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ABSTRACT

Point-based 3D object detection has been receiving increasing attention as it can

preserve the geometric information of a point cloud and avoid quantization errors

or information loss caused by voxelization or projection. Point sampling plays an

important role in point-based 3D detectors yet has not been thoroughly explored. In

this research, we conduct a comparative analysis of three point sampling strategies

to gain a deep understanding of the effect that each strategy imposes on the final

performance and intermediate stages of the network. We introduce density-aware

sampling and semantic-aware sampling strategies and fit them into the backbone of

a lightweight and effective baseline model, aiming to reduce the density imbalance of

the point cloud and better utilize semantic information. The density-aware strategy

effectively balances the density but the inference time is not applicable for real-time

application. Semantic-aware sampling biased on foreground points achieves a 0.19%

improvement on the baseline. Analysis on statistics and visualization reveals future

research direction. We build our models on MMDetection3D platform and evaluate

the performance on KITTI dataset.
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Chapter 1

Introduction

Computer vision, starting out in the early 1970s, has been benefiting individuals,

industries and our society in a wide range of applications such as medical imaging,

machine inspection, warehouse logistics, self-driving vehicles, etc. [44] Among the

fundamental tasks of computer vision, object detection aims to tell what and where

are meaningful objects located in images and videos, which contributes a lot to other

computer vision tasks, including instance segmentation, image description, object

tracking, etc. [58] According to the latest IEA’s annual Global Electric Vehicle Out-

look [10], more than 10 million electric cars were sold worldwide in 2022 and sales

are expected to grow by another 35% in 2023 to reach 14 million, which will take

18% sharing of the overall car market. Electric vehicle users are quite used to partial

autonomous driving which relieves them from tiring driving. But few people know

that it is the real-time and accurate object detection system that empowers the ve-

hicle brain to understand the surrounding traffic and make decisions accordingly and

promptly.

Object detection on images has been fast evolving in the past two decades. Before

2012, object detection was based on traditional methods that relied on hand-crafted

features and classifiers. Classical detectors include Viola-Jones detector [46], His-

togram of Oriented Gradients (HOG) detector [7], Deformable Par Models (DPM)

detector [13], etc. With the introduction of AlexNet [21] in 2012, object detection

entered a new era, which implements deep learning methods that learn features and

classification from data. Some of the recognized detectors in this period are Region-

based Convolutional Neural Networks (R-CNN) [16], Fast R-CNN [15], Faster R-CNN

[37], You Only Look Once (YOLO) [36], Single Shot MultiBox Detector (SSD) [28],

Mask R-CNN [17], etc. The achievement in object detection has rocketed in both
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academia and industry. Large annotated image datasets boosted the research of

detection models. Two popular datasets are PASCAL Visual Object Classes (VOC)

Challenge [12] and Microsoft Common Objects in Context [27], both of which provide

a standard dataset of images, annotation, and evaluation procedures. The develop-

ment of GPU and parallel computing mechanisms make training and inference of big

models much easier and faster than ever before. In the auto market, Tesla Autopi-

lot claims to offer Full Self-Driving capability, which means the system can perform

lane changing, acceleration, braking and parking tasks according to navigation and

detected surrounding traffic through cameras and radars.

Since the invention of Velodyne’s 64-laser LiDAR and its successful application

in the DARPA Grand Challenge (2007) [38], object detection in the 3D space has

drawn increasing attention and made huge progress. Information acquired by 2D

cameras is affected by illumination, occlusion, and lack of depth. Depth collected

from stereo cameras is inaccurate. Radar can provide the speed and distance of

objects, but not their shape or appearance because of its low resolution [1]. Modern

LiDARs, like Velodyne’s, provide precise and high spatial resolution 3D point cloud

data due to the directivity and energy concentration of the laser. Besides, since

LiDAR actively emits laser and receives the echo, data quality is not hindered by

light condition of the environment [49]. In addition to 3D imaging sensors, large

3D LiDAR datasets act as another strong force that drives 3D object detection to

another level. The earliest and most popular 3D dataset is the KITTI dataset [14]

published by Karlsruhe Institute of Technology and Toyota Technological Institute of

Chicago in 2012. The dataset consists of 7481 training images and 7518 test images

as well as the corresponding point clouds, comprising a total of 80,256 labeled objects

[14]. Since its introduction, over 400 deep learning methods have been trained and

evaluated on KITTI dataset, the latest top model has reached an average precision

of 87.2% on moderate-level Car detection [48]. The nuScenes [2] and Waymo [43]

datasets are later introduced that cover more scenes and provide better annotations.

New evaluation metrics have also been proposed to complement the existing ones.

The performance of 3D object detection has been unprecedentedly progressing with

emerging deep learning technologies validated on the enlarging open datasets.

At the early stage of research on 3D object detection models, researchers natu-

rally thought of applying 2D object detection methods to 3D object detection. The

research in [4, 22] projects point cloud into Bird’s Eye View (BEV) and front view,

after which 2D CNN is implemented to extract feature maps and produce 3D pro-
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posals. A fusion strategy is usually followed to merge the multi-view information.

Partitioning a point cloud into voxels, from which features are extracted is another

stream that the academia has been working on. With different voxelization and rep-

resentation methods, the 2D detection paradigms or 3D convolution can be applied to

generate 3D boxes. In 2017, Qi et al. [34, 35] introduced PointNet and its extension

PointNet++. The latter can capture local and global features of individual points

while considering their relationships in a larger context. The capability of providing

informative point-wise features made PointNet++ a pioneering stone for point-based

3D object detection. Compared to projection-based or voxel-based methods, point-

based methods can better preserve the geometric information of the points and avoid

quantization errors or information loss caused by voxelization or projection [42].

Akin to object detection in images, there are two-stage and single-stage methods

in 3D object detection. For two-stage methods, a region proposal network (RPN)

is designed to produce coarse proposals. Then another module refines the bounding

boxes and class labels in the second stage. A single-stage network, which is also called

a single-shot detector, directly predicts class probabilities and regresses 3D bounding

boxes. Two-stage methods were believed to produce more accurate predictions with

more complicated and deliberately designed architectures. But emerging single-stage

methods present comparable accuracy meanwhile consume fewer resources and run

faster.

3DSSD [52] is the first lightweight and efficient point-based 3D single-stage ob-

ject detection framework. This framework not only gets rid of the refinement stage

but also abandons feature propagation (FP) layers which are applied for upsampling

and broadcasting features to discarded points during downsampling. Although the

network structure is much simpler, the performance of 3DSSD surpasses most state-

of-the-art 3D object detectors on the Kitti dataset.

The simple but effective framework of 3DSSD became representative of the point-

based models. The pipeline mainly consists of several set abstraction layers that

downsample and encode the points with geometric and semantic features, a candi-

date layer that groups points into potential instances, and a prediction head that

produces 3D bounding boxes and class scores. Follow-up researchers try different

strategies in the main components of the framework to achieve better results or apply

the framework to another scenario. Ning et al. [30] replace Farthest Point Sampling

with Density-aware Farthest Point Sampling in order to sample more low-density

points. A Center Density Attention module is proposed to model the relationship
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between center point densities and feature vectors. Wang et al. [47] introduce a

foreground-biased sampling strategy and ray-based feature grouping to learn better

feature representation of the surface geometry of foreground objects. All of the subse-

quent studies are inspiring and show that point sampling strategies play an important

role in the overall performance of a 3D object detection model.

It has been noticed that the point sampling strategies are not necessarily combined

with the following layers in a model. But few researchers explored how different

sampling strategies work in a single framework and whether the network can be more

accurate or faster. This leads us to a question: which strategy is optimal? or which

strategy serves better for certain circumstances? In this research, it is believed that

a deep understanding of point sampling strategies helps researchers to design better

point-based 3D object detection models under specific scenarios. While a strategy

that achieves high detection accuracy within a short time frame is undoubtedly ideal,

there are situations where a fast-running approach, even if it doesn’t rank among

the most accurate methods, can still be suitable for time-sensitive tasks that do not

require top accuracy.

For this study, 3DSSD has been selected as the framework. Another two typical

point sampling strategies are implemented and tested on this framework. For each

strategy, various designs and parameters have been experimented and compared. The

results are discussed in Chapter 4.

A paper [39] of our research has been accepted by the 5th International Conference

on Image, Video Processing and Artificial Intelligence. We list our contributions as

follows:

1. We design the first SA layer with a density-aware sampling strategy in order to

sample a point set with less density nonuniformity. Experiments show that the

calculation of density is time-consuming and adds up more than ten times to

the inference time. The sampling strategy also has the unintended consequence

of introducing a high duplicate sampling rate in the subsequent SA layers which

leads to degraded performance.

2. We append a segmentation head to the SA layers after the first layer to extract

point-wise semantic information. Then use the foreground points as candi-

date points to generate proposals. With a fixed number of sampled points in

each layer, various ratios between foreground and background points have been

explored. A foreground-bias strategy achieves a 0.19% improvement on the
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reproduced 3DSSD baseline.

3. The impacts of each sampling strategy on the intermediate layers have been

showcased and analyzed through visualization and statistics methods, offering

a deep understanding of how sampling strategies affect the performance and

efficiency of the models in terms of both detection accuracy and computational

speed. Future research directions are also proposed.

The rest of the thesis is organized as follows. Chapter 2 reviews the related liter-

ature on 3D object detection algorithms, sensors and open datasets. Considering Li-

DAR’s wide application in 3D object detection, LiDAR-related methods and datasets

are more focused on in this chapter. Chapter 3 introduces the fundamentals of point-

based 3D object detection and the framework of our deep learning model. The design

of backbones for 3 different point-sampling strategies is presented. Chapter 4 presents

the setup and results of the experiments to explore the strategies. Further analysis

and comparison are also included in this chapter. Chapter 5 concludes our findings

and provides future work direction.
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Chapter 2

Literature Review

This chapter presents a comprehensive literature review on 3D object detection, fo-

cusing on three key aspects that have significantly contributed to its progress. We

begin by introducing the sensors applied in 3D object detection in Section 2.1. The

continuous advancements in sensor technology have played a vital role in pushing

the boundaries of 3D object detection towards higher resolution levels, enabling more

accurate and detailed perception of objects in 3D space. Recognized products are

introduced in this section. In section 2.2, we explore three prominent methodologies:

project-based methods, voxel-based methods, and point-based methods. Each ap-

proach is critically analyzed, and prominent research on each approach is introduced.

The last section 2.3 investigates the datasets used for training and evaluating deep

learning models in the field of 3D object detection. These datasets play a crucial role

in shaping the robustness and generalization capability of models.

2.1 3D Object Detection Sensors

Sensors have always been an empowering force for machines and computers to per-

ceive the environment. The achievement of computer vision is closely linked with the

usage of sensors such as cameras, radar, LiDAR, and sonar. 3D object detection,

which adds a third dimension to conventional 2D images, was initially facilitated by

stereo cameras which mimic the way humans perceive depth. However, the required

computational power for the depth is substantial and the estimated depth is of low

accuracy. The addition of a separate depth sensor greatly enhances perception capa-

bilities. This led to the advent of RGB-D sensors, radar, and LiDAR, all of which
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offer ranging capabilities. In this section, we introduce the evolution of these three

sensors and typical products used in this field. Our focus is on 3D object detection

on land so sensors like sonar which are mostly used underwater are not covered.

2.1.1 RGB-D Camera

RGB-D camera is the combination of a conventional color camera (RGB) with a

depth sensor (D)[57]. An infrared projector is used to measure the depth of each

pixel in the image. Based on the depth measurement principle, RGB-D cameras are

divided into two categories: Triangulation-based and Time-of-Flight (ToF)-based.

Triangulation approaches use the image under visible light to interpret the range based

on the location of the pixel and the mirror angles. Two branches of triangulation-

based sensing approaches exist: passive triangulation and active triangulation [11].

In the case of passive systems utilized in consumer-grade applications, stereo vision

systems are commonly employed, requiring a pair of calibrated cameras. In active

triangulation systems, the second camera is replaced by a calibrated light projector,

which projects a specific light pattern to the scene. These active systems are also

referred to as structured light systems. A Time-of-Flight (ToF) system determines the

distance by calculating the round-trip time taken by light to travel to the surface, get

reflected back, and reach the ToF system. This time delay can be directly estimated

by utilizing a high-resolution clock to measure the time interval between the emission

and reception of light pulses (referred to as pulse-based ToF). Alternatively, it can be

indirectly determined by measuring the phase shift of an amplitude-modulated optical

signal (known as phase-based ToF)[11]. Compared to ToF system, triangulation

approaches reach a shorter detection range but offer higher scanning accuracy which

can be used to generate CAD models and help reverse engineering.

Kinect, released by Microsoft in 2010, is the first consumer-grade RGB-D camera

based on the structured light principle. It was originally designed for Xbox 360 as

a motion controller peripheral with which gamers can play a game just with body

movement. In 2013, Microsoft released a second generation of Kinect with improved

tracking capabilities for Xbox One. Phase-based ToF was adapted for this version. In

addition, Kinect for Windows SDK was also introduced for programmers to develop

applications for Windows PCs. Kinect for Xbox One was terminated in 2017, but

Microsoft continued to use Kinect technology in other products and applications such

as computer vision and speech models.
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In 2012, ASUS introduced Xtion, a similar device to Microsoft Kinect with a

smaller size and lower power consumption. Like the first-generation Kinect, it also

used the structured-light principle and had a depth range between 0.8m and 3.5m.

ASUS Xtion was designed for developers to create various applications and games

that use gesture and voice input, such as fitness, dance, sports, education, and enter-

tainment.

Intel introduced its first-generation RGB-D camera RealSense F200 in 2014. This

camera was based on the structured light principle and was mainly used for gesture

recognition and face scanning. Realsense SR300 was an improved version of the F200

that had a higher resolution, frame rate, and accuracy. It was introduced 2 years

after F200. The D400 series came out in 2018 and used two infrared cameras and an

infrared projector to capture depth images. Different from the previous models, they

implemented the active stereo vision principle and were designed for both indoor and

outdoor conditions. In 2019, L515 was introduced and used a laser scanner and a

global shutter sensor for depth measuring. It was based on the ToF principle and

optimized for low power consumption and high accuracy.

Besides the brands mentioned above, Orbbec and Occipital are also key players

in the RGB-D camera market. Table 2.1 [11] shows the commercial RGB-D cameras

and their classification according to the measurement principle.

