system, allowing more accurate prediction than in an absolute coordi-

nate system. Although the performance of the F-PointNet [97] outperformed MV3D [65]

and voxel-based method [107] the framework was not an end-to-end learning process. Cao,

Pei, et al. extended the framework of F-PointNet [97] by including a multi-view aspect. In

this multi-view version of F-PointNet (MVFP) [66], the initial detection results are obtained

by combining the RGB image and raw lidar point cloud. An auxiliary BEV feature map en-

coded with the raw lidar point cloud is used to predict the 2D bounding boxes, which are later

used to handle the missed detection of F-PointNet. The authors used the intersection over

union (IoU) measure to match all the initial detection results of F-PointNet with BEV maps

prediction results. All the missed-detected objects from BEV maps are projected back to the

pipeline of F-PointNet until all the objects in BEV maps find a matching detection result in

the set of F-PointNet detection results. In 2019, Shin et al. proposed RoarNet [81], where

initial estimations of 3D pose are made on monocular images and then derives multiple ge-

ometrically feasible candidate locations. These locations are later passed to a two-stage 3D

object detection framework similar to Fast-RCNN [127] with PointNet [115] as a backbone

network. RoarNet [81] addressed the sensor synchronization issue between the 2D image

and 3D lidar point cloud data.

Figure 2.5: Sequence of frustums generated for a region proposal in F-ConvNet architec-
ture [85]

Based on the frustum generation concept in the F-PointNet framework, wang and Jia.

adapted fully-connected network and proposed an end-to-end network named Frustum-

ConvNet (F-ConvNet) [85] for estimating 3D oriented bounding box from amodal lidar
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point clouds. The frustum is generated from the region proposal obtained from a 2D de-

tector as shown in Fig. 2.5, and each of these frustums is segmented into fixed parts for

extracting partial features using parallel PointNet. All these features are aggregated to form

a frustum-level feature, later passed to the fully-connected network module to extract the

multi-resolution frustum features. The object classification and 3D oriented boxes are pre-

dicted using two parallel Convolutional layers, which are added on top of fully-connected

network. Wu, Yi, et al. [24] also employed a matured 2D detector to get 2D bounding boxes

and category labels of objects as prior regional information. These priors are then fed to

a precision anchor generation network (PAG-Net) for projecting the boxes into 3D frustum

space for more precise and category-adaptive 3D anchors. A multi-layer fusion model is

employed that effectively conducts nonlinear and iterative combinations of features from

multiple convolutional layers and merges the global and local features of RGB image and

point cloud. The lidar point cloud data’s irregularities are handled by encoding the point

cloud with the bird’s eye view (BEV) representation. Wang, Chunwei, et al. proposed

PointAugmenting [23], a cross-modal augmentation algorithm for fusing image features and

lidar point cloud features for 3D object detection. The method first enhances the point cloud

data points with the corresponding point-wise CNN features extracted from a pre-trained 2D

detector for adapting to object appearance variations and then performs 3D detection over

these enhanced point clouds. The cross-modal data augmentation is designed based on Cen-

trePoint [26] where the virtual objects are constantly pasted into images and point clouds

during network training. Bijelic, Mario, et al. [31] proposed a multimodal dataset acquired

in over 10,000 km of driving in northern Europe to address the failure of perception systems

in adverse weather where the sensory streams can be asymmetrically distorted. The dataset

contains rare scenarios, such as heavy fog, heavy snow, and severe rain, with 100k labels for

lidar, camera, radar, and gated NIR sensors. The authors propose a single-shot deep multi-

modal sensor fusion network that adaptively fuses features driven by measurement entropy.

The model achieved good performance mAP in hard scenarios independent of weather, in-

cluding light fog (84.90 %), dense fog (76.79 %), snow/rain (77.85 %), and clear (79.46 %)

conditions.
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Another interesting approach proposed by Jianhao Jiao et. al. [40] is to improve the ac-

curacy of 3D object detection by collectively processing the information from multiple lidar

sensors. The framework is developed on top of SECOND [102] addressing the extrinsic

perturbation in the multi-lidar system for 3D object detection and its influence on geometric

tasks. Information captured from the multiple lidar sensors is fused in the first stage, and ex-

trinsic perturbation is handled in the second stage. However, the aggregation of the detection

results from different sensors and regularizing onto one common reference frame may lead

to errors in a few of the estimations, like counting the number of objects, misplaced over-

lapping bounding boxes, or false detections. Muresan, Mircea Paul, Ion Giosan, and Sergiu

Nedevschi proposed stabilizing and validating 3D object position using multimodal sensor

fusion and semantic segmentation [49] to address these issues and proposed two data as-

sociation methods. The first data association method focused on tracking 3D bounding box

objects in a lidar frame and combined multiple appearance and motion features to exploit

the available information. The second data association method focused on finding the corre-

spondences between sensor fused objects and the objects detected in RGB images such that

the final fused data are enriched by adding the semantic class information. A fusion approach

based on the Unscented Kalman Filter [148] and a single-layer perceptron was used for pre-

cise object positioning in the common frame and handling the unpredictable behaviour of

objects which are provided by multiple types of complementary sensors. Validation of the

estimated precise 3D position of the object is done using a fuzzy logic technique combined

with a semantic segmentation image.

Similarly, Nobis, Felix, et al. proposed CameraRadarFusionNet (CRF-Net) [76] to ad-

dress the camera’s sensor quality in adverse weather conditions and increased sensor noise

in low lighting and at night conditions. The framework enhances current 2D object detection

networks by fusing camera data and projected sparse radar data in the network layers and

automatically learns at which level the fusion of the sensor data is most beneficial for the

detection result. A BlackIn [129] training strategy was introduced to enable the network

to focus the learning on a specific sensor type. Nabati, Ramin, and Hairong Qi. proposed

CenterFusion [18], a middle-fusion approach to exploit radar and camera data for 3D object

detection. The framework first uses a CentreNet [87] to detect objects by identifying their
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center points on the image. It then, a frustum-based data association method is used to asso-

ciate the radar detections to their corresponding object’s center point in the image. Finally,

the associated radar detections are used to generate radar-based feature maps to complement

the image features and to estimate 3D bounding boxes accurately.

Bai, Xuyang, et al. [1] proposed to use a transformer network with a soft-association

mechanism to handle the fusion of lidar and image information under inferior image condi-

tions. Spatial and contextual information are fused using a transformer decoder consisting

of two layers. The first layer predicts the initial bounding boxes using the lidar point cloud

data obtained by a sparse set of object queries, and the second layer fuses the queries from

the first layer with the image feature. The framework makes use of an attention mechanism

module analogous to methods [47, 55, 44] to determine salient features for effectively fusing

image and lidar information.

2.2.2 Multi Frame Reference Methods

The single-frame reference-based 3D object detection methods outlined in Section 2.2.1

were restrained in utilising the temporal aspects aspect in the data due to the nonexistent

sequenced annotations. However, open datasets like nuScenes [32] and waymo [53], pro-

vide annotated sequence data which has led to the proposal of multi-frame based 3D object

detection [26, 9] and the incorporation of temporal information into the deep learning mod-

els proposed by El Sallab et al. [91] and McCrae and Zakhor [48] who used convolution-

LSTMs [133]. Similar works [16, 38] emphasise utilising temporal information to address

the effect of occlusion during estimation of box parameters and show the improvement in

object detection and localisation with temporal inputs.

Koh, Junho, et al. [15] used detector and tracker modules to work in tandem to generate

spatio-temporal representations of camera and lidar data to perform detection and track-

ing. Previously 3D CNNs for multi-frame BEV features were used by Luo, Yang and Urta-

sun [95] while a temporal fusion model (TFM) was used in [10] to fuse the features extracted

from raw image and lidar point cloud data through a Frustum PointNet [97]. To aggregate

the scene-level temporal features from a multiple frame reference, Yin, Zhou, and Krahen-

buhl [26] employed motion cues between the successive frames, while Huang et al. [38]
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propose an RNN-based method. Since this method utilises the whole point cloud data, mo-

tion compensation was required to align features in time, and Erçelik, Yurtsever & Knoll [9]

focus on the need for spatial alignment of features between successive frames while ag-

gregating the features. In contrast, Kumar and Al-Stouhi [43] used a non-linear attention

mechanism to build the spatio-temporal relation between multiple frames. Finally, object

detection and motion forecasting are jointly performed in Laddha et al. [16] by fusing range

view and BEV representation for spatial and temporal feature learning. A comprehensive

review and comparison of recent state-of-the-art 3D object detection technology approaches

are presented in [3, 57, 63]. Challenges involved while handling multimodal information

and methodologies to fuse multiple modality information to complement individual sensor

capabilities effectively are discussed by Di Feng et. al. in [61].

Table 2.1: Comparison of 3D Object detection methods evaluated on KITTI 3D Object
detection benchmark

Method Car Pedestrian Cyclist

Type Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

BirdNet+ [29] L 70.14 51.85 50.03 37.99 31.46 29.46 67.38 47.72 42.89
VoxelNet [107] L 89.60 84.81 78.57 - - - - - -

SECOND [102] L 89.96 87.07 79.66 - - - - - -
PointPillars [70] L 82.58 74.31 68.99 51.45 41.92 38.89 77.10 58.65 51.92
PointRCNN [80] L 86.96 75.64 70.70 47.98 39.37 36.01 74.96 58.82 52.53

TANet [47] L 84.39 75.94 68.82 53.72 44.34 40.49 75.70 59.44 52.53
SegVoxelNet [60] L 86.04 76.13 70.76 - - - - - -

Voxel-FPN [42] L 85.64 76.70 69.44 - - - - - -
Fast Point R-CNN [67] L 85.29 77.40 70.24 - - - - - -

3DSSD [59] L 88.36 79.57 74.55 54.64 44.27 40.23 82.48 61.10 56.93
PV-RCNN [52] L 90.25 81.43 76.82 52.17 43.29 40.29 78.60 63.71 57.65

3D IoU-Net [44] L 87.96 79.03 72.78 - - - - - -
STD [86] L 87.95 79.91 75.09 53.29 42.27 38.35 78.69 61.59 55.30

F-ConvNet [85] LI 87.36 76.39 66.96 52.16 43.38 38.80 81.98 65.07 56.54
MV3D [65] LI 74.97 63.63 54.00 - - - - - -
MLOD [40] LI 77.24 67.76 62.05 47.58 37.47 35.07 68.81 49.43 42.84

F-PointNet [97] LI 82.19 69.79 60.59 50.53 42.15 38.08 72.27 56.12 49.01
AVOD-FPN [65] LI 77.63 63.78 55.89 50.46 42.27 39.04 63.76 50.55 44.93

MMF [71] LI 88.46 77.43 70.22 - - - - - -
MVX-Net [83] LI 83.20 72.70 65.20 - - - - - -

PointPainting LI 82.11 71.70 67.08 50.32 40.97 37.84 77.63 63.78 55.89
Point Fusion [101] LI 77.92 63.00 53.27 33.36 28.04 23.38 49.34 29.42 26.98

EPNet [39] LI 88.76 78.65 78.32 66.74 59.29 54.82 83.88 65.50 62.70

Table. 2.1, presents the comparison results of the state-of-the-art methods on the KITTI ob-

ject detection test set. These results depict the intent of the researcher working on 3D object

detection to make it more reliable and improve the accuracy of the 3D detection. Although

the newer methods achieve a marginal improvement in the accuracy from prior approaches,
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the results are still valuable for understanding the scope for further improvements and the

need to reduce the gap between the SOTA results and the acceptable detection accuracy

(maybe ≥ 99.9%) for the autonomous vehicles. Further, the methods proposed in [15, 10,

43] are the most recent and arise from the availability of large sequenced annotated datasets

and demonstrate the advantage of considering multi-frame reference and temporal informa-

tion to improve the performance of the 3D object detector. However, there still exists scope

to explore the strategies further to make use of the attention mechanism while learning tem-

poral features from the sequences data, which could further improve the detection accuracy

during occlusion, change in perception or appearance of the object.

2.3 Dataset

In this section, a brief review of popular perception datasets employed for the task related

to autonomous driving is presented. A comparison of AV datasets used for perception-

related tasks is provided in Table.2.2. These datasets are selected based on the availability

of annotations for both lidar and image data for 3D object detection.

Table 2.2: Comparison of autonomous vehicle dataset

Dataset Year
Annotated

frames
Classes RGB Imgs Lidar Radar 3D boxes

Sensors
(lidar & camera)

KITTI [138] 2012 15k 8 15k 15k 0 200k
1 x Velodyne HDL-64,
3 x stereo cameras

Apolloscape [69] 2018 144k 8-32 144k 0 0 70k
1 x VMX-1HA
2 x Riegl

NuScenes [32] 2019 40k 23 1.4M 400k 1.3M 1.4M
1 x Velodyne HDL-32,
6 x cameras

H3D [77] 2019 27k 8 8.3k 27k 0 1.1M
1 x Velodyne HDL-64S2,
3 x cameras

Lyft [37] 2019 323k 9 46k 46k 0 1.3M
1 x 64-beam roof,
2 x 40 beam bumper,
7 x cameras

A2D2 [35] 2019 12k 14 12k 12k -
5 x Velodyne VLP-16,
6 x cameras

Waymo Open [53] 2019 200k 4 1M 200k 0 12M
1 x 360 75m range,
4 x HoneyComb 20m range,
5 x cameras

A*3D [50] 2019 39k 7 39k 39k 0 230k
1 x Velodyne HDL-64ES3,
2 x cameras

CADC [20] 2020 7k 6 263k 32k -
1 x Velodyne VLP-32C,
8 x cameras

All in One Drive [19] 2020 250k - 250k - 26 M
3 x lidar,
5 x cameras (syntheic data)

Once [17] 2021 16k 5 7M 1M 417k
1 x 40 beam roof lidar,
7x cameras
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2.3.1 KITTI Benchmark Suite

The KITTI 3D object detection benchmark [139, 138] consists of 7,481 training images and

7,518 test images as well as the corresponding point clouds, comprising a total of 80,256

labelled objects comprising eight classes: ’Car’, ’Van’, ’Truck’, ’Pedestrian’, ’Person (sit-

ting)’, ’Cyclist’, ’Tram’ and ’Misc’. The platform is equipped with four high-resolution

video cameras and a Velodyne laser scanner. It is comprised of 389 stereo and optical flow

image pairs, stereo visual odometry sequences of 39.2 km length, and more than 200K 3D

object annotations captured in cluttered scenarios (up to 15 cars and 30 pedestrians are vis-

ible per image) by driving around the mid-size city of Karlsruhe, Germany, in rural areas,

and on highways. The dataset was focused on developing novel, challenging benchmarks

for the tasks of stereo, optical flow, visual odometry / SLAM and 3D object detection.

2.3.2 The apolloscape

ApolloScape [69, 73] is public dataset from real scenes captured under various weather con-

ditions, day time across four regions in China. The data acquisition platform is equipped

with two VUX-1HA laser scanners, six cameras which include two high-resolution frontal

cameras, and a measuring head with IMU/GNSS. The whole system is internally calibrated

and synchronized and is mounted on the top of a mid-size SUV. The dataset contains anno-

tation including holistic semantic dense point cloud for each site, stereo, per-pixel semantic

labelling, lanemark labelling, instance segmentation, 3D car instance, high accurate location

for every frame in various driving videos from multiple sites, cities and day times (morning,

noon, night). The dataset is larger and richer compared to KITTI [138] with 100+ hours

of stereo driving, 20+ driving sites containing dense semantic 3D point cloud, 160K+ and

144K+ annotated images with 35 classes for lanemark and per-pixel per-frame semantic la-

bels, 90K annoated images with 8 classes for semantic 2D instances segmentation, and 2D

car keypoints and 3D car instance labelling for 70K cars.

2.3.3 H3D: Honda Research Institute 3D Dataset

Honda Research Institute 3D Dataset (H3D) [77], a large-scale full-surround 3D multi-object

detection and tracking dataset collected in 4 urban areas in the San Francisco Bay Area.
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H3D comprises 160 crowded and highly interactive traffic scenes with one million labelled

instances in 27,721 frames. H3D was the first dataset to provide full-surround 3D multi-

object detection and tracking in crowded urban scenes comprising 1,071,302 3D bound-

ing box labels of 8 common traffic participants, including Cars, Pedestrian, Cyclist, Truck,

Misc, Animals, Motorcyclist, and Bus. The data acquisition platform is equipped with three

high-resolution Grasshopper3 video cameras, one Velodyne HDL-64E S2 3D LiDAR, and

Automotive Dynamic Motion Analyzer (ADMA) with DGPS output gyros, accelerometers

and GPS sensors.

2.3.4 nuScenes: A multimodal dataset for autonomous driving

nuTonomy scenes (nuScenes) [32], was the first dataset to carry the fully autonomous vehicle

sensor suite consisting of six cameras, five radar sensors, a lidar scanner, and GPS-IMU

sensor, all with a full 360-degree field of view. The nuScenes comprises 1000 scenes, each

20s long and fully annotated with 3D bounding boxes for 23 classes and eight attributes. It

has 7x as many annotations and 100x as many images as the pioneering KITTI dataset. The

data was collected by driving vehicles in Boston (Seaport and South Boston) and Singapore

(One North, Holland Village and Queenstown). These two cities are known for their dense

traffic and highly challenging driving situations. The data also covered the diversity across

locations regarding vegetation, buildings, vehicles, road markings and right versus left-hand

traffic.

2.3.5 Lyft Prediction Dataset:

Lyft prediction dataset [37, 14] is a large self-driving dataset for motion prediction to date,

with over 1,000 hours of data collected by a fleet of 20 autonomous vehicles equipped with

seven cameras, 3 LiDARs, and five radars driven along a fixed route in Palo Alto, California.

It consists of 170k scenes, each 25 seconds long, capturing the movement of the self-driving

vehicle and nearby vehicles, cyclists, and pedestrians over time. In addition, the dataset

also provided a high-definition (HD) semantic map of the area, capturing the road rules and

lane geometry and other traffic elements counting over 15,000 human annotations, including
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8,500 lane segments. Further, a high-resolution aerial picture of the area was also provided

that can be used to develop semantic-map-free solutions for the prediction task.

2.3.6 Audi Autonomous Driving Dataset (A2D2)

The Autonomous Driving Dataset (A2D2) [35] dataset consists of simultaneously recorded

images and 3D point clouds, together with 3D bounding boxes, semantic segmentation, in-

stance segmentation, and other data extracted from the test vehicle. The sensor suite com-

prises six cameras and five lidar units, providing full 360-degree coverage. The recorded data

is time synchronized and mutually registered. Annotations are for non-sequential frames:

41,277 frames with semantic segmentation image and point cloud labels, of which 12,497

frames also have 3D bounding box annotations for objects within the field of view of the

front camera. In addition, 392,556 sequential frames of unannotated sensor data are pro-

vided for recordings in three cities in the south of Germany.

2.3.7 Waymo Dataset

The Waymo Open dataset [53] was initially released in 2019 and consisted of 1000 scenes

for training and validation and 150 scenes for testing. Each of the scenes spans the 20s

containing around 12 million lidar 3D box annotations and around 12 million camera 2D

box annotations, giving rise to around 113k lidar object tracks and around 250k camera

image tracks. The data acquisition platform consists of five LiDAR sensors and five high-

resolution pinhole cameras captured across various conditions in multiple cities, namely San

Francisco, Phoenix, and Mountain View, with large geographic coverage within each city.

Later in 2021, waymo expanded the dataset [11] to facilitate motion forecasting research by

providing a large-scale, diverse dataset with specific annotations for interacting objects to

promote the development of models to predict interactive behaviours jointly. The dataset was

collected by mining for interesting interactions between vehicles, pedestrians, and cyclists

across six cities within the United States, containing 100,000 scenes, each 20 seconds long.
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2.3.8 A*3D Dataset

A*3D Dataset [50] is high-density images, heavy occlusions, and a large number of night-

time frames to address the gaps in the existing datasets to push the boundaries of tasks in

autonomous driving research to more challenging, highly diverse environments. It consists

of 230K 3D object annotations for seven classes, including vehicles (Car, Van, Bus, Truck),

pedestrians, cyclists, and motorcyclists in 39,179 LiDAR point cloud frames and correspond-

ing frontal-facing RGB images captured at different times (day, night) and weathers (sun,

cloud, rain). The autonomous vehicle setup is equipped with a rotating Velodyne lidar and

two colour PointGrey Chameleon3 cameras on either side of the lidar. The data collection

covers entire Singapore, including highways, neighbourhood roads, tunnels, urban, subur-

ban, industrial, HDB car parks, coastline, etc., with varying weather conditions to handle

diverse environments for autonomous driving tasks.

2.3.9 Canadian adverse driving conditions (CADC) dataset

The Canadian Adverse Driving Conditions (CADC) dataset [20] was collected with an

autonomous vehicle platform equipped with eight camera sensors, a lidar scanner and a

GNSS+INS system in Waterloo, Canada, during winter. It consists of 3D annotation of 7,000

lidar and 56,000 image frames containing 300K objects that include classes: Car, Truck, Bus,

Bicycle, Horse and Buggy, Pedestrian, Pedestrian with Object, Animal, Garbage Container

on Wheels, and Traffic Guidance Object and has attributes [Parked, Stopped, Moving] in

every frame.

2.3.10 All-In-One Drive

All-In-One Drive (AIODrive) dataset [19] is a large-scale synthetic dataset with high-density

long-range point clouds. The dataset provides comprehensive sensors, annotations and en-

vironmental variations to target perception-related problems like 3D segmentation, radar

sensing, and large-scale training under one umbrella. The dataset also facilitates annota-

tion for perception-related tasks like detection, tracking, trajectory prediction, segmentation,

and depth estimation. It consists of 250 sequences with 250K annotated images frames

containing 26M 2D and 3D bounding boxes for the objects generated using a simulator by
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employing eight sensor modalities: five high-resolution RGB cameras (one stereo pair); five

depth cameras, 1,000 meter range lidar at multiple levels of density (up to 1M points), 1,000

meter range SPAD-lidar, Radar, IMU, and GPS. The data can be generated by varying the

simulator’s parameters during simulation, which will cover rare driving scenarios such as

adverse weather and lighting, crowded scenes, high-speed driving, violation of traffic rules,

and accidents.

2.3.11 Once dataset

The ONCE (One millioN sCenEs) dataset [17] for 3D object detection in the autonomous

driving scenario consists of 1 million lidar scenes and 7 million corresponding camera im-

ages. The data is selected from 144 driving hours collected across multiple cities in China,

traversing different areas, periods (morning, noon, afternoon, night) and weather conditions

(sunny, cloudy, rainy). The data is collected using one lidar scanner and seven camera sen-

sors for a 360°field of view. The lidar and camera sensors are synchronised and enabled with

a fusion of multiple sensors and scenes. The dataset covers 16K annotated scenes with 3D

ground truth boxes of 5 categories (car, bus, truck, pedestrian and cyclist), leading to 417K

3D bounding boxes. In addition, around 769K 2D annotations are generated for camera

images by projecting 3D boxes into image planes.

2.4 Evaluation Metric

An evaluation benchmark aims to get meaningful measures of a system’s ability to perform

object detection tasks. Metrics include the number of correctly detected (True Positives)

objects, falsely detected (False Positives) objects, or misdirected (False Negatives), Objects

and Backgrounds (True Negatives). Generally, all metrics that contain true negatives are ig-

nored in object detection because there would be too many true negatives, which makes the

metric difficult to use. Further, the ground truth does not have boxes annotated for true neg-

atives. Popular benchmarks for 3D object detection include KITTI [139] and nuScenes [32].

A description of different metrics used in this benchmark is presented here.
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2.4.1 KITTI evaluation metric

Precision: Precision is defined as the fraction of detected objects that are correct.

Precision =
TP

TP + FP
(2.1)

Recall: The Recall is defined as the fraction of objects that were correctly detected among

all the objects that should have been detected.

Recall =
TP

TP + FN
(2.2)

Intersection over Union (IoU): This measures how good our prediction is in the object

detector with the ground truth. IoU is only used as an evaluation metric represented by

the mean average precision (mAP). The IoU is calculated as the overlap of the predicted

bounding box and the ground truth bounding box.

IoU =
AreaofOverlap

AreaofUnion
(2.3)

Precision-Recall Curve: plot obtained by varying the object detector confidence value for

each of the object class Mean Average Precision (mAP): The Average Precision (AP) nu-

merically summarizes the shape of the precision-recall curve and is defined as the mean

precision over N equally spaced discrete levels of recall {rn}n=1, which is given as

AP =
1

N

N∑
n=1

max P (ri);n ≤ i ≤ N (2.4)

where p(ri) is the calculated precision at recall ri. The value of N is set to 11. After

calculating the AP of each class, the mean Average Precision (mAP) is calculated for overall

performance evaluation.

