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Chapter 1. Introduction

Input (RGB image) Output (depth map)

Figure 1.1: lllustration on the task of monocular depth estimation. Taking RGB im-
ages (left column) as input, the output of depth estimation task is the corresponding depth
maps (right column, i.e., the exemplar results in Section 3.7.2 of joint supervised/self-
supervised ManyDepth [1] training on DurLAR dataset (Chapter 3)).
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1.2.2 3D LiDAR Semantic Segmentation
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1.2. Problem Definitions

Input (3D point cloud) Output (semantic labels)

O car bicy @moto @tuc @oveh @uped @blst @mlst @ road park
@ vk @ogo build ferc @ veg @ tun terr poe @ sign
Figure 1.2: lllustration on the task of 3D semantic segmentation. Taking the raw 3D

point cloud data (left column), the task of 3D semantic segmentation outputs semantically
labeled scenes (right column) according to the semantic category of each point.
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CHAPTER 2

Literature Review

2.1 Light Detection and Ranging (LiDAR)
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2.1. Light Detection and Ranging (LiDAR)
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Figure 2.1: The side view of the Ouster OS1 LiDAR. All dimensions are in mm. Image

courtesy of Quster Inc.
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Table 2.1: Representative LiDAR manufacturers and the adopted technologies. Data
courtesy of official product websites and the Internet.
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S S w m ng /m xS " g # r W XS WS xS
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S [] 4 1 / /T 1 [ [5/T/
[ ] 4 1 G/
TT |S m w TT | TT [ 1 ] 4 1 | /SIG/ [/
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wmoopw s ( )] 4 ' /T
DurLAR ( [17], ours) 128 1 E/W/T/L  T/A/R 1 U/N/S/G/M/B

Table 2.2: Existing public LiDAR datasets (bold/underlined represents best/2nd best) for autonomous driving tasks detailing vertical
resolution (# channels), diversity in terms of environments (E), times of day (T), weather conditions (W), same route of repeated locations (L)
and also the type of LiDAR images made available in addition to range information as: intensity (I), ambient (A), reflectivity (R). Other
sensors refer to radar (D), lux meter (U), GNSS supporting more than 2 constellations (N), INS (S), GPS (G), IMU (M), FIR camera (F),
Near-infrared camera (T) and stereo camera (B). “ the pseudo 64-beam LiDAR sweep are aggregated from the two stacked 32-beam sensors
into a single sweep. ® the number of planes. SICK LD-MRS LiDAR has 4 planes, and SICK LMS-151 LiDAR has 1 plane. ¢ the number of

LD-MRS LiDAR frames. ¢ the number of individual scans of objects.
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2.2. 3D LiDAR Datasets for Autonomous Driving

(a) Ambient (b) Reflectivity

Figure 2.2: Comparison of ambient and reflectivity imagery derived from LiDAR.
(a) Ambient: the colors represent the intensity of the ambient near-infrared light, with
brighter colors indicating higher intensity and darker colors indicating lower intensity.
(b) Reflectivity: the colors represent the reflective properties of various surfaces within
the scene. Brighter colors indicate surfaces with higher reflectivity, while darker colors
represent less reflective surfaces.
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Figure 2.3: The rolling shutter effect observed in the real-world point cloud data from
a Velodyne VLP-16 LiDAR. Image courtesy of Sobczak et al. [2].
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2.4. Monocular Depth Estimation
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2.8. Evaluations and Metrics
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FN

TN

Ground Truth Predicted

Figure 2.4: lllustration of loU calculation for semantic segmentation. The green
region represents the ground truth segmentation, while the blue region represents the
predicted segmentation. True Positives (TP) are the overlapping area between ground
truth and prediction, False Positives (FP) are the predicted area not overlapping with the
ground truth, and False Negatives (FN) are the ground truth area not covered by the
prediction. True Negatives (TN) are the areas correctly identified as not belonging to the
target class. The loU is calculated as the ratio of the TP area to the union of TP, FP, and

FN areas.
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CHAPTER 3

DurLAR: A High-Fidelity LiDAR Dataset
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Chapter 3. DurLAR: A High-Fidelity LiDAR Dataset