Like the first generation of Microsoft Kinect, the original applications of RGB-D

cameras were gesture recognition and face scanning. Then the applications expanded

to 3D reconstruction and mapping, 6D pose estimation, augmented reality, virtual

reality, etc. The biggest difference between RGB-D cameras and LiDAR is the sensing

distance range. A typical depth range of an RGB-D camera is 0.4-10m [11], while a

LiDAR can detect objects hundreds of meters away. For autonomous vehicles, the

depth range of RGB-D cameras is not sufficient for high-speed driving or long-distance

sensing.

2.1.2 Radar

Radar is a sensing technology that utilizes radio waves to detect and locate objects

in its vicinity. Traditionally, radar has been widely used for military and aviation

purposes, such as detecting enemy aircrafts, ships, and missiles. Civil applications

include air traffic control, weather forecasting, and navigation [31]. In recent years,

there has been a growing interest in leveraging radar for 3D object detection, partic-
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Measurement principle Commercial RGB-D Cameras

Active stereo vision

Intel RealSense R200
Intel RealSense D400 series
Orbbec Astra Stereo
Occipital Structure Core

Structured-light (temporal encoding)
Intel Realsense F200
Intel Realsense SR300
Intel Realsense SR305

Structured-light (spatial encoding)

Microsoft Kinect I
Asus XTion 2
Orbbec Astra
Occipital Structure

Time-of-flight
Microsoft Kinect II
Microsoft Kinect III
Intel Realsense L515

Table 2.1: Classification of Commercial RGB-D Cameras [11]

ularly in the context of autonomous vehicles and advanced driver-assistance systems

(ADAS).

As one of the world’s leading auto parts manufacturers, BOSCH provides a radar

product line for applications like driver assistance systems, surrounding sensing, and

object detection. LRR4 is a long range radar sensor introduced by BOSCH in 2013.

It can detect objects up to 250 meters ahead and covers an angle of ±18 degrees.

Supported functions include adaptive cruise control, forward collision warning, and

emergency brake assist. In 2016, a mid range radar sensor modeled MRR1plus was

released. Compared to LRR4, MRR1plus has a shorter detection range of 160 meters

but covers a bigger angle of ±45 degrees. it was designed for blind spot detection,

lane change assist, and rear cross-traffic alert. A rear mid range radar sensor was

rolled out in 2018. It can detect objects up to 80 meters behind and covers an angle

of ±150 degrees. SRR3 was revealed in 2019 to complement the product line. It is a

short range radar with a detection range of 30 meters around the vehicle and covers

an angle of ±90 degrees.it supports functions such as parking assist, exit warning,

and pre-crash sensing.

Continental AG is another well-known German company that produces radars.

Its long range products include ARS4-A and ARS4-B. ARS4-A can detect objects

up to 250 meters ahead and covers an angle of ±45 degrees. While ARS4-B is an

upgraded version that can reach objects in 300 meters and covers an angle of ±45
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degrees. ARS4-B has a bandwidth of 1 GHz, offering a higher range resolution than

ARS4-A, the bandwidth of which is 0.5 GHz. SRR520 and SRR600 are Continental’s

surround radar. Both have a detection range of 200 meters. The angle coverage is

±150 degrees and ±175 degrees respectively. The latter offers a higher resolution and

a more powerful processor.

Unlike BOSCH and Continental, Ainstein AI is a U.S. company that focuses

on radar sensing and perception solutions, but the applications are not limited to

automobiles. It also serves aerospace, industry, sports, as well as smart cities. The

company integrates radar sensors with built-in, high performance radar processors

and advanced radar processing algorithms, enabling reliable detection and tracking

of vehicles and pedestrians under inclement conditions. WAYV Air is a product for

industry and IoT applications, it is an indoor, short-range (6 meters) radar sensor

designed for people tracking and occupancy detection. The azimuth and elevation

angle are both 120 degrees. Applications include elder care, people counting, space

utilization, etc. US-D1, LR-D1, LR-D1 pro are designed for aerospace. They offer

different ranges of altitude measurement and precision that can be fit into various

UAV and drone capabilities. O-79 and T-79 serve specialty vehicles. The detection

range of O-79 is 20 meters while T-79 can reach 80 meters. But O-79 is of higher

range resolution (0.2 meters compared to 0.78 meters). They both work well in all

environments and detect both moving and stationary objects.

Arbe Robotics is a NASDAQ listed company that claims to be the world’s 1st

company to demonstrate ultra-high-resolution 4D imaging radar with post-processing

and SLAM. Its competency originated from a holistic integration of patented proces-

sor chipset, long-range perception radar, surround imaging radar, and perception

algorithms. The powerful chipset includes a processor chip that integrates radar pro-

cessing unit (RPU) architecture with embedded radar signal processing algorithms,

a Rx receiver chip, and a Tx transmitter chip. The 350-meter long range radar,

named Phoenix, achieves a range resolution of 7.5 centimeters, an azimuth resolution

of 1 degree, and an elevation resolution of 1.7 degrees. The surround imaging radar,

named Lynx, complements Phoenix radar to deliver a 360-degree view around the

vehicle. Lynx can detect up to 260 meters with a resolution of 10 centimeters. The

azimuth and elevation resolution is 2.5 and 6.4 degrees respectively. AI-powered al-

gorithms identify, classify, and track objects in 360 degrees, creating a full free space

map around the vehicle, as well as an analysis of the evolving hazards sensed by the

radars.
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The number of radar producers is far larger than the above-mentioned four and

is still growing. The increasing number is driven by the high demand from the explo-

sive autonomous vehicle market [8]. Radar has been the default sensor for emergency

braking and adaptive cruise control thanks to its capability of range detection and

velocity estimation at a relatively low cost. Compared to LiDAR and Cameras, radar

works more reliably under low visibility conditions such as snow, rain, dust, and fog.

Progress has been made to implement radar in 3d object detection for autonomous

vehicles or traffic monitoring. But due to the intrinsic measuring principle, the reso-

lution of radar can not reach that of LiDAR, which can create a detailed 3D image

of the environment.

2.1.3 LiDAR

Since the invention of laser in the early 1960s, LiDAR has been developing and applied

to various applications. Wind sensing is one of the earliest applications starting in

the 1960s. Then the military explored the huge potential of light detection and rang-

ing technology. As rangefinders, LiDARs were used for proximity fuses and weapon

guidance. When functioning as an altimeter, LiDAR was used to measure the surface

topography of the moon. From 1979 until 1984, a DARPA program named the Au-

tonomous Terminal Homing (ATH) used coherent LiDAR to navigate cruise missiles

[29]. As mentioned in Chapter 1, All of the DARPA Grand Challenge (2007) finish-

ers used at least one LiDAR on their autonomous vehicles. Since then, commercial

LiDAR has become more prevalent, especially in the application of self-driving cars.

According to industry estimates, around 70 companies worked on LiDAR products

in 2018 [20].

Velodyne Lidar, merged with Ouster in February 2023, is one pioneering and

leading company that produces a wide range of LiDAR products for applications

such as autonomous vehicles, Drone/UAV, mapping, robotics, security, and smart

cities. Puck LiDAR sensor (previously VLP-16), is a classical model on the market

released in 2014. It is a cost-effective surround-view LiDAR sensor that provides rich

computer perception data to enable autonomy and enhance safety. It has a range of

100 meters, a resolution of 0.2 degrees, a field of view of 360 degrees horizontal and

30 degrees vertical, and a data rate of 300,000 points per second. In 2016, the Puck

family expanded to Puck LITE, Puck Hi-Res, and Ultra Puck. The Puck LITE is

the lightest surround-view LiDAR sensor on the market that retains the performance
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and reliability of the original Puck. The Puck Hi-Res provides higher resolution data

in a narrow vertical field of view to enable object identification at longer ranges.

It has a range of 100 meters, a resolution of 0.1 degrees horizontal and 0.3 degrees

vertical. The vertical view decreased to 20 degrees. The Ultra Puck has a range of 200

meters, with other specifications consistent with Puck. Besides Puck family, Velodyne

introduced Alpha Prime in 2019, which is a high-performance surround-view LiDAR

that delivers unrivaled perception for safe and reliable autonomous mobility. It has a

range of 300 meters, a resolution of 0.1 degrees, a field of view of 360 degrees horizontal

and 40 degrees vertical. A solid-state LiDAR Velarray was released in 2017, It has

a range of 200 meters, a resolution of 0.1 degrees horizontal and vertical, a field of

view of 120 degrees horizontal and 16 degrees vertical. Along with hardware product,

Velodyne also developed a software solution named Vella that enhances vehicle safety

by enabling advanced driver assistance systems (ADAS) features such as automatic

emergency braking (AEB), adaptive cruise control (ACC), lane keeping assist (LKA),

blind spot detection (BSD).

Luminar is an autonomous vehicle sensor and software company with the vision

to power every autonomous vehicle by delivering the only LiDAR capable of making

them both safe and ubiquitous. Iris is Luminar’s flagship LiDAR sensor that is

designed for series production and highway autonomy. It has a range of 250 meters,

a resolution of 300 points per square degree, a field of view of 120 degrees horizontal

and 30 degrees vertical, and a data rate of up to 1.5 million points per second.

Luminar offers Sentinel as its full-stack platform for safety and autonomy. It features

Luminar’s lidar, perception software, HD mapping technology, as well as control and

planning software that enables proactive safety and highway autonomy. It accelerates

time-to-market for automakers by providing a ready-to-deploy solution that integrates

Luminar’s hardware and software components.

Valeo is a French multinational company that provides automotive components

and systems for various applications such as lighting, thermal management, com-

fort, and driving assistance. Valeo has developed SCALA®, the first mass-produced

vehicle-grade LiDAR for advanced driver assistance systems (ADAS) and autonomous

driving. The first generation of its LiDAR is SCALA® Gen1, released in 2017. It

is a 4-channel mechanical scanning LiDAR that uses a rotating mirror to steer the

laser beam across the scene. It has a range of 150 meters, a resolution of 0.25 de-

grees horizontal and 3.2 degrees vertical, a field of view of 145 degrees horizontal and

3.2 degrees vertical, and a data rate of 12,800 points per second. SCALA® Gen2
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was introduced in 2020. It is an improved version of SCALA® Gen1 that uses a

dual-axis MEMS mirror to steer the laser beam across the scene. It has a range of

200 meters, a resolution of 0.1 degrees horizontal and vertical, a field of view of 120

degrees horizontal and 16 degrees vertical, and a data rate of up to 1 million points

per second. SCALA® Gen2 has been equiped on Honda Legend and Mercedes-Benz

Class S, which both claimed to reach SAE level 3 automated driving.

AEye was founded in 2013 by Luis Dussan, a leading aerospace designer of tar-

geting systems for fighter jets. He understood self-driving cars would face similar

challenges: the need to see, classify, and respond to an object in real time. So he

gathered an engineering group from NASA, Lockheed, the USAF, and DARPA. The

team created AEye’s patented 4Sight™ LiDAR platform for sensing applications for

automotive, trucking, smart infrastructure, logistics, and rail. In 2020, AEye re-

leased 4Signt A and 4SigntS. 4Sight A provides advanced perception for ADAS and

autonomous driving applications. It has a range of 300 meters, a resolution of 0.1 de-

grees horizontal and vertical, a field of view of 120 degrees horizontal and 45 degrees

vertical. While 4Sight S is a solid-state LiDAR sensor that uses an optical phased

array (OPA) to steer the laser beam across the scene without any moving parts. It

has a shorter range of 200 meters, and the field of view and resolution is the same as

4Sight A. A high-resolution, ultra-long range version named 4Sight M is introduced

in 2021. It can reach a customized range of 1000 meters, with a resolution of 0.1

degrees horizontal and vertical.

A large number of LiDAR producers also have been emerging in China. He-

sai Technology, Robosense, Livox, Neuvition are the outstanding ones that received

sufficient investment and earns a large share of the Chinese market. Technological

innovation, economies of scale, and market competition have been driving LiDAR to

a longer range, higher resolution, wider field of view, faster processing, meanwhile

lower price. In 2016, the Puck LiDAR from Velodyne was over 8000 U.S. dollars,

but in January 2023, Livox published the price of its Mid-360 at 600 U.S. dollars,

less than one-tenth of Puck LiDAR. As pulsed lasers, LiDAR systems often have a

minimum operational range. Objects that are too close to the sensor may not be

detected accurately because the light pulses return too quickly for the sensor to pro-

cess. The present LiDARs on the market can achieve range holes less than 0.5 meters.

The long-range capability, high resolution, and active sensing enable LiDAR to detect

small objects such as pedestrians in the distance even in the evening, which can be

hardly achieved by cameras or radars. The further development of LiDAR along with
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the 3D object detection models will benefit the future of transportation as well as

various 3D sensing applications. Considering the popularity and promising potential

of LiDAR sensors, we carry out the research on a dataset collected by LiDARs.

2.2 Deep Learning Models for 3D Object Detec-

tion

The capability to learn features from data and produce accurate object prediction

makes deep learning models pervasive in computer vision tasks, both in 2D and 3D

space. Compared to object detection from 2D images, 3D object detection poses

unique and substantial challenges, involving complex classification and localization in

3D space. Some methods used in 2D space are migrated to work under 3D scenarios.

While many researchers propose strategies explicitly for 3D tasks. This section in-

vestigates three fundamental branches of methods employed in 3D object detection.

Notably, some models incorporate a fusion of different strategies, even if they are

categorized under one primary branch based on the dominant technique they employ

2.2.1 Projection-based Models

At the early stage of research on 3D object detection, researchers tended to implement

methods that had been proven successful on 2D object detection tasks. To realize this,

projecting point cloud to 2D grids is a normal preprocessing approach. The projection

can be either the bird’s view or a frontal view. Researchers tend to implement a fusion

of the two projection strategies.

Chen, el at. [4] proposed a Multi-View 3D object detection network (MV3D)

that combines LiDAR Bird View, LiDAR Front view and Image (RGB) as input and

predicts the full 3D extent of objects in 3D space. A multi-view encoding scheme

to obtain a compact and effective representation for a sparse 3D point cloud was

implemented first. Then the network is divided into two parts: a 3D Proposal Network

and a Region-based Fusion Network. The 3D proposal network utilizes a bird’s eye

view representation of point cloud to generate highly accurate 3D candidate boxes

through 2D CNN layers. The 3D object proposals can be projected to any view in

3D space. The multi-view fusion network extracts region-wise features by projecting

3D proposals to the feature maps from multiple views. Then region-based fusion

networks combine features from multiple views, jointly classify object proposals, and
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do oriented 3D box regression. The speed of MV3D is too slow (2.8 fps) for practical

applications as it generates proposals for each view and implements a deep fusion

strategy, which both demand a high level of computation.