Average Orientation Similarity: Average orientation similarity (AOS) measures the per-

formance of jointly 2D detection and 3D orientation by weighting the 2D average precision

score on the image plane with cosine similarity between the predicted and ground-truth ori-

entations. AOS is define as:
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AOS =
1

11

∑
r∈0,0.1,...1

max s(r̃); r̃ : r̃ ≥ r (2.5)

where r = TP \ (TP + FN) is the recall and the orientation similarity s ∈ [0, 1] is

normalized by the cosine similarity defined as

s(r) =
1

|D(r)|
∑

i∈D(r)

1 + cos∆
(i)
θ

2
δi (2.6)

where D(r) is the set of all object detection at recall rate r, ∆(i)
θ is the angle difference

between estimated and ground truth orientation of detection ‘i’ and ′δ′i defines if a detection

‘i’ has been assigned to a ground truth bounding box or not.

2.4.2 nuScenes evaluation metric

In the nuScenes benchmark, average precision is defined as a match by thresholding the

2D center distance ‘d’ on the ground plane instead of the intersection over union (IOU).

This is done to handle objects with small footprints, like pedestrians and bikes, where a

small translation error gives zero IOU value. The final mAP is computed as average over

matching thresholds of D = 0.5, 1, 2, 4 meters and the set of classes C:

mAP =
1

|C||D|
∑
c∈C

∑
d∈D

APc,d (2.7)

True Positive Metric: A set of five True positive metrics are proposed in nuScenes bench-

mark [32] to quantify the quality of the detections. All these metrics are positive scalar and

are calculated using d = 2m center distance during matching. The metrics are measured in

their native units and are defined as follows:

• Average Translation Error (ATE) is the Euclidean center distance in 2D (units in

meters).

• Average Scale Error (ASE) is the 3D intersection over union (IOU) after aligning

orientation and translation (1− IOU).
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• Average Orientation Error (AOE) is the smallest yaw angle difference between pre-

diction and ground truth (radians).

• Average Velocity Error (AVE) is the absolute velocity error as the L2 norm of the

velocity differences in 2D (m/s).

• Average Attribute Error (AAE) is defined as 1 minus attribute classification accu-

racy (1−acc). attributes: parked, stopped, moving, with rider, without rider, standing,

sitting, walking

For each TP metric the final mean TP metric (mTP) over all classes is computed as follows:

mTP =
1

|C|
∑
c∈C

TPc (2.8)

nuScenes Detection Score (NDS): Only mAP metrics can not capture all aspects of the

nuScenes detection tasks, like velocity and attribute estimation. Further, it couples location,

size and orientation estimates. nuScenes detection score (NDS) [32] was employed to handle

errors obtained while computing on different object classes and is defined as follows.

NDS =
1

10
[5mAP +

∑
mTP∈TP

(1− min(1,mTP))] (2.9)

Where mAP is mean Average Precision, mTP is set of five mean True Positive Metric,

Half of NDS is thus based on the detection performance while the other half quantifies the

quality of the detections in terms of box location, size, orientation, attributes, and velocity.

Since mAVE, mAOE and mATE can be larger than ’1’, each metric is normalised between

’0’ and ’1’.

2.5 Summary

An overview of the related work on object detection frameworks employing various sens-

ing modalities and representations is presented in this chapter. The methods listed in this

chapter are initially classified based on the number of frames employed by the detection
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framework into single-frame and multi-frame references. Further, based on the data rep-

resentation, these methods are categorised into image-based, point cloud-based, and multi-

modal fusion-based methods. This chapter also highlights the available public datasets and

benchmark evaluation metrics used by the researchers in this project to develop solutions

for the perception-related task for autonomous vehicles. Recent works [83, 51, 54, 39, 23,

18] have demonstrated state-of-the-art results using fusion-based techniques where multiple

modalities are combined to train the model to utilise individual modalities’ characteristics for

improved detection accuracy. However, with the availability of new large-scale datasets like

nuScenes, waymo etc., further exploration of multimodal data and fusion strategies remains

an exciting field of research. In addition, these datasets cover certain instances [61] where

the state-of-the-art fails even after achieving good performance on the benchmark evaluation

dataset. The limited research available in the literature that employs multiple-frame refer-

ence [26, 40, 16, 38] for extracting the temporal information for 3D object detection paved

the way for designing the pilot study to understand the detection framework are, presented

in Chapter 3 and further investigations are detailed in Chapter 4.
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Preliminary Work

This chapter presents the preliminary work conducted to implement and train a deep learn-

ing framework for 2D object detection and localization on vehicle datasets. The work was

part of the deliverable for two projects, namely VI-DAS 1 (Vision Inspired Driver Assistance

System) and Huawei-Insight Autonomous Vehicle 2. Section 3.1 provides a brief overview

of the You Only Look Once (YOLO), single shot multi-box detection (SSD) and faster-

RCNN detectors used for detection and localization of ’car’, ’pedestrian’ and ’cyclist’ in the

KITTI 2D object dataset. The estimated object locations were later fed to the multiple-object

tracking module to keep track of the objects in the scene and to handle occlusion or detector

failure. The outcomes and experience gained with the 2D detection and tracking task cul-

tivated the idea of employing visual saliency in the framework presented in Section 3.1.2.

The need for an object detector able to localize and estimate the depth information in the

autonomous vehicle led to subsequent pilot studies for understanding 3D object detection,

and methodologies to incorporate temporal cues are presented in Section 3.2.2. Section 3.2.3

briefly describes the baseline architecture employed for investigations and the selection of

probable baseline architecture appropriate for exploring fusion techniques for fusing mul-

tiple modalities. The work presented in Section 3.1.1 and Section 3.1.2 are published in

Venkatesh, Hu, et al. (2019) [84] and Hu, Venkatesh, et al. (2020) [13].
1This work has been partly funded by the EU H2020 Projects VI-DAS (grant number 690772) link: http:

//www.vi-das.eu/
2This work has been sponsored by Huawei HIRP and Science Foundation Ireland under Grant Number

SFI/12/RC/2289 and SFI/16/SP/3804.
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3.1 2D Object Detection

3.1.1 Single and Two Stage Object Detector

Pilot Study-1:

The Pilot Study-1 presents the work carried out in the VI-DAS project. One of the project’s

key requirements was to develop a pipeline to detect and track the objects in the image se-

quence acquired from four wide-angle camera sensors mounted on a test vehicle to achieve

360°surround view sensing. The initial prototype was designed based on the tracking-by-

detection framework for a single camera with a maximum computation time of not more

than 30 milliseconds. The criterion for choosing a detector module was to yield the detection

results with minimum computation time and reasonable detection accuracy. Single-stage de-

tectors such as You Only Look Once (YOLO), and Single Shot Multi-Box Detection (SSD)

architectures were the most favourable options available during the prototype development

phase. The YOLO versions namely YOLOv2 [117], YOLOv3 [99] and YOLOv5 [21, 25,

22] architectures were explored as the detector module with Kalman-filter based SORT [120]

algorithms for tracking the objects in the image sequence.

Figure 3.1: YOLO-V5 network architecture [21, 25, 12]

The most recent YOLOv5 architecture is shown in Fig 3.1 and other architecture con-

sidered in this work can be found in the articles [117, 99]. The YOLOv2 was implemented

using Keras and YOLOv5 in pytroch with both having Tensorflow as backend on an In-

tel i7 processor with a single GPU (GeForce GTX TITAN X, 12GB RAM). The networks
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Figure 3.2: Object detection using YOLOv5, left column represents input and right col-
umn represents corresponding detection results on KITTI Dataset

were trained on the KITTI dataset with pre-trained MS-COCO weights. During the pro-

totype development, only ’car’, ’pedestrian’ and ’cyclist’ classes were considered for per-

formance evaluation. As in [117, 21], all input image sizes and annotations were scaled

to 416x416. Both the model were trained for 200 epochs using adam optimizer [106] with

learning rate=1e-3, weight decay=1e-4, batchsize=8 and the learning rate was reduced by

1/10 after every 50 epochs. Overall Mean Average Precision (mAP) of ≈ 58.44% and ≈

66.5% are obtained for YOLOv2 and YOLOv5 respectively. The corresponding individual

class mAPs obtained using YOLOv2 and YOLOv5 are depicted in Table 3.1. The perfor-

mance of YOLOv5 architecture has a better mAP of ≈ 8% in comparison to the YOLOv2 on

validation dataset. Hence, YOLOv5 was used to generate the prior region proposals during

the exploratory trial discussed in Section 4.3.1 of Chapter 4. The detection results obtained

using YOLOv5 on the KITTI validation set are presented in Fig. 3.2.

Table 3.1: YOLOv2 and YOLOv5 detection accuracy on KITTI 2D object detection vali-
dation set

Model Car Pedestrian Cyclist Overall mAP

YOLOv2 81.25 42.41 51.63 58.44
YOLOv5 81.80 51.30 66.20 66.5
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The code repository of YOLOv5 was obtained from the GitHub repository of Ultralyt-

ics [22] and trained on the KITTI dataset [139]. The network is initialised with the weighted

trained on MS-COCO [136] dataset. A total of nine anchor sizes are estimated using the

k-mean clustering method, and each receptive field is initialised with three anchor sizes as

depicted in Table 3.2.

Table 3.2: Anchors generated using k-mean clustering, RF represents receptive field

small RF medium RF large RF

16x13 12x32 26x19
51x21 54x38 31x77
94x43 112x76 171x91

Pilot Study-2:

The Pilot Study-2 presents the adoption of SSD [123] and Faster-RCNN [132] detectors to

explore the influence of visual saliency on detection and tracking tasks in the Huawei-Insight

Autonomous Vehicle project. The tracking by detection framework was considered in de-

signing the pipeline, and initial experiments involving the SSD and Faster-RCNN detectors

were prepared to validate the idea of using saliency on detection. Hence, SSD architecture

is used for object detection, and a pre-trained salGAN [113] model is used for extracting

the salient regions in the images, which are then passed to the detector as input to prior lo-

cate the objects in the region. Later, the idea of using salient regions was adopted into the

Faster-RCNN architecture.

Figure 3.3: The SSD network architecture [123]
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Figure 3.4: Sample output on PASCAL VOC dataset

The SSD architecture is presented in Fig. 3.3. The model was implemented using Keras

with a Tensorflow backend on an Intel i7 processor with a single GPU (GeForce GTX TITAN

X, 12GB RAM) and trained on the PASCAL VOC 2007 [142] dataset with 20 object classes.

The network was initialised with pre-trained MS-COCO weights and all the input images and

annotations were scaled to 300x300 during training and testing. The model was trained for

200 epochs using an SGD optimiser with learning rate=1e-2, momentum=0.9, batchsize=8,

and a learning rate scheduler was employed to adjust the learning rate during training. An

overall mAP of 76.19% was obtained, and the sample results are shown in Fig. 3.4. Further,

details on the individual class mAP can be found in the paper [84].

Table 3.3: Detection results of SSD and with saliency [84] on KITTI 2D object detection
training set. In legend: px represents pixel

All Sizes > 152 px < 752 px

SSD sal-SSD SSD sal-SSD SSD sal-SSD

Person 8.00 15.39 8.15 15.68 0.13 7.54
Cars 37.37 52.40 36.53 52.62 2.56 40.50
mAP 22.19 33.90 22.34 34.15 1.34 24.02

The pipeline consists of SalGAN [113] implemented in Pytorch, which was pre-trained

on the SALICON [130] dataset with no fine-tuning, along with the trained SSD model to in-

vestigate the influence of saliency on object detection. The results demonstrated the positive

impact of using saliency as a guiding entity for object detection. The pipeline with saliency

guidance significantly improved the SSD benchmark by almost 12%, and further breakdown

of individual object class performances are depicted in Table 3.3. The mAP of the ’person’

was increased by c.8%, and for the ’car’, it increased by c.16%. From the obtained results,

the objects with an area of more than 15×15 pixels have slightly better mAP compared to
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the objects of all sizes. However, for the objects with an area smaller than 75×75 pixels,

the pipeline with saliency guidance significantly improves the SSD benchmark by almost

24%. The experiments results on the KITTI dataset shown in Fig. 3.5 demonstrate that the

performance of an off-the-shelf SSD detector was improved significantly when the detection

is guided by saliency and particularly for smaller objects.

Figure 3.5: Detection results on KITTI dataset, 1st row:ground truth images, 2nd row:
SSD detection results and 3rd row: SSD detection results with saliency guided [84]

Figure 3.6: The Faster-RCNN network architecture [132]

The experiment’s outcome motivated to adopt a two-stage detector: Faster-RCNN, to
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explore the strategies to incorporate visual attention (saliency) for object detection and track-

ing. During this exploratory phase of a two-stage detector, replication of Faster-RCNN ar-

chitecture, as shown in Fig. 3.6 was done using PyTorch with TensorFlow as backend on an

Intel i7 processor with a single GPU (GeForce GTX TITAN X, 12GB RAM). The network

was trained on the KITTI dataset with three object classes, namely ’car’, ’pedestrian’ and

’cyclist’. A VGG16 model pre-trained on the Imagenet dataset was used as the backbone

network to extract image features with all the input image sizes and annotations scaled w.r.t

shortest side of the image during training and testing. All models are trained for 30 epochs,

and the gradients are updated using standard stochastic gradient descent (SGD) with mo-

mentum=0.9, the learning rate was set to 0.001, and the value is decreased by 10 times for

every 10 epochs, and the batch size of 8 was used. All the results in detection are reported

with average precision (AP) using an intersection over union (IoU) value of 0.7. Anchor

boxes are generated using a size of 4, 8, 16 and 32 and ratios of [0.5, 1, 2]. Overall mAP of

69.41% was obtained, and the individual class mAP is depicted in Table3.4.

Table 3.4: Faster-RCNN detection accuracy on KITTI 2D object detection validation set.
Legend: ’Easy’, ’Mod.’ ’Hard’ and ’mAP’ represent easy, moderate and hard case and

mean Average Precision respectively

Class Easy Mod. Hard mAP

Car 90.54 90.09 80.83 80.16
Cyclist 70.50 59.62 58.15 57.31
Pedestrian 67.45 58.15 50.28 49.68

Overall 80.32 76.66 71.59 69.41

3.1.2 Multiple Object Tracking-by-Detection

This section presents a brief overview of the contribution made by the author presented

in [13] in developing an object tracking module guided by saliency to mitigate the loss

of localization information due to occlusion and detector failure in the scene. A modi-

fied sequential Monte Carlo probability hypothesis density (PHD) filter utilising the atten-

tion maps (saliency) generated by the detection module was used. Fig. 3.7. and Fig. 3.9

presents sample examples of Multiple Object Tracking (MOT) using an objectiveness mask

on KITTI [139] and DeTRAC [56] dataset respectively. The attention map assists the tracker
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in correcting the predicted position of the targets during detection failure. The tracking-

based metrics [143, 124] (also called object-based metrics) were considered for the evalua-

tion of the object tracking module. The metrics take the identity and the complete trajectory

of each object separately over the test sequence and compare the ground-truth tracks with the

predicted tracks based on best correspondence. Then, based on these correspondences, vari-

ous error rates and performance metrics are computed. The use of visual attention showed a

considerable improvement of ≈ 8% in object detection, which effectively increased tracking

performance by ≈ 4% on the KITTI dataset and the results are depicted in Table 3.5.

Figure 3.7: Examples of Multiple Object Tracking using objectiveness mask on KITTI
Dataset

In the tracking-by-detection framework, the tracker receives the position and bounding

box of the targets in the scene from the detection module. The main objective of the tracker

module is to estimate the position of the object in the scene during occlusion and detection

uncertainties. The probability hypothesis density filter (PHD) [145] is the adaptation of a

random finite set for multi-target tracking [137] to handle this uncertainty. Depending on

the kind of complexity (linear or non-linear) in the target, PHD filters are implemented in

two popular schemes. Firstly, when the target dynamics are linear and can be assumed

to be a Gaussian process, then the Gaussian mixture (GM-PHD) filter [144] is employed.

Secondly, if the dynamics are highly non-linear and non-Gaussian, the Sequential Monte

Carlo or particle-PHD filter [147] is used.

In the standard particle-PHD filter, it is difficult to guide the particles to the region of

interest as they are scattered, and due to the absence of a state correction step, the error be-

tween the actual measurement and estimated measurements is not minimized and can lead

to failure in posterior estimation. Similar to the approach mentioned in [108], kalman gain

(KG) is used to minimize the error between the estimated and actual measurements. This
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correction mechanism will guide validated particles in the particle-PHD filter to converge

towards the region of a higher likelihood of the observed measurements. This mechanism

helps the tracker in approximating the posterior estimations at each time step. In the pro-

posed filter, Kalman gain, along with the visual cues, is used to compute the inter-frame

displacement of the objects to facilitate the particle distribution and re-sampling process.

The modified particle-PHD filter is summarised as follows:

• Initialisation:

– At time k=0, instead of using Bernoulli and Poisson processes of object birth

process to initialise the PHD Dk|k, multi-peak Gaussian distribution by number

of particles with associated randomised weights is adapted

– At the time k ≥ 1, particle approximation of the density function and Kalman

gain parameters are obtained using the previous prediction and updated results.

• Particle State Prediction and weight computation:

– State estimation is performed based on the weighted IoU and distance metric

computed on the temporal histogram extracted by utilising the track history and

visual attention cues.

– After computing the prior state of the objects, the particle with the maximum

weight is taken as the final predicted position of the target

• Particle State Update:

– The same state update step incorporating IoU and histogram distance metric is

followed.

– Kalman filter parameters are also updated.

• Particle Resampling: the motion cues during the sampling process are considered,

which assists the PHD filter in localizing the density function along the target’s mo-

tion. Residual resampling strategy is applied in the North, South, West and East di-

rections of the particle position, with most of the particles distributed in the direction

of the target’s motion as shown in Fig. 3.8.
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Figure 3.8: Normal Distribution (left), Multi-peak Gaussian particle distribution (right)
based on object motion

• Refine and update using visual attention cues: In this stage, an additional correction

mechanism is applied along with the Kalman correction. The predicted box position

is scanned for the presence of any attention map for retaining prediction during the

detection/prediction failure or when the object is leaving the field of view of the cam-

era. The intersection area of the attention map region over the predicted box position

gives the occupancy. If the computed occupancy measure is less than 30% of the area

of the predicted box, then the prediction is ignored and a correction is made based on

the occupancy of the attention cues. The density function and Kalman parameters are

based on the corrected target position, and this function is used for re-distributing the

particles in the next frame.

Data Association of the detected objects between the frames is obtained using the Hun-

garian assignment algorithm with two equally weighted measures: Intersection over Union

(IoU) of the bounding box and an HSV (Hue Saturation and Value) colour histogram of

the objects. The histogram is generated by concatenating the Hue channel with 50 bin nor-

malisation and the saturation channel with 60 bin normalisation. For data association, the

Bhattacharyya distance is computed between previous frame track results and the detected

objects in the current frame. Then, the detection is assigned to the track with a minimum

cost value. When the detection module fails to detect a previously detected object for two
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Figure 3.9: Examples of Multiple Object Tracking using objectiveness mask on DeTRAC
Dataset

consecutive frames, the tacker will terminate the track.

Table 3.5: Multiple Target tracking accuracy on KITTI datset for Car and Pedestrian
classes with number of particles=100, Best performance in Bold.

MOTA MOTP Rcll Prcn F1 FAR MT PT ML IDs FM
Baseline: (Fast-RCNN-particlePHD) without saliency

Car 79.13 80.69 85.31 85.31 90.91 8.25 65.43 29.79 4.79 244 655
Ped. 58.56 75.05 65.97 92.17 76.90 7.85 35.93 54.49 9.58 147 547

(Fast-RCNN-PartilcePHD) with Saliency

Car 84.82 81.88 90.94 96.79 93.77 10.52 77.13 19.86 3.01 268 553
Ped. 64.49 76.93 71.81 92.88 80.99 7.70 48.50 44.91 6.59 161 516

3.2 3D Object Detection

The Huawei-Insight Autonomous Vehicle project shed light on many interesting topics for

further research in object detection. During this project, various challenges were encoun-

tered, followed by technical brainstorming sessions, which cultivated the idea of employing

spatial and temporal information for 3D object detection. Unfortunately, the temporal infor-

mation for the 3D object detection task is hardly explored in the literature.

To get more insight and broaden the knowledge on 3D object detection approaches, the

exploratory work started by reviewing the recently published survey articles on 3D object
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detection using deep learning networks by Arnold, Eduardo et al. [63]. The article high-

lighted the pros and cons of using sensing modalities like lidar for 3D object detection.

However, our prior research involved processing images or video data. Further, lidar point

cloud data is a distinct type of data and can be challenging to handle or process as it is sparse

and irregular. Therefore Complex-YOLO [100] was chosen as the initial framework for 3D

object detection due to prior familiarity with 2D object detection using YOLO architecture.

In addition, the bird-eye-view method is employed to represent lidar point cloud data to train

and validate the model performance.

3.2.1 Complex-YOLOv3

Pilot Study-3: The preliminary work on 3D object detection was split into two phases.

The first phase included implementing Complex-YOLO [100] and Tiny-YOLO3D [98] with

minor customisation. The second phase included incorporating temporal information into

the network employed during the first work phase and comparing the results. Finally, the

outcome obtained in both phases assisted in gaining hands-on experience on 3D detection

networks and selecting baseline architecture to further explore the research questions in this

thesis.

Figure 3.10: 3D Object Detection using Complex-YOLO Architecture

A Complex-YOLO architecture with a YOLOv3-like structure was employed in the first

phase. The architecture is presented in Fig. 3.10. The network performs detection at three
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different scales and is significantly better at detecting small objects. The network was im-

plemented using PyTorch with TensorFlow as backend on an Intel i7 processor with a single

GPU (GeForce GTX TITAN X, 12GB RAM) and trained on the KITTI 3D object detection

dataset [138] with three object classes, namely ’car’, ’pedestrian’ and ’cyclist’. The training

data was further split into 80% training and 20% validation sets. The 3D point cloud of a sin-

gle frame is converted into a birds-eye-view (BEV) RGB map encoded with height, intensity

and density values, covering an area of 50mx50m directly in front of the origin of the sensor.

The size of the grid map is defined as 608x608 (height x width). The Fig. 3.11. represents

input and detection results using lidar data with the bird-eye-view (BEV) representation.

For a visual representation of 3d bounding box results, the estimations in the lidar plane

are projected onto the RGB image. Both the Complex-YOLO and Tiny-YOLO3D models

were trained from scratch for 300 epochs using adam optimiser [106] with a weight decay

of 0.0005, momentum=0.9, batchsize=8 and learning rate = 0.001. The KITTI evaluation

benchmark was used to measure the model’s performance with the IoU thresholds of 0.7 for

the ’car’ and 0.5 for ’pedestrian’ and ’cyclist’. Mean Average Precision (mAP) is employed

to measure the accuracy of the model. The results are depicted in Table 3.6. shows an overall

mAP of 88.24% for Complex-YOLOv3 and mAP of 76.38%for Tiny-yYOLOv3.

3.2.2 Complex-YOLOv3 with convolutional-LSTM

Pilot Study-4: The second phase of work was inspired by El Sallab et al., who proposed

YOLO4d [91], incorporating temporal information into the Complex-YOLOv3 and Tiny-

YOLOv3 architecture as shown in Fig. 3.12. The objective of integrating temporal informa-

tion into the network is to retain information from the previous batch of frames the network

has seen before and use the learning to make estimations in the current frame. This process

flow makes the data preparation task required to train the network critical as the learning

depends on the sequences fed to extract the temporal information. A convolutional-LSTM

(CLSTM) shown in Fig. 3.12b is used with a Recurrent layer. Similar to an LSTM model,

the previous hidden states are passed to the next step of the sequence, and the internal matrix

multiplications are exchanged with convolution operations.
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Figure 3.11: Top row: output 3d bounding box projections on RGB image and bottom
row: detection results in LiDAR data with BEV representation in KITTI dataset Image

007271 (left) and 007294 (right)

(a) Complex-YOLO with CLSTM layer added between the linear and detection layer

(b) Conv-LSTM Cell

Figure 3.12: Incorporation of temporal information into Complex-YOLO architecture for
3D object detection
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A CLSTM layer was added between the linear and detection layer, as shown in Fig 3.12a

to extract temporal information. The network was trained on the KITTI 3D object detec-

tion dataset without maintaining the sequential coherence in the frames due to the non-

availability of sequenced annotated data. The need for sequenced data appeared to be crit-

ical while training the CLSTM layer to memorise the spatial and temporal features. Simi-

lar training procedures and parameters were employed to train the Complex-YOLOv3-lstm

and Tiny-YOLOv3-lstm models. However, the results demonstrated comparable detection

accuracy to the original network used in phase 1. Table 3.6 presents the individual class ac-

curacy results obtained with temporal information incorporated into the Complex-YOLOv3

architecture. The performance of the ’pedestrian’ was improved by ∼7% with Complex-

YOLOv3-lstm. However, the performance of ’cyclist’ is decreased by ∼7%. In the case

of Tiny-YOLOv3-lstm, the mAP of ’cyclist’ is improved by ∼4%, and for ’pedestrian’, the

mAP value is dropped by ∼12%. Furthermore, the results paved the way to outline addi-

tional studies to understand the influence of temporal information into the deep detection

network and formulation of key tenets in extracting temporal features with multiple frame

references from multimodal data and incorporation into the architecture for 3D object detec-

tion.