Figure 3.1: LiDAR point clouds from two exemplar scenes with differing vertical
LiDAR resolution (top to bottom: color RGB images, [32 — 64 — 128] LiDAR channels).
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3.1. Introduction
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Figure 3.2: Test vehicle (Renault Twizy): equipped with a long-range stereo camera, a
LiDAR, a lux meter and a combined GNSS/INS inertial navigation system.
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3.2. Sensor Setup
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Figure 3.3: Sensor placements, top view. All coordinate axes follow the right-hand
rule (sizes in mm).
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3.3 Data Collection and Description
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Table 3.1: Key time periods and environmental conditions. The value is expressed
in the form of [traffic density] | [population density], using a qualitative scale of [3 -
high, 2 - normal, 1 - low].
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3.4. Ambient and Reflectivity Panoramic Imagery
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Figure 3.4: The route (blue curves) used for dataset collection showing a variety of
driving environments.
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Building Campus (rainy) Campus (cloudy) City centre

Figure 3.5: Examples from DurLAR which demonstrate the diversity in our dataset. From top to bottom, RGB left camera images
(top), grayscale right camera images (center) and LiDAR point cloud (bottom). The point cloud is projected onto the 2D image plane using
the LiDAR-to-left-camera external calibration, and the color varies with the distance from the LiDAR (near:=red — far:=green).
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(b) Reflectivity

(c) Ambien

(d) Reflectivity,

Figure 3.6: Example of ambient (near infrared) and reflectivity panoramic images in real time, all without a camera.
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Figure 3.7: Camera to LiDAR custom calibration pattern with extrinsic parameter

estimation overlay shown.
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3.6. Monocular Depth Estimation

Figure 3.8: lllustrative LiDAR 3D point cloud overlay onto the right stereo image
(color) using the calibration obtained.
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3.7. Evaluation Results

Table 3.2: Performance comparison over the KITTI Eigen split [8], Cityscapes [9]
(self-supervised only) and DurLAR datasets (joint supervised/self-supervised, +S v.s.
self-supervised). All models are trained and tested on the same dataset, without cross-
dataset evaluation. Depth evaluation metrics (Section 2.8) are shown in the top row. Red

refers to superior performances indicated by low values, and green refers to superior
performance indicated by a higher value. The best results in KITTI and DurLAR are in
bold; the second best in DurLAR are underlined.
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Chapter 3. DurLAR: A High-Fidelity LiDAR Dataset

Table 3.3: Ablation results on ManyDepth [1]. vRes := the vertical resolution of
LiDAR ground truth depth. £S := supervised/self-supervised (+S) and self-supervised
ManyDepth (-S) for consistency with Table 3.2. §;, 5, and 5 refers to § < 1.25, § < 1.22
and 0 < 1.25 respectively.
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Figure 3.9: Comparison of monocular depth estimation results with areas of improvement highlighted with the use of depth supervision
(green)
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CHAPTER 4

Efficient 3D LiDAR Semantic Segmentation
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4.1. Introduction
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Figure 4.1: mloU performance (%) against parameters and multiply-add opera-
tions on SemanticKITTI (fully annotated) and ScribbleKITTI (weakly annotated) under
the 5% sampling protocol.
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4.2. Overview
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input unreliable
voxels
(x %2 4A) teacher Z, teacher Za
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Figure 4.2: Our proposed architecture for unreliable pseudo-labels LiDAR semantic
segmentation involves three stages: training, pseudo-labeling, and distillation with
unreliable learning. We apply ST-RFD sampling before training the Mean Teacher on

available annotations.
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4.4. Learning from Unreliable Pseudo-Labels
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Figure 4.3: lllustration on unreliable pseudo-labels. Left: entropy predicted from
an unlabeled point cloud, with lower entropy corresponding to greener color. Right:

Category-wise probability of an unreliable prediction , only top-4 and last-4 probabili-
ties shown.
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Figure 4.4: Coarse histograms of Reflec-TTA bins (not to scale).
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Figure 4.5: lllustration of LiDAR frame temporal correlation as [# frame ID] redundancy with 5% sampling on SemanticKITTI [3]
(sequence 00) using uniform