Ku, el at. [22] introduced an Aggregate View Object Detection (AVOD) network

for autonomous driving scenarios. Both LiDAR point clouds and RGB images have

been used to maximize the performance. RGB images provide a frontal view input,

while point clouds have been projected into a bird’s view. 2D CNN is implemented

to generate feature maps from the two views. A fusion of the two views of feature

maps is implemented and predicts detected objects through fully connected layers.

NMS is utilized to filter out the best ones. The AP of AVOD is 10% higher than

MV3D. Meanwhile, by implementing Feature Pyramid fusion architecture, the net-

work parameters are approximately 16% that of MV3D. The runtime of AVOD is

1/4 of MV3D. However, the fusion here happens at a coarse level, which may bring

significant resolution loss.

Liang, el at. [26] also try to boost the detection performance from both LiDAR

and cameras. They propose a 3D object detector that reasons in bird’s eye view and

fuses image features by learning to project them into BEV space. To achieve this,

an end-to-end learnable architecture that exploits continuous convolutions to fuse

image and LiDAR feature maps at different levels of resolution is introduced. The

proposed continuous fusion layer is capable of encoding dense accurate geometric

relationships between positions under the two modalities. Compared to AVOD, this

method achieves higher 3D AP (Easy+8.95%, Moderate+0.22%, Hard+5.66%) with

shorter inference time (-0.02s) on Kitti Vision Benchmark.

2.2.2 Voxel-based Models

Voxel-based models first transform unstructured raw points into regular voxel grids

with diverse strategies. Early models use 3D fully convolutional networks to extract

features from the grids, which suffer from inefficiency. Then researchers come up with

varying methods to improve the performance and efficiency.

Li, et al. [24] simply encode point clouds into binary voxels. {0, 1} is used

to present whether there is any point observed at the corresponding grid elements.

The input point cloud is discretized into grids of 10cm edge length. Then 3D Fully

Convolutional Network is implemented. 3 convolutional layers down-sample grids

into feature maps. A deconvolutional layer output classification and bounding boxes.
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The downside of this method is the demand of computational resources.

VoxelNet [56], introduced by Apple Inc., implemented a different way of voxeliza-

tion. The size of voxels is pre-defined to 0.4×0.2×0.2 (D×H×W) meters, then a

group of points within each voxel are transformed into a unified feature representa-

tion through the voxel feature encoding (VFE) layer, using PointNet[34]. 3D con-

volution further aggregates local voxel features, transforming the point cloud into a

high-dimensional volumetric representation. Finally, a RPN consumes the volumetric

representation and yields the detection result.

The computational cost of VoxelNet makes it difficult to use for real-time appli-

cations. To address the challenges in 3D convolution-based detections, Yan, el at.

[51] introduced SECOND (Sparsely Embedded Convolutional Detection) which max-

imizes the use of rich 3D information present in point cloud data. Spatially sparse

convolutional networks are introduced for LiDAR-based detection and are used to ex-

tract information from the z-axis before the 3D data are down-sampled to something

akin to 2D image data. In comparison to a dense convolution network, their sparse-

convolution-based detector achieves a factor-of-4 speed enhancement during training

on the KITTI dataset and a factor-of-3 improvement in the speed of inference.

Lang, el at.[23] introduced PointPillars which divides point clouds into vertical

columns (pillars) on x-y plane. PointNet is then utilized to learn the feature repre-

sentation of each pillar. The point cloud is converted to a pseudo-image of size (C, H,

W), where C is the dimension of the feature vectors and H, W indicates the original

pillar positions. The author then implements 2D CNN on the pseudo-image and a

followed SSD detection head detects and regresses 3D boxes. Experimentation shows

that PointPillars outperforms previous encoders with respect to both speed and ac-

curacy by a large margin. On the Kitti test 3D detection benchmark, PointPillars

achieves a mAP of 59.20 at 62 Hz, while SECOND gets a mAP of 56.69 at 20Hz and

VoxelNet only reaches a mAP of 49.05 at 4.4Hz.

Deng, el at. [9] believe that voxel-based methods can offer sufficient detection

accuracy without requiring precise positioning of raw points. To achieve this, they

designed a voxel-based two-stage framework named Voxel R-CNN. The paper pro-

poses a novel voxel RoI pooling layer that extracts features from 3D regions of interest

(RoIs) directly from the voxel features, without converting them to point features.

This layer enables the use of a region proposal network (RPN) and a detection head

that operate on 2D bird-eye-view (BEV) images, which are more efficient and accu-

rate than 3D counterparts. The paper also introduces a 3D backbone network that
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consists of 3D convolutional layers and residual blocks to extract voxel features from

the point cloud. The model outperforms PointPillar, SECOND, and VoxelNet by a

big margin, meanwhile runs at a real-time speed of 25 FPS.

Voxel-based methods demonstrate good detection performance with promising

efficiency, especially with optimized 3D convolution strategies. It still suffers from

quantization loss, but the emerging state-of-the-art voxel-based papers show that

various point-based methods such as PointNet/PointNet++ have been implemented

jointly to complement the deficiency and boost detection accuracy.

2.2.3 Point-based Models

Point-based Detection methods directly process point clouds for 3D object detec-

tion. Much attention has been drawn to point-based detection since the advent of

PointNet[34] and its evolved version PointNet++[35], which output pointwise fea-

tures or features of a group of points for object classification, part segmentation,

instance segmentation, etc. PointNet/PointNet++ does not directly generate 3D ob-

ject proposals, but the informative encoding of the points makes it the basis for a lot

of point-based 3D object detectors. So in this section, PointNet/PointNet++ will be

reviewed first followed by several well-known 3D object detection models.

PointNet was introduced by Charles R. Qi in 2017. The motivation behind this

research is that when reasoning about 3D geometric data, the typical convolutional

architectures require highly regular input data formats. But the point cloud is irreg-

ular and sparse, needing to be transformed into regular 3D voxel grids or collections

of images before being fed into a deep net architecture. This transformation makes

data voluminous, meanwhile introducing quantization artifacts that can obscure nat-

ural invariances of the data. PointNet takes raw point cloud data as input, then

applies input and feature transformation through two symmetric functions and two

following shared multi-layer perceptron. Pointwise features have been obtained after

the feature transformation. Classification or Segmentation then can be carried out

with local and global feature aggregation. The result shows that on tasks like object

classification, part segmentation and semantic segmentation, PointNet obtain on par

or better performance than state of the arts on a standard benchmark. The basic

idea of PointNet is to learn a spatial encoding of each point and then aggregate all

individual point feature to a global point cloud signature. However, PointNet does

not capture local structures induced by the metric space points live in, limiting its
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ability to recognize fine-grained patterns and generalizability to complex scenes.

Charles R. Qi proposed PointNet++ to evolve PointNet later in 2017. Point-

Net++ aims to address two issues: how to generate the partitioning of the point set,

and how to abstract sets of points or local features through a local feature learner.

The two issues are correlated because the partitioning of the point set has to produce

common structures across partitions so that the weights of local feature learners can

be shared. The second issue can be addressed by PointNet. To solve the first issue,

PointNet++ introduces a sampling layer and a grouping layer. Farthest point sam-

pling (FPS) is implemented to choose a subset of points. Compared with random

sampling, it better covers the entire point set given the same number of centroids.

With the sampled centroids, ball query works to find all points that are within a ra-

dius of the query point(centroids). A combination of sampling, grouping and PointNet

make a set abstraction layer, which down-samples the points and abstracts local struc-

ture information into a smaller number of feature vectors. Experimentation shows

that on ModelNet40 shape classification, PointNet++ achieves an accuracy of 91.9%,

compared to 89.2% of PointNet.

PointRCNN [40] is one of the first models that directly generate 3D box propos-

als and detection results from raw point clouds. The network is composed of two

stages: stage-1 for the bottom-up 3D proposal generation and stage-2 for refining

proposals in the canonical coordinates to obtain the final detection results. Instead

of generating proposals from RGB image or projecting point cloud to bird’s view or

voxels as previous methods do, PointRCNN’s stage-1 sub-network directly generates

a small number of high-quality 3D proposals from point cloud in a bottom-up manner

via segmenting the point cloud of the whole scene into foreground points and back-

ground. The stage-2 sub-network transforms the pooled points of each proposal to

canonical coordinates to learn better local spatial features, which is combined with

global semantic features of each point learned in stage-1 for accurate box refinement

and confidence prediction. Testing on the 3D detection benchmark of KITTI dataset

shows that the model outperforms previous state-of-the-art methods by using only

point cloud as input.

In 2019, The author of PointNet/PointNet++ proposed VoteNet [32], another

influential network in 3D object detection. VoteNet is an end-to-end 3D object de-

tection network based on a synergy of deep point set networks and Hough voting. A

major challenge in directly predicting the bounding boxes from scene points is that a

3D object centroid can be far from any surface point thus hard to regress accurately in
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one step. To address the challenge, the author implements Hough voting to generate

new points that lie close to object centers, which are then grouped and aggregated to

generate box proposals. The network is trained and tested on two indoor 3D object

detection datasets: SUN RGB-D [41] and ScanNet [6]. The result is even better than

the prior arts that use both RGB and geometry or even multi-view RGB images.

3DSSD is the first lightweight and efficient point-based 3D single stage object

detection framework [52]. Observing that feature propagation (FP) layers and the

refinement stage consume half of the inference time in point-based methods, the

author proposes a novel sampling strategy based on feature distance, called F-FPS,

which effectively preserves interior points of various instances. Points sampled by

F-FPS are taken as representative points to generate candidate points through the

voting strategy in VoteNet. Features are then extracted from clustered points around

candidate points and fed into an anchor-free regression head to predict 3D bounding

boxes. The evaluation on the KITTI dataset shows that 3DSSD outperforms all state-

of-the-art voxel-based single stage method and achieve comparable performance to

all two stage point-based methods at a much faster inference time.

Ning, el at. [30] notice that 3DSSD concentrated on the imbalance between the

number of foreground and background points, but the nonuniform density has not

been emphasized. The proposed DA-3DSSD replaces Farthest Point Sampling (FPS)

with density-aware points sampling, in order to include the interior points in the

low-density area. Then a center density attention module is added to enhance the

classification ability of the network. The model achieved a comparable result on

KITTI test set on car class.

RBGNet [47] considers previous point-based methods not leveraging the surface

geometry of foreground objects to enhance grouping and 3D box generation. To

address this, it proposes two novel strategies to boost the performance of 3D object

detection by implicitly learning from foreground object features. Firstly, it proposes

the ray-based feature grouping that could learn better feature representation of the

surface geometry of foreground objects. Secondly, it implements a foreground-based

feature extraction module to sample more points on the object surface while keeping

the coverage rate for the whole scene. The network is evaluated on SUN RGB-D and

ScanNet, achieving state-of-the-art performance.

IA-SSD [54] aims to improve the efficiency of point-based 3D object detection.

It emphasizes the importance of foreground points for object detectors and exploits

two learnable, task-oriented, instance-aware downsampling strategies to hierarchically
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select the foreground points belonging to objects of interest. A contextual centroid

perception module is also proposed to further estimate precise instance centers. The

average precision of the network on KITTI benchmark is higher than 3DSSD but the

speed is nearly 4 times faster.

Previous research shows that farthest point sampling based on Euclidean dis-

tance, farthest point sampling based on feature distance, density-based sampling,

and semantic-based sampling are common sampling methods used in point-based 3D

object detection. But how different sampling strategies work in a single framework

and whether the network can be more accurate or faster is not obvious or deeply

explored. An enhanced understanding of point sampling strategies helps researchers

to design better point-based 3D object detection models under specific scenarios.

2.3 3D Object Detection Datasets

All the state-of-art 3D object detection algorithms nowadays are deep learning models

that require a substantial amount of labeled training data to learn and generalize

patterns effectively. Datasets provide the foundation for training these models by

providing large-scale labeled examples. The following subsections introduce several

widely used indoor and outdoor datasets that have served the 3D scene understanding

and pattern recognition. Besides offering 3D bounding boxes and class labels for 3D

object detection, these datasets also provide annotations for tasks such as surface

reconstruction, semantic segmentation, odometry, 3D object tracking, etc.

2.3.1 SUN RGB-D Dataset

SUN RGB-D dataset is an indoor dataset introduced by Song, et al. [41] from Prince-

ton University. The introduction was in 2015 and motivated by the strong demand

for large-scale RGB-D data which not only offer annotation and evaluation metrics in

2D image domain but also in 3D space. The dataset contains 10,225 RGB-D images

with dense annotations in both 2D and 3D, including objects and room layout. The

objects are annotated with 146,617 2D polygons and 64,595 3D bouning boxes, 3D

polygons are offered to label the room layout. There are 47 scene categories and

approximately 800 object categories in total for SUN RGB-D dataset.
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2.3.2 ScanNet

ScanNet [6] is another popular indoor dataset initially introduced in 2017. It provides

much more scenes and images than previous datasets. 1513 scenes were scanned in

707 distinct spaces, providing 2.5M images annotated with 3D camera poses, sur-

face reconstructions, and semantic segmentation. CAD model placements are also

provided for a subset of the scans. In 2018, ScanNet v2 was presented with new

semantic label and instance annotations. For all 1513 original scans, the updated

annotations cover approximately 90% of the surface versus the previous 63%. Some

segments annotated as ”remove” no more exist as the meshes are more deliberately

reconstructed.

2.3.3 The KITTI Dataset

The KITTI dataset [14] is one of the most widely used datasets for 3D object detection

in autonomous driving. It was introduced in 2012 by Andreas Geiger et al., provid-

ing high-resolution RGB images and 3D point cloud data captured from a Velodyne

LiDAR sensor, along with ground truth annotations for several object classes such as

cars, pedestrians, and cyclists. There are 7481 images/point clouds for training, and

7518 images/point clouds for testing. KITTI offers annotations for different tasks,

including object detection, tracking, and road segmentation, making it suitable for

multiple research focus. Besides the labeled data, KITTI also provides the evaluation

metric for performance comparison. For 3D object detection task, the evaluation

metric is the average precision (AP) based on the 3D bounding box overlap ratio

between the predicted and ground truth objects. The AP is computed for different

classes (car, pedestrian, cyclist) and different difficulty levels (easy, moderate, hard)

based on the object size, occlusion level, and truncation level. The AP is also com-

puted for different IoU thresholds (0.7 for car and 0.5 for pedestrian and cyclist) to

measure the localization accuracy. There are also metrics for visual odometry and

object tracking tasks.