Table 3.6: 3D object detection results on KITTI validation dataset, following short no-
tation are used to indicate the methodology: cYv3 = Complex-YOLO3, cYv3-LSTM =
Complex-YOLO3 with CLSTM module, cYv3-tiny = Complex-YOLOv3 tiny version and
cYv3-tiny-LSTM = Complex-YOLOv3 tiny version with CLSTM module. Legend: Rcll
= Recall, Prcn = Precision, F1 = F1 Score, AP = Average Precision, mAP = mean Average

Precision, Best performance in Bold.

Method/
Metric cYv3 cYv3-lstm cYv3-tiny cYv3-tiny-lstmClass

Car

Rcll 90.86 86.06 90.64 90.13
Prcn 98.40 98.06 97.44 96.92
F1 94.40 91.67 93.92 93.40
AP 97.50 96.60 96.44 95.65

Ped

Rcll 56.89 58.53 53.28 49.11
Prcn 95.10 93.76 79.64 71.00
F1 71.19 72.07 63.85 59.04
AP 77.84 85.66 58.27 46.86

Cyclist

Rcll 72.79 54.15 60.86 61.15
Prcn 93.04 89.57 87.60 91.00
F1 81.99 67.50 71.84 73.14
AP 89.40 82.42 74.44 78.39

mAP 88.24 88.22 76.38 73.63
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3.2.3 Baseline Architecture: Frustum-ConvNet

The lidar point cloud data representation in projection-based and voxel-based methods are

simple and easily adapted to utilise the existing 2D detection framework. Unfortunately,

these methods exhibit a loss of information and suffer geometric misalignment when the

data is regularized. The experience gained during the Pilot Study-3 (Section 3.2.1) and

Pilot Study-4 (Section 3.2.2) where the bird-eye-view (BEV) representation was employed

to address occlusion problem in outdoor scenes by keeping the size of the object constant

regardless of height. It was found that the Complex-YOLO architecture used heuristic height

prediction based on data statistics which is limited to certain scenarios making it not able

to handle occlusion problems in vertical space especially objects like poles or pedestrians,

which has fewer points after projection. Interestingly, the introduction of PointNet [115]

architecture in 2017 paved the way for the researchers to directly process the unstructured

lidar point cloud data without any loss of information. Moreover, the PointNet enabled to

capture of local and global point features directly from the lidar point cloud data. Eventually,

the PointNet framework was adapted to various 3D-related tasks leading to the proposal of

point-based 3D object detection methods [107, 80, 78, 44, 104, 86, 59].

Most recent point-based methods and fusion strategies are discussed in Section 2.2.1,

Frustum-ConvNet [85] is adopted as the baseline architecture for addressing the research

question mentioned in the Section 1.2 for the following three reasons: Firstly, prior local-

ization of the objects is made using the 2D region proposals which can be obtained from

an off-the-shelf object detector. This prior localization reduces the data processing time by

avoiding processing entire point cloud data by the network. Secondly, the architecture is sim-

ple and follows sequential-based fusion [3]. Any new layer/module can be added or deleted,

making it ideal for the current research investigation to segregate the individual modalities

for incorporating temporal features and attention mechanisms into the network. Lastly, in-

stead of sequentially fusing the cues from the image (Only the 2D coordinates of the region

proposals as in [85]) and lidar data, to generate the joint representation of the modalities and

study its impact on model performance fusion strategies [3, 57, 63, 68] are investigated.

In amodal 3D object detection, oriented 3D bounding boxes enclosing the full objects

are estimated based on a single perspective of the observed object, which provides partial
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(a) Architecture with Four sequence of frustums

(b) Fully convolutional Network (FCN) (c) PointNet [115]

Figure 3.13: Simplified version of Frustum ConvNet Architecture [85]

surface information. Frustum ConvNet (F-convNet) architecture is shown in Fig. 3.13. The

architecture supports amodal 3D object detection in an end-to-end learning fashion to es-

timate the orientated 3D boxes in a continuous 3D space using prior 2D region proposals

obtained from the off-the-shelf 2D object detector. The point association with sequences

of frustums are obtained by sliding a pair of parallel planes along frustum axes using the

coordinate information of these 2D region proposals.

In this research, for developing baseline architecture shown in Fig. 3.13a. following

configurations is considered: frustum-level feature are generated using PointNet [115] with

a sequence of T (=4) frustums of height (u) are generated by sliding a pair of parallel

planes along the frustum axis with a stride (s) using 2D region proposal in RGB space

represented as D = {di | i = 0, 1, 2, ..., N}, where di ∈ R4 and N is the number of

objects in the scene. The estimation of the 3D bounding oriented boxes is formulated as

B = {bi | i = 0, 1, 2, ..., N}, where bi ∈ R7 and N is the number of objects in the scene

which are parameterised as: box centre coordinates, (x, y, z); box dimension, (h,w, l), rep-

resenting the height, width and length of each box respectively; and the orientation or head-

ing angle, θ, described using the raw point cloud data, P = {pi | i = 0, 1, 2, ..., N}, where

pi ∈ R3×M and M is the total number of raw points. PointNet is then used to extract

65



Chapter 3. Preliminary Work

point-wise feature inside each of the sequence frustums to generate the frustum points is

represented as F = {fi | i = 0, 1, 2, ..., N}, where fi ∈ R3×d and d is the number of points

inside the frustum. These points are aggregated at early stage as a frustum-level feature

vector represented as
{

fLi=1

}
, with fi ∈ Rd are re-formed as 2D feature maps of the size

L × 3, which will be used fed to subsequent fully convolutional network (FCN) shown in

Fig. 3.13b for a continuous frustum-level feature fusion and 3D box estimation. The esti-

mation includes classification and regression branches added on top of FCN, as shown in

Fig. 3.13.

Layer specifications of the FCN module are depicted in Table 3.7. The FCN consists of

four convolution blocks and three de-convolution layers corresponding to each block. The

outputs of all de-convolution layers are concatenated along the feature dimension obtained

from 2D feature maps of fused features generated through convolution and down-sampling

operations across the frustums. A hierarchical granularity of frustum is obtained using the

feature concatenation from virtual frustums of varying sizes to estimate the 3D boxes of ob-

ject instances of unknown sizes. Focal loss [112] is used in the classification branch to handle

the imbalance of foreground and background samples during training. The formulation of

offset between the ground truth (g) and estimation (e) of oriented 3D bounding boxes are de-

noted as Bg and Be, respectively. The offset is represented as Bϕ = {bi | i = 0, 1, 2, ..., N},

where ϕ ∈ {g, e}, bi ∈ R7 and N is the number of objects in the scene which are param-

eterised as: box centre coordinates, (xϕ, yϕ, zϕ); box dimension, (hϕ, wϕ, lϕ), representing

the height, width and length of each box respectively; and the orientation or heading angle,

θϕ.

∆x =
xg − xe

xe
,∆y =

yg − ye
ye

,∆z =
zg − ze

ze

∆l =
lg − le
le

,∆w =
wg − we

we
,∆h =

hg − he
he

∆θ = θg − θe

(3.1)

similar to 2D object detector, the whole F-ConvNet is trained using a multi-task fash-

ion with Euclidean distance-based regression loss for the box centers, smooth l1 regression
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loss for box sizes, and the angle, focal loss is for classification, and corner loss is used to

regularize box regression of all parameters.

Table 3.7: Fully convolutional Network (FCN) configuration used in Frustum-ConvNet
architecture [85]

Name Kernel size/ Filter No./Striding/Padding

Block - 1 3 x 128 / 128 / 1 / 1

Block - 2 3 x 128 / 128 / 2 / 1
3 x 128 / 128 / 1 / 1

Block - 3 3 x 128 / 256 / 2 / 1
3 x 256 / 256 / 1 / 1

Block - 4 3 x 256 / 512 / 2 / 1
3 x 512 / 512 / 1 / 1

Deconv - 2
Deconv - 3
Deconv - 4

1 x 128 / 256 / 1 / 0
2 x 256 / 256 / 2 / 0
4 x 512 / 256 / 4 / 0

MergeConv - 2
MergeConv - 3
MergeConv - 4

1 x 256 / 128 / 1 / 0
1 x 512 / 256 / 1 / 0
1 x 1024 / 512 / 1 / 0

The network was trained on KITTI Object dataset described in Section 2.3.1 with 3,712

training and 3,769 validation samples consisting of ’car’, ’pedestrian’, and ’cyclists’ class

on a single Nvidia-Titan X GPU with 12GB RAM for 50 epochs using the Adam opti-

mizer [135] with momentum, learning rate and weight decay values set to 0.9, 0.001 and

0.0001 respectively. The learning rate is decreased by 10 times for every 15 epochs and

batch size of 16 with the data samples undergoing augmentation, which included ±10%

random shift from its centre, flipping in horizontal reference plane and the bounding box

size is randomly scaled-up or scaled-down by 2− 5% of it original bounding box size. The

2D ground truth annotation of the objects is considered as the input region proposal instead

of the 2D detector output to cover all the possible objects in the scene which the external

detector module may not have detected. All ground truth annotations are augmented before

passing to the pipeline to resemble the detector output closely, and regions with less than

the minimal lidar points are ignored. The number of sample points for each region proposal

is set to have randomly selected 1,024 points. Same parameter initialisation as mentioned

in F-ConvNet [85] are considered, the frustum resolutions of [0.5, 1.0, 2.0, 4.0] with corre-

sponding stride value of [0.25, 0.5, 1.0, 2.0] for the ’car’ category and frustum resolutions
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of [0.2, 0.4, 0.8, 1.6] with corresponding stride value are set to [0.1, 0.2, 0.4, 0.8] for the

’pedestrian’ and ’cyclist’. KITTI 3D evaluation benchmark is used to evaluate the model’s

performance with 3D IoU values of 0.7, 0.5, and 0.5 for the categories of ’car’, ’pedestrian’,

and ’cyclist’, respectively. The BEV detection and 3D detection results on the validation set

are depicted in Table 3.8.

Table 3.8: Performance of BEV and 3D detection of Frustum-ConvNet on KITTI valida-
tion dataset. Legend: ’Easy’, ’Mod.’ and ’Hard’ represent easy, moderate and hard cases

respectively

Frustum-
ConvNet

Car Pedestrian Cyclist

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

BEV 97.88 87.93 89.72 75.93 76.02 75.99 88.95 89.00 88.99
3D 88.59 87.79 86.98 73.11 73.03 66.39 87.83 88.03 87.92

The exploration of F-ConvNet architecture facilitates the understanding of handling and

processing raw lidar point cloud data. Furthermore, prior localization can further aid in

optimizing the processing of sparse and unstructured lidar point cloud data. Although F-

ConvNet depends on the 2D region proposals highlighting a fatal risk involved when failure

of 2D detectors can bound to deteriorate all subsequent pipelines, scope exists to improve

and adapt the pipeline to process the image feature instead of just using the coordinate po-

sition. The results inferred in this section form the foundation for further investigation and

developments to corroborate F-ConvNet architecture, which is discussed in the following

chapters.

3.3 Summary

This chapter presents the initial pilot study on 2D object detection using single-stage and

two-stage frameworks trained and evaluated on the KITTI dataset. The experience gained

with the 2D detector assisted in designing a detection-based tracking framework with a mod-

ified probability density filter to track multiple objects in the scene using visual salience. In

addition, the particles are propagated in the direction of the objects using visual saliency to

handle occlusion and detection failure scenarios. The adoption of visual saliency into the

tracking framework and the learnings from the experiments motivated the research further
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to extend the work on 3D object detection, where the estimation of accurate depth informa-

tion plays a vital role in developing algorithms related to perception systems, specifically for

autonomous vehicles. Following are the brief inference of the trials:

1. Complex-YOLO3D with BEV representation of lidar point cloud data was employed

to understand the 3D detector for estimating the oriented bounding box positions in the

world coordinates. The trial with the Complex-YOLO3D laid the necessary founda-

tion to incorporate convolutional-LSTM for extracting the Spatio-temporal informa-

tion using convolutional-LSTMs and propagating the extracted temporal information

into the network layer, which the final estimation layers will use. This initial inves-

tigation on temporal encoding aided the current research in acquiring further insight

into the data representation aspect, and analysing the requirements in the dataset for

effectively utilising the temporal aspect in the data will be discussed in Chapter 4.

2. Understanding the structural information of an object in the scene is effective when

the raw lidar point cloud data is used. However, the complexity of utilising the BEV

representation with loss of information led to exploring the Frustum-ConvNet frame-

work. With prior localization of the objects in the scene using the 2D detector, which

is later transformed to the 3D space for extracting the lidar point cloud data within the

proposal to generate the Frustum level features was fascinating and appeared to be an

ideal set-up for exploring the temporal aspects. F-ConvNet was chosen as the baseline

architecture to investigate further the research questions involving temporal cues and

fusion methods presented in the following chapters.
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Data Representation and

Performance Baselines

In the literature, lidar point cloud data is processed in various ways. Firstly, the data can

be fed to the network in its raw form as in [115, 97, 85, 10]. Secondly, methods like [100,

103, 29, 105] project the data onto a 2D plane to generate a bird-eye-view (BEV), Similarly,

[96] transformed the data to obtain a front-view image and [30] used range-view (RV). An

alternative projection is to create a vertical column-like representation to form pillar-like

structures termed as “point pillars” [70]. Finally, [95, 107, 62] have proposed transforming

the point cloud into a voxel grid-structured format that can be fed to a CNN. All these

methods aim to incorporate the spatial and depth information available from the lidar data

in a form that can be utilised by object detection and localization models. This chapter

addresses the Research Question: How best to represent or prepare multi-modal data for

training an object detection architecture?

The knowledge gained on the available perception dataset during the literature review

in Chapter 2 and the initial findings presented in Chapter 3, contributes to understanding

the role of data representation in this context but require further exploration. Lidar point

clouds are sparse relative to images, meaning that any points may not fully represent distant

or small objects. Furthermore, since the 3D bounding boxes are derived from point cloud

distributions, smaller scale objects like pedestrians or poles, which are visible in images,

may lack corresponding 3D bounding boxes [35] due to fewer valid points scanned on them

through lidar. Furthermore, these objects appear in various scenes with dynamic and static
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background objects like trees, and bushes, making it extremely challenging to recognise the

object in complex point cloud distributions.

The Bird-eye-view (BEV) representation used by complex-yolo [88], which was used

in the pilot study presented in 3.2.1 and 3.2.2, was simple and easily adapted to utilise the

existing 2D detection framework to localize the object and estimate its parameters. Although

the representation exhibited loss of information and suffered geometric misalignment after

the data transformation, it could handle occlusion problems in outdoor scenes by keeping

the object’s size constant regardless of height. However, the architecture cannot handle

occlusion problems in vertical space, especially objects like poles or pedestrians with fewer

points after projection.

The introduction of the PointNet [115] architecture to process the entire point cloud data

made a significant difference in handling the lidar point cloud data for detection. First, the

raw data is processed to predict the bounding boxes on each point in two stages, namely

abstraction to extract the contextual feature after down-sampling and feature propagation

to upsample and broadcast the feature to points that are discarded during down-sampling.

Then, a 3D region proposal network (RPN) is employed to obtain the final predictions,

followed by a refinement network. For instance, point pillars addressed the complexity of

processing the point cloud by localizing the region using the prior 2D detection, as shown

in Fig. 4.1-(c). The figure also presents the voxel representation where the lidar point cloud

data is discretized into a volumetric 3D grid as in Fig. 4.1-(b). On the other hand, point-

based networks achieved good accuracy but have a higher run time. Furthermore, object

proposal generation relies on either image-based 2D object generation or an expensive per-

point foreground segmentation network.

The data representations in the KITTI and nuScenes datasets for training and testing the

object detection network are briefly described in Section 4.1. Visual comparison of lidar and

image data to understand the temporal information is provided in Section 4.2. The inference

obtained from the Chapter 3 has led to further exploration of F-ConvNet, to handle the point

cloud data to extract the features at multiple scales leading to the following experiments

presented in Section 4.3:

• Understanding the influence of region proposals from the 2D detector (4.3.1),
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Figure 4.1: Illustration of lidar point cloud, Voxel [107] and PointPillar [70] data Repre-
sentation for person [8]

• Determining the minimum sequence length for extracting temporal information from

the image sequence (4.3.2),

• Investigating the effect of varying the feature vector size of the input data on perfor-

mance of the baseline model (4.3.3),

• Evaluating the impact of utilising multi-sweep lidar point cloud data available in

nuScenes dataset on performance of baseline model (4.3.4) and

• Evaluating individual class performance when the model is trained with all class cat-

egories together and separately (4.3.5).

4.1 Dataset

This section provides an overview of the KITTI and nuScenes datasets used for designing

the pipeline and the evaluations to address the Research Question 1 and 2 mentioned in

Section 1.2.

4.1.1 KITTI

The KITTI 3D object detection dataset is described more fully in Section 2.3.1. The dataset

consists of 7,481 training images and 7,518 test images with corresponding point clouds,
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comprising a total of 80,256 labeled objects for 8 classes: ‘Car’, ‘Van’, ‘Truck’, ‘Pedes-

trian’, ‘Person (sitting)’, ‘Cyclist’, ‘Tram’ and ‘Misc’. In the current research, only ‘Car’,

‘Pedestrian’, and ‘Cyclist’ classes appearing in the training samples are considered, which

are randomly split into a training set comprising of 3,712 images with ≈ 17K annotations

and a validation set comprised of 3,769 images with ≈ 17K annotations. The number of

per-class annotations or instances appearing in the training and validation sets is depicted in

Table.4.1.

Table 4.1: Number of instances in the KITTI train and validation datasets

Object Class Train Val Total (%)

car 14385 14357 28742 72.59
cyclist 893 734 1627 4.11
pedestrian 2280 2207 4487 11.33

person_sitting 166 56 222 0.56
tram 287 224 511 1.29
truck 606 488 1094 2.76
van 1617 1297 2914 7.36

KITTI was used to understand the data representation of image and lidar point cloud

data, for initial pilot studies and for the development of the architecture to incorporate tem-

poral information using F-ConvNet as base network. Fig. 4.2 illustrates the representation of

image and lidar data with 3D annotation of the object appearing in the scene and Fig. 4.2-(c)

shows lidar point clouds projected on to the image plane with each projected point repre-

senting depth information corresponding to each of pixel position in the image. Fig. 4.3

illustrates the projection-based representation of the lidar data in terms of the depth map,

height map, reflectance map, and bird-eye-view map which are employed to estimate the

3D parameters directly in lidar space [100, 103, 96, 74]. The height maps are obtained by

dividing the point clouds into several slices. The intensity directly represents the reflectance

map measured by the lidar on a grid.

4.1.2 nuScenes

The nuScenes dataset comprises 1,000 scenes, distributed as training (700), validation (150)

and test (150) sets of scenes. The dataset is packaged into ten archives each containing 85
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Figure 4.2: Image and Lidar Data Representation of the Scene:000218 in KITTI dataset

Figure 4.3: Front-View and Bird-eye-View Representation of lidar point cloud data for
Image 000218 of KITTI training set
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scenes with ≈ 40 samples per scene. For 3D object detection, the dataset provides complete

3D annotation of ≈ 1.4 billion, containing ten classes with eight attributes.

This study investigated the influence of temporal information and multimodal data on

the detection network using the nuScenes dataset. The experimental setup had a single GPU

with 12GB of RAM on an Intel i7 for training and testing the model. While training the F-

ConvNet model on the KITTI dataset with ≈ 17K annotation with 3X augmentation, time

for a single epoch took around 15-18 minutes. With the limited computing power training

the network with ≈ 1.4 billion annotations was complex and time-consuming. Therefore,

five of the available ten archives released in the nuScenes dataset repository comprising 425

scenes were selected. The first three archives were chosen as the training set comprising 255

scenes with 60,720 samples and ≈ 322K annotations, and the following two subsets for the

test set comprised 170 scenes with 41,124 samples and ≈ 202K annotations. Further, the

training dataset was divided into training and validation with 43,080 (≈ 199K annotations)

and 17,640 (≈ 123K annotations) samples, respectively. Table. 4.2 provides the number of

instances in each class in the subset of the nuScenes dataset.

Table 4.2: Number of instances in the subset of nuScenes dataset

Object Class (%) Train Val Test No. of Instance

barrier 12.75 26168 15157 25572 66897
bicycle 1.32 2405 1680 2854 6939
bus 1.08 2044 1408 2239 5691
car 42.97 97475 40732 87167 225374
construction vehicle 1.47 2668 1065 3967 7700
motorcycle 1.14 2406 902 2695 6003
pedestrian 21.04 29261 40331 40777 110369
traffic cone 7.93 13452 11084 17060 41596
trailer 2.18 5145 1915 4373 11433
truck 8.11 18029 8683 15838 42550

Table. 4.3 depicts the model’s performance for the individual class on the subset of

the nuScenes dataset with all the classes. The customised nuScenes dataset with ≈ 322K

annotations consumed more than 15 hours for training and validation of the F-ConvNet

model for a single epoch and took around 15 days to finish 30 epochs. With this extended

training time, the realisation of the various research questions would be difficult and drawing

any inference from the investigation would not be feasible.

Based on the experience gained with the model training for all the ten classes with
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Table 4.3: nuScenes detection metric of F-ConvNet for all the object class appearing in all
the six cameras in the custom nuScenes test dataset. Trained only for 30 epochs

Object Class AP ATE ASE AOE

barrier 1 0.138 0.335 0.412
bicycle 0.85 0.098 0.286 0.659
bus 0.839 0.427 0.3 1.556
car 0.919 0.29 0.192 1.114
construction vehicle 0.817 1.282 0.44 0.96
motorcycle 0.858 0.208 0.372 2.287
pedestrian 0.953 0.134 0.339 0.198
traffic cone 0.944 0.156 0.403 -
trailer 0.561 0.558 0.408 1.032
truck 0.872 0.351 0.161 2.158

NDS mAP mATE mASE mAOE

0.7534 0.8521 0.3873 0.3148 0.3340

≈ 322K annotations. To handle this problem of long model training time, it would be

interesting to investigate this research on footage from the front camera only and evaluate

the feasibility of utilising the inference gained on this subset of the nuScenes dataset. The

new subset of the customised nuScenes dataset comprises the training set consisting of 255

scenes with 10,120 samples and ≈ 64K annotations, and the test set consists of 170 scenes

with 6,854 samples and ≈ 38K annotations. The training data is further divided into training

and validation with 7,180 (≈ 40K annotations) and 2,940 (≈ 24K annotations) samples,

respectively.

Figure 4.4: Sample distribution in the custom subset of nuScenes dataset

The number of individual class annotations is depicted in Table. 4.4 and the class dis-

tribution in percentage (%) between the train, val and test sets are presented in Fig. 4.4.

Furthermore, for consistency and ease of comparison with KITTI-like data, all annotations
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are converted to the KITTI 3D object detection format [139] using the development toolkit

provided in the nuScenes repository. Table. 4.5. depicts the model’s performance for the

individual class on the customised subset of the nuScenes dataset of frontal camera view

with all the classes.