2.3.4 The ApolloScape Dataset

ApolloScape [19] was introduced by Baidu Inc. in 2018 for autonomous driving.

Compared with the previous datasets, it offers a larger diversity of scenarios by

collecting data from multiple cities, traffic conditions, and daytimes. The dataset
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provides stereo driving videos (100+ hours), videos at the same site under different

day times (morning, noon, night), dense per-pixel per-frame semantic labeling (35

classes, 144K+ images), semantic 2D segmentation (8 classes, 90K+ images), and

2D car key points and 3D car instance labeling (70K cars). The supported tasks

include 3D LiDAR object detection and tracking, scene paring, lane segmentation,

self-localization, trajectory prediction, etc. The dataset is mainly used by Chinese

institutions.

2.3.5 The nuScenes Dataset

The nuScenes dataset [3] is a large-scale dataset designed for autonomous driving

research. It contains a diverse collection of sensor data, including high-resolution

camera images, LiDAR point clouds, radar data, and ego-motion information. The

dataset covers various urban driving scenarios captured in different cities, offering

a wide range of environmental conditions and traffic scenarios. nuScenes provides

detailed annotations for object detection, tracking, and motion forecasting, including

3D bounding boxes, semantic segmentation, and instance segmentation. It includes

various object classes like vehicles, pedestrians, bicycles, and more. The dataset

also includes information about drivable areas, lanes, and traffic signs. nuScenes is

notable for its comprehensive nature, large-scale data size, and extensive annotation

information, making it suitable for various perception tasks and advanced research in

autonomous driving.

2.3.6 The Waymo Open Dataset

The Waymo Open Dataset [43] is one of the largest datasets for machine perception

and autonomous driving introduced in 2019. It provides two subsets: the perception

dataset with high-resolution sensor data and labels for 2,030 segments; and the mo-

tion dataset with object trajectories and corresponding 3D maps for 103,354 segments.

The perception dataset offers bounding box labels, 2D video panoptic segmentation

labels, key point labels, 3D semantic segmentation labels, and association between

2D and 3D bounding boxes. As for bounding box labels, 4 object classes - vehicles,

pedestrians, cyclists, and signs - are provided. All 12.6M 3D bounding boxes are as-

sociated with tracking IDs on lidar data. The data was collected by multiple sensors,

including 1 mid-range LiDAR, 4 short-range LiDAR, and 5 cameras (front and sides).

Since the introduction, over 120 3D object detection models have been trained and
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evaluated on Waymo perception dataset.

Among all the datasets reviewed above, the KITTI dataset is the earliest and

most widely used. The high-quality annotation and globally recognized evaluation

protocols make it still work as the training and evaluating dataset for the latest SOTA

algorithms. The subsequent datasets offer a wider variety of scenarios, annotations

or applications. This research is focused on 3D objection detection, and the baseline

model is trained and tested on KITTI dataset, so the KITTI dataset is chosen as the

test bed for the comparison of different sampling strategies in this research.
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Chapter 3

Methodology

Point-based methods in 3D object detection have made considerable progress since the

advent of PointNet/PointNet++, which directly encode raw points into informative

features for a range of recognition tasks. High detection accuracy has been achieved

by the emerging point-based methods. But the computation on point-wise feature

is quite demanding since the order of magnitude of points in the point cloud is tens

of thousands, which can be a bottle neck for models to achieve real-time efficiency.

To lighten the computation load, most point-based models implement downsampling

to reduce the point number meanwhile maintain the accuracy. This research adopts

a simple uniform framework and investigates how different point sampling strategies

can influence the detection results and how much resource is needed for each specific

strategy.

First, we noticed that besides farthest point sampling which is adopted by Point-

Net++, there exist other strategies influencing the detection result. We decide that

the density imbalance of point distribution and semantic information of point-wise

features are the most worth exploring.

We adopt 3DSSD [52] as the baseline and framework to compare and explore the

researched sampling strategies.

Inspired by Ning, el at. [30], we calculate a normalized point-wise density based

on the number of points around each point. Then we impose the density-aware factor

derived from point-wise density to the calculation of point distance during the farthest

point sampling. The distribution of sampled points is supposed to be controlled by

the weight of the density-aware factor.

We design a prediction head in set abstraction layers to utilize the segmentation

capability of PointNet and distinguish foreground points from background points.
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Then sample the points from foreground and background points respectively for the

subsequent layers of the model framework.

We explore different values of parameters that influence each strategy and train

multiple models corresponding to each setting. The performance of each trained

model is evaluated on KITTI evaluation metric for comparison. The inference times

are also recorded.

To better understand how different sampling strategies work, we introduce statis-

tics such as bounding box recall ratio, positive points capture rate, unique point

ratio and voting effect ratio. We also visualize the point distribution of each layer to

showcase how it is influenced by different strategies or settings.

This chapter reviews the theoretical background and describes how our study was

conducted.

3.1 A Groundwork for Point-based 3D Object De-

tection

PointNet/PointNet++ laid a solid base for the point-based 3D object detection.

PointNet designs a simple but effective architecture to produce point-wise and global

features for a point cloud, then PointNet++ implements partitioning and group-

ing strategies to capture features of local structure, and progressively enlarge the

receptive fields with a layered design that functions like a CNN. The informative

features learned from PointNet++ enable direct 3D object detection proposals [40]

[32] [52] [30] [47] [54], or work in combination with other methods [56] [51] [23] [9].

In traditional image processing, features are typically hand-crafted based on domain

knowledge, common examples include edges, corners, texture descriptors (like SIFT,

HOG), and color histograms. They are explicitly programmed and often linear or

simple non-linear transformations of the raw data. However in deep learning mod-

els like PointNet, features are learned automatically from data using deep learning

neural networks. They often represent more abstract and complex patterns com-

pared to traditional features and are obtained through multiple layers of non-linear

transformation. Features learned from deep learning models are higher-dimensional,

capturing a broader range of data characteristics.

It is worth reviewing the design and theoretical base of these two deep learning

networks for point-based 3D object detection.
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3.1.1 PointNet

Point cloud data is sparse, unordered, unstructured, and non-uniform. Transforming

such data to regular 3D grids or collections of images causes information loss and

asks for computation resources. To consume raw point cloud without voxelization or

projection, and carry out a number of 3D recognition tasks, a deep learning model

need to be invariant to input permutation and certain geometric transformations.

PointNet addresses these challenges with a simple and unified architecture. The

proposed architecture is shown in Figure 3.1 [34].

Figure 3.1: PointNet Architecture (Original diagram used under author’s permission)
[34]

The classification network takes n points as input. A point cloud is represented as

a set of 3D points {Pi | I = 1, ..., n}, where each point Pi is a vector of its coordinate

(x, y, z) plus extra feature channels such as reflection received by LiDAR. In PointNet,

the (x, y, z) coordinate is used as 3 input channels. Input transformation and feature

transformation are applied to make the point set invariant to possible geometric

transformation. The learned point-wise features are aggregated by max pooling to

form a global feature that is invariant to input permutation. A classification score

for k classes of an object in the point cloud can be output by a 3-layer MLP which

takes in the global feature.

The segmentation network is an addition to the classification network, outputting

poise-wise scores for m categories. Point-wise features with 64 channels in the classi-

fication network are concatenated with the 1024-channel global feature. After going

through several shared MLPs, the per-point scores are predicted.

A mini-network (T-Net in Figure 3.1) predicts an affine transformation matrix.
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By applying matrix multiplication on the affine transformation matrix, the input

points and features become invariant to possible geometric transformation. The mini-

network is composed of basic modules of point independent feature extraction, max

pooling, and fully connected layers, resembling the big network of PointNet.

PointNet achieved state-of-the-art classification results on ModelNet40 [50] and

segmentation results on ShapeNet part dataset [53]. Besides, the network is robust

to various kinds of input corruption. Experiments show that even 50% points are

missing, the accuracy only drops by 2.4% and 3.8% when using furthest and random

input sampling respectively. As to outliers, the network has more than 80% accuracy

even when 20% of the points are outliers.

PointNet learns a spatial encoding of each point and then aggregates all individual

point features to a global point cloud signature. The design does not capture the local

structure induced by the metric. However, the success of convolutional architectures

has proven that the capability of learning the feature of local structures is important.

A layered feature representation of local structures progressively increases the recep-

tive field, leading to a hierarchical resolution for the success of various recognition

tasks.

3.1.2 PointNet++

PointNet++ tries to realize the hierarchical feature representation of a point cloud

by addressing two issues: how to generate the partitioning of the point set and how

to abstract sets of points or local features through a local feature learner. Obviously,

PointNet is an ideal feature learner for the second issue. So the remaining task is to

generate overlapping partitioning of a point set. An intuitive solution is to select a set

of centroids evenly from the point set, then group the points in a radius surrounding

the centroids into clusters for further feature learning. Classification or segmentation

is followed and carried out on the learned features. The architecture of PointNet++

is shown in Figure 3.2. The architecture mainly includes three parts: Hierarchical

feature learning, Segmentation and Classification. Hierarchical feature learning

will be focused here since it is the core of the network, the following applications are

not limited to segmentation or classification.
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Figure 3.2: PointNet++ Architecture (Original diagram used under author’s permis-
sion) [35]

Hierarchical Point Set Feature Learning

The hierarchical structure is composed of several set abstraction layers. At each

level, a set of points is processed and abstracted to produce a new set with fewer

elements. The set abstraction level is made of three key layers: Sampling layer,

Grouping layer and PointNet layer. The Sampling layer selects a set of points

from input points, which defines the centroids of local regions. Grouping layer then

constructs local region sets by finding “neighboring” points around the centroids.

PointNet layer uses a mini-PointNet to encode local region patterns into feature

vectors.

Each set abstraction level takes an N × (d + C) matrix as input that is from N

points with d-dim coordinates and C-dim point feature. It outputs an N ′ × (d+ C ′)

matrix of N ′ subsampled points with d-dim coordinates and new C ′-dim feature

vectors summarizing local context. The following paragraphs elaborate on the three

layers of a set abstraction level.

Sampling layer Farthest point sampling (FPS) strategy is implemented to choose

a subset of points {xi1 , xi2 , ..., xim} from the input points {x1, x2, ..., xn}, such that

xij is the most distant point from the set {xi1 , xi2 , ..., xij−1
} with regard to the rest

points. Random sampling is an alternative, but the coverage of the entire point set

is not as good as FPS given the same number of centroids.
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Grouping layer The input to this layer is a point set of size N × (d+C) and the

coordinates of a set of centroids of size N ′×d. The output are groups of point sets of

size N ′ ×K × (d+ C), where each group corresponds to a local region and K is the

number of points in the neighborhood of centroid points. Ball query is implemented

to find all points that are within a radius to the query point (K is set as the upper

limit).

PointNet layer In this layer, the input are N ′ local regions of points with data

size N ′ × K × (d + C). Each local region in the output is abstracted by its cen-

troid and local feature that encodes the centroid’s neighborhood. Output data size

is N ′ × (d + C). The coordinates of points in a local region are first translated into

a local frame relative to the centroid point: x
(j)
i = xj

i − x̂j for i = 1, 2, ..., K and

j = 1, 2, ..., d where x̂ is the coordinate of the centroid. By using relative coordinates

together with point features we can capture point-to-point relations in the local region.

The architecture of PointNet++ introduced above implements a single-scale group-

ing strategy. This design limits the generalization of the model between point sets

with various sparsity. A model trained for sparse point cloud may not recognize

fine-grained local structures. To make models adaptive to non-uniformity situations.

PointNet++ introduces two grouping strategies: multi-scale grouping (MSG) and

multi-resolution grouping.

MSG simply applies grouping layers with different scales (i.e. different radii)

followed by according PointNets to extract features of each scale. Features at different

scales are concatenated to form a multi-scale feature, as shown in Figure 3.3 (a).

This method is computationally expensive since it runs local PointNet at large scale

neighborhoods for every centroid point.

As shown in Figure 3.3 (b), MRG obtains features of a certain region with dif-

ferent resolutions. Features of a region at some level Li is a concatenation of two

vectors. One vector (left in the figure) is obtained by summarizing the features at

each subregion from the lower level Li−1 using the set abstraction level. The other

vector (right) is the feature that is obtained by directly processing all raw points in

the local region using a single PointNet.

Table 3.1 shows the classification accuracy of PointNet++ with previous state-of-

the-art methods.
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Figure 3.3: (a) Multi-scale grouping (MSG); (b) Multi-resolution grouping (MRG).
[35]

Method Input Accuracy(%)
Subvolume voxel 89.2
MVCNN image 90.1
PointNet point cloud 89.2
PointNet++ point cloud 91.9

Table 3.1: Classification Result on ModelNet40 [35]

3.2 Proposed Model Architecture

We adopt the framework of 3DSSD [52] as the test bed of different sampling strate-

gies. The framework can be divided into three components: Backbone, Candidate

Generation Layer, and Prediction Head, as shown in Figure 3.4. The backbone

mainly takes in raw point cloud data, processes the points through several set abstrac-

tion (SA) layers and outputs downsampled points plus learned point features encoding

valuable information. This is where we investigate different point sampling strategies.

The candidate generation layer deals with downsampled points and groups them into

different clusters as instance candidates. The prediction head generates 3D bounding

boxes and categories sores for each candidate. In this section, the detailed design of

each component is elaborated. The loss function corresponding to the network design

is covered following the subsection of prediction head.

3.2.1 Backbone Design

The backbone consists of several set abstraction layers (SA) that progressively down-

sample and encode points into implicit feature vectors, as shown in Figure 3.4. In
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Figure 3.4: The framework of test bed model

each SA layer, the input points plus features sequentially go through a downsampling

layer, grouping layer, and PointNet layer. Different sampling strategies have been

proposed by researchers to downsample points in various models. In this research,

we first introduce the 3 sampling strategies from the original source, then design the

backbones based on the strategies.

D-FPS and F-FPS

The authors of 3DSSD observed that points sampled by the furthest points sampling

based on 3D Euclidean space (D-FPS) are mostly background points, some instances

with few interior points tend to be missed during downsampling. To keep the interior

points of various instances, the furthest point sampling based on feature distance

(F-FPS) is proposed.