Table 4.4: Number of instances in each of the classes in the subset of nuScenes dataset
considered for training and testing

Object Class Train Val Test No. of Instance

car 16002 8199 18176 42377
pedestrian 8443 7409 5838 21690

barrier 5247 2698 5857 13802
bicycle 606 231 394 1231
bus 691 278 447 1416
construction vehicle 853 273 760 1886
motorcycle 493 235 400 1128
traffic cone 3609 2129 2371 8109
trailer 856 456 884 2196
truck 3622 1974 3414 9010

Table 4.5: nuScenes detection metric of F-ConvNet for all classes in the custom nuScenes
test dataset

Object Class AP ATE ASE AOE

barrier 0.983 0.18 0.35 0.48
bicycle 0.975 0.118 0.246 2.299
bus 0.739 0.954 0.171 1.483
car 0.956 0.215 0.190 0.896
construction vehicle 0.856 0.962 0.499 2.840
motorcycle 0.975 0.179 0.411 2.543
pedestrian 0.981 0.109 0.284 0.24
traffic cone 0.989 0.103 0.455 -
trailer 0.447 0.989 0.669 1.421
truck 0.881 0.702 0.321 2.233

NDS mAP mATE mASE mAOE

0.7416 0.8782 0.4511 0.3596 0.3743

The results obtained on both customised nuScenes dataset cases yielded similar results,

and the inference drawn can be applied to the complete set of the nuScenes dataset. How-

ever, it would be further beneficial to focus this research on ‘car’ and ‘pedestrian’ classes

and footage from the front camera instead of considering all the classes and images from all

six camera views. The prevalence of ‘car’ and ‘pedestrian’ in autonomous driving scenar-

ios and their contrasting physical properties (shape, scale, speed) ensure these classes will
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adequately test the proposed frameworks.

Fig. 4.5 presents a snapshot of the object’s 3D annotations in the image and lidar plane.

Fig. 4.5-(c) illustrates the projection of lidar point cloud data onto the image frame for visual

understanding of lidar points distribution depicting the depth information corresponding to

pixels enclosed within the bounding box representing the objects in the scene. Fig. 4.6 de-

picts the cumulative representation of a lidar point cloud distribution of a scene in nuScenes

dataset containing an object for every ten frames. The bird-eye-view image is generated

by aggregating the point clouds from multiple sweeps to get a denser point cloud for every

ten frames. From top to bottom, left to right, starting at the first instance (t=0), the ob-

ject contains fewer sparse points distribution, and as the AV approaches towards the object,

represented by instance t = 10, 20, 30, 40, 50, 60. The sensor can scan more points to collec-

tively analyse the features related to the object in the scene. The temporal reference of the

object can benefit the deep detection network to learn the distribution of the object and even-

tually understand its structural information from different viewpoints, which are explored in

Chapter 5.

Figure 4.5: Image and Lidar Data Representation of the Scene:0553 in nuScenes dataset
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Figure 4.6: Cumulative representation of lidar point cloud data over time

4.2 Understanding Temporal information

The utilisation of spatial and temporal features plays a vital role in many computer vision-

related tasks like 2D object detection and tracking, path prediction, and human pose esti-

mation. In these applications, the features from the prior observation aid the framework in

understanding the coherence in the current observation to derive new feature maps with re-

duced errors during parameter estimation. Most computer vision tasks employ image space

to define temporal features, containing dense, rich, textural, and color information. How-

ever, image-based object detection methods have limitations in extracting the depth informa-

tion, specifically in the case of single-frame (monocular) or stereo-based depth estimations

methodologies, which cannot achieve the accuracy expected by the perception system. The

image-based depth estimation can have low performance due to changes in lighting, weather

conditions and limited knowledge about the scene. It requires a complex and computa-

tionally expensive process to determine the depth of the objects by only using the 2D image.

Although, recent monocular image-based methods like DFR-Net [28], MonoDIS [82], M3D-

RPN [64] have been proposed that use an RGB image to predict objects on the 2D plane and

then perform 2D to 3D lifting to create 3D object detection results with lesser computa-

tional cost. However, the performance is still far from satisfactory due to the lack of reliable

depth prior and the variance of the object scale caused by perspective projection [28]. Lidar

and Radar utilize other modalities and offer an alternative to address the challenge of depth
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Figure 4.7: Illustration of Lidar data enclosed within the ROI of the truck on Image and
Lidar frame for temporal understanding. The bounding box of the object is obtained from

the ground truth annotations in the nuScenes dataset.
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perception. In contrast, 3D object detection using lidar produces more accurate depth esti-

mation than image based. The lidar data is sparse and contains the spatial-depth information

for each point scanned on the object. Although it lacks textural and color information about

the object, point cloud distributions are used for extracting spatial features.

In this section, the importance of tracking change in the point cloud data distribution as

the AV acquires the data of a scene containing the object of interest is illustrated through

Fig. 4.7 with the help of an instance where both the image and lidar frames are employed

to understand the coherence of temporal information. The spatio-temporal information can

be extracted in the sequenced frames to understand the structural and spatial information

of relative locations to achieve better geometric alignment. In the Fig. 4.7, from top-to-

bottom, presents the lidar point cloud data projected onto the image plane enclosed within

the 3D bounding box of the object to collate the variation in both the plane and helps in

establishing a visual correspondence between the image and lidar data of a scene as seen

by the AV. The 3D bounding boxes projected on the image and lidar data are obtained from

the ground truth annotation of the nuScenes dataset. Utilising the prior localization of the

objects optimises the computational complexity when processing the entire point cloud data

as the points within this prior regions can be considered as segmented points of the objects

which are achieved as free-of-charge [60]. The sequenced data exhibits temporal continuity

and the objects appearing in successive frames will drift slightly allowing the utilization of

detection and temporal information from earlier frames to refine estimations in the current

frame.

4.3 Exploratory Trials

This section presents experimental trials employing KITTI and nuScenes dataset to acquire

inference on customised nuScenes subset data, understand spatio-temporal feature extraction

using multiple frame reference, effect of region proposals on 3D estimations, effect of fea-

ture vector length of the lidar data used for representing the object class, impact of employing

single-sweep lidar data versus multiple-sweep lidar data, and lastly, to study the behaviour

of model performance when the object classes are trained individually and together.
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4.3.1 Influence of 2D proposal on 3D estimations

The F-ConvNet uses an off-the-shelf 2D detector for prior localization of objects in the im-

age space. These coordinate positions are then used to extract the ROI’s of the object in the

lidar space. This section presents the investigation to understand the influence of 2D region

proposals for generating the frustum region to extract the point features by the F-ConvNet

architecture. For the generation of region proposals, YOLOv5 detector trained on KITTI

dataset for ‘cars’, ‘pedestrian’ and ‘cyclist’ class detailed in Section 3.1.1 of Chapter 3 is

employed. The intersection over union (IoU) values and object confidence score are varied

to generate the detection results that are passed as input region proposals to the F-ConvNet

pipeline. Table. 4.6 depicts the number of 2D region generated represented as ‘2D(r)’ ob-

tained by varying the object confidence (‘Conf.’) score and IoU threshold (’Th.’) value. The

corresponding number of 3D estimation represented as ‘3D(e)’ are estimated using these

2D region proposals. The IoU threshold values is varied in the range between 0.5 to 0.95

with an increment of 0.05 for all the object confidence score greater than 0.1, 0.01, 0.001,

and 0.0001. In Table. 4.6, a maximum of 221,182 proposals are generated when Th. ≥ 0.5

and the Confidence score is greater than 0.0001. similarly, a minimum of 17,830 proposals

are generated when Th. ≥ 0.95 and the Confidence score is greater than 0.1. From the

Table. 4.7, it can be concluded that the computational complexity of the network increases

with more prior region proposals to process. Further, Fig. 4.8 presents the graph represent-

ing the average computation time per frame taken by the F-ConvNet to estimate the 3D

bounding box parameters of the objects and it can be concluded that the processing time

decrease when the IoU threshold value (Th.) is increased which generates fewer region as

depicted in Table. 4.6. In Table. 4.6, the trial with Conf. ≥ 0.5 the region proposal obtained

with Th. ≥ 0.95 was initially used to generate the region proposals which is reported and

was considered as a baseline to analyse the influence of varying the confidence score and

threshold value.

The performance of BEV detection results for ‘car’, ‘pedestrian’, and ‘cyclist’ are de-

picted in Table. 4.8, Table. 4.9, and Table. 4.10 respectively. The mAP values get better

as the IoU threshold value is increased and the confidence values are decreased. The ‘car’

attains the best mAP of 89.69 (%)and 89.65 (%) with Conf. ≥ 0.1 and Th. ≥ 0.95 for
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Table 4.6: Number of Region proposals generated ‘2D(r)’ from 2D detector by varying
IoU threshold (’Th.’) and Confidence Score (’Conf.’) and corresponding number of esti-

mation by 3D detector generated ‘3D(e)’ on KITTI validation set.

Conf./
Th.

0.1 0.01 0.001 0.0001 0.5

2D(r) 3D(e) 2D(r) 3D(e) 2D(r) 3D(e) 2D(r) 3D(e) 2D(r) 3D(e)

0.50 48,730 15,319 74,065 16,491 117,592 18,281 221,182 24,371 - -
0.55 29,056 14,703 42,797 15,823 72,402 17,821 151,894 24,476 - -
0.60 23,906 14,487 31,787 15,379 51,924 17,283 114,296 24,065 - -
0.65 21,758 14,350 26,808 15,068 40,710 17,001 90,165 23,561 - -
0.70 20,571 14,312 24,099 15,097 34,094 16,616 73,808 23,113 - -
0.75 19,721 14,169 22,385 14,783 29,709 16,249 61,656 22,631 - -
0.80 19,129 13,903 21,244 14,725 26,726 16,059 52,474 22,110 - -
0.85 18,663 13,868 20,388 14,400 24,629 15,777 45,466 21,332 - -
0.90 18,248 13,762 19,701 14,338 23,085 15,538 39,855 20,572 - -
0.95 17,830 13,619 19,063 14,097 21,825 15,282 35,496 19,691 17,266 15,552

Table 4.7: Average computation time per frame in milliseconds (msec) on KITTI valida-
tion set by varying the 2D detector confidence value (Conf.) and IoU threshold value (Th.).

Conf./
Th. 0.1 0.01 0.001 0.0001 0.5

0.50 38.79 58.95 93.60 176.05 -
0.55 23.13 34.07 57.63 120.90 -
0.60 19.03 25.30 41.33 90.98 -
0.65 17.32 21.34 32.40 71.77 -
0.70 16.37 19.18 27.14 58.75 -
0.75 15.70 17.82 23.65 49.08 -
0.80 15.23 16.91 21.27 41.77 -
0.85 14.86 16.23 19.60 36.19 -
0.90 14.52 15.68 18.37 31.72 -
0.95 14.19 15.17 17.37 28.25 13.74

Figure 4.8: Average computation time per frame taken by the detector for 3D estimations
depending on the proposal confidence and IoU threshold
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Table 4.8: BEV Detection in AP (%) for ‘Car’ Class depending on the regional proposal
generated from the YOLOv5 2D detector by varying the confidence (Conf.) and IoU

threshold value (Th.). Best performance in bold.

Conf./
Th.

0.1 0.01 0.001 0.0001

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

0.50 81.60 81.11 80.93 81.42 80.95 80.77 81.30 80.80 80.57 89.39 86.91 80.12
0.55 81.61 81.14 80.98 81.43 80.93 80.78 81.41 80.83 80.61 89.89 86.64 86.67
0.60 81.51 81.07 80.92 81.44 80.86 80.70 89.18 80.74 80.49 89.50 85.98 86.18
0.65 81.54 81.08 80.95 81.39 80.90 80.75 88.66 80.68 80.45 89.70 87.24 86.37
0.70 81.59 81.19 81.03 81.40 80.92 80.78 88.69 88.05 80.43 89.68 87.82 86.69
0.75 81.55 81.12 80.97 89.07 88.85 80.84 88.40 87.83 88.07 89.39 88.13 87.21
0.80 81.53 81.09 80.95 81.38 80.83 80.67 89.97 87.85 88.12 89.36 88.18 87.35
0.85 89.48 81.15 81.05 88.87 88.67 88.88 89.90 88.43 88.41 89.52 88.47 87.83
0.90 89.35 89.17 89.34 90.25 88.88 89.07 90.01 89.17 88.87 89.39 88.58 87.95
0.95 90.56 89.69 89.65 90.26 89.59 89.44 90.19 89.50 89.19 90.70 88.82 88.34

Table 4.9: BEV Detection in AP (%) for ‘Pedestrian’ Class depending on the regional
proposal generated from the YOLOv5 2D detector by varying the confidence (Conf.) and

IoU threshold value (Th.). Best performance in bold.

Conf./
Th.

0.1 0.01 0.001 0.0001

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

0.50 71.51 64.83 64.52 62.99 61.96 61.81 67.88 61.02 61.02 63.03 56.60 56.43
0.55 65.08 64.86 64.50 69.00 62.53 62.33 67.76 60.07 60.04 64.51 61.61 57.43
0.60 71.56 64.86 64.74 61.93 61.46 61.20 66.06 58.95 59.16 64.34 60.97 57.18
0.65 63.74 63.65 56.91 67.83 61.55 61.81 65.17 57.98 58.28 61.56 55.11 55.31
0.70 69.69 63.44 63.44 67.45 62.23 62.05 66.94 60.15 60.22 65.47 61.80 58.30
0.75 70.95 65.01 64.87 69.31 62.31 62.60 67.24 65.10 60.39 63.36 61.08 57.13
0.80 70.35 64.20 64.44 68.63 62.46 62.69 67.89 66.09 61.01 65.82 63.70 59.01
0.85 71.46 64.67 64.78 69.61 68.87 63.05 68.85 67.34 66.93 67.47 65.58 64.05
0.90 71.47 71.31 64.99 69.63 68.18 62.86 70.48 68.86 68.04 72.44 66.46 64.84
0.95 71.86 71.92 64.86 71.47 71.04 70.55 75.23 69.06 67.84 67.58 65.78 63.99

Table 4.10: BEV Detection in AP (%) for ‘Cyclist’ depending on the regional proposal gen-
erated from the YOLOv5 2D detector by varying the confidence (Conf.) and IoU threshold

value (Th.). Best performance in bold.

Conf./
Th.

0.1 0.01 0.001 0.0001

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

0.50 77.90 77.06 76.85 87.00 76.16 75.84 86.96 81.96 75.16 84.86 79.49 72.71
0.55 79.81 77.17 76.86 87.29 83.71 76.41 86.50 82.38 74.93 82.83 79.47 72.94
0.60 87.73 77.25 77.06 87.08 83.13 75.78 85.58 81.76 80.98 83.01 77.68 71.53
0.65 79.61 76.30 75.89 88.25 83.76 76.19 86.45 82.29 74.86 82.91 78.36 71.67
0.70 87.92 84.48 76.67 87.66 83.96 76.24 84.37 75.00 74.58 84.11 78.35 71.69
0.75 88.58 85.40 77.27 86.63 83.88 76.57 84.98 81.32 74.58 83.42 79.28 78.24
0.80 87.65 84.51 76.65 86.86 83.61 75.72 85.11 81.88 80.66 82.93 79.34 78.20
0.85 88.34 84.69 76.96 87.71 83.48 76.22 87.87 83.22 82.32 85.77 80.55 79.84
0.90 88.40 84.43 76.82 88.60 84.79 83.81 88.09 83.65 82.91 85.80 80.99 80.44
0.95 88.69 85.66 85.28 89.23 85.52 85.06 88.10 84.17 83.64 85.89 82.03 81.11
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Table 4.11: 3D Detection in AP(%) for ‘Car’ depending on the regional proposal gener-
ated from the YOLOv5 2D detector by varying the confidence (Conf.) and IoU threshold

value (Th.). Best performance in bold.

Conf./
Th.

0.1 0.01 0.001 0.0001

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

0.50 80.61 79.40 79.07 80.63 79.36 78.97 80.54 79.26 78.84 85.77 78.79 78.01
0.55 80.59 79.47 79.18 80.36 79.26 78.94 80.46 79.28 78.89 88.12 78.66 77.87
0.60 80.66 79.47 79.12 80.42 79.26 78.93 80.42 79.22 78.18 85.43 78.17 77.36
0.65 80.71 79.45 79.19 80.69 79.45 79.16 80.06 78.96 78.60 87.15 78.36 71.67
0.70 80.64 79.57 79.30 80.53 79.46 79.10 80.15 78.91 78.49 86.68 77.60 76.73
0.75 80.69 79.57 79.31 80.45 79.36 79.13 80.33 78.96 78.53 86.87 77.57 76.77
0.80 80.51 79.47 79.22 80.56 79.33 79.06 86.44 78.82 78.55 86.98 77.73 77.04
0.85 80.69 79.68 79.50 87.02 79.24 79.05 86.51 78.83 78.57 87.19 82.83 77.29
0.90 80.61 79.56 79.43 87.58 79.50 79.36 88.28 85.46 78.67 87.03 82.59 82.79
0.95 89.04 79.90 79.75 88.92 87.09 87.01 88.33 86.89 86.03 87.12 85.23 83.25

Table 4.12: 3D Detection in AP(%) for ‘Pedestrian’ depending on the regional proposal
generated from the YOLOv5 2D detector by varying the confidence (Conf.) and IoU

threshold value (Th.). Best performance in bold.

Conf./
Th.

0.1 0.01 0.001 0.0001

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

0.50 62.42 61.91 55.51 61.26 59.64 53.97 59.66 58.33 57.92 55.64 53.57 52.62
0.55 62.75 62.08 55.88 60.91 60.09 54.21 64.33 57.69 57.30 60.28 54.67 53.82
0.60 62.81 62.56 55.95 60.07 59.27 53.15 58.65 56.83 56.57 59.65 54.44 53.36
0.65 62.05 61.59 55.53 59.51 59.11 59.16 61.99 55.78 58.28 56.17 51.62 50.96
0.70 61.57 61.56 55.18 59.81 60.12 59.77 63.54 57.69 57.36 59.10 54.79 54.37
0.75 62.87 63.31 62.89 66.12 60.00 59.74 63.20 57.58 57.68 57.96 53.62 53.75
0.80 67.67 61.94 62.03 60.87 60.26 60.24 64.45 58.45 58.48 61.01 55.80 55.47
0.85 68.62 62.68 62.81 67.18 61.29 61.19 66.44 64.47 59.82 63.03 60.56 57.06
0.90 69.00 63.17 63.33 67.01 60.54 60.77 67.97 65.83 60.81 65.00 61.72 58.03
0.95 69.76 69.74 63.37 69.02 68.00 62.47 68.43 66.59 61.09 64.82 61.63 57.88

Table 4.13: 3D Detection in AP(%) for ‘Cyclist’ depending on the regional proposal gener-
ated from the YOLOv5 2D detector by varying the confidence (Conf.) and IoU threshold

value (Th.). Best performance in bold.

Conf./
Th.

0.1 0.01 0.001 0.0001

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

0.50 79.36 76.30 75.99 79.37 75.40 75.02 86.12 81.10 74.44 84.30 78.16 72.14
0.55 79.07 76.50 76.07 86.35 82.82 75.63 86.27 81.97 74.59 82.82 78.17 72.00
0.60 87.60 76.89 76.59 85.82 81.92 74.63 84.65 80.80 73.47 80.34 76.24 70.14
0.65 79.08 75.58 74.72 87.71 83.33 75.49 85.21 81.15 73.39 81.11 75.51 69.98
0.70 87.26 83.75 75.95 86.92 83.04 75.28 83.15 73.87 73.38 82.77 76.52 70.10
0.75 87.54 84.19 76.25 85.43 75.73 75.24 83.23 79.92 73.41 81.02 76.68 75.16
0.80 86.94 76.14 75.97 85.98 82.68 74.89 84.08 80.78 73.33 80.52 77.39 75.65
0.85 88.08 84.10 76.42 87.18 82.59 75.38 86.72 81.90 81.04 83.78 78.87 77.28
0.90 88.01 83.42 76.01 88.26 84.17 83.38 87.37 83.03 82.17 84.66 79.89 78.35
0.95 88.04 85.16 84.37 90.96 85.52 85.06 88.00 83.98 83.28 84.84 81.08 80.09
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Table 4.14: BEV detection and 3D detection AP in (%) on KITTI validation dataset using
the regional proposal generated from the YOLOv5 2D detector with confidence (Conf. =

0.5) and IoU threshold value (Th. = 0.95).

Frustum-
ConvNet

Car Pedestrian Cyclist

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

BEV 90.07 89.35 89.08 67.82 66.76 65.40 87.35 83.64 82.53
3D 88.61 86.86 85.21 64.47 62.23 58.44 87.21 83.33 82.09

moderate and hard cases respectively. However, the mAP for easy cases is slightly bet-

ter when Conf. ≥ 0.0001 and Th. ≥ 0.95 producing 90.70 (%) mAP in contrast with

conf. ≥ 0.1. Similarly, the hard cases of ‘pedestrian’ achieves the best mAP of 70.55 (%)

with Conf. ≥ 0.01 and Th. ≥ 0.95 and for the easy and moderate cases, it is achieved with

Conf. ≥ 0.1 and Th. ≥ 0.95. In the case of ‘cyclist’, the best mAP for all the cases is

achieved with Conf. ≥ 0.1 and Th. ≥ 0.95.

A similar trend was observed in the performance of 3D object detection results for ‘car’,

‘pedestrian’, and ‘cyclist’ depicted in the Table. 4.11, Table. 4.12, and Table. 4.13 respec-

tively. The ‘car’ achieves the best mAP of 87.09 (%) and 87.01 (%) with Conf. ≥ 0.01

and Th. ≥ 0.95 for moderate and hard cases respectively. However, the mAP for easy cases

is slightly better with Conf. ≥ 0.1 and Th. ≥ 0.95 producing 89.04 (%) mAP than with

conf. ≥ 0.01. For ‘pedestrian’ and ‘cyclist’ the best mAP for all the cases is obtained

when the Conf. ≥ 0.1 and Conf. ≥ 0.01 respectively with Th. ≥ 0.95. Although the

mAP achieves the best value with various confidence scores and IoU threshold values it

also increases the computation complexity of the network. A trial with Conf. ≥ 0.5 and

Th. ≥ 0.95 was conducted where the average processing time was around 13.74 msec and

the results of BEV detection and 3D object detection are depicted in Table. 4.14.

In summary, the prior localization of objects using a 2D detector will have a significant

influence on the performance of the 3D detection module. From the obtained results, it can

be concluded that more regions around the object increase the network’s proximity to obtain

better object localization in 3D space. However, more prior regions create computational

overhead, which may be acceptable during experimentation but not deployment in any prac-

tical scenario as it provided more regions containing the objects. Further, the selection of the

2D detector module for the generation of the region proposals is essential as it requires the
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detector to detect all the objects appearing in the scene with a good confidence score. This

could become a major bottleneck during the investigation of the research questions proposed

in this research. To address this issue, ground truth annotations available in the KITTI and

nuScenes datasets are considered as the input region proposals for further study and investi-

gation of various adaptations to the F-ConvNet architecture. Further, the use of ground truth

annotations provides access to all the regions with the objects in the scene, which the ex-

ternal detector module may not have detected. All ground truth annotations are augmented

to closely resemble the 2D detector-like output; the objects visible in both modalities are

considered, and the regions with ’zero’ lidar points are discarded. The 3D estimations for

the objects visible in either of the modalities are not addressed in this thesis.

4.3.2 Minimum Sequence for Temporal information

Urban driving environments consist of various road elements like traffic signs, poles, bar-

riers, traffic cones etc., and users like cars, pedestrians, cyclists etc. Object detection is

therefore very complex as it requires the perception system [79] to be able to detect the loca-

tion and depth of these objects in a highly dynamic scene containing multiple varied object

classes. The spatial (position and appearance) information of these dynamic targets exhibits

variations in the lidar points distribution over time (temporal information) with reference to

the scene and the vehicle movement. Using spatio-temporal features in deep learning-based

object detection models can improve the estimation of 3D bounding box parameters by mit-

igating the alignment issues or loss of object information due to perspective changes. This

section presents the experimental trials to understand the minimum number of successive

frames required by the network to extract the spatial and temporal features of the objects

associated with the frame.

Table 4.15: 3D Detection AP (%) of F-ConvNet with convolutional-LSTM (CLSTM) and
convolutional-GRU (CGRU) on KITTI validation set. Best performance in bold.

Feature Vector
Size

Car Pedestrian Cyclist

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

F-ConvNet 88.59 87.79 86.98 73.11 73.03 66.39 87.83 88.03 87.92
F-ConvNet-clstm 88.22 77.42 77.98 71.48 74.10 63.08 88.26 88.72 88.34
F-ConvNet-cgru 76.28 75.87 76.69 71.43 64.88 65.52 87.56 78.14 70.28
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Table 4.16: BEV Detection AP (%) of F-ConvNet with convolutional-LSTM (CLSTM)
and convolutional-GRU (CGRU) on KITTI validation set. Best performance in bold.

Feature Vector
Size

Car Pedestrian Cyclist

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

F-ConvNet 97.88 97.93 89.72 75.93 76.02 75.99 88.95 89.00 88.99
F-ConvNet-clstm 90.17 89.17 88.60 75.41 73.76 66.38 89.56 89.53 88.87
F-ConvNet-cgru 88.62 80.22 80.34 73.77 66.86 67.31 88.59 79.30 79.13

For the extraction of spatio-temporal features from input lidar data sequence, two popu-

lar RNN-based options – convolutional-LSTM (CLSTM) and convolutional-GRU (CGRU)

– are considered as potential candidates and were incorporated into the F-ConvNet archi-

tecture. The preliminary trials training both the network on KITTI dataset and the hyper

parameters were initialised as mentioned in Section 3.2.3. Although the KITTI dataset does

not contain sequenced data, the results from this trial provided the initial knowledge about

the suitability of CLSTM or CGRU module. The 3D detection (Table. 4.15) and BEV de-

tection results (Table. 4.16) corroborated the need for sequenced annotated data to train the

CLSTMs or GRU module for extracting the temporal information of the objects appearing

in sequential data.

It was interesting to observe that the performance of the F-ConvNet with CGRU drops

in contrast to the CLSTM. This drop in performance could be due to the non-existence of

internal memory in CGRU module to remember any information regarding the object that

were learnt from the previous sequence to gain more insight about the temporal information

for better estimation of the parameters in the sequenced data. Based on the comparative

results and observation, F-ConvNet with CLSTM architecture was proposed to investigate

the minimum frames required for extracting temporal information on a custom nuScenes

dataset discussed in Section 4.1.2.

Table 4.17 presents various input configurations of the nuScenes data which consist of

annotation of synchronized keyframes (image and lidar) at 2Hz (2 frames per second) with

each scene containing ≈ 40 samples which correspond to approximately ≈ 20 seconds of

video. This setup is used to investigate the minimum number of sequenced frames required

to extract and learn temporal features of the object for improved estimations with reduced

errors. Single frame reference with random shuffle is used as the baseline performance for

the analysis of the results obtained using the F-ConvNet with CLSTM architecture. The
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input configuration includes varying the number of frames starting with one, three, and five

consecutive frames, which are processed together as a batch and the number of objects recur-

ring in the successive frame until it is no longer visible. The maximum number of recurring

objects in the successive frames are varied from eight to twelve for all the objects appearing

in a frame. This helps in understanding the impact on performance when the objects appear

for only one or two instances and then vanishes.

Table 4.17: Detail of the input configurations utilised to investigate the minimum number
of sequenced frames required to learn temporal information of an object by F-ConvNet

with convolution-LSTMs

No. Description

Baseline Single frame (randomly suffled data)
Config-1 3 Consecutive Frames with all objects
Config-2 3 Consecutive frame with max. recurring 8 Objects
Config-3 3 Consecutive frame with max. recurring 12 Objects
Config-4 5 Consecutive frame with max. recurring 8 Objects
Config-5 5 Consecutive frame with max. recurring 12 Objects

Table 4.18: nuScenes Detection Score and mean True Positive metrics computed for var-
ious input configurations to understand the minimum number of sequences required to

positively impact the temporal information encoding. Best performance in bold.

Configuration mAP mATE mASE mAOE NDS

Baseline 0.972 0.155 0.256 0.908 0.766
Config-1 0.969 0.160 0.259 0.763 0.788
Config-2 0.972 0.140 0.264 0.647 0.811
Config-3 0.969 0.147 0.264 0.785 0.786
Config-4 0.972 0.146 0.281 0.638 0.809
Config-5 0.968 0.166 0.280 0.695 0.794

The nuScenes benchmark, described in Section 2.4.2 of Chapter 2, is used to evaluate

the performance of the models. The nuScenes detection score (NDS) and the mean true

positive metrics including mean average precision (mAP), mean average translation Error

(mATE), mean average scale error (mASE), and mean average orientation error (mAOE)

are used to measure the overall performance of the model for various input configurations

as depicted in Table 4.18. The NDS values of the model show significant improvement of

∼4% from its baseline performance with configuration-2 and configuration-4, which had

three and five consecutive frames respectively. Both configurations contained a maximum

of eight recurring objects.
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The individual class performance depicted in Table 4.19 presents the average precision

(AP) and true positive metric score namely average translation error (ATE), average scale

error (ASE), and average orientation error (AOE) values to analyse the minimum required

frames and the influence of object recurrence. The orientation error for ‘pedestrian’ is low-

est with configuration-5 but with the same configuration for ‘car’ the orientation error is

higher. These observations are contrary to configuration-3 where the orientation error for

‘car’ is lower and ‘pedestrian’ is higher. However, both of these configurations reduce the

error compared to the baseline. The cause of this difference in the observed error in various

configurations is likely due to the network seeing pedestrian more frequently in successive

frames compared to the cars whose velocity is higher than the pedestrians. This helps the

network to improve the estimations leading to improvement in the performance of pedestrian

when five consecutive frames are considered while the performance drops with three con-

secutive frame references. A similar conclusion can be drawn on the performance of ‘car’

which moves much faster than ‘pedestrian’; the performance drops when five consecutive

frames are considered but improves with three consecutive frames. To handle this difference

in individual class performance, configuration-2 was employed where both perform better

than the baseline and the errors are improved during investigations presented in Chapter 5.

Table 4.19: True Positive metrics of various input configurations to understand the mini-
mum number of sequences required to positively impact the temporal information encod-

ing

Configuration Car Pedestrian

AP ATE ASE AOE AP ATE ASE AOE

Baseline 0.961 0.220 0.191 1.124 0.983 0.090 0.322 0.692
Config-1 0.958 0.220 0.190 0.832 0.981 0.101 0.328 0.693
Config-2 0.961 0.210 0.172 0.734 0.983 0.070 0.355 0.560
Config-3 0.958 0.227 0.188 0.906 0.981 0.066 0.339 0.663
Config-4 0.961 0.204 0.182 0.829 0.983 0.087 0.381 0.447
Config-5 0.956 0.240 0.192 1.002 0.981 0.093 0.367 0.380

4.3.3 Varying the lidar feature vector size

In this section, the length of the input lidar point cloud data is varied to understand the in-

fluence on the final performance of the model and study the individual class performance.

The length of the feature vector is varied to have 512, 1024, and 2048 lidar points and the
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F-ConvNet is trained with these input vector sizes on KITTI and nuScenes dataset and the

hyper parameters were initialised as mentioned in Section 3.2.3. The 3D detection and BEV

detection results on the KITTI dataset with varying feature vector lengths are depicted in

Table.4.20 and Table. 4.21, respectively. Although a slight improvement in mAP values is

achieved with a vector length of 512 for few cases, the best mAP values for all the object

categories are obtained using the feature vector length of 1024 with a negligible dip in per-

formance. Hence, a feature vector length of 1024 is considered as the number of lidar points

to train the network for further investigations using the KITTI dataset.

Table 4.20: 3D Detection AP (%) on KITTI validation set. Best performance in bold.

Feature Vector
Size

Car Pedestrian Cyclist

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

512 84.33 84.36 77.49 72.62 73.25 73.18 95.80 87.12 79.12
1024 88.59 87.79 86.98 73.11 73.03 66.39 87.83 88.03 87.92
2048 76.28 75.87 76.69 71.43 64.88 65.52 87.56 78.14 70.28

Table 4.21: BEV Detection AP (%) on KITTI validation set. Best performance in bold.

Feature Vector
Size

Car Pedestrian Cyclist

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

512 97.52 89.22 89.22 83.53 76.35 76.36 97.56 89.50 89.25
1024 97.88 97.93 89.72 75.93 76.02 75.99 88.95 89.00 88.99
2048 88.62 80.22 80.34 73.77 66.86 67.31 88.59 79.30 79.13

Similarly, the influence of feature vector length when the model is trained on nuScenes

dataset is assessed. The individual class and overall performance of the F-ConvNet obtained

on nuScenes dataset by varying the number of sample points (feature vector length) are de-

picted in Table.4.22 and Table. 4.23, respectively. Although the overall performance shows

the feature vector size 1024 produces best NDS values, when individual class performances

are considered a different pattern was observed. The best average precision (AP) and ori-

entation error (AOE) for ‘car’ is achieved with feature vector length 2048 but translation

(ATE) and scale (ASE) error are slightly higher. In case of ‘pedestrian’, the best AP and

ATE is obtained with vector length 512 and the AOE and ASE values are improved with the

vector lengths 1024 and 2048. This difference in behaviour motivated to propose to employ

two different vector lengths: 1024 for ‘car’, 512 and 1024 for ‘pedestrian’ during network

training. The training of the model with the object classes is done separately as discussed in
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Section 4.3.5 and further, with the availability of prior regional proposals, adaptation of two

different feature vector lengths for the object was feasible during training and inference to

best understand the influence of spatial and temporal data on model performance.

Table 4.22: Performance of Frustm-ConvNet for Car and Pedestrian class on custom
nuScenes test set by varying the feature vector size of lidar poind cloud data. Best perfor-

mance in bold.

Feature Vector
Size

Car Pedestrian

AP ATE ASE AOE AP ATE ASE AOE

512 0.958 0.206 0.190 0.991 0.983 0.101 0.346 0.137
1024 0.961 0.203 0.184 0.819 0.981 0.118 0.327 0.264
2048 0.964 0.210 0.191 0.801 0.981 0.215 0.390 0.126

Table 4.23: Overall Performance of Frustm-ConvNet on custom nuScenes test set by vary-
ing the feature vector size of lidar point cloud data. Best performance in bold.

Feature Vector
Size mAP mATE mASE mAOE NDS

512 0.971 0.153 0.267 0.564 0.821
1024 0.971 0.160 0.255 0.541 0.826
2048 0.972 0.212 0.290 0.463 0.825

4.3.4 Lidar Single-Sweep Versus Multi-Sweep

After varying the feature vector size, the next interesting aspect considered was employ-

ing single sweep or multiple sweeps lidar point cloud data for representing a scene. The

nuScenes dataset consists of single sweep and multiple sweep lidar data that can be accessed

and saved to the local disk using the development toolkit published in the nuScenes reposi-

tory1. Fig. 4.9 illustrates the representation of a scene using single-sweep and multi-sweep

lidar pointclouds. The multiple sweep lidar data is provided as an additional feature option

to represent a scene by previous lidar sweeps by moving all pointclouds to the coordinate

system of the keyframe and appending a scalar time-stamp to each point indicating the time

delta in seconds from the keyframe. Technically, Multiple sweeps can be considered tempo-

ral data. However, in the nuScenes dataset, the annotation is only available for key frames

the other lidar timestamp data is accumulated together and assigned to the timestamp which

requires multiple sweep representation. This causes the overpopulation of the point outside
1https://github.com/nutonomy/nuscenes-devkit
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the ground truth annotation which affects the training process and hence the estimation will

be erroneous for a few cases.

Figure 4.9: Visual Comparison of single-sweep vs multi-sweep lidar point cloud data

Although the use of multi-sweep lidar data encloses more points within the region pro-

posal, there are points that are scattered beyond the regions as shown in Fig. 4.9-(c). Due

to this out-of-bound point distribution, representing the object causes the detector to accu-

mulate geometric misalignment issues, particularly for pedestrians, making the estimation

process ineffective compared to single-sweep, which has the point distribution within the

region proposal (see Fig. 4.9-(e)). Table 4.24 shows the performance of F-ConvNet for the

Car and Pedestrian class on the custom nuScenes test dataset and the overall performance

is presented in Table. 4.25. From the obtained results, it can be concluded that the overall

performance and mean true positive metrics scores of the detector with multiple-sweep lidar

data produce inferior results and are depicted in Table. 4.23. However, when the individual

class performance, depicted in Table 4.24 and Table. 4.22, are compared, the performance

of class ‘Car’ is improved in contrast to ‘Pedestrians’ as it contains the point distribution

pattern within the region proposal and has larger surface coverage compared to Pedestrian.

Based on the obtained results, utilising multi-sweep lidar point cloud for representation

of the object is not effective for the current study. Further, multi-sweep lidar data consumes

more memory compared to single-sweep, which can be a bottleneck during the design of

architectures to incorporate temporal information and apply data fusion strategies to fuse
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multimodal information. Hence, a single-sweep lidar point cloud is considered for further

exploration in this study.

Table 4.24: Performance of F-ConvNet for Car and Pedestrian class on custom nuScenes
test set by varying the feature vector size of multi-sweep lidar poind cloud data. Best

performance in bold.

Feature Vector
Size

Car Pedestrian

AP ATE ASE AOE AP ATE ASE AOE

512 0.967 0.181 0.187 0.774 0.983 0.124 0.311 2.747
1024 0.964 0.186 0.187 0.711 0.981 0.138 0.283 0.732

Table 4.25: Overall Performance of Frustm-ConvNet on custom nuScenes test set by vary-
ing the feature vector size of multi-sweep lidar poind cloud data. Best performance in

bold.

Feature Vector
Size mAP mATE mASE mAOE NDS

512 0.975 0.152 0.249 1.760 0.754
1024 0.972 0.162 0.235 0.721 0.799

4.3.5 Training: Individual Class vs All-together

Wang and Kui [85] authors of F-ConvNet considered KITTI dataset with ‘car’, ‘pedestrian’

and ‘cyclist’ class the performance were evaluated on validation set as follows. Firstly, the

network was trained with only the car class and secondly, the pedestrian and cyclist classes

were trained together. While training for cars, 4 frustum resolutions represented as (‘u’) are

assigned with values [0.5, 1.0, 2.0, 4.0] and the corresponding scale (‘s’) are set to [0.25, 0.5,

1.0, 2.0] with frustum width (‘d’) equal to [128, 128, 256, 512], frustum level feature vector

length (L) is set to 280, and the higher level frustum feature vector length (L̃) is specified to

140 when features map were upsampled during de-convolution operation. Similarly, while

training the network with pedestrian and cyclist class, 4 frustum resolutions: u = [0.2, 0.4,

0.8, 1.6] and s = [0.1, 0.2, 0.4, 0.8] with d = [128, 128, 256, 512], L = 700, and L̃ = 350.

During the investigation the baseline model was trained in two styles: firstly, train with all

the classes together and secondly, train the classes as followed in [85]. While training all

the classes together, the frustum resolutions were initialized with: u = [0.2, 0.4, 0.8, 1.6] and

s = [0.1, 0.2, 0.4, 0.8] with d = [128, 128, 256, 512], L = 700, and L̃ = 350. The performance

of 3D detection and BEV detection in terms of mean average precision (mAP) as percentage
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(%) for car, pedestrian, and cyclist classes for easy, moderate, and hard cases are depicted

in Table 4.26. The performance of the pedestrian and cyclist classes were improved when

these two classes are trained together in contrast to when all three classes are trained together.

However, the mAP values of the cyclist for hard cases are better when the classes are trained

separately and mAP of car classes is slightly better when the classes are trained together.

Based on these observations the object class are trained separately and results are reported.

Table 4.26: 3D Object Detection and BEV Detection in AP (%) when trained classes sep-
arately vs together on KITTI validation set. Best performance in bold.

Feature Vector
Size

Car Pedestrian Cyclist

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

3D Detection

Trained-together 88.59 87.79 86.98 73.11 73.03 66.39 87.83 88.03 87.92
Trained-separately 86.08 86.04 86.45 81.32 75.16 75.64 94.02 88.33 86.38

BEV Detection

Trained-together 97.88 87.93 89.72 75.93 76.02 75.99 88.95 89.00 88.99
Trained-separately 97.77 89.26 89.38 84.89 85.47 78.00 97.19 97.86 89.15

The baseline model was also trained on the nuScenes dataset with car and pedestrian

classes. The results are depicted in the Table. 4.27 and the performance of the model is

better, with improved true positive metric scores and nuScenes detection metric values when

the classes are trained separately. The individual class results are collated for the final eval-

uation of results compared to the training of the classes together. Based on this inference

the model will be trained with classes separately and collate the results to evaluate the indi-

vidual performance and overall performance of the model. Further investigations related to

temporal feature extraction and multi-modal data fusion strategies are therefore carried out

using individual class training.

Table 4.27: Overall Performance of Frustm-ConvNet when trained classes separately vs
together on custom nuScenes test set. Best performance in bold.

Method mAP mATE mASE mAOE NDS

Trained-together 0.971 0.177 0.261 0.598 0.812
Trained-separately 0.971 0.161 0.255 0.541 0.825
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4.4 Summary

This chapter explores some widely used representations of the lidar point cloud, such as

bird-eye-view, range-view, point-pillars, and voxel format on KITTI and nuScenes datasets.

The data representation assisted in understanding the complexity involved in handling the

data while training and developing the initial baseline performance on the chosen F-ConvNet

architecture. In addition, this chapter presents various investigations carried out to select the

training parameters while designing the framework for incorporating temporal information

into the 3D detection network. Finally, the experimental results were instrumental for de-

signing pipelines to facilitate the extraction of spatio-temporal information from the raw

point cloud data or fused multimodal data. The investigation included:

1. The prior localization of the objects using an off-the-shelf pre-trained 2D detector

using the KITTI dataset assisted the research in studying the influence of priors on

final accuracy in AP (%). The network achieved maximum mAP with the 2D detector

confidence score set between 0.1 to 0.001 and the IoU threshold value equal to 0.95.

However, this also increased the average computation time to process the frame as

the number of region proposals passed to the network increased. Furthermore, the F-

convNet framework relies on these prior region proposals for estimating the objects’

final 3D bounding boxes, creating a bottleneck in employing a 2D detector to detect

all the objects appearing in the scene to test the final accuracy of the 3D detection

framework. To overcome this aspect for further investigations, the ground truth anno-

tations with augmentations are used as preliminary region proposals to cover all the

objects appearing in the current and consecutive sequences.

2. Visual analysis of the raw lidar point cloud data in the sequenced frames of the

nuScenes dataset assisted in understanding the role of temporal information while

training the network to learn the structural information of the object from the point

cloud distribution. Furthermore, this helped to understand the benefits of keeping

track of variations in the point cloud distribution as the AV acquires the data for es-

timating the target position in the scene. Tracking the variation will assist the deep
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learning models to handle misalignment issues in the data while estimating box pa-

rameters.

3. The RNN-based CLSTM and CGRU were incorporated into the detection network to

extract the temporal information. The performance of CLSTM was best compared

to the CGRU during the evaluation of the KITTI dataset. Therefore, CLSTM was

employed to analyse the minimum sequenced data required to effectively extract the

temporal information. Furthermore, the analysis showed that the model with three

consecutive frames with a maximum of eight recurring objects performs better than

other configurations considered in this study. Therefore, the configuration with three

consecutive frames with a maximum of eight recurring objects was selected for further

investigations detailed in Chapter 5 and Chapter 6.

4. The multi-sweep lidar point cloud data in the nuScenes dataset appeared promising

during the visual analysis of the data. However, a comparison of performance between

single-sweep and multi-sweep data showed that the true positive error metric values

increased, reducing the model’s overall performance.

5. The feature vector size used to represent the object class was one of the parameters

affecting the model performance. This was analysed by varying the feature vector

length of lidar data for the object under consideration in both KITTI and nuScenes

datasets. As a result, the ‘car’ class achieved maximum performance with a feature

vector length of 1024, while for ‘pedestrian’ and ‘cyclist’, the feature vector length of

512 produced the highest performance.

The experimental results obtained in this chapter were instrumental for designing effec-

tive pipelines to facilitate the extraction of spatio-temporal information from the raw point

cloud data or fused multi-modal data used in the next chapters.
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Temporal Encoding

The work presented in this chapter is published in Venkatesh G.M, et al. (2022) [4].

Lidar sensors provide the scene’s spatial depth that can assist the deep learning model to

estimate the parameters related to objects in the scene. Another aspect worth considering is

to study the variations in the lidar point cloud distribution as the position and appearance of

the object in a scene. The process of understanding and monitoring the object information

over a sequence of frames can be referred to as temporal information, which can assist the

deep learning-based model during regression tasks. Spatial image features along with tem-

poral information (i.e., timestamp, video frame number, spatial feature variation over time)

are extensively used in computer vision applications such as 2D object detection and tracking

in videos, for human pose estimation and activity recognition [46], flow predictions [119],

video compression and 2D detection based sliding window for path prediction [34].

Most state-of-the-art 3D object detection methods are based on a single-frame refer-

ence, and limited focus has been given to utilising temporal aspects in the data for 3D object

detection. This limited focus was due to the non-availability of a large-scale, sequentially

annotated, data sequence required for extracting temporal information from multiple frame

references and various modalities. The recent release of datasets like nuScenes [32] and

waymo [53] has drawn considerable interest from researchers to employ multi-frames to

leverage both spatial and temporal information to establish coherence between the object and

scene and more accurately estimate the depth and other attributes of the object. However, as

discussed in Section 2.2.2 of Chapter 2 there is still limited research about extracting tempo-

ral information using lidar-only data and its potential use in understanding depth estimation

for improved localisation and detection accuracy [16, 38]. The dynamic nature of objects
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encountered during complex driving environments has motivated to propose the pipeline

incorporating both spatial (lidar data) and temporal feature extraction using convolutional-

LSTMs, along with an attention mechanism into the object detection architecture, to gain

valuable insight into the influence of spatio-temporal feature during 3D estimations. The

results obtained in [4] show that the inclusion of temporal feature extracted from the se-

quenced lidar point clouds considerably improves the true positive metric, specifically the

orientation error of the 3D bounding box from 0.819 to 0.463 and 0.294 to 0.107 for ‘cars’

and ‘pedestrian’ classes, respectively, on the customised subset of nuScenes training dataset.

The overall nuScenes detection score (NDS) was also improved by ∼4% compared to the

reference baseline.

The chapter is structured as follows: firstly, a brief description of the proposed approach

for exploring the influence of temporal information on object detection is presented in Sec-

tion 5.1 followed by the experimental setup, extension to the work presented in [4] and

analysis of the results are discussed in Section 5.2. Finally, the chapter concludes (Sec-

tion 5.3) with the significance of utilising temporal information during the estimation of

oriented 3D boxes and its potential usage in further investigations using multiple modalities

to train and infer the network for 3D object detection.

5.1 Incorporation of Spatio-temporal Information

The proposed architecture shown in Fig. 5.1 is inspired by methods from Wang et al. [85]

and Erçelik, Yurtsever & Knoll [10]. These methods use data representation to handle sparse

point cloud data processing by localising the region from the 2D proposal (drawn from

image space using 2D detector) and then employed to generate a sequence of frustum by

sliding along the frustum axis as shown in Fig. 5.2 and the process is repeated for each

of the proposals in the RGB image. The formulation to estimate the 3D bounding boxes,

B = {bi | i = 0, 1, 2, ..., N}, where bi ∈ R7 and N is the number of objects in the scene, are

parameterised as: box centre coordinates, (x, y, z); box dimension, (h,w, l), representing

the height, width and length of each box respectively; and the orientation or heading angle,

θ, described using the raw point cloud data, P = {pi | i = 0, 1, 2, ..., N}, where pi ∈ R3×M

and M is the total number of raw points. The 2D proposal from the image space, D =
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{di | i = 0, 1, 2, ..., N}, where di ∈ R4 and N is the number of objects in the scene are used

to generate the Frustum Point, F = {fi | i = 0, 1, 2, ..., N}, where fi ∈ R3×L and L is the

number of points inside the frustum.

Figure 5.1: Proposed architecture to incorporate spatio-temporal feature into F-ConvNet
architecture

Figure 5.2: Sequence of frustums generated for a region proposal in F-ConvNet architec-
ture [85]

The data takes a whole new dimension when associated over time or with the sequence

length of an object. The sequentially referencing sensor data and the object from its first

appearance until its exit (“sequence death”) enable the extraction of temporal aspects in

the data. Frustum-ConvNet [85] is employed as the baseline architecture and is detailed

in Section 3.2.3. The network is trained with a single-frame reference on a subset of the

nuScenes data described in 5.2.1. Same loss functions as in the original Frustum-ConvNet

architecture are employed, where Euclidean distance-based regression loss is used for the

box centres, and smooth l1 regression loss is used for box sizes and the angle. The focal

loss is for the object classification and corner loss is used to regularize box regression of
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all parameters. The remainder of this section describes the baseline architecture and the

methods used to encode temporal information – frame stacking ( 5.1.1) and Convolution-

LSTM ( 5.1.2) – and finally the Kernel Attention Module ( 5.1.3) for capturing attention.