Given a point set P = {pi|i = 1, 2, ..., n}, pi = (xi, yi, zi), where (xi, yi, zi) rep-

resents the coordinate of a point pi in the geometric space. The Euclidean distance

between two points can be mathematically annotated in Equation 3.1.

euclidean dist(pi, pj) =
√

(xi − xj)2 + (yi − yj)2 + (zi − zj)2 (3.1)

Suppose fi = (vi1, v
i
2, ..., v

i
c) is the feature vector assciated with point pi, where c is

the dimension of the vector fi. Then feature distance can be annotated in Equation

3.2.

feature dist(pi, pj) =

√
(xi − xj)2 + (yi − yj)2 + (zi − zj)2 + (vi1 − vj1)

2 + ...+ (vic − vjc)2

(3.2)

The implementation of furthest point sampling can be carried out with Equation
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3.3. If N points are to be sampled from the point set P , then the following equation

should be applied N times iteratively with updated sampled set S and unsampled

set U . The distance criterion adopted will decide whether D-FPS or F-FPS sampling

strategy is utilized.

s = argmax
ps∈U

(
min
ps∈S

dist(pu, ps)

)
(3.3)

where

s is the point to be sampled from the unsampled set U ,

S is the set of sampled points,

U is the set of unsampled points,

pu is an unsampled point that is being considered for selection,

ps is a point in the sampled set S.

dist(pu, ps) is the distance calculation criterion between two points, the metric can

be euclidean dist(pu, ps) or feature dist(pu, ps).

The above equations indicate that F-FPS demands more computation during the

feature distance calculation. But as the learned feature from PointNet reserves im-

plicit semantic information, which is distinct between different objects, the F-FPS

keeps a high percentage of positive points. Experiments show that even downsam-

pled from over 100,000 to 512 points, a point cloud can still preserve 68.4% of the

positive points through F-FPS [52]. A large number of positive points helps the local-

ization of bounding boxes, but the negative points, i.e. background points, contribute

to the classification of the instances. So a balanced number between positive and neg-

ative points would benefit object detection most. 3DSSD adopts a fusion sampling

strategy that uses both D-FPS and F-FPS in designated layers for the best accuracy.

Figure 3.5 shows the design of the backbone from 3DSSD.

The backbone in Figure 3.5 consists of 3 SA layers downsampling the point cloud

from the original 16384 points to 4096, 1024, and finally 512. The first SA layer only

applies D-FPS to evenly downsample the input points and a multi-scale grouping

strategy to learn the features. The reason for utilizing D-FPS only in the first SA

layer is that there is no learned feature for F-FPS before a first SA layer is employed.

The following SA2 and SA3 layers implement a fusion sampling that samples the same

number of points from D-FPS and F-FPS. For the last SA layer, i.e. SA3, the points

sampled by D-FPS and F-FPS are kept separate for the candidate generation layer.
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In every SA layer, multi-scale grouping is used to obtain features of local structures in

3 different scales, which are decided by the radii of ball query for grouping. The radii

used for each SA layer are marked with ri, i = {1, 2, 3} in the figure. ci, i = {1, 2, 3}
corresponding to ri represents the number of channels of multi-layer perceptron for

local feature extraction of points in radius ri. The output of the backbone network is

512 points encoded with 256-channel features. Half of the points are sampled through

D-FPS, and the other half through F-FPS.

Figure 3.5: The backbone based on D-FPS and F-FPS

Density-aware Sampling

As the laser beams diverge over the distance, objects located far from the LiDAR

return fewer points than those located closer. This means points in the distance of

a point cloud are of low density. If few internal points are reserved after sampling,

the objects are hard or impossible to be detected. Several researchers [30, 25, 18]

proposed different strategies to deal with the density non-uniformity. Among them,

Ning, et al. [30] introduced a density-aware sampling strategy that tries to keep more

low-density points in the sampling process. In this research, we fit this sampling

strategy into our framework to see how it works.

The number of points within a fixed distance around a point is used to describe

the density of the point, i.e., the number of points in a specific radius of the point.

However, for a point cloud, the number of points within a radius can range from a
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thousand to only one, which leads to numerical instability and imbalanced feature

importance in deep learning. In this case, normalization will be a solution. Suppose

the point set of a point cloud is P = {pi|i = 1, 2, ..., N}. A normalized calculation of

the density of pi is shown in Equation 3.4.

dpi =

min(ctpi , ctmax)− min
pj∈P

ctpj

min(ctmax,max
pj∈P

ctpj)− min
pj∈P

ctpj
(3.4)

where

ctpi is the number of points within a radius of point pi,

ctmax is the limitation number of maximum points number.

With the calculation of point density, the next step is associating the sampling

strategy with the density information to reserve more points in the sparse region of

a point cloud. Inspired by [55], a density aware factor kpi =
(

1
dpi

)λ

is introduced. λ

is used to balance the influence of the density. As a hyperparameter, the effect of λ

imposed on the sampling will be explored in the experiment section. The coordinates

of point pi in Equation 3.1 are multiplied by corresponding kpi to formulate the new

equation to calculate the density aware distance between two points, which is shown

in Equation 3.5.

density dist(pi, pj) =
√
(kpixi − kpjxj)2 + (kpiyi − kpjyj)

2 + (kpizi − kpjzj)
2 (3.5)

From Equation 3.5 and the definition of kpi , a low-density point pi has a big value of

kpi , which upscales the density aware distance between two points. By implementing

the furthest point sampling on the density aware distance, a point with low density

will have more chances to be sampled compared to that based on Euclidean distance.

So instances in the sparse distance have a greater likelihood to reserve their internal

points. We call this sampling strategy Density Aware Furthest Point Sampling (DA-

FPS).

The proposed backbone that implements DA-FPS sampling is shown in Figure

3.6. Compared to the backbone applying D-FPS and F-FPS, we replace D-FPS with

DA-FPS in the first SA layer. The idea behind this strategy is that we consider the

sampled points would tend to be uniformly distributed after applying DA-FPS in the

first SA layer, so the need for implementing DA-FPS in the following SA layers is
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weak based on this assumption. Another reason is that calculating the density for

every point in a point cloud is time-consuming, which at least doubles the time of

inference. More details about how the hyperparameter and network design influence

the accuracy and efficiency will be discussed in the experiment chapter.

Figure 3.6: The backbone based on DA-FPS

Semantic-aware Sampling

Foreground points obviously contain rich information on predicting the object’s lo-

cation, dimension and orientation. Through F-FPS, a lot of foreground points are

sampled and demonstrate the capability to boost detection accuracy. Since the SA

layers can encode informative features of every downsampled point for classification

and semantic segmentation. A question naturally comes out? why not design a sam-

pling strategy based on the semantic prediction of whether a point is a foreground

point or a background point? Wang, et al. [47] introduce a segmentation head to

score every downsampled point to be a foreground point or not after the first SA layer.

Zhang, el at. [54] propose extra branches on the backbone to estimate the semantic

categories of each point, i.e., predict the class of each point. We adopt the idea of

the simpler one from Wang and design a backbone network with a semantic-aware

sampling strategy, as shown in Figure 3.7.

After an SA layer that implements multi-scale PointNet++, the point cloud is

downsampled to a point set with 4096 points encoded with 128-channel features. The
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Figure 3.7: The backbone based on semantic-aware sampling

downsampled point set can be denoted as D = {di|i = 1, 2, ..., Nd}, di = (xi, yi, zi)

with the features denoted as fi = (vi1, v
i
2, ...v

i
c). After the first SA layer, the point

set D has Nd = 4096, c = 128. In SA2 where the first semantic-aware sampling is

implemented. We first apply a segmentation head F seg that consists of 3 MLP layers.

F seg can be represented by Equation 3.6. Based on the segmentation score {εi|i =
1, 2, ..., Nd}, top K points are selected as the foreground point set D(f) = {d(f)j |j =

1, 2, ..., K}, the rest are the background point set D(b) = {d(b)j |j = 1, 2, ..., Nd −K}.
So far the points entering the SA2 layer have been segmented into foreground points

and background points. We implement furthest point sampling on the foreground

and background points separately, then combine them into one set for the input of

the next SA layer. The process can be denoted as Equation 3.7.

εi = F seg(di, fi) ∈ [0, 1] (3.6)

where

εi is the segmentation score of point di in range [0,1].

D(f̂) = FPS(D(f)), D(b̂) = FPS(D(b)), S = D(f̂) ⊕D(b̂) (3.7)

where

D(f̂) = {d(f̂)j |j = 1, 2, ..., NF
l }, NF

l is the sample number of foreground points in
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the lth layer,

D(b̂) = {d(b̂)j |j = 1, 2, ..., NB
l }, NB

l is the sample number of background points in

the lth layer,

S is the final sampled point set.

In our research, we try different ratios of foreground and background points and

compare the results. The foreground points will be treated as seed points at the

candidate generation layer to generate instance clusters for detection proposals. While

the kept background points are utilized at later stages for offering complementary

information for tasks like classification.

3.2.2 Candidate Generation Layer

The candidate generation layer is the key to making the 3D object detection model

anchor-free through a novel clustering operation. The gathered points in every cluster

tend to form an object instance in the point cloud and the associated features of

the points functionally generate object proposals through aggregation. The novel

clustering is based on a point shifting layer that implements Deep Hough Voting [32]

to generate virtual points shifted to the instance centers from the seed points.

Figure 3.8 shows the architecture of candidate generation layer. In the archi-

tecture, Deep Hough Voting is in essence a shared MLP network that shifts the

seed points into voted points. Given a set of seed points {si|i = 1, 2, ...,M}, where
si = [di; fi] with di ∈ R3 and fi ∈ RC (As denoted in Subsection 3.2.1), the MLP

takes in seed feature fi and outputs the offset △di ∈ R3 in Euclidean space and a

feature offset △fi ∈ RC . So the voted points vi = [ci; gi] can be generated from the

calculation that ci = di + △di and gi = fi + △fi. The predicted △di is the offset

of point di from the center of its belonged instance and is supervised by a regression

loss shown in Equation 3.24 (Described in detail in Subsection 3.2.4). The addition

of di and △di results in the voted ci which is located closer to the instance center.

Unlike the seed points that are semantic-agnostic in VoteNet [32], seed points

from our designed backbones are prone to be foreground points that are located on

the surface of the objects. These seed points are treated as initial center points

and fed into vote layers to be shifted closer to the object centers. Points closer to

object centers tend to get more accurate bounding boxes. So the shifted point set

C = {ci|i = 1, 2, ...,M} are candidate points that act as the centroids for the grouping
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Figure 3.8: Candidate Generation Layer

layer. The union of seed points Pseed = {si|i = 1, 2, ...,M} and non-seed points

Pnon−seed = {ni|i = 1, 2, ..., L} forms the input point set of candidate generation layer

P = Pseed ⊕ Pnon−seed. The grouping layer group point set P around the candidate

point set C within a radius r. M clusters are formed by finding neighboring points

to every cm’s 3D location: Cm = {p(m)
i | ∥ pi − cm ∥≤ r} for m = 1, 2, ...,M . The next

step is to aggregate the features of each cluster for the proposal and classification.

A shared PointNet is used to aggregate the points in each cluster. Given a cluster

Cm = {p(m)
i |i = 1, 2, ..., n} and its cluster center cm. To exploit the local geometry

of points in each cluster, points are transformed into a local normalized coordinate

system by p
(m)′

i = (p
(m)
i − cm)/r with i = 1, 2, ..., n. For cluster Cm, normalized

coordinates {p(m)′

i |i = 1, 2, ..., n} and features {f (m)
i |i = 1, 2, ..., n} are concatenated

and fed into a PointNet-like module to realized aggregation then prediction, as shown

in Equation 3.8.

P(Cm) = MLP2

{
max

i=1,...,n

{
MLP1([p

(m)′

i ; f
(m)
i ])

}}
(3.8)

The PointNet-like module first extracts point-wise features through MLP1, then

the channel-wise max-pooling flattens all the features into a single feature vector.

MLP2 takes the single feature vector to generate a proposal for the corresponding

cluster. The prediction head is included in MLP2 and is discussed in the next sub-

section.

3.2.3 Prediction Head

For 3D object detection, the expected proposal form is the center, dimension and

yaw of the bounding boxes of the detected objects, along with the class labels. In the

sequence as mentioned, a bounding box is denoted as (cx, cy, cz, h, w, l, θ). A predic-
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tion head is a module designed to predict the bounding box and category information

directly or indirectly. The design of the prediction head in our research is shown in

Figure 3.9. Each candidate point plus the aggregated features goes through shared

MLPs then two prediction branches, classification and regression, to generate a pro-

posal. The classification branch is to predict the class label of the proposal. The

regression branch predicts centroid offsets, dimension and yaw (or heading) of the

bounding box.

The candidate generation layer selected and voted out the candidate points which

are potential centroids of the objects. To utilize this geometric prior information,

the prediction head predicts the distance between each candidate point and its cor-

responding object, denoted as △d = (△x,△y,△z). So a predicted centroid can be

acquired by Equation 3.9.

(cx, cy, cz) = (c(can)x +△x, c(can)y +△y, c(can)z +△z) (3.9)

where

(c
(can)
x , c

(can)
y , c

(can)
z ) is the coordinate of a candidate point,

△d = (△x,△y,△z) is the offset directly predicted by the prediction head.

The dimensions of the bounding boxes (h,w, l) are predicted directly by the re-

gression head.

For the yaw prediction, there is no prior orientation, we implement a hybrid

of classification and regression formulations following [33]. The strategy is to split

the direction range of yaw [0, 2π] into NH equal bins, so the angle of each bin is

∠Bin = 2π
NH

. The final yaw is achieved by finding the bin in which the yaw is located

and the residual angle. Suppose the angle of a yaw is ∠H, then shift the ∠H to an

angle of ∠Bin
2

to ensure the class boundaries are at the midpoint between two class

centers, getting ∠Hshifted = (∠H + ∠Bin
2

)%2π. The class and residual of an angle can

be decided through Equation 3.10and Equation 3.11.

angle cls = ⌊∠Hshifted/∠Bin⌋ (3.10)

angle res = ∠Hshifted − (angle cls× ∠Bin+
∠Bin

2
) (3.11)

For each candidate point, NH pairs of numbers are regressed, which are the
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Figure 3.9: Prediction Head Design

probabilities that yaw falls into the bins and the associated residuals. The bin with

the largest probability is picked as the angle cls and the associated angle res is used

to reversely calculate ∠H for the bounding box.

The classification head predicts the confidence score for each class. The head

number is the number of categories to be classified. The class with the highest

confidence score is picked during inference.