5.1.1 Frame Stacking

Frame stacking is the most straightforward approach employed to capture the temporal in-

formation where the sequence of frames is stacked without shuffling with the intention that

the network is directly exposed to learn the variations in context and the objects as it appears

in the data. All the frustums containing the objects extracted using 2D region proposals are

arranged as they appear in the successive frames and presented as a single input sequence as

a batch to the detection network during training. The network is trained using the same loss

function employed in the baseline architecture. Mostly, while training deep learning models

the input data is shuffled to reduce overfitting and variance. In the frame stacking approach,

the sequence of the frames is maintained as it appears in the scene only the object sequence

tracks are shuffled after applying augmentation. This approach relies entirely on the network

to encode the temporal information based on the changes it sees in the object information in

successive frames over time.

5.1.2 Convolution-LSTM

Figure 5.3: Spatio-temporal encoding using convolutional-LSTMs

The network architecture to encode temporal information using convolutional-LSTMs

(CLSTM) is shown in Fig. 5.3. A CLSTM layer is placed between the PointNet and fully

convolutional network (FCN) block to learn spatial and temporal information from the input

sequence. The CLSTM module consists of one input layer and five hidden layers with
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dimensions similar to the output feature map size of the four frustum resolutions of the

PointNet architecture, having values 128, 128, 256, and 512. The output from the CLSTM

module is passed to the FCN in two different configurations: firstly, directly passing the final

output of the CLSTM module and secondly, concatenating the output from the first hidden

layer with the last one (similar to a skip connection). The network is trained using the same

data sequence as the frame stacking approach. The extracted temporal feature and output of

the CLSTM are shared between the frames appearing in later sequences to compensate for

any loss of information during learning due to occlusion or perspective changes.

Table 5.1: Fully convolutional Network (FCN) configuration used in Frustum-ConvNet-
CLSTM configuration 2 architecture

Name Kernel size/ Filter No./Striding/Padding

Block - 1 3 x 128 / 256 / 1 / 1

Block - 2 3 x 128 / 128 / 2 / 1
3 x 128 / 128 / 1 / 1

Block - 3 3 x 128 / 256 / 2 / 1
3 x 256 / 256 / 1 / 1

Block - 4 3 x 256 / 512 / 2 / 1
3 x 512 / 512 / 1 / 1

Deconv - 2
Deconv - 3
Deconv - 4

1 x 128 / 256 / 1 / 0
2 x 256 / 256 / 2 / 0
4 x 512 / 256 / 4 / 0

MergeConv - 2
MergeConv - 3
MergeConv - 4

1 x 384 / 128 / 1 / 0
1 x 768 / 256 / 1 / 0
1 x 1536 / 512 / 1 / 0

The results obtained in the initial trials using the first configuration of CLSTM are pub-

lished in Venkatesh G.M et al.(2022) [4]. In the trials involving the second configuration

of CLSTM, the FCN layers are initialized with the values presented in Table. 5.1. The true

positive metric scores obtained using both CLSTM configurations for individual classes are

depicted in Table. 5.2 and overall performance of the models are depicted in Table. 5.3. The

depicted values in the tables show the performance of the ‘car’ and ‘pedestrian’ with the

second configuration of the CLSTM model reduced the mean true positive error for both

the ‘car’ and ‘pedestrian’ classes. The nuScenes detection metrics are captured in Table. 5.3

also draws the same conclusion as the NDS value obtained with the second configuration of

CLSTM improved by ∼4%. The results of the proposed spatio-temporal architectures using
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the second configuration of the CLSTM module are presented at the end of this chapter. The

same configuration is employed during the investigation of the fusion strategies presented in

Chapter 6.

Table 5.2: True positive metric scores for Cars and Pedestrians with multi-frames refer-
ence using CLSTM on the subset of nuScenes data. Best performance in bold.

Cars Pedestrians

Method AP ATE ASE AOE AP ATE ASE AOE

CLSTM-Config-1 0.958 0.220 0.190 0.832 0.981 0.101 0.328 0.693

CLSTM-Config-2 0.958 0.129 0.164 0.463 0.983 0.101 0.297 0.692

Table 5.3: nuScenes metric computed for CLSTM configurations with multi-frames ref-
erence on subset nuScenes data. Best performance in bold.

Method mAP mATE mASE mAOE NDS

CLSTM-Config-1 0.9669 0.1601 0.2590 0.7634 0.7887

CLSTM-Config-2 0.9705 0.1150 0.2305 0.5775 0.8314

5.1.3 Kernel Attention Mechanism Module

The purpose of an attention mechanism is to aid the network in focusing on the salient

regions of the point cloud. A kernel attention mechanism (KAM) shown in Fig. 5.4 with

three configurations focusing on the placement of the attention mechanism module into the

detection network presented in Fig. 5.5 is employed.

Figure 5.4: Kernel Attention Mechanism (KAM) module
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These configurations were considered to investigate the effect of the inclusion of an

attention mechanism to focus on the salient lidar points inside the prior region proposal and

any resulting improvement in network performance. Firstly, the KAM module is placed

just before the regression branch, as shown in Fig. 5.5a, where the features from the FCN

module are passed to the KAM module before passing to the regression module. Secondly,

the KAM module is placed before the PointNet module as shown in Fig. 5.5b where the

input is directly passed to the KAM to learn the salient raw point distributions and another

KAM module is placed at the regression branch similar to configuration-1. Lastly, the KAM

is placed between the PointNet and FCN, as shown in Fig. 5.5c. Here, the processed data

from the PointNet is passed to the KAM to learn the salient features within the feature map

contributing to the final estimation process as followed in configurations 1 and 2; a KAM

module is placed in the regression branch.

(a) Configuration-1

(b) Configuration-2

(c) Configuration-3

Figure 5.5: Architecture to extract spatio-temporal feature using KAM module
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The input vector passed to the KAM module is represented as f ∈ RCin×d, where C is

the number of channels and d is the length of the vector. Three new tensors are generated

namely D1, D2 and D3 as in equation ( 5.1) using three 1D dilated convolution (DConv)

layers with kernel size = 3, stride length = 1 and different dilation rates of 2, 3 and 4 respec-

tively. Each of these outputs is then passed to the 1D convolution (Conv) to obtain a spatial

feature vector that is then concatenated to form a multi-scale feature vector, fm ∈ RCin×d

as in equation ( 5.2).

D1 = Conv1(DConv1(f))

D2 = Conv2(DConv2(f))

D3 = Conv3(DConv3(f))

(5.1)

fm = Concat(D1,D2,D3) (5.2)

fm is fed to a fully connected (FC) layer to obtain vector fm′ ∈ Rr×Cin . To generate a

feature vector namely S1, S2 and S3 for each of the channels in fm
′ the dimension of these

channels is reduced to learn the relationship among features with different dilation rates.

Each of the channel vectors, computed as in equation (5.4) of fm′, is passed to an FC layer,

as in equation (5.3), to generate an attention vector SA across the channels S ∈ RCout×r

whose weights are computed by a softmax function as shown in equation (5.5).

fm
′ = FCr(fm) (5.3)

S1 = FC1(fm
′)

S2 = FC2(fm
′)

S3 = FC3(fm
′)

(5.4)

SA = softmax {Concat(S1,S2,S3)} (5.5)
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Finally, the refined feature map are obtained as FKA ∈ RCout×r of channel attention by

multiplying SA and fm:

fKA = SA

⊗
fm (5.6)

Table 5.4: Performance of the Car and Pedestrians class using multi-frames with Kernel
Attention Mechanism (KAM) on subset of nuScenes data. Best performance in bold.

Cars Pedestrians

Method AP ATE ASE AOE AP ATE ASE AOE

KAM-Config-1 0.681 0.677 0.215 1.154 0.478 0.878 0.343 1.156

KAM-Config-2 0.931 0.203 0.179 0.920 0.972 0.113 0.327 2.640

KAM-Config-3 0.956 0.232 0.200 0.975 0.972 0.097 0.360 0.416

Table 5.5: Performance of the KAM configurations using multi-frames reference on subset
nuScenes data. Best performance in bold.

Method mAP mATE mASE mAOE NDS

KAM-Config-1 0.5792 0.7776 0.2792 1.3588 0.4468

KAM-Config-2 0.9513 0.1579 0.2532 1.7801 0.7404

KAM-Config-3 0.9639 0.1645 0.2800 0.6957 0.7919

The extracted point-wise features inside each of the sequence frustums to generate the

frustum points is represented as F = {fi | i = 0, 1, 2, ..., N}, where fi ∈ R3×d. The num-

ber of points (d) inside each of the sequence frustum is aggregated to extract point-wise

features to form a frustum-level feature vector which is represented as
{

fLi=1

}
, with fi ∈ Rd.

These feature vectors, re-formed as 2D feature maps of the size L×3, are used as input to the

subsequent fully convolutional network (FCN) shown in Fig. 3.13b for continuous frustum-

level feature fusion. The detection block includes classification and regression branches

added on top of FCN, as shown in Fig. 5.1 and Fig. 5.5. A KAM module is added in the

regression branch to learn the most salient feature map to further aid the model while esti-

mating the oriented 3D box parameters.

The network architecture with kernel attention only is shown in Fig.5.5 and Fig.5.1

presents the proposed spatio-temporal architecture using CLSTM with the attention mecha-

nism to aid the network in propagating temporal information extracted from the input data
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sequence. The model further benefits from using an attention mechanism to focus on spa-

tially distributed points defining the object and the context associated with the scene. Both

architectures are trained with the same sequences of data as employed in the frame stacking

approach.

5.2 Experiments

5.2.1 Dataset

To study the influence of temporal information on the detection network, the nuScenes[32]

dataset described in Section 4.1.2 of Chapter 4 is considered. Five of the available ten subsets

in the nuScenes dataset are considered. The first three subsets, comprising 255 scenes with

10,120 samples, are considered the training set and the following two subsets as the test set,

which comprises 170 scenes with 6,854 samples. The training data is further divided into

training and validation with 7,180 and 2,940 samples, respectively. The experimental trials

focused on ‘car’ and ‘pedestrian’ classes and footage from the front camera and considered

lidar-only data with ≈ 64K annotations. Furthermore, for consistency and ease of com-

parison to KITTI-like data, all annotations are converted to the KITTI 3D object detection

format [139] using the development toolkit provided by the nuScenes repository.

5.2.2 Setup

The models were trained on a single Nvidia-TitanX GPU with 12GB RAM for 75 epochs

using the adam optimizer[106] from scratch without using any pre-trained model weights.

The learning rate and weight decay values were set to 0.001 and 0.0001, respectively, with a

batch size of 16 for single-frame reference mode. During multi-frame reference mode, three

consecutive frames and a batch size of 4 without shuffling the input sequence are considered

for training the model.

The region proposals are obtained from the ground-truth annotation and are augmented

with a translation and scaling factor during training. The number of sample points for each

region proposal is set to 1,024 and 512 for ‘car’ and ‘pedestrian’, respectively, whose val-

ues are selected randomly depending on the trial configurations. Same as [85], 4 frustum
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resolutions of [0.2, 0.5, 1.0, 2.0] and stride value set to [0.1, 0.25, 0.5, 1.0] for the ‘car’

category and 4 frustum resolutions of [0.2, 0.4, 0.8, 1.6] and stride value set to [0.1, 0.2,

0.4, 0.8] for the ‘pedestrian’ are considered. During the inference, the performance of the

methods is evaluated using the nuScenes metric discussed in in Section 5.2.3 on the custom

nuScenes test data. Both single-frame and multiple-frame reference modes are considered

to understand their effect on the model performance.

5.2.3 Metrics

The performance of the model is evaluated using nuScenes metrics [32] which include: Av-

erage Precision (AP) (equation (5.7)) and True Positive (TP) (equation (5.8)) for car and

pedestrian classes on the custom test data. While computing the TP metric, Average Trans-

lation Error (ATE), Average Scale Error (ASE) and Average Orientation Error (AOE) are

reported. While converting the nuScenes annotation to KITTI, the velocity component in

the data is not captured, making the Average Velocity Error (AVE) computation not feasible

with the current setup. Since ground truth 2D bounding boxes are used as the region propos-

als, Average Attribute Error (AAE) is also ignored as the network will have prior knowledge

about the class information and since all the estimation is made for every input frame all

the objects (in motion or static) are considered for estimation. nuScenes detection score

(NDS) is calculated using equation(5.9) after computing mAP and mTP using equation(5.7)

and equation (5.8) respectively. In equation (5.7) and equation (5.8), D represents distance

threshold in meters, {0.5m, 1m, 2m, 4m} and C is the set of classes {cars, pedestrians}

considered for evaluation.

mAP =
1

|C||D|
∑
c∈C

∑
d∈D

APc,d (5.7)

mTP =
1

|C|
∑
c∈C

TPc (5.8)

NDS =
1

6
[3mAP +

∑
mTP∈TP

(1− min(1,mTP))] (5.9)
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Here mAP is mean Average Precision, defined in equation ( 5.7), and TP is the set of three

mean True Positive metrics presented in equation (5.8) obtained by averaging mATE, mASE,

and mAOE with all the metric values are bound between the range 0 to 1. A weight of 3 to

mAP and 1 to each of the three TP scores are assigned to obtain the normalized sum value

before computing the nuScenes Detection Metric (NDS) defined in equation (5.9).

Mean Average Precision (mAP), as used in the KITTI benchmark, can only provide

a general understanding of the model’s performance and fails to capture the other aspects

causing and affecting the model’s performance. However, nuScenes metrics aid in analysing

the impact of encoding temporal information and the use of the attention mechanism. To

propose a pipeline capable of giving accurate 3D positioning and orientation of dynamic

objects, the orientation error (mAOE) is also considered for analysis. NDS also provides a

more nuanced metric for comparing the methods.

5.2.4 Results and Discussion

The performance of the baseline and the proposed methods incorporating temporal infor-

mation through frame stacking (FS), convolutional-LSTMs (CLSTM) and kernel attention

mechanism (KAM) models evaluated for ‘car’, and ‘pedestrian’ classes on the subset of the

nuScenes test data are presented in Table. 5.6. Table. 5.7 presents the performance in terms

of mean average errors and the nuScenes detection score (NDS) of all models employed in

this study.

The results show that temporal information does play an important role in influencing

the model while estimating the 3D box parameters. While the mAP values are slightly lower,

the mAOE and NDS values show improvements when temporal information (FS or CLSTM)

are included and increase again when the kernel attention Mechanism (KAM) module is in-

corporated. Note the ∼17% improvement over the baseline in the orientation error (mAOE)

when CLSTM and KAM are applied with the multi-frame reference method. The Frustum-

ConvNet model incorporating CLSTM and CLSTM-KAM modules was trained again with

the multi-frame references method using the second configuration of CLSTM modules de-

scribed in Section 5.1.2. The true positive metric score of the ‘car’ was improved and boosted

the model’s overall performance depicted in Table. 5.8 and Table. 5.9. The NDS values of
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Table 5.6: True positive metric scores for cars and pedestrians on single frame (‘s’) and
multi-frames (‘m’) reference using frame stacking (FS), convolutional-LSTMs (CLSTM)
and Kernel Attention Mechanism (KAM) with the Baseline Frustum-ConvNet method on

subset of nuScenes data.

Cars Pedestrians

Model AP ATE ASE AOE AP ATE ASE AOE

Baseline-s 0.961 0.203 0.184 0.819 0.981 0.118 0.327 0.264

Baseline-m 0.961 0.203 0.184 0.819 0.975 0.118 0.326 0.294

FS-s 0.956 0.227 0.199 0.989 0.983 0.116 0.306 1.494

FS-m 0.950 0.227 0.197 0.970 0.983 0.116 0.306 1.494

CLSTM-s 0.958 0.220 0.190 0.832 0.981 0.101 0.328 0.693

CLSTM-m 0.958 0.213 0.184 0.744 0.981 0.104 0.328 0.692

FS-KAM-s 0.961 0.210 0.182 0.924 0.983 0.116 0.297 0.862

FS-KAM-m 0.956 0.232 0.200 0.975 0.972 0.097 0.360 0.416

CLSTM-KAM-s 0.958 0.220 0.191 0.840 0.978 0.107 0.351 0.143

CLSTM-KAM-m 0.958 0.219 0.188 0.784 0.975 0.107 0.351 0.111

Table 5.7: nuScenes metric computed on single frame (‘s’) and multi-frames (‘m’) refer-
ences using frame stacking (FS), convolutional-LSTMs (CLSTM) and Kernel Attention
Mechanism (KAM) with the Baseline Frustum-ConvNet method on subset nuScenes data.

Best performance in bold.

Method mAP mATE mASE mAOE NDS

Baseline-s 0.9708 0.1606 0.2554 0.5415 0.8258

Baseline-m 0.9681 0.1607 0.2552 0.5567 0.8219

FS-s 0.9694 0.1714 0.2525 1.2414 0.7474

FS-m 0.9667 0.1713 0.2514 1.2321 0.7462

CLSTM-s 0.9694 0.1604 0.2589 0.7625 0.7878

CLSTM-m 0.9694 0.1569 0.2560 0.7079 0.7979

FS-KAM-s 0.9722 0.1631 0.2393 0.8929 0.7702

FS-KAM-m 0.9639 0.1645 0.2800 0.6957 0.7919

CLSTM-KAM-s 0.9681 0.1637 0.2708 0.4916 0.8297

CLSTM-KAM-m 0.9681 0.1629 0.2697 0.4474 0.8378
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the model were improved by ∼5% for convolutional-LSTM and ∼4% for convolutional-

LSTM and kernel attention mechanism compared to the initial configuration performance

presented in Table. 5.7.

Table 5.8: True positive metric scores for cars and pedestrians on multi-frames (‘m’)
reference incorporating CLSTM-config-2 and Kernel Attention Mechanism (KAM) on

subset of nuScenes data. Best performance in bold

Cars Pedestrians

Method AP ATE ASE AOE AP ATE ASE AOE

CLSTM-2-m 0.958 0.129 0.164 0.463 0.983 0.101 0.297 0.692
CLSTM-2-KAM-m 0.958 0.119 0.161 0.563 0.983 0.103 0.287 0.107

Table 5.9: nuScenes metric computed with multi-frames (‘m’) reference incorporating
CLSTM-config-2 and Kernel Attention Mechanism (KAM) on subset nuScenes data. Best

performance in bold.

Method mAP mATE mASE mAOE NDS

CLSTM-2-m 0.971 0.115 0.231 0.578 0.8314
CLSTM-2-KAM-m 0.971 0.111 0.224 0.335 0.8736

The trials involving varying the feature vector size are presented in Section. 4.3.3. The

performance of the ‘pedestrian’ showed significant improvement when the region proposals

with a feature vector length of 512. Based on this inference, the F-ConvNet incorporating

CLSTM-2 and CLSTM-2-KAM modules were re-trained for ‘pedestrian’ with a feature vec-

tor size of 512. The results were collated with the ‘car’, which was trained with a feature vec-

tor size of 1,024. The true positive metric score and nuScenes detection metrics are depicted

in Table. 5.10 and Table. 5.11. This further boosted the NDS values by ∼3% (0.8314 →

0.8666) for convolutional-LSTM and ∼1.5% (0.8736 → 0.8805) for convolutional-LSTM

with kernel attention mechanism compared the results achieved by using the same feature

vector size for both the class presented in Table. 5.9.

A visual illustration of the effectiveness of estimating the oriented 3D bounding box

using the proposed spatio-temporal method compared with the ground truth and estimations

obtained using the F-ConvNet (baseline) model is shown in Fig. 5.6. In the figure, the

blobs highlighted in red represent the instances where the model mispredicts the heading
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Table 5.10: True positive metric scores for cars and pedestrians with feature vector size
1,024 and 512 respectively on multi-frames (‘m’) reference incorporating CLSTM-config-
2 and Kernel Attention Mechanism (KAM) on subset of nuScenes data. Best performance

in bold

Cars Pedestrians

Method AP ATE ASE AOE AP ATE ASE AOE

CLSTM-2-m 0.958 0.129 0.164 0.463 0.983 0.104 0.290 0.274
CLSTM-2-KAM-m 0.958 0.119 0.161 0.563 0.983 0.097 0.243 0.074

Table 5.11: nuScenes metric computed with multi-frames (‘m’) reference for cars and
pedestrians with feature vector size 1,024 and 512 respectively incorporating CLSTM-
config-2 and Kernel Attention Mechanism (KAM) on subset nuScenes data. Best perfor-

mance in bold.

Method mAP mATE mASE mAOE NDS

CLSTM-2-m 0.971 0.117 0.227 0.369 0.8666
CLSTM-2-KAM-m 0.971 0.108 0.202 0.319 0.8805

angle. The deep learning model takes advantage of the spatio-temporal information extracted

from the multi-frame reference during oriented bounding box estimation, which eventually

improves as the model sees more object instances in the input sequence.

5.3 Summary

This chapter addresses the research question of investigating a suitable approach to incorpo-

rating spatio-temporal information into the F-ConvNet architecture. Three approaches were

proposed to incorporate temporal information. Firstly, a simple frame stacking approach

without shuffling the input data sequences. Secondly, a convolutional-LSTM module was

added to the F-ConvNet architecture to learn the temporal information of the objects from

the region proposals generated using the input-sequenced data. Thirdly, the attention mech-

anism concept is employed in the frame stacking approach to aid the network in focusing on

the points representing the objects within the region proposals. At the same time, it learns

to extract temporal information. The architectures were trained and evaluated using single-

frame and multiple-frame reference aspects on the subset of the nuScenes training dataset
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Figure 5.6: Comparison of the spatio-temporal 3D object detection results with the base-
line and ground truth. The top row presents the ground truth (GT) annotation, middle
row presents the Baseline results and bottom row presents the results obtained using the
proposed spatio-temporal architecture. The orientation of the object is presented with a
side having a cross mark on the 3D bounding box and all the GT annotated are obtained

from the nuScenes dataset.

considered in this research work. The following are the conclusions made from these trials:

1. The frame stacking approach, being the simplest of all the methods proposed in this

chapter, failed to show any positive impact on the model’s performance.

2. Two configurations of CLSTM were considered to investigate their effectiveness in

the final performance of the module. The second configuration, which concatenates

the output from the first hidden layer with the last one, improved the nuScenes detec-

tion score by ∼4% and also reduced the true positive metric error of both ‘car’ and

‘pedestrian’. Hence, the second configuration of the CLSTM module was chosen to

evaluate the performance of the F-ConvNet with CLSTM architecture.

3. Since, the experimental set-up involved customised nuScenes dataset, the performance
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of each of the proposed architectures is compared with the baseline results only. Ob-

taining the SOTA models and running the experiments on these models was not pos-

sible as it required code changes for training on the customised dataset.

4. Three configurations of the architecture focusing on the placement of the KAM mod-

ule were explored to study the influence of the attention mechanism to enhance model

focus on the input’s salient region. The third configuration, where the PointNet fea-

tures are passed to the KAM, fed to the FCN and then to the regression branch with

the KAM module to predict the 3D bounding boxes, improved the NDS value by ∼2%

with single-frame reference and ∼4% with multiple-frame reference compared to the

frame stacking approach.

5. The results from this study show that the inclusion of temporal features extracted from

the lidar point cloud data significantly reduced the true positive metric, specifically

the orientation error of the 3D bounding box from 0.819 to 0.463 and 0.294 to 0.107

for ‘cars’ and ‘pedestrian’ classes respectively, on the customized subset of nuScenes

training data. The overall nuScenes detection score (NDS) was also improved by ∼5%

(0.822 → 0.8736) compared to the reference baseline.

6. The performance on the ‘pedestrian’ class, for both configurations, showed significant

improvement when the region proposals were represented with a feature vector length

equal to 512. These newly obtained ‘pedestrian’ results were collated with the ‘car’,

which was trained with a feature vector size of 1,024. This further boosted the NDS

values by ∼3% (0.8314 → 0.8666) for convolutional-LSTM and ∼1.5% (0.8736 →

0.8805) for convolutional-LSTM with kernel attention mechanism compared the re-

sults achieved by using the feature vector size of 1,024 for both the classes. The mean

true positive metric scores were also improved compared to the baseline or other con-

figurations considered in this chapter.

Incorporating spatio-temporal feature coupled with attention mechanism extracted from

the lidar point cloud data into the 3D detection architecture improved 3D detection accuracy

(mAP) with reduced true positive error metrics. The results obtained in this study have ex-

panded the understanding of how temporal information and attention mechanisms in a deep
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network can improve overall performance, specifically for dynamic objects (e.g., pedestri-

ans). Further utilisation of spatio-temporal features can improve network design for 3D

object detection by employing multi-frame, multi-modal data fusion techniques for effective

and targeted utilisation of sensor data from instrumented vehicles, which is explored in the

next chapter.
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Multimodal Data Fusion and

Temporal Encoding

Each of the various sensors like camera, and lidar data employed by the perception system to

realise the computer vision task has certain limitations. For example, standard camera-based

methods only provide texture information, no depth information. On the other hand, lidar-

based processing methods provide depth information but lack texture information. However,

the availability of new lidar technologies can provide texture information. Most of the SOTA

methods have considered KITTI, nuScenes and recently waymo. These are open datasets

where annotations for synchronised sensor data are made available. Although, the ego vehi-

cle used by these data providers consists of newer sensors annotations are not made available

for the public for training or testing the 3D detection models. Hence, when these datasets

are employed the high-level features extracted from the image data play a vital role in object

detection and classification, while the lidar data provides the depth information which is crit-

ical for accurately estimating the 3D location and object size. Furthermore, as the distance

from the sensor increases, the point cloud density decreases proportionally. Since texture

and depth modalities are essential in 3D object detection, most fusion-based methods for

object detection available in the literature discussed in Sections 2.2.1 of Chapter 2 employs

one of the fusion schemes illustrated in Fig 6.1 to fuse the representation derived from these

data.

The exploration of the F-ConvNet architecture facilitated an understanding of handling

and processing raw lidar point cloud data and how the prior localisation can further aid in
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Figure 6.1: Illustration of fusion schemas available in the literature [61, 7, 68]

optimising the processing of sparse and unstructured data. However, F-ConvNet depends on

the 2D region proposals, highlighting a fatal risk involved when the failure of 2D detectors

will deteriorate all subsequent pipelines. Scope exists to improve and adapt the pipeline to

process the image features instead of just using the coordinate position. F-ConvNet follows

a sequential data fusion schema that can be categorised as a form of early data fusion. The

2D region information of the objects obtained using the image space is used to generate the

frustum features used by the subsequent modules in the pipeline to estimate oriented 3D

bounding box parameters.

The utilisation of coordinate information about the region proposal containing the object

will help in optimising the data processing of the sparse lidar point cloud information. How-

ever, the rich texture and contextual image feature information are entirely ignored, which

can be a potential candidate to improve the performance of the detection architecture. Using

high-level features from the image space and depth information from the lidar space can aid

the current research to learn and understand the significance of including temporal aspects

into the deep learning network for perception-related tasks specifically for object detection.

High-level features extracted in the image and lidar space, along with the spatio-temporal

features, will be able to mitigate the error in the 3D-oriented box estimation. The errors are

caused due to the perspective changes in the object and autonomous vehicle as the vehicle

drifts w.r.t the object or can have relative motion between the vehicle and the object, which
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is illustrated in Section 4.2 of Chapter 4.

This chapter addresses Research Question 3: the methodologies that can aid the fusion

of multiple modalities and incorporation of spatio-temporal information into object detec-

tion networks. A brief overview of the fusion schema to combine lidar and image data are

discussed in Section 6.1. Making use of these fusion schemas, Section 6.2 presents the two

frameworks for estimation of 3D oriented bounding boxes: (1) F-ConvNet with multimodal

data fusion architecture (Section 6.2.1) and (2) Incorporation of spatio-temporal information

into the F-ConvNet using convolutional-long short term memory (CLSTM) and kernel at-

tention mechanism (KAM), discussed in Section 5.1, along with the multimodal data fusion

(Section 6.2.2). Section 6.3 provided the details about the dataset, experimental setup, and

the metrics employed for training, testing and evaluation of the proposed pipeline, followed

by results and discussion in Section 6.4.

6.1 Fusion Strategies

The extraction of features from the image is achieved using the off-the-shelf PSPNet [118]

proposed by Zhou, Jingchun, et al., which is pre-trained on the ImageNet [140] dataset. The

PSPNet architecture is shown in Fig. 6.2. First, ResNet18 is used as the backbone network

to extract the feature map from the input image, followed by a pyramid pooling module to

accumulate the contextual information at four pyramid levels with bin sizes of 1x1, 2x2, 3x3,

and 6x6 by covering the whole, one-half and small portions of the images. The accumulated

contextual features are then fused to form a global contextual feature that is concatenated

with the original feature map and fed to a convolutional layer to generate the final feature

representatives. This section presents a brief overview of the fusion methods: global mul-

timodal fusion (GMF), intermediate multimodal fusion (IMF), and joint multimodal fusion

(JMF) adopted for combing the lidar and image data.

6.1.1 Global Multimodal Fusion (GMF)

Global multimodal Fusion (GMF), as shown in Fig. 6.3 is the simplest of fusion methods

employed to capture the correlation across modalities. The high-level representations of the

image data generated by the PSPNet is fused into the PointNet architecture by concatenating
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Figure 6.2: Pyramid Scene Parsing Network (PSPNet) Architecture [118]

with the point feature followed by a convolutional layer for applying a non-linear trans-

formation to generate the joint-representation of the feature map before passing the feature

vector to the max operator. Although the GMF increased the dimensionality of both the

representation, it lacks the ability to capture the complex correlation and semantic informa-

tion across the modalities [141], as only the error of the shared layer can be propagated to

each modality, making it difficult for the network to extract the features which can correlate

between the modalities, in later stages of the network [68].

Figure 6.3: Global multimodal fusion schema of Lidar and Image data representation. c1,
c2, and c3 represent the multi-layer perceptron layers (mlp) of the PointNet Module

6.1.2 Intermediate Multimodal Fusion (IMF)

Intermediate multimodal fusion (IMF) addresses the issues related to the GMF as the data

representation takes advantage of the semantic information from the shared layers extracted

from the individual modalities. These semantic features are extracted from the individual

modality-specific layers, eventually improving the network’s ability to capture the correla-

tions between the layers. The Intermediate multimodal fusion (IMF) schema is shown in

Fig. 6.4. In IMF, the high-level image representations generated using PSPNet are scaled

accordingly to the layer level of the PointNet architecture before concatenating with the

point feature. These features are then used to generate the joint representation by applying
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multiple non-linear transformations. Then the feature maps are passed to the max operator

to obtain the final fused features of the lidar and image data. Although the IMF can correlate

the similarities between the modalities to learn the contextual information existing in the

individual modalities representing the object or the scene, it also contains only one path for

learning correlations between the modalities as the specific weights can only be optimised

with respect to the correlation in the top layer.

Figure 6.4: Intermediate multimodal fusion of Lidar and Image data representation. c1,
c2, and c3 represent the multi-layer perceptron layers (mlp) of the PointNet Module

6.1.3 Joint Multimodal Fusion (JMF)

Joint multimodal fusion (JMF) [68], as shown in Fig. 6.5 provided multiple representations

for each of the modalities at different levels of the network after applying non-linear transfor-

mations to each of these modalities containing spatial and semantic information. The JMF

shares features at multiple layers and passes the partially fused information for further pro-

cessing to estimate the inter-modality and intra-modality representations. The shared layers

in the JMF are densely stacked, making it feasible to correlate between different modali-

ties in each of the representation level and modality specific network layers. Each shared

layer will be able to capture the correlation at the current level but also learn the depen-

dency among the correlations. Thus, the JMF is the most suitable fusion strategy in the

current context of the investigation to capture the structural variation in lidar representation

and correlate it with the rich textural representation of the image. This aids the module in

generating the composite hierarchical correlation between the modalities in contrast to the

global or intermediate multimodal fusion method.
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Figure 6.5: Joint multimodal fusion of Lidar and Image data representation. c1, c2, c3
and c4 represent the multi-layer perceptron layers (mlp) of the PointNet Module

6.2 Pipeline

This section presents the two frameworks employing fusion methods discussed in the previ-

ous section and incorporating spatio-temporal information into the F-ConvNet architecture

along with the kernel attention mechanism module described in Section 5.1.

6.2.1 Multimodal 3D Object detection

The F-ConvNet architecture is discussed in Section 3.2.3. Fig. 6.6 presents the multimodal

3D object detection architecture utilising the fusion methods discussed in Section 6.1 for fus-

ing the lidar and image data. The original F-ConvNet utilises the early fusion strategy where

only the 2D coordinate position of the region proposals is used to generate the frustums. In

this section, the initial region proposals, along with the image features extracted using the

PSPNet, are fused with the layers of the PointNet architecture using fusion methods: GMF,

IMF, and JMF for generating the joint representation of the modalities at different frustum

resolution. These multi-resolution joint representations are passed to the FCN block, fol-

lowed by a regression branch for the final estimation of the box parameters.

Figure 6.6: Multimodal data fusion architecture
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Figure 6.7: Multi-modal data fusion architecture incorporating spatio-temporal using
CLSTM.

6.2.2 Multimodal Spatio-Temporal 3D object detection

The network architecture shown in Fig. 6.7 fuses the multiple modalities employing the

strategies discussed in Section 6.1. The architecture extracts the temporal features using

convolutional-LSTMs, as discussed in Section 5.1.2, using the joint representation obtained

from the fusion model. A convolutional-LSTM module is placed between the multimodal

data fusion block consisting of PointNet and PSPNet, and a fully convolutional network

(FCN) block to learn spatial and temporal feature from the fused modalities of the input

sequence. The CLSTM module consists of one input layer and five hidden layers with di-

mensions size same as the output feature map size of the four frustum resolutions of the

PointNet architecture having values 128, 128, 256, and 512. The downwards-facing ar-

row in Fig. 6.7 indicates the previous hidden states information of the Conv-LSTM while

extracting the current state information. Based on the learnings from Chapter 5, the second

configuration of the CLSTM module and FCN layers presented in Table. 5.1 were employed.

The inference drawn from the trials involving KAM module discussed in Section 5.1, as-

sisted in designing the architecture presented in Fig. 6.8. The architecture includes CLSTM

and the kernel attention mechanism (KAM) module to extract the spatio-temporal features

from the joint representations from the multiple modalities. The spatio-temporal feature aid

the network by propagating temporal information to learn the structural and texture features

of the objects to minimize the error during the final parameter estimation. The downwards-

facing arrow in Fig. 6.8 indicates the previous hidden states information of the Conv-LSTM

while extracting the current state information. Both the architectures are trained with the

same sequences of data as employed in Section 5.1.
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The true positive metric scores of the CLSTM configurations for individual classes are

depicted in Table. 6.5 and overall performance of the models are depicted in Table. 6.6.

Figure 6.8: Multi-modal data fusion architecture incorporating spatio-temporal using
CLSTM and kernel attention module.

6.3 Experimental Setup

The KITTI and nuScenes datasets were employed to train and evaluate the performance

of the proposed multimodal 3D detection architecture. The KITTI 3D object detection

dataset [139, 138] and its distribution of samples for training and validation are described in

Section 2.3.1 and Section 3.2.3. The nuScenes[32] dataset is described in Section 2.3.4 and

the customization of the data for training and testing is discussed in Section 5.2.1.

The models were trained on a single Nvidia-TitanX GPU with 12GB RAM for 50 epochs

using the adam optimizer[106] from scratch and an off-the-shelf PSPNet [118] (PSPNet-18)

model pre-trained on ImageNet [140] is used to extract the image features. The learning rate

and weight decay values were set to 0.001 and 0.0001, respectively, with a batch size of 16

for single-frame reference mode, and during multi-frame reference mode, three consecutive

frames and a batch size of four without shuffling the input sequence is considered. The

region proposals are obtained from the ground-truth annotation and are augmented with a

translation and scaling factor during training and testing. The number of sample points for
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each region proposal is set to 1,024 and 512 for ‘car’ and ‘pedestrian’, respectively, whose

values are selected randomly depending on the trial configurations.

Same as [85], while training on the nuScenes dataset, 4 frustum resolutions of [0.2,

0.5, 1.0, 2.0] and stride values of [0.1, 0.25, 0.5, 1.0] for the ‘car’ category and 4 frustum

resolutions of [0.2, 0.4, 0.8, 1.6] and stride values of [0.1, 0.2, 0.4, 0.8] for the ‘pedestrian’.

For the KITTI dataset, 4 frustum resolutions of [0.2, 0.5, 1.0, 2.0] and stride values of [0.1,

0.25, 0.5, 1.0] for the ‘car’ category and 4 frustum resolutions of [0.2, 0.4, 0.8, 1.6] and

stride value are set to [0.1, 0.2, 0.4, 0.8] for ‘people’ categories (‘pedestrian’ and ‘cyclist’).

The performance of the models is evaluated using the KITTI benchmark metric, mean

Average Precision (mAP), as described in Section 2.4.1 for easy, moderate and hard cases

of the classes appearing in the dataset. The nuScenes dataset is evaluated using the met-

ric [32], which includes: the Average Precision (AP) metric and True Positive (TP) metric

for the ‘car’ and ‘pedestrian’ class on the custom test data. Section 5.2.3 details the AP and

TP metric. Single-frame reference mode was considered for KITTI due to the absence of

sequenced data and multiple-frame reference modes for nuScenes to understand the model

performance under various configurations.

6.4 Results and Discussion

The 3D detection and BEV detection results of the F-ConvNet model employing lidar and

image data on the KITTI dataset are depicted in Table. 6.1 and Table. 6.2 respectively. The

3D detection results with the joint multimodal fusion (JMF) strategy achieve an improvement

of ∼2-3% over the baseline for most cases except for the moderate case of the ‘pedestrian’

class, where improvement is around ∼7%. In the case of BEV detection, improvements

of ∼1% for ‘car’, using intermediate multimodal fusion (IMF), and ∼1% for ‘pedestrian’

and ‘cyclist’, using JMF, are observed except for the easy cases of the ‘pedestrian’ class,

which achieved an improvement of ∼2% using the global multimodal fusion (GMF) strategy.

Overall, the performance of the model is improved by fusing the image and lidar data to

estimate the 3D bounding box.
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Table 6.1: Comparison of 3D Detection AP (%) results of the proposed architecture with
the state-of-the-art methods, where global (gmf), intermediate (imf) and joint multimodal
fusion (jmf) schema employed in the F-ConvNet (Arch) to fuse the Lidar (L) and Image

(I) data. Best performance in bold.

Method Car Pedestrian Cyclist

Type Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

VoxelNet [107] L 81.97 65.46 62.85 - - - - - -
SECOND [102] L 87.43 76.48 69.10 - - - - - -

F-ConvNet [85] LI 86.08 86.04 86.45 81.32 75.16 75.64 94.02 88.33 86.38
MV3D [65] LI 71.29 62.68 56.56 - - - - - -

PointFusion [101] LI 77.92 63.00 53.27 - - - - - -
F-PointNet [97] LI 83.76 70.92 63.65 - - - - - -
Cont. Fuse [94] LI 86.32 73.25 67.81 - - - - - -

AVOD-FPN [65] LI 84.41 74.44 68.65 - - - - - -
IPOD [104] LI 84.10 76.40 75.30 - - - - - -
MMF [71] LI 87.90 77.86 75.57 - - - - - -

AA3D [54] LI 86.77 76.84 75.92 - - - - - -

Arch-gmf LI 84.55 84.89 77.82 83.95 76.33 76.22 89.86 87.38 79.38
Arch-imf LI 87.45 87.15 87.19 82.70 76.01 76.16 92.84 84.51 86.49
Arch-jmf LI 87.89 88.36 88.19 84.10 83.23 78.75 96.88 88.91 87.00

Table 6.2: Comparison of BEV Detection AP (%) results of the proposed architecture with
the state-of-the-art methods on KITTI validation set, where global (gmf), intermediate
(imf) and joint multimodal fusion (jmf) schema employed in the F-ConvNet (Arch) to fuse

the Lidar (L) and Image (I) data. Best performance in bold.

Method Car Pedestrian Cyclist

Type Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

VoxelNet [107] L 89.60 84.81 78.57 - - - - - -
SECOND [102] L 89.96 87.07 79.66 - - - - - -

F-ConvNet [85] LI 97.77 89.26 89.38 84.89 85.47 78.00 97.19 97.86 89.15
MV3D [65] LI 86.55 78.10 76.67 - - - - - -

PointFusion [101] LI 87.45 76.13 65.32 - - - - - -
F-PointNet [97] LI 88.16 84.02 76.44 - - - - - -
Cont. Fuse [94] LI 95.44 87.34 82.43 - - - - - -

AVOD-FPN [65] LI - - - - - - - - -
IPOD [104] LI 88.30 86.40 84.60 - - - - - -
MMF [71] LI 96.66 88.25 79.60 - - - - - -

AA3D [54] LI 89.95 87.70 86.95 - - - - - -

Arch-gmf LI 97.30 89.24 89.26 86.76 78.55 78.44 97.20 88.02 79.83
Arch-imf LI 98.45 89.98 89.95 85.94 86.21 78.40 93.46 85.51 85.43
Arch-jmf LI 97.43 89.44 89.49 85.35 86.76 79.18 97.77 98.83 89.46
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(a) No. of objects per frame analysis

(b) Per frame computation analysis

Figure 6.9: Computation time analysis of models employed on KITTI dataset
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The computational complexity of the F-ConvNet architecture with various fusion strate-

gies on the KITTI dataset is presented in Fig. 6.9. The fusion methods have a higher per-

frame computation time than the F-ConvNet, increasing almost five-fold. However, it sat-

isfies the objective of this research to investigate the fusion strategies for fusing lidar and

image data. Similarly, the F-ConvNet model was also trained on the customised nuScenes

dataset using both image and lidar data. The true positive metric of the ‘car’ and ‘pedestrian’

classes evaluated on the subset of the nuScenes test data are depicted in Table. 6.3. Table. 6.4

presents the overall nuScenes detection metric score of the F-ConvNet model with different

fusion strategies employed in this study. The results show that the mAP values are slightly

lower than the baseline. However, the mATE, mAOE, mASE and NDS values, which mea-

sure more nuanced performance, show improvements when multiple modalities are used for

estimating the 3D box parameters. The JMF method achieved maximum improvement of

∼14%, ∼22%, ∼3% in the mATE, mAOE and NDS values. The GMF significantly reduced

the mASE value from 0.2554 to 0.1376. Similarly, IMF and JMF fusion strategies also

yielded reduced mASE values of 0.2414 and 0.2350 respectively. Overall, the performance

of the model in terms of nuScenes detection metrics was improved by ∼2-3% when both

image and lidar data are fused to estimate the 3D bounding box parameters.

Table 6.3: True positive metric scores for cars and pedestrians on nuScenes custom test set,
with global (gmf), intermediate (imf) and joint multimodal fusion (jmf) schema employed
in the F-ConvNet (Arch) to fuse the Lidar (L) and Image (I) data. Best performance in

bold.

Cars Pedestrians

Method Type AP ATE ASE AOE AP ATE ASE AOE

F-ConvNet L 0.961 0.203 0.184 0.819 0.981 0.118 0.327 0.264

Arch-gmf LI 0.956 0.123 0.109 0.869 0.981 0.162 0.166 0.290
Arch-imf LI 0.958 0.156 0.213 0.633 0.978 0.131 0.270 0.267
Arch-jmf LI 0.958 0.139 0.225 0.586 0.981 0.136 0.245 0.258

The F-ConvNet model incorporating the spatio-temporal features and the multimodal

data was also trained on the customised nuScenes dataset using both image and lidar data.

The true positive metric of the ‘car’ and ‘pedestrian’ classes evaluated on the subset of

the nuScenes test data are depicted in Table. 6.5. Table. 6.6 presents the overall nuScenes

detection metric score of the F-ConvNet model incorporating spatio-temporal features with
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Table 6.4: nuScenes metric computed for cars and pedestrians on nuScenes custom test
set, with global (gmf), intermediate (imf) and joint multimodal fusion (jmf) schema em-
ployed in the F-ConvNet (Arch) to fuse the Lidar (L) and Image (I) data. Best performance

in bold.

Method Type mAP mATE mASE mAOE NDS

F-ConvNet L 0.9708 0.1606 0.2554 0.5415 0.8258

Arch-gmf LI 0.9681 0.1426 0.1376 0.5794 0.8408
Arch-imf LI 0.9681 0.1435 0.2414 0.4500 0.8449
Arch-jmf LI 0.9695 0.1375 0.2350 0.4220 0.8523

the different fusion strategies employed in this study. The results show that the mAP values

are slightly lower than the baseline. The mATE, mAOE, mASE and NDS values, which

measure more nuanced performance, showed improvements when spatio-temporal features

learnt from the multiple modalities was used for estimating the 3D box parameters. The JMF

method achieved the highest improvement from 0.227 to 0.167 for mATE, 0.369 to 0.215 for

mAOE, and NDS improved ∼2%. However, the mATE value obtained using the baseline

model was better than all the fusion strategies. The error score and NDS showed further

improvement with the inclusion of the attention mechanism. Overall, the performance of the

model according to the nuScenes detection metrics was improved by ∼3% for F-ConvNet

with CLSTM and ∼4% for F-ConvNet with CLSTM and KAM module with both image and

lidar data fused to estimate the 3D bounding box parameters.

Table 6.5: True positive metric scores for cars and pedestrians on nuScenes custom test
set, with global (gmf), intermediate (imf) and joint multimodal fusion (jmf) schema em-
ployed in the modified F-ConvNet (Arch) incorporating spatio-temporal encoding through
CLSTM and KAM to to fuse the Lidar (L) and Image (I) data. Best performance in bold.

Cars Pedestrians

Method Type AP ATE ASE AOE AP ATE ASE AOE

Arch-clstm-2 L 0.958 0.129 0.164 0.463 0.983 0.104 0.290 0.274
Arch-clstm-2-ka L 0.958 0.119 0.161 0.563 0.983 0.097 0.243 0.074

Arch-clstm-2-gmf LI 0.942 0.175 0.187 0.452 0.964 0.217 0.196 0.136
Arch-clstm-2-ka-gmf LI 0.942 0.165 0.177 0.422 0.964 0.185 0.193 0.113

Arch-clstm-2-imf LI 0.944 0.187 0.260 0.409 0.958 0.109 0.186 0.230
Arch-clstm-2-ka-imf LI 0.947 0.090 0.174 0.496 0.958 0.139 0.170 0.151

Arch-clstm-2-jmf LI 0.951 0.149 0.191 0.289 0.968 0.180 0.144 0.141
Arch-clstm-2-ka-jmf LI 0.951 0.116 0.140 0.159 0.968 0.105 0.098 0.040

The resource utilization and computation time of the various models used in this study

are depicted in Table 6.7. The resource utilization of the network is measured based on

the modalities (lidar, image) and the number of parameters (in millions) used to train the
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Table 6.6: nuScenes metric computed for cars and pedestrians on nuScenes custom test
set, with global (gmf), intermediate (imf) and joint multimodal fusion (jmf) schema em-
ployed in the modified F-ConvNet (Arch) incorporating spatio-temporal encoding through
CLSTM and KAM to to fuse the Lidar (L) and Image (I) data. Best performance in bold.

Method Type mAP mATE mASE mAOE NDS

Arch-clstm-2 L 0.971 0.117 0.227 0.369 0.8666
Arch-clstm-2-ka L 0.971 0.108 0.202 0.319 0.8805

Arch-clstm-2-gmf LI 0.953 0.196 0.191 0.294 0.8629
Arch-clstm-2-ka-gmf LI 0.953 0.175 0.185 0.267 0.8719

Arch-clstm-2-imf LI 0.951 0.147 0.223 0.319 0.8607
Arch-clstm-2-ka-imf LI 0.952 0.114 0.171 0.323 0.8747

Arch-clstm-2-jmf LI 0.960 0.164 0.167 0.215 0.8886
Arch-clstm-2-ka-jmf LI 0.960 0.110 0.119 0.100 0.9159

model. The computation time presented in the Fig. 6.10 represents the average time the

model takes to process a frame during inference. The table shows that computation time

(training and testing) is directly proportional to the number of trainable parameters in the

network. The fusion methods have almost a five-fold higher per-frame computation time

than the F-ConvNet.

Table 6.7: Overview of Number of parameters and Average per frame computation time
of the various models employed in this thesis work, with global (gmf), intermediate (imf)
and joint multimodal fusion (jmf) schema employed in the modified F-ConvNet (Arch)
incorporating spatio-temporal encoding through CLSTM and KAM to fuse the Lidar (L)

and Image (I) data.