3.2.4 Loss Function

A novel design of loss functions in accordance with the prediction head can lead to

efficient training and satisfactory model performance. We borrow the loss function

design from [52] for the prediction head and from [47] for the segmentation head.

In this section, we first introduce the loss functions we use for the classification

and regression tasks. Then the methods to achieve the loss target of each task are

elaborated.
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Cross Entropy Loss

The cross entropy loss function is adopted in our models due to its effectiveness and

wide usage in deep learning-based classification tasks. The ability of cross entropy loss

to heavily penalize incorrect predictions, especially those made with high confidence,

makes it well-suited to our task of accurately identifying and classifying objects in 3D

space. The mathematical formulation of the cross entropy loss for binary classification

is given by Equation 3.12.

Lc(y, ŷ) = −(y log ŷ + (1− y) log (1− ŷ)) (3.12)

where y represents the true label (0 or 1), and ŷ is the predicted probability from

the model, ranging between 0 and 1.

For multi-class classification, the cross entropy loss is extended to multiple classes

using softmax function on the output layer and is defined as Equation 3.13.

Lc(y, ŷs) = −
C∑
i=1

yi log (ŷis) (3.13)

where C is the number of classes, yi are the elements of the one-hot encoded true

label, and ŷis are the elements of probability distribution after softmax operation on

the predicted logit-form ŷi. The calculation of ŷis from ŷi can be acquired through

Equantion 3.14.

ŷis =
exp(ŷi)∑n
j=1 exp(ŷj)

(3.14)

Smooth-L1 Loss

In this research, smooth-L1 loss is adopted for all the regression tasks. It is a robust

variant of the standard L1 loss, and has emerged as a popular choice due to its unique

characteristics that help to mitigate certain issues present in other commonly used

loss functions.

The L1 loss function is defined as the absolute difference between the predicted

and true values. While it is more robust to outliers compared to the L2 loss (Mean

Squared Error), it has a discontinuity at zero that can make the gradient undefined.

The smooth-L1 loss, also known as the Huber loss, is designed to be less sensitive
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to outliers in the data than the L2 loss while overcoming the issue of an undefined

gradient at zero in the L1 loss. The mathematical definition of smooth-L1 loss is

shown as Equation 3.15.

Lc(y, ŷ) =

{
0.5(y − ŷ)2 if |y − ŷ| < 1

|y − ŷ| − 0.5 otherwise
(3.15)

where y represents the true value, and ŷ is the predicted value from the model.

In the context of 3D object detection, the prediction task often involves predicting

continuous values like bounding box coordinates or object dimensions. These tasks

can be sensitive to outliers or large errors. For example, a single mispredicted bound-

ing box that is far from the ground truth can have a large impact on the L2 loss

because it squares the error. In this case, the smooth L1 loss was employed for its

ability to handle outliers effectively and its computational advantages. Its application

proved to be pivotal in achieving reliable and robust object detection performance.

According to the prediction head, an overall loss function of our model can be

represented as Equation 3.16.

L = Lobj cls + Lcenter offset + Lsize + Ldir class + Ldir reg + Lcorner + Lvote (3.16)

where

Lobj cls is the object classification loss of the points, a cross entropy loss,

Lcenter offset is the regression loss of the offsets between the predicted centroids

and the true centroids, a smooth-L1 loss,

Lsize is the regression loss of the predicted dimensions, a smooth-L1 loss,

Ldir class is the classification loss of the predicted class of the headings, a cross

entropy loss,

Ldir reg is the regression loss of the heading residuals, a smooth-L1 loss,

Lcorner is the regression loss of the predicted 8 corners, a smooth-L1 loss,

Lvote is the regression loss of the offset distance between the seed points and its

corresponding instance center.

Each of the loss functions on the right side of Equation 3.16 is introduced in detail

in the following content.
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Object Classification Loss

For each candidate point, the prediction head directly outputs the confidence scores

for each class. However, there are multiple ways to assign a class label to a candidate

point, which can influence the performance of the trained model. Inspired by FCOS

[45], Yang, et al. [52] consider that candidate points closer to the object centers

contribute more to accurate localization predictions. Based on this assumption, a

3D center-ness assignment strategy is implemented to indicate how close a point is

located in the center of an object. The center-ness label is calculated as Equation

3.17.

l(ctrness) = 3

√
min(f, b)

max(f, b)
× min(l, r)

max(l, r)
× min(t, d)

max(t, d)
(3.17)

where (f, b, l, r, t, d) represent the distance to the front, back, left, right, top and

bottom surfaces respectively.

In addition to the center-ness label, a semantic mask l(mask) indicating which

instance the candidate belongs to is also necessary. The target of object classification

loss t(obj) is the multiplication of l(ctrness) and l(mask), as Equation 3.18 shows.

Lobj cls =
1

Nc

Nc∑
i=1

Lc(si, t
(obj)
i ) (3.18)

where

Nc is the number of candidate points,

si is the predicted object classification score of candidate point i,

Lc(·, ·) represents cross entropy loss function.

Center Offset Loss

Center offset is predicted directly by the regression head. To get the target of center

offset, every candidate point is masked according to which instance it is located in.

Then the distance between the point and the corresponding center of the bounding

box is calculated and taken as the target. The smooth-L1 loss function of center offset

is formulated as Equation 3.19
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Lcenter offset =
1

Np

Np∑
i=1

Lr(△di, t
(cen)
i )1[t

(obj)
i > 0] (3.19)

where

Np is the number of positive candidate points,

△di is the predicted center offset of candidate point i,

t
(obj)
i is the object classification target of point i,

t
(cen)
i is the true offset of point i to the center its corresponding bounding box,

Lr(·, ·) represents smooth-L1 loss function.

Dimension Loss

Since the height, width, and length of each bounding box in a point cloud frame are

given by the KITTI dataset. The dimension loss is directly calculated as Equation

3.20.

Lsize =
1

Np

Np∑
i=1

Lr(di, t
(size)
i )1[t

(obj)
i > 0] (3.20)

where

Np is the number of positive candidate points,

di is the predicted dimension from candidate point i, di = (hi, wi, li),

t
(size)
i is the target dimension of candidate point i, t

(size)
i = (h

(GT )
i , w

(TG)
i , l

(GT )
i ),

t
(obj)
i is the object classification target of point i.

Heading Classification Loss

Suppose the direction is evenly divided into NH bins, the probability of the heading

angle falling into each bin is predicted by the regression head. To be more specific,

the probabilities are achieved by the softmax operation on the NH logit number

from the regression head. The target of heading classification is calculated through

Equation 3.10 discussed in Subsection 3.2.3. Equation 3.21 shows the cross entorpy

loss function of heading classification.
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Ldir class =
1

Np

Np∑
i=1

Lc(h
(c)
i , t

(dir class)
i )1[t

(obj)
i > 0] (3.21)

where

Np is the number of positive candidate points,

h
(c)
i is the predicted probability distribution of heading class of candidate point i,

t
(dir class)
i is the one-hot form of target heading class,

t
(obj)
i is the object classification target of point i.

Heading Residual Loss

The head residuals are directly predicted by the regression head. The target of head-

ing residual regression is calculated through Equation 3.11 discussed in Subsection

3.2.3. Equation 3.22 shows the smooth-L1 loss function of heading residual regression.

Ldir reg =
1

Np

Np∑
i=1

Lr(h
(r)
i , t

(dir reg)
i )1[t

(obj)
i > 0] (3.22)

where

Np is the number of positive candidate points,

h
(r)
i is the predicted heading residual of candidate point i,

t
(dir class)
i is the target heading residual,

t
(obj)
i is the object classification target of point i.

Corner Loss

Based on the loss functions mentioned above, the 3D box parameters (center, size,

and heading) are optimized separately, not for the final 3D IoU metric. This may

lead to poor results due to the error of one parameter. To deal with this problem,

Qi, et al. [33] propose the corner loss, which regularizes the training for the bounding

box parameters jointly. Yang, et al. [52] simplify the corner loss by removing the

anchor boxes. We implement the simplified version in this research. The 8 corners

of a bounding box can be calculated With the predicted center, size, and heading.

Then the corner loss is the sum of the distances between the 8 corners of a predicted
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box and a ground truth box, in a predefined order. The loss function is shown as

Equation 3.23.

Lcorner =
1

Np

Np∑
i=1

8∑
m=1

Lr(Pim, t
(corner)
im )1[t

(obj)
i > 0] (3.23)

where

Np is the number of positive candidate points,

m is the index of the 8 corners,

Pim is the coordinate of corner m for candidate point i,

t
(corner)
im is the ground truth coordinate of corner m for candidate point i,

t
(obj)
i is the object classification target of point i.

Vote Loss

The shift of a seed point to a candidate point in the candidate generation layer is

supervised by vote loss. As discussed in Subsection 3.2.2, the offset between a seed

point si = (xi, yi, zi)) and its instance center ci = (x
(c)
i , y

(c)
i , z

(c)
i ) is to be predicted

by the Deep Hough Voting module. The target of the offset △d∗i can be calculated

by △d∗i =∥ ci − si ∥. Equation 3.24 shows the calculation of the overall loss of Deep

voting module.

Lvote =
1

Np∗

Np∗∑
i

∥ △di −△d∗i ∥ 1[si on object] (3.24)

where

N∗
p is the number of seed points on an object, i.e., locating in the ground truth

bounding box of an instance,

△di is the predicted offset between the seed point i and its corresponding instance,

△d∗i is the ground truth offset.

In this chapter, we present the design of our model and the mathematical abstrac-

tion. A groundwork for point-based 3D object recognition tasks is first introduced.

Then the backbone design according to different sampling strategies is discussed in

detail. The influence of hyperparameters from different sampling strategies will be

discussed in the next chapter. The candidate generation layer, prediction head and
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loss functions are designed to be fit into the backbones. The next chapter will present

the experiments and discuss the results.
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Chapter 4

Experiments

In this chapter, we describe the experiment setup and benchmark used to assess the

performance of models incorporating the sampling strategies discussed earlier. The

evaluation is conducted using the KITTI benchmark, which measures the average

precision for 3D object detection, providing a comprehensive assessment of the mod-

els’ overall capabilities. Additionally, we analyze the inference time as another crucial

metric. To gain deeper insights into the effects of the sampling strategies, we conduct

a comparison of geometric visualizations of the points and perform statistical analyses

to reveal finer details. These analyses complement the evaluation metric and allow us

to better understand the performance of the models. After detailing the experimental

setup and the evaluation metric, we present the results, showcasing the outcomes of

our exploration and providing a clear picture of how the models fare with the different

sampling strategies.

4.1 Experiment Setup

Chapter 3 outlines the design of models integrating various sampling strategies. To

facilitate a fair comparison among these models, we establish a consistent experiment

setup, illustrated in Figure 4.1. This ensures that all the models go through training

and evaluation under identical scenarios. The specific configurations for each experi-

mental step and running environment are elaborated in the subsequent subsections.
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Figure 4.1: Experiment Setup

4.1.1 Data Preprocessing

As previously mentioned, we utilize the KITTI dataset for training and evaluating

our models. Prior to inputting the raw data into the models for training, several

essential data preprocessing steps are applied. These steps encompass data filtering,

data augmentation, and data sampling, which are elaborated below:

Data Filtering

During data filtering, we apply filtering on both the raw data and ground truth

labels. To optimize computation and prioritize the forward direction, we discard

points located in the backward direction. The resulting filtered points lie within

specific ranges: (0, 70) meters along the x axis, (-40, 40) meters along the y axis, and
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(-5, 3) meters along the z axis.

Given that the ”car” class represents the largest quantity in the dataset, our

focus lies on car detection. Hence, we filter out other classes from the ground truth

bounding boxes. Moreover, these filtered bounding boxes are also constrained to lie

within the range of the filtered points. This ensures that we streamline the data to

enhance the accuracy and efficiency of our models.

Data Augmentation

To enhance the models’ generalization capability and mitigate overfitting, we employ

several data augmentation strategies on the dataset. These strategies include random

flipping, noise addition, global rotation, and scaling. The specifics of each strategy

are illustrated below:

Random Flipping We randomly flip the points and bounding boxes along the

horizontal axis (y axis). This augmentation technique not only increases the diversity

of the dataset but also simulates different viewpoints of the objects, making the

models more robust. The flipping ratio is set to 0.5, which means there is a 50%

chance the whole point cloud will be flipped. This randomness ensures that the

models encounter both original and flipped instances, effectively exposing them to

various perspectives of the data.

Noise Addition To mimic real-world variations, we introduce random noise to

the data. By doing so, the models learn to handle noisy and less ideal scenarios,

thus improving their resilience. In our research, we specifically apply translation and

rotation noise to the objects, with a focus on cars in this case. The translation noise is

added along the x axis and y axis, which represents the plane on which cars typically

move. The added noise follows a normal distribution, with a standard deviation of 1

for both x and y axes. Additionally, rotation noise is incorporated, ranging between

−π
3
and π

3
, following a uniform distribution. This rotation noise introduces variation

in the object orientations, allowing the models to adapt to different angles of the

objects during detection.

Global Scaling We incorporate random scaling to the point cloud, focusing on

adjusting the aspect ratio. This technique plays a vital role in enhancing the models’

capability to detect and estimate objects of various scales, making them more versatile
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and adaptable in real-world scenarios with different object sizes. During the scaling

augmentation, the scale ratio is determined by a uniform distribution between 0.9

and 1.1. This means that the point cloud may be uniformly scaled down to 90% or

up to 110% of its original size.

Data Sampling

Dealing with large volumes of LiDAR data in datasets like KITTI can pose significant

challenges due to memory limitations. A common practice is to subsample the raw

LiDAR data, reducing it to a more manageable size. For the KITTI dataset, a widely

used subsampling choice involves reducing the number of points per frame to 16,384.

This specific value hits a balance between retaining critical information and easing

the computational burden during training and inferencing. To achieve this, a random

sampling approach is applied, ensuring that 16,384 points are randomly selected from

the original raw data.

It’s important to note that the data sampling process performed here, i.e., the

subsampling to 16,384 points, is distinct from the sampling strategies being researched

in the models. While the former is primarily for computational efficiency, the latter

aims to investigate diverse sampling approaches that can enhance model performance

and object detection capabilities.

4.1.2 Models Settings

In Chapter 3, we have detailed the model architectures that implement the researched

sampling strategies. In this section, we propose distinct experiment settings to explore

each sampling strategy comprehensively. The settings are introduced following the

sequence in Chapter 3.

D-FPS and F-FPS

The backbone implementing D-FPS and F-FPS introduced in Chapter 3 shows a

fusion sampling strategy that samples half points from the previous layer with D-FPS

and F-FPS respectively. In the original paper of 3DSSD [52], Yang, et al. present

the recall and AP of implementing D-FPS only, F-FPS only, and fusion sampling. In

the experiment, we retrain the model implementing these 3 settings and see if the

results meet those in the paper. In addition, we dive into each SA layer to see how

are the points distributed in 3D space and the relations between points and ground
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truth bounding boxes. The backbones that implement D-FPS only and F-FPS only

sampling strategies are shown in Figure 4.2 and 4.3.

Figure 4.2: Backbone Implementing D-FPS Only

Figure 4.3: Backbone Implementing F-FPS Only

It is notable that for the F-FPS only backbone, the first SA layer implements

D-FPS strategy, this is because the input of this layer is the point coordinates and

reflectance of the point cloud, which do not carry semantic information that is neces-

sary for the effectiveness of feature distance calculation. With more feature channels

generated by the first SA layer, F-FPS is implemented only in the following SA layers.

To compare the effect of different sampling strategies, other parts of backbone

structures and parameters such as grouping radii are kept consistent. The voting
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module following the backbone takes 256 out of 512 points as the seed points to meet

the number of F-FPS sampled points in the fusion sampling setup.

Density-aware Sampling

The original idea was to implement density-aware sampling across all the SA layers,

replacing the D-FPS sampling. However, experiments demonstrated significant chal-

lenges with this approach. The loss functions exhibited poor convergence, resulting

in mAP scores below 30%. Furthermore, the training and inference times are more

than doubled compared to other models. As a remedy, the decision was made to ap-

ply DA-FPS only in the first SA layer with the expectation that the sampled points

would tend to exhibit a more uniform distribution after this layer.

As described in Section 3.2.1, λ is a hyperparameter used to balance the influence

of density on metric distance. A larger λ corresponds to a larger density-aware factor

k, thereby increasing the contribution of density to the metric distance. To thoroughly

explore this hyperparameter’s impact, the experiment investigates four distinct λ

values: λ = 0.1, 0.2, 0.4, 1. These values are evaluated to comprehend the relationship

between the density-aware factor and overall model performance.

Semantic-aware Sampling

The backbone implementing semantic-aware sampling shown in Figure 3.7 is a generic

structure that does not indicate the quantity of foreground and background points.

To explore how many foreground points work better for the detection, we investigate

different ratios between foreground and background points in layers SA2 and SA3 in

the experiment. Three settings of ratios are experimented as shown in Table 4.1, the

numbers in the table are the actual quantities of the points.

Setting Number F/B Ratio in SA2 F/B Ratio in SA3
1 384:640 192:320
2 512:512 256:256
3 896:128 448:64

Table 4.1: Foreground and Background Points Ratio Setting

In the experiments on semantic-aware sampling, only the ratios between fore-

ground and background points are changed, and the total number of sampled points
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in each SA layer remains consistent. In the subsequent candidate generation layer,

foreground points are taken as seed points and shifted into candidate points.

4.1.3 Models Training

We implement several training strategies in pursuit of training efficiency and perfor-

mance of the trained model. They are detailed in the following paragraphs.

Mini-batch Training For a dataset containing a huge number of points, it is

inefficient and memory-demanding to implement full-batch training which consumes

the whole dataset. With a large training dataset and a 3D object detection model

with high complexity, online training is noisy and takes a lot of time to converge. In

this research, we adopt mini-batch training which strikes the balance between full-

batch training and online training. The batch size is set to 4, which fits into the

memory of the GPU we use.

AdamW Optimization We utilize AdamW as an optimization strategy to facili-

tate fast training and stable convergence. AdamW is an improved version of Adam,

which makes use of the moving averages of the gradients (first moment) and squared

gradients (second moment) to update the effective learning rate adaptively. Com-

pared to Adam, AdamW decouples weight decay from the adaptive learning rate,

offering improved generalization and training stability, especially in deep and large-

scale models.

Learning Rate Adjustment A step decay strategy is implemented to adjust the

learning rate during training. The learning rate for all models is set to 0.002 initially.

At the 45th epoch, the learning rate decays by a factor of 10, to 0.0002. There is

one more decay at the 65th epoch by the same factor, reducing the learning rate to

0.00002. The larger starting learning rate leads to fast convergence, and a decayed

rate at the end of training avoids overshooting.

Consistent Epoches For the training of every model, we keep the epoch number

at 80. This number has been proven to be working for the model to converge.
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4.1.4 Models Evaluation

We adopt the metrics from KITTI to calculate the mean average precision (mAP)

of the 3D object detection results. AP is obtained by calculating the area under the

precision-recall curve (AUC-PR) for each point cloud frame. mAP is the average of

the AP values across all frames.

In 3D object detection, the judgment for a true positive is based on the intersection-

over-union (IoU) of a predicted bounding box. When the IoU between a predicted

bounding box and ground truth bounding box is over a threshold (0.7 for car class in

KITTI), it is seen as a true positive. The predicted confidence scores of a frame are

sorted and ranked in descending order. For each step of the confidence scores from

the highest to the lowest, precision and recall are calculated following Equation 4.1

and 4.2.

Precision =
True Positives

True Positives+ False Positives
(4.1)

Recall =
True Positives

True Positives+ False Negtives
(4.2)

Precisions and recalls obtained at all the confidence scores are used to draw the

precision-recall curve. Then the area under the precision-recall curve is calculated to

get the AP of a frame.

For the KITTI dataset evaluation, there are three difficulty levels according to the

size, occlusion and truncation of the objects in the scene. The definition is shown in

Table 4.2. In the research, we calculate the mAP of the car class for each difficulty

level.

Difficulty Level Min. Bounding Box Height Max. Occlusion Level Max. Truncation
Easy 40 Pixels Fully visible 15%

Moderate 25 Pixels Partly occluded 30%
Hard 25 Pixels Difficult to see 50%

Table 4.2: The Difficulty Definition of KITTI Dataset

The mAP metric reflects a model’s proficiency to accurately locate and classify

objects in a point cloud. However, it is meaningless if the inference time is too long

under scenarios such as autonomous driving. So inference time is another necessary

metric to evaluate a model. During the testing phase, we compute the inference time

by measuring the duration between inputting data into the model and obtaining the
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prediction results for a given data frame. By calculating the average inference time

across all frames, we establish a basis for comparing models in terms of their efficiency

during the prediction process.

4.1.5 Visualization

The established metrics of mAP and inference time serve as comprehensive evaluative

tools for gauging the ultimate model performance. However, these metrics alone

don’t provide insight into how sampling strategies function within different modules

of the network. To gain a deeper understanding of the effects of diverse sampling

strategies on object detection, we propose incorporating visualization techniques that

offer intuitive insights.

During the testing phase, the following information is collected and recorded for

visualization:

1. Sampled Points in Each SA Layer: Points sampled in SA layers (SA1, SA2,

and SA3) are saved separately, differentiated by the employed strategies.

2. Voted Points in Candidate Generation Layer: Candidate points that

have been shifted by the voting module in the candidate generation layer are

collected.

3. Predicted Bounding Boxes: The predicted bounding boxes for each frame

are saved.

4. Ground Truth Bounding Boxes: The ground truth bounding boxes for each

frame are also included.

By visualizing the above information, we can see: 1) How do the points distribute

after sampling; 2) Do the points distributed in the way we expect as the sampling

progresses; 3) The ratio between foreground points and background points; 4) Do the

candidate points approaching the instance center.

All the points and bounding boxes are stored as .obj files, compatible with var-

ious visualization software. In our research, we’ve chosen Meshlab for visualization

purposes. This approach allows us to gain a deeper, visual understanding of how

different sampling strategies impact various aspects of object detection within the

network’s modules.
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4.1.6 Statistics Exploration

While visualization offers intuitive insights, statistical metrics are equally vital for

comprehending the functioning of various sampling strategies within the network.

We collect the following statistics for each frame within the test dataset and carry

out an analysis based on the numbers.

1. Bounding Box Recall Ratio: A ground truth bounding box represents an

object to be detected in a point cloud. If the survived points in a ground truth

bounding box are below a specific quantity after sampling, we consider the

bounding box being missed as the information carried by the survived internal

points is not enough for a successful detection. The bounding box recall ratio is

the percentage of ground truth bounding boxes that retain a specific number of

internal points after a sampling layer. In our experiments, we try the number

of internal points at 1, 5, and 10.

2. Positive Points Capture Rate: In SA layers where two sampling strategies

are used, one of them is designed to capture more positive points (for example,

F-FPS and FBS are intended to gather positive points). To understand how

effective a sampling strategy is at capturing positive points, we compute the

positive point capture rate. This rate represents the portion of positive points

that are selected from all the positive points within a specific layer.

3. Unique Point Ratio: In SA layers that implement the first and second sam-

pling strategies, some layers employ fusion sampling, combining points sampled

through two distinct strategies. However, the extent of duplication within these

samples has not been thoroughly explored. The reason for duplication is points

to be sampled may be selected by both sampling strategies and then fused into

one point set. It’s important to understand how many duplicate points are

being sampled, as given a fixed number of samples, duplicate points could po-

tentially lead to information loss. We count the number of unique point ratios

after each layer implementing fusion sampling.

4. Voting Effect: The voting module shifts the seed points, moving them closer

to the center of an object. When more shifted points are situated within the

ground truth bounding boxes, it results in more precise predictions. To quantify

the impact of voting, we compute a ratio denoted as Npos
vote/N

pos
SA1, which signifies
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the proportion of positive points after voting compared to those present in the

SA1 layer. This effect is influenced by different sampling strategies.

4.1.7 Comparison and Analysis

The combination of evaluation metrics, visualization, and statistical analysis offers a

robust framework for conducting comprehensive comparisons within and between the

researched sampling strategies.

First, within each sampling strategy, an exploration of different settings is con-

ducted. This process helps in understanding the nuances of each setting and identi-

fying the most effective configuration. This configuration, yielding the best perfor-

mance, is then selected as the representative setting for subsequent comparison.

The chosen best-performing models from different sampling strategies are com-

pared. This step reveals which strategy demonstrates the most promising results and

holds potential for further exploration in the context of 3D object detection. Visu-

alization and statistics are also compared between the various sampling strategies to

provide further insights.

After the comprehensive comparison, the strengths and shortcomings of each sam-

pling strategy are thoroughly analyzed. By employing this multifaceted approach, the

research gains a comprehensive understanding of how different sampling strategies in-

fluence object detection models.

4.1.8 Running Environment

Hardware Training and evaluation of the models are performed on a machine

equipped with 2 NVIDIA GPUs. The main specifications of this machine are provided

in Table 4.3 below:

Processor AMD EPYC 7601 (16 CPUs)
Memory 64 GB DDR4 RAM
Graphics Card NVIDIA GeForce RTX 2080 Ti * 2
Hard Disk Storage 70 GB
OS Ubuntu 20.04

Table 4.3: Hardware Information



59

Software The research is conducted on a Linux operating system, with the version

specified in Table 4.3. To facilitate our investigations, we leverage an open-source

3D object detection toolbox called MMDetection3D [5]. Developed as part of the

OpenMMLab project and built on PyTorch, MMDetection3D offers a rich model

zoo comprising SOTA 3D object detection algorithms. It is capable of handling data

from multiple sensor modalities such as LiDAR, radar, and camera images. Moreover,

it provides seamless access to datasets from KITTI, Waymo, nuScenes, SUN RGB-

D, and ScanNet. The flexible design of MMDetection3D makes configuration and

modification of the models easy for various experiments and tasks. For reference,

Table 4.4 lists the essential supporting software used in this research.

Software Version
Python 3.8.15
CUDA 11.0
CuDNN 8.0.5
PyTorch 1.7.1
TorchVision 0.8.2
OpenCV 4.7.0
MMCV 1.6.2
MMDetection 2.26.0
MMDetection3D 1.0.0

Table 4.4: Software Environment

4.2 Experiment Results and Analysis

The evaluation results according to the setup within each sampling strategy are pre-

sented in Table 4.5. Statistic exploration results are presented in Table 4.6, 4.7, 4.8

and 4.9.

As shown in Table 4.5, the semantic-aware sampling strategy, particularly when

biased toward foreground points (with a ratio of 7:1), yields the highest mean Average

Precision (mAP) scores in the moderate difficulty category, with a 0.19% improvement

than that of the 3DSSD baseline. The moderate evaluation level is the one officially

used by KITTI to rank 3D object detectors. This result is supported by the statistics

in Table 4.6, 4.9 that this setting achieved the highest bounding box recall rate no

matter how many internal points are included and the highest ratio between positive

points after voting and in the SA1 layer. However, this setting lags behind the
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3DSSD fusion strategy and Semantic (F:B=1:1) setting in the hard category. All the

models utilizing density-aware sampling strategies have yielded considerably lower

mAP scores compared to their counterparts. Additionally, these density-aware models

exhibit significantly longer inference times, exceeding 10 times the inference time of

the 3DSSD baseline and the semantic-aware strategies, which are all between 70 and

80 milliseconds.

Detailed analysis of various strategies and settings is carried out subsequently

with supportive visualizations.

Sampling Strategies
& Settings

3D Car mAP (IoU=0.7) Inference Time
(ms)Easy Moderate Hard

D-FPS Only 86.8906 77.7105 75.0167 71.55
F-FPS Only 91.0640 79.4326 78.1684 73.53

Fusion (D-FPS & FPS) 91.2986 80.1203 78.7814 72.97
DA-FPS λ = 0.1 86.8105 73.4519 69.6043 796.58
DA-FPS λ = 0.2 84.2788 72.0890 67.1594 941.02
DA-FPS λ = 0.4 83.3943 70.6628 67.2632 796.55
DA-FPS λ = 1 78.1530 69.0015 64.0699 839.12

S-FPS (F:B=3:5) 88.1598 76.8452 75.4076 71.41
S-FPS (F:B=1:1) 89.2553 79.2137 78.0572 74.31
S-FPS (F:B=7:1) 89.9251 80.3199 76.7134 78.11

Table 4.5: Evaluation results on KITTI val dataset

Sampling Strategies
& Settings

Bounding Box Recall Ratio
(Internal Point Number = 1)

Bounding Box Recall Ratio
(Internal Point Number = 5)

Bounding Box Recall Ratio
(Internal Point Number = 10)

SA1 SA2 SA3 SA1 SA2 SA3 SA1 SA2 SA3
D-FPS Only 0.9607 0.9198 0.8171 0.9147 0.5849 0.2289 0.8258 0.3142 0.0558
F-FPS Only 0.9607 0.9503 0.9064 0.9147 0.8425 0.6099 0.8258 0.6432 0.3707

Fusion (D-FPS & FPS) 0.9607 0.9531 0.8981 0.9147 0.7943 0.5110 0.8258 0.5498 0.2192
DA-FPS λ = 0.1 0.9626 0.9373 0.8770 0.9223 0.5968 0.3682 0.8475 0.2640 0.1092
DA-FPS λ = 0.2 0.9627 0.9347 0.8747 0.9205 0.5983 0.3516 0.8381 0.2654 0.0980
DA-FPS λ = 0.4 0.9606 0.9411 0.8758 0.9112 0.6173 0.3561 0.8253 0.2620 0.1030
DA-FPS λ = 1 0.9457 0.9369 0.8706 0.8772 0.6070 0.3477 0.7906 0.2510 0.0932

S-FPS (F:B=3:5) 0.9601 0.9083 0.6128 0.9151 0.5994 0.1220 0.8247 0.3373 0.0285
S-FPS (F:B=1:1) 0.9601 0.9359 0.8112 0.9151 0.7289 0.3335 0.8247 0.4823 0.1427
S-FPS (F:B=7:1) 0.9601 0.9496 0.9327 0.9151 0.8771 0.8309 0.8247 0.7486 0.6830

Table 4.6: Bounding box recall ratio. The bounding box recall ratio indicates the
ratio of kept bounding boxes (internal points exist) after sampling.

4.2.1 D-FPS and F-FPS Analysis

The first three rows in Table 4.5 are the experiment results of D-FPS and F-FPS

strategies.
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Fusion
(D-FPS & F-FPS)

DA-FPS
λ = 0.1

DA-FPS
λ = 0.2

DA-FPS
λ = 0.4

DA-FPS
λ = 1

Semantic
(F:B=3:5)

Semantic
(F:B = 1:1)

Semantic
(F:B = 7:1)

SA2 0.7157 0.4945 0.4913 0.4985 0.4987 0.8601 0.8587 0.9835
SA3 0.711 0.6328 0.6233 0.6267 0.6252 0.9654 0.9165 0.9944

Table 4.7: Positive point capture ratio. For fusion sampling of the 3DSSD baseline
and DA-FPS that implements fusion sampling in SA2 and SA3, the positive point
capture ratio indicates the ratio of the positive points being sampled by F-FPS in
the specific layer. For semantic-aware sampling, it is the ratio of the positive points
being sampled by foreground sampling.

Fusion
(D-FPS & F-FPS)

DA-FPS
λ = 0.1

DA-FPS
λ = 0.2

DA-FPS
λ = 0.4

DA-FPS
λ = 1

SA2 0.8924 0.6262 0.6174 0.5325 0.5039
SA3 0.8747 0.7537 0.7536 0.7125 0.7057

Table 4.8: Unique point ratio. The ratio applies to the layers that implement the
fusion strategy. DA-FPS is implemented in the SA1 layer, the SA2 and SA3 are
fusion layers employing D-FPS and F-FPS.

In terms of inference time, the D-FPS demonstrates the fastest performance while

the F-FPS only model requires the longest time among the three settings. This

variation in inference time is attributed to the distance calculation process during

farthest point sampling. D-FPS is based on 3D Euclidean distance, which calculates

the distance in 3D space. F-FPS performs distance calculations in a significantly

higher-dimensional space specified by the feature vectors associated with each point.

In the SA2 and SA3 layers, the dimensions utilized for feature distance calculation are

128 and 256 respectively. The increased computational demands imposed by F-FPS

are reflected in the extended inference time required for this strategy.

The fusion strategy implementing both D-FPS and F-FPS achieves the highest

mAP in the experiments, followed by strategies implementing F-FPS only and D-FPS

only. The ranking is consistent with that in the original 3DSSD paper, but the mAPs

achieved in our experiments are higher, we attribute the increase to an improved

optimization method and more training epochs. As discussed in the original paper,

a lack of enough negative points leads to poor performance in classification. So a

fusion of D-FPS and F-FPS which samples both enough negative and positive points

achieves the best performance.

The comparison of the Bounding Box Recall Ratio indicates that F-FPS tends to

bring more positive points to the next SA layer and, consequently higher bounding

box recall ratio. After going through 3 SA layers, 81% of the bounding boxes survive
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D-FPS Only F-FPS Only
Fusion

(D-FPS & F-FPS)
DA-FPS
λ = 0.1

DA-FPS
λ = 0.2

DA-FPS
λ = 0.4

DA-FPS
λ = 1

Semantic
(F:B=3:5)

Semantic
(F:B=1:1)

Semantic
(F:B=7:1)

Npos
vote/N

pos
SA1 0.1236 0.2022 0.2033 0.1377 0.13 0.135 0.1439 0.1458 0.2989 0.7604

Table 4.9: The ratio between the number of positive points existing after voting and
in SA1 layer.

with more than 1 internal point using D-FPS only, and around 90% bounding boxes

survive when using F-FPS only and fusion strategy. As the threshold of internal point

points increases, the recall ratio decreases over all settings. However, the recall ratio

is only 5% when the threshold is 10 with the D-FPS only strategy, compared to 37%

when using F-FPS only, reflecting that F-FPS samples much more positive points

than D-FPS.

In the model that incorporates fusion sampling, the Positive Point Capture Rates

achieved by F-FPS in both SA2 and SA3 are around 71%, which implies D-FPS

captures the remaining 29% of positive points. The Unique Point Ratios are 89%

and 87% in SA2 and SA3 respectively, indicating that around 10% of the points from

the preceding layer are sampled by both D-FPS and F-FPS. This overlap leads to

information redundancy within these layers, an aspect that was not explored in the

original paper.

Npos
vote/N

pos
SA1 is the ratio between the number of positive points present after voting

and the number of positive points in SA1. It reflects the impact that SA2 and SA3

impose on the voting effect. In the model employing fusion sampling, this ratio is

the highest, closely followed by the model using F-FPS only. On the other hand, the

D-FPS only model exhibits the lowest ratio. The ranking of Npos
vote/N

pos
SA1 mirrors the

same ranking as the mAP metric.

Figure 4.4 showcases the detection results and point distribution of three settings

on the same data frame. When implementing D-FPS only, the sampled points evenly

distribute over the whole space, with much more negative points (out of the boxes)

compared to the fusion and F-FPS only strategy. For the fusion strategy, most yellow

points (sampled by F-FPS) are in the bounding boxes, offering a certain quantity of

positive candidate points. Meanwhile, the red points (sampled by D-FPS) distribute

in an even pattern, supporting the detection as background points. F-FPS only

strategy makes most of the sampled points in the SA3 layer concentrated in the

bounding boxes, the other points scatter in a random way.
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4.2.2 Density-aware Sampling Analysis

Density-aware sampling strategy yields lower mAPs than other strategies and much

longer inference times. Longer inference time can be expected as the calculation of

point-wise density is time-consuming. However, the magnitude of the increased time

is beyond real-time application. Optimization of the density calculation may reduce

the time but a more important question is why the strategy can not improve the mAP

on the baseline, or how the strategy influences the result. From Table 4.6 we can see

that when λ= 0.1 and 0.2, the bounding box recall ratios in the SA1 layer (where

DA-FPS is applied) are lifted no matter how many internal points are included. But

the improvement does not benefit the bounding box recall ratio in the following SA2

and SA3 layers, which are fusion layers the same as 3DSSD. The bounding box recall

ratios in SA2 and SA3 are lower than those of the 3DSSD fusion strategy. The DA-

FPS in the SA1 layer also decreases the positive point capture ratio in the SA2 and

SA3 layers by 0.2 and 0.1 respectively. The unique point ratio in SA3 decreases from

0.75 to 0.70 when λ increases from 0.1 to 1. Nearly 30% of the sampled points in

the SA3 layer are redundant in this scenario, serving as a prominent reason for the

deteriorated performance when compared to the baseline.

Figure 4.5 clearly demonstrates the influence that density-aware sampling imposes

on the point distribution in the SA1 layer. As the value of λ increases, we can see

from the figure that the dense areas close to the sensor (bottom of the figure) become

sparser. When λ = 1, the bottom part conserves such a small number of points that

more bounding boxes are missed compared to the results with smaller λ. The density-

aware strategy can effectively influence the density imbalance to an extent controlled

by the density-aware factor. But figuring out the best-working factor according to the

point cloud is a problem to be researched. Methods used in the following layers for

avoiding duplicate sampling are also necessary for a density-aware strategy to achieve

improvement on the baseline.

4.2.3 Semantic-aware Sampling Analysis

Semantic-aware sampling is based on confidence in point-wise semantic segmentation.

The evaluation results from various settings reflect that it is the foreground point

that mostly matters in point-based 3D object detection. The inference times are

comparable with the 3DSSD baseline. A higher percentage of foreground points leads

to a slight increase in inference time. The reason is that more foreground points
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introduce more ball query operations at the voting stage.

The bounding box recall ratios are closely related to the ratio between foreground

and background points. It can be seen from Table 4.6 that when the foreground

points take the majority, the bounding box recall ratio is higher than those of any

other strategies and settings with a big gap. When the threshold of internal points is

10, this setting can still recall 68.30% of the bounding boxes at the SA3 layer which

consists of 512 points.

An advantage of semantic-aware sampling is that there is no duplicate point in

the sampled points, as the sampling is carried out separately on segmented fore-

ground points and background points. The positive point capture ratio is close to

1 as the segmentation is accurate that no positive point exists in segmented back-

ground points. Npos
vote/N

pos
SA1 in Table 4.9 indicates that after voting, more than 76%

foreground points in SA1 are kept by the foreground-biased semantic-aware sampling,

the corresponding value of 3DSSD fusion sampling is only 20.33%. The big gap of

Npos
vote/N

pos
SA1 between these two settings does not reflect on the mAP. Because a certain

quantity of foreground points is enough for a good 3D object detector to classify and

localize the objects.

Figure 4.6 shows that semantic-aware sampling can clearly distinguish foreground

and background points. When there are more background points, the sparse fore-

ground points mostly scatter on the boundary of bounding boxes. When the ratio

between foreground and background points is high, points close to the sensor dis-

tribute in obvious clusters and produce high-confidence bounding boxes. However,

this can cause training imbalance towards the clustered points, while objects in the

distance with fewer internal points are missed, as shown in Figure 4.6c

The above analysis shows both pros and cons of the three sampling strategies and

offers us a deeper understanding of how they can affect the 3D object detection net-

works. Among three of them, we see the semantic-aware strategy as a more promising

one as it delivers more information for the subsequent layers. Future research will be

biased toward the subsequent layers that utilize the downsampled points.
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(a) D-FPS Only (b) Fusion (c) F-FPS Only

Figure 4.4: Results of different FPS settings on 3DSSD. The vast small grey points
are sampled points in the SA1 layers. The big white dots are voted points. Green
and red boxes are ground truth and predicted bounding boxes respectively. Yellow
points in (a) and (c) are points sampled by D-FPS and F-FPS respectively in the SA3
layers. Yellow points in (b) are sampled by F-FPS while the red ones are sampled by
D-FPS.
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(a) λ = 0.1 (b) λ = 0.2 (c) λ = 0.4 (d) λ = 1

Figure 4.5: Results of different settings on density-aware sampling. The vast grey
points are sampled points in the SA1 layers. Green and red boxes are ground truth
and predicted bounding boxes respectively. Yellow points and red points are points
sampled by F-FPS and D-FPS respectively in the SA3 layers.
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(a) F:B=3:5 (b) F:B=1:1 (c) F:B=7:1

Figure 4.6: Results of different settings on semantic-aware sampling. The vast small
grey points are sampled points in the SA1 layers. The big white dots are voted
points. Green and red boxes are ground truth and predicted bounding boxes respec-
tively. Yellow points and red points are points sampled from foreground points and
background points respectively in the SA3 layers.
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Chapter 5

Conclusions

In this research, we argue that point sampling plays an important role in point-based

3D object detection in terms of both performance and efficiency. Besides the farthest

point sampling based on Euclidean distance and feature distance, we explored density-

aware sampling and semantic-aware sampling on the 3DSSD framework. Density-

aware sampling controls the density imbalance as designed but consumes too much

time to calculate the point-wise density and introduces duplicate sampling. It is not

satisfying in both precision and inference speed in our experiments. Semantic-aware

sampling demonstrates a strong capability of capturing foreground points and achieves

improvement on the 3DSSD baseline with a high ratio of foreground points. Future

work includes optimizing the calculation of point density and subsequent grouping to

reduce resampling. Another direction is to make better use of the semantic informa-

tion for further improvement.
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[57] Michael Zollhöfer. Commodity RGB-D Sensors: Data Acquisition. In Paul L.

Rosin, Yu-Kun Lai, Ling Shao, and Yonghuai Liu, editors, RGB-D Image Anal-

ysis and Processing, pages 3–13. Springer International Publishing, Cham, 2019.

[58] Zhengxia Zou, Keyan Chen, Zhenwei Shi, Yuhong Guo, and Jieping Ye. Object

Detection in 20 Years: A Survey. Proceedings of the IEEE, 111(3):257–276, 2023.


	Supervisory Committee
	Abstract
	Contents
	List of Tables
	List of Figures
	GLOSSARY
	Acknowledgements
	Introduction
	Literature Review
	3D Object Detection Sensors
	RGB-D Camera
	Radar
	LiDAR

	Deep Learning Models for 3D Object Detection
	Projection-based Models
	Voxel-based Models
	Point-based Models

	3D Object Detection Datasets
	SUN RGB-D Dataset
	ScanNet
	The KITTI Dataset
	The ApolloScape Dataset
	The nuScenes Dataset
	The Waymo Open Dataset


	Methodology
	A Groundwork for Point-based 3D Object Detection
	PointNet
	PointNet++

	Proposed Model Architecture
	Backbone Design
	Candidate Generation Layer
	Prediction Head
	Loss Function


	Experiments
	Experiment Setup
	Data Preprocessing
	Models Settings
	Models Training
	Models Evaluation
	Visualization
	Statistics Exploration
	Comparison and Analysis
	Running Environment

	Experiment Results and Analysis
	D-FPS and F-FPS Analysis
	Density-aware Sampling Analysis
	Semantic-aware Sampling Analysis


	Conclusions
	Bibliography