Model Modality Parameters (M) Time (msec)

kitti nuScenes

F-ConvNet L 03.32 13.5 10.5
Arch-clstm-1 L 12.07 46.8 36.4
Arch-clstm-2 L 12.46 50.9 39.6
Arch-clstm-2-ka L 14.86 57.6 44.8
Arch-gmf LI 23.13 61.2 47.6
Arch-clstm-2-gmf LI 32.36 66.6 51.8
Arch-clstm-2-ka-gmf LI 35.36 70.7 55.0
Arch-imf LI 22.89 56.3 43.8
Arch-clstm-2-imf LI 32.12 65.3 50.8
Arch-clstm-2-ka-imf LI 35.12 69.3 53.9
Arch-jmf LI 23.07 59.0 45.9
Arch-clstm-2-jmf LI 33.04 65.3 50.8
Arch-clstm-2-ka-jmf LI 35.30 69.8 54.3
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6.5 Summary

This chapter addresses the research question investigating suitable fusion methodologies to

incorporate multiple modalities and spatio-temporal features into object detection networks.

The three fusion schemas – global multimodal fusion, intermediate multimodal fusion and

joint multimodal data fusion – are evaluated to combine lidar and image data. Two frame-

works to fuse the multimodal data by employing these three fusion schemes are proposed for

estimating the 3D-oriented bounding boxes. The first framework includes F-ConvNet with

multimodal data fusion architecture. The second includes incorporating spatio-temporal

features into the F-ConvNet using convolutional long short-term memory (CLSTM) and

kernel attention mechanism (KAM) extracted from the multimodal data. The proposed ar-

chitectures were trained and evaluated using multiple-frame references on the subset of the

nuScenes training and testing dataset considered in this research work. The following con-

clusions are presented from these evaluations:

1. For the F-convNet trained on the KITTI dataset with lidar and image data, the 3D

detection results with the joint multimodal fusion (JMF) strategy achieve an improve-

ment of ∼2-3% over the baseline for most cases except for the moderate cases of the

‘pedestrian’ class, where improvement is around ∼7%. In the case of BEV detection,

results are an improvement of ∼1% for ‘car’ using intermediate multimodal fusion

(IMF) and ∼1% for ‘pedestrian’ and ‘cyclist’ is observed with JMF strategy except

for the easy cases of ‘pedestrian’ class which achieved an improvement of ∼2% using

global multimodal fusion (GMF) strategy. Overall, the performance of the model is

improved by fusing the image and lidar data to estimate the 3D bounding box.

2. For the F-ConvNet model incorporating the spatio-temporal features and the multi-

modal data trained on the customised nuScenes dataset using both image and lidar

data, the results show that the mAP values are slightly lower than the baseline. In

contrast, the mATE, mAOE, mASE and NDS values, more nuanced metrics, show

improvements when spatio-temporal information learnt from the multiple modalities

was used for estimating the 3D box parameters. The JMF method improved the NDS

by ∼2%. However, the mATE value obtained using the baseline model was better
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(a) No. of objects per frame

(b) Per frame computation analysis

Figure 6.10: Computation time analysis of models employed on nuScenes dataset
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than the fusion strategies. The true positive error score and NDS showed further im-

provement with the inclusion of the attention mechanism. Overall, the performance

of the model in terms of nuScenes detection metrics was improved by ∼3% for

F-ConvNet with CLSTM and ∼4% for F-ConvNet with CLSTM and KAM mod-

ule with both image and lidar data are fused to estimate the 3D bounding box

parameters.

3. The resource utilization and computation time analysis of the various models used in

this study showed that the average per-frame computation time is directly proportional

to the number of trainable parameters in the network. The fusion methods increased

per-frame computation time by five-fold compared with F-ConvNet. However, the in-

clusion of this complexity also improved the model performance by almost ∼8%

with reduced true-positive metric scores.

The Fusion of multiple modalities exploits the individual characteristics of the data as-

sisting the deep networks in learning a better representation of the data resulting in reduced

errors and improved accuracy. Further, the understanding of the structural information of the

object using a lidar point cloud is enhanced by learning the temporal aspect of the sequenced

data. However, using lidar and image data in the real-world scenario is challenging as the

sensor operates at different frequencies leading to synchronization problems. The advance-

ment in the underlying hardware technology has improved the optimization of deep learning

framework to handle and processing of multiple modalities operating at different frequen-

cies effectively. For instance, in an object detection framework consider a use-case scenario

where the camera sensor operates at 40 Hz and the lidar at 20 Hz. The system acquires one

lidar point cloud data for every second image frame. If the proposed models presented in this

chapter need to be employed for the 3D detection task which takes a maximum computation

time of around 60 msec (∼15 FPS or 16 Hz) for processing single lidar and image data.

Instead of dropping the unsynchronized frames, apply a prediction model on these frames

to estimate the 3D parameters based on the previous keyframes (synchronized frames). The

unsynchronized frames can be used to learn the temporal feature of the object when the

other sensor modalities are unavailable. This strategy could make the framework robust and

improve the estimation process during sensor synchronization problems.
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Summary and Conclusions

The work presented in this thesis investigates the significance of temporal and spatial fea-

tures extracted from lidar and image data to improve the detection accuracy of a deep

learning-based object detection architecture. The advancement in the sensor and hardware

technologies used in the development of autonomous vehicles has increased the competition

in the automotive industry. To enable fully autonomous driving and use by humans, these

vehicles should be highly reliable and trusted for having a safe driving system on the road

with ’zero’ casualties. This requirement has raised the expectation of the perception system

to have human-like perseverance in the driving environment in determining the precise posi-

tions of the objects in the scene. The continuous data acquisition in the AV exhibits temporal

continuity, and objects appearing in successive frames will have relative motion due to their

own motion or camera motion or relative motion between camera and objects. This allows

the utilization of detection results and temporal features of the objects from earlier frames to

refine predictions and/or parameter estimations in the current frame. There has been limited

research about extracting temporal feature using lidar and image data, and its potential usage

during the estimation of object parameters for improved localisation and detection. Further,

the availability of large-scale sequenced annotated lidar and image data has paved the way

to enhance the knowledge to understand the dynamic nature of objects in an autonomous

vehicle driving environment and has motivated the proposal of the pipeline incorporating

spatial features from lidar and image.

The proposed 3D object detection framework employs lidar and image data and explores

the representations for various object classes considered in KITTI and nuScenes datasets.
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During the literature review, State-of-the-art results have used fusion-based techniques, com-

bining multiple input modalities and training the model to utilise individual characteristics

of the data for improved detection accuracy. However, as the data acquisition and annotation

led to the release of large-scale datasets like nuScenes and waymo datasets. These datasets

contain certain unique instances where the current state-of-the-art fails even after achiev-

ing good performance on the benchmark evaluation dataset. In addition, there was limited

research employing multiple-frame references paving the way for the investigation of the

significance of temporal features and fusion of lidar and image data.

Chapter 4 explores some widely used representations of the lidar point cloud, such as

bird-eye-view, range-view, point-pillars, and voxel format on KITTI and nuScenes datasets.

Changing the data representation assisted in understanding the complexity involved in han-

dling the data and provided the initial baseline performance on the chosen F-ConvNet ar-

chitecture. In addition, this chapter presents various investigations carried out to select the

training parameters while designing the framework for incorporating temporal information

into the 3D detection network. Finally, the experimental results were instrumental for de-

signing pipelines to facilitate the extraction of spatio-temporal information from the raw

point cloud data or fused multimodal data.

Chapter 5 addresses the research question of identifying a suitable approach to incorporat-

ing spatio-temporal information into the F-ConvNet architecture. Three approaches were

proposed to incorporate temporal information. Firstly, a simple frame stacking approach

without shuffling the input data sequences. Secondly, a convolutional-LSTM module was

added to the F-ConvNet architecture to learn the temporal information of the objects from the

region proposals generated using the input-sequenced data. Lastly, the attention mechanism

concept is employed in the frame stacking approach to aid the network in focusing on the

points representing the objects within the region proposals. At the same time, it learns to ex-

tract temporal information. The architectures were trained and evaluated using single-frame

and multiple-frame reference aspects on the subset of the nuScenes training dataset.

Chapter 6 addresses the research question of identifying suitable fusion methodologies to

fuse multiple modalities and incorporate spatio-temporal information into object detection

136



Chapter 7. Summary and Conclusions

networks. The three fusion schemas, namely global multimodal fusion, intermediate mul-

timodal fusion and joint multimodal data fusion, are explored to combine lidar and image

data. Two frameworks to fuse the multimodal data by employing these three fusion schemes

are proposed for estimating the 3D-oriented bounding boxes. The first framework includes

F-ConvNet with multimodal data fusion architecture. The second included incorporating

spatio-temporal information into the F-ConvNet using convolutional-LSTM (CLSTM) and

kernel attention mechanism (KAM) extracted from the multimodal data. The proposed ar-

chitectures were trained and evaluated using multiple-frame references on a subset of the

nuScenes training and testing dataset.

In the next Section 7.1, the research questions formulated in the opening chapter are

revisited and addressed from a post-experimental perspective. The final section discusses

the feasibility of applying the proposed framework in the context of real-world applications

in autonomous vehicles equipped with improved sensor and hardware technologies. Finally,

concludes by providing future directions to current research on 3D detection using multiple

modalities and how to handle uncertainties that might exist or arise within the data sequence.

7.1 Research Questions and Proposed Solutions

This thesis evaluates 3D detection architecture incorporating convolutional-LSTMs and an

attention mechanism for estimating the 3D bounding boxes using spatio-temporal features

and the fusion of multiple modalities. The hypothesis and research questions are reviewed

here and analysed according to the experimental results.

Hypothesis: “Multimodal spatio-temporal information can contribute to bridging the gap

between 2D image space and 3D metric space by improving the accuracy and reducing the

error score of deep learning framework for 3D object detection.”.

To investigate the hypothesis of this research, the following questions were considered:

• Research Question 1 (RQ1): How best to represent/prepare multimodal data for

training the object detection architecture?

Data representation is crucial while training a deep learning network to extract the

high-level features for better representation of raw data into meaningful information,
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fed to the prediction layer for estimating the parameters depending on the task require-

ment. The preliminary findings of the pilot study conducted in Chapter 3 led to the

framework selection with the following conclusion.

– Complex-YOLO3D with BEV representation of lidar point cloud data was em-

ployed to understand the 3D detector for estimating the oriented bounding box

positions in the world coordinates. The trial with the Complex-YOLO3D laid

the necessary foundation to incorporate a convolutional-LSTM for extracting the

spatio-temporal information and propagating the extracted temporal information

into the network layer, which the final estimation layers will use. This initial in-

vestigation on temporal encoding aided the current research in acquiring further

insight into the data representation aspect and analysing the requirements in the

dataset for effectively utilising the temporal aspect in the data are discussed in

Chapter 4.

– Understanding the structural information of an object in the scene is effective

with the raw lidar point cloud data. However, the complexity of utilising the

BEV representation with a loss of information led to exploring the Frustum-

ConvNet framework. With prior localisation of the objects in the scene using

the 2D detector, transformed to the 3D space for extracting the lidar point cloud

data within the proposal to generate the Frustum level features was promising

and appeared to be an ideal set-up for exploring the inclusion of temporal as-

pects. F-ConvNet was chosen as the baseline architecture to investigate research

questions RQ2 and RQ3.

– The prior localisation of the objects using an off-the-shelf pre-trained 2D de-

tector using the KITTI dataset assisted the research in studying the influence of

priors on model’s performance in terms of mAP (%). The network achieved

maximum mAP with the 2D detector confidence score set between 0.1 to 0.001

and the IoU threshold value equal to 0.95. However, this also increased the av-

erage computation time to process the frame as the number of region proposals

passed to the network increased. Furthermore, the F-convNet framework relies

on these prior region proposals for estimating the objects’ final 3D bounding
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boxes, creating a bottleneck in employing a 2D detector to detect all the objects

appearing in the scene to test the final accuracy of the 3D detection framework.

To overcome this aspect for further investigations, the ground truth annotation

with augmentations as preliminary region proposals covers all the objects ap-

pearing in the current and consecutive sequences.

– Visual analyses of the raw lidar point cloud data in the sequenced frames of

the nuScenes dataset assisted in understanding the role of temporal information

while training the network to learn the structural information of the object from

the point cloud distribution. Furthermore, the illustration helped to understand

the benefit of keeping track of variations in the point cloud distribution as the

AV acquires the data for estimating the target position in the scene. Tracking the

variation will assist the deep learning models to handle the reduced misalignment

issues in the data while estimating box parameters.

– The multiple-sweep lidar point cloud data in the nuScenes dataset appeared very

interesting during the visual analysis of the data. However, investigating the use

of single sweep over multiple-sweep lidar point cloud data for training networks

showed that the true positive error metric values increased, reducing the model’s

overall performance.

– The feature vector size used to represent the object class was one of the param-

eters affecting the model performance. To understand this aspect, the feature

vector length of lidar data is varied for the object under consideration in KITTI

and nuScenes datasets. As a result, the ’Car’ achieved the maximum with a fea-

ture vector length of 1024, and for ’pedestrian’ and ’cyclist’, the feature vector

length of 512 produced the highest performance.

• Question 2 (RQ2): How can temporal information be extracted from multimodal

data?

Temporal information, along with deep features, can aid the deep learning network

to understand data variation in the object/s or scenes by learning the changing ap-

pearance when the vehicle moves in a dynamic environment. The preliminary finding
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in Chapter 3, related to the temporal understanding, assisted in addressing RQ2 by

dividing it further into two aspects:

– Research Question 2.1 (RQ2.1): What is the minimum amount of sequential

data needed to extract and exploit temporal information to positively impact

the training and final accuracy?

The purpose of RQ2.1 is to understand the minimum number of frames contain-

ing the object of interest that the network needs to see to extract the temporal

information and gain knowledge regarding the structural variations in the object

and improve the overall network performance.

In Chapter 4, the RNN-based CLSTM and CGRU were incorporated into the de-

tection network to extract the temporal information. The CLSTM outperformed

the CGRU during the evaluation of the KITTI dataset. Therefore, CLSTM was

employed to analyse the minimum sequence of data and optimum object density

to effectively extract temporal information. The analysis showed that the model

with three consecutive frames with a maximum of eight recurring objects per-

forms better than other configurations considered in this study. Therefore, the

configuration with three consecutive frames with a maximum of eight recurring

objects was selected for the investigation detailed in Chapter 5 and Chapter 6.

– Research Question 2.2 (RQ2.2): Which is the most suitable approach for in-

cluding temporal information? Potential candidates include Recurrent Neural

Network (RNN) based Long Short Term Memory (LSTM), Gated Recurrent Unit

(GRU), Temporal convolution network (TCN) or frame stacking for extracting

temporal information from the sequence data.

The purpose of RQ2.2 is to explore the approaches for extracting temporal in-

formation from the input data sequence. The most straightforward approach

is ‘frame stacking’, where consecutive frames are stacked and fed to the net-

work without any shuffle. In this approach, the deep detection network is pre-

sumed to learn the temporal aspect as it sees through the sequenced data during

training. Furthermore, temporal information is extracted using the RNN-based

Convolutional-Long Short Term Memory (LSTM) module and adopted into the
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proposed framework presented in Chapter 5 and Chapter 6. Finally, the follow-

ing conclusions are drawn while addressing RQ2.2.

* The frame stacking approach, being the simplest of all the methods pro-

posed in this chapter, failed to show any positive impact on the model’s

performance.

* Two configurations of CLSTM are considered to investigate their effective-

ness. The output from the CLSTM module passed to the FCN is configured

in two ways. In the first, the final output of the CLSTM module is directly

fed to the FCN, while the second concatenates the output from the first hid-

den layer with the last one. The performance of ‘car’ and ‘pedestrian’ in the

second configuration of the CLSTM module improved the nuScenes detec-

tion score (NDS) by ∼4% and also reduced the true positive error metric of

both classes. Hence, the second configuration of the CLSTM module was

chosen to evaluate the performance of the F-ConvNet with CLSTM archi-

tecture.

* Three configurations of the architecture focusing on the placement of the

KAM module were explored to study the influence of the attention mecha-

nism to focus on the input’s salient region. The third configuration, where

the PointNet features, extracted from the PointNet, are passed to the KAM

to learn the salient regions within the feature map, fed to the FCN and then

to the regression branch with the KAM module to predict the 3D bounding

boxes. The model’s performance improved the NDS value by ∼2% with

single-frame reference and ∼4% with multiple-frame reference compared

to the frame stacking approach.

* The performance of the ‘pedestrian’ showed significant improvement when

the region proposals were represented with a feature vector length equal

to 512. The second configuration of CLSTM and CLSTM with KAM im-

proved the models’ performance for ‘pedestrians’ using a feature vector size

of 512. These newly obtained ‘pedestrian’ results are collated with the ‘car’,

which was trained with a feature vector size of 1,024. This further boosted
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the NDS values by ∼3% (0.8314 → 0.8666) for convolutional-LSTM and

∼1.5% (0.8736 → 0.8805) for convolutional-LSTM with kernel attention

mechanism compared the results achieved by using the feature vector size

of 1,024 for both the classes. The mean true positive metric scores are also

improved.

* The inclusion of temporal information considerably reduced the true posi-

tive metric, specifically the orientation error of the 3D bounding box from

0.819 to 0.463 and 0.294 to 0.107 for ‘cars’ and ‘pedestrian’ classes respec-

tively on the chosen subset of nuScenes training data. The overall nuScenes

detection score (NDS) was also improved from 0.822 to 0.8736 compared

to the reference baseline.

• Research Question 3 (RQ3): How best to fuse multimodal and temporal data into

object detection networks, and what fusion schemes need to be employed? Where

multiple layers are used to incorporate data, how does the inclusion of additional

layers impact the complexity (ie., time and memory usage) of the network?

Combing multiple modalities exploits the individual characteristics of the data em-

ployed to train the detection network, which eventually assists the network in learning

a better representation of the data resulting in reduced errors and improved accuracy.

RQ3 aims to investigate the fusion strategies to fuse the lidar and image data repre-

sentations into the detection network to improve performance compared with using a

single modality. Chapter 6 explore the fusion strategies for combining the lidar and

image data for estimating the object parameters. However, any additional functional-

ity or layer added to the framework increases the network’s complexity regarding the

number of parameters to be trained, memory usage, per-frame computation time, and

model size. Chapter 6 provides a summary of all the network configurations employed

in this research to understand the complexity associated with the network depending

on the modality employed. Finally, the following conclusions are drawn:

– The F-convNet was trained on the KITTI dataset with lidar and image data. The

3D detection results with the joint multimodal fusion (JMF) strategy achieve an
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improvement of ∼2-3% over the baseline for most cases except for the moderate

case of the ‘pedestrian’ class, where improvement is around ∼7%. In the case of

BEV detection, results are an improvement of ∼1% for ‘car’ using intermediate

multimodal fusion (IMF) and ∼1% for ‘pedestrian’ and ‘cyclist’ is observed with

JMF strategy except for the easy case of ‘pedestrian’ class which achieved an

improvement of ∼2% using global multimodal fusion (GMF) strategy. Overall

the performance of the model is improved by fusing the image and lidar data to

estimate the 3D bounding box.

– The F-ConvNet model incorporating the spatio-temporal information and the

multimodal data was trained on the customised nuScenes dataset using both im-

age and lidar data. The results show that the mAP values are slightly lower than

the baseline. On the other hand, the mATE, mAOE, mASE and NDS values

showed improvements when spatio-temporal information learnt from the multi-

ple modalities was used for estimating the 3D box parameters. The JMF method

improved the NDS by ∼2%. However, the mATE value obtained using the base-

line model was better than the fusion strategies. The true positive error score

and NDS showed further improvement with the inclusion of the attention mech-

anism. Overall the performance of the model in terms of nuScenes detection

metrics was improved by ∼3% for F-ConvNet with CLSTM and ∼4% for F-

ConvNet with CLSTM and KAM module with both image and lidar data are

fused to estimate the 3D bounding box parameters.

– The resource utilization and computation time analysis of the various models

used in this study showed that the average per-frame computation time is directly

proportional to the number of trainable parameters in the network. The fusion

methods have a higher per-frame computation time than the F-ConvNet, which

increased almost five-fold. However, the inclusion of this complexity also im-

proved the model performance by almost ∼8% with reduced true-positive metric

scores.
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7.2 Research Contributions

The contribution of this research work are listed as follows:

• Recommending a data representation to effectively aid the detection architecture to

learn the spatial features of the object and the temporal information from the sequence

data.

– Analysing the influence of prior localisation of the objects using an off-the-shelf

pre-trained 2D detector while extracting the lidar point cloud features and its

effect on final accuracy in AP (%) on the KITTI dataset.

– Analysing the minimum number of sequenced frames required to effectively ex-

tract the temporal information of the object to propagate into the detector net-

work for understanding the structural variation through lidar point cloud distri-

bution to handle the misalignment problems during the final estimation.

– Analysing the impact of using single sweep over multiple-sweep lidar point

cloud data for training and estimating the 3D bounding box parameters on the

nuScenes dataset.

– Analysing the effect of varying the feature vector length of lidar data represen-

tation on the performance of the detection model on the KITTI and nuScenes

dataset.

• Proposal of optimum attention mechanism configuration to focus on the salient points

of the lidar point cloud distribution within the region proposals representing the object.

• Incorporating spatio-temporal information coupled with attention mechanism into the

3D detection architecture to improve 3D detection accuracy and reduce the true-

positive error metrics.

• Evaluation of fusion strategies to fuse image and lidar data to improve the 3D object

estimations.

• Analysis of the computational and resource complexity while handling multiple

modalities to improve 3D detection accuracy.
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7.3 Future Research

Overall, this thesis has established the importance and utility of multi-modal systems for

refined 3D object detection and proposed a complex pipeline incorporating spatial, temporal

and attention mechanisms to improve specific and general class accuracy demonstrated on

key autonomous driving datasets. Further, the understanding of the structural information

of the object using a lidar point cloud is enhanced by learning the temporal aspect of the

sequenced data. However, the feasibility of applying the proposed framework in the context

of real-world applications in autonomous vehicles can be still considered only for altering

the driver for possible collision detection while driving on the road without the algorithm

taking full control of the steering or vehicle control. Although, for fully autonomous vehicles

where the driver has no control over the steering the proposed framework cannot be applied

presently as this requires optimisation and adaptation to the new sensor information with

higher resolution and perception capabilities.

Figure 7.1: Visualisation of Velodyne’s new VLS-128 LiDAR sensor data captured for an
urban scene, left, has 10 times the resolution of an image from its previous captured sensor

Velodyne’s HDL-64.

The use of a newer sensor will definitely benefit the existing SOTA and proposed frame-

work as the network will be fed with more information for understanding the environment

as shown in Fig. 7.1. The Velodyne’s VLS-128 sensors have 10 times higher resolution and

the ability to process data without using a vehicle’s onboard computer, thus saving compute

power for other vehicle functions compared with the previous model Velodyne HDL-64.

However, training the existing or newer framework on this dataset may not be possible at

the moment as annotation for this new data is not available. This also requires adaptation

of the framework to understand and process rich data as lidar and camera sensor operates
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at different frequencies leading to synchronization problems. Another bottleneck that is ob-

served with the proposed framework is that it is not optimised to be able to use in real-world

applications, which could be an overhead to the processing and memory budget allocated to

the perception system of the autonomous vehicle.

In the current research, the inclusion of an RNN-based convolutional-LSTM module and

attention mechanism module has increased the computation and resource complexity in the

architecture. However, this inclusion has proven the significance of these additional features

extracted from the input data to aid the proposed deep learning-based model to learn the

contextual information within the region proposals passed for estimating the 3D bounding

boxes with a very low objectiveness score (confidence score). The experiments conducted

in this research produced evidence of the following thought process.

• Adopting anchor-free techniques recently proposed in 3DSSD [59], CentrePoint [26],

and CentreNet3D [55] methods within the frustum region of the proposed architecture

for making the pipeline data and class independent.

• Incorporating a feedback mechanism to keep track of objects lost due to occlusion

or detection failure by predicting the location of the target ‘X’ number of frames

ahead [34] to enable spatio-temporal context understanding of the associated objects

and the scene in a complex driving scenario. The feedback mechanism will also assist

the detector module in handling missed detections due to occlusion or regions with

low confidence scores.

• A detector module with a feedback mechanism of missed objects and prior estima-

tion of the object location in future sequences would benefit the current research as

it employed ground truth annotations. Furthermore, using a 2D detector module will

optimise the feature extraction process and improve the model’s overall computation

time as the image features can be shared.

• Exploring other fusion strategies to investigate the effectiveness of multiple modalities

to corroborate during sensor failure.
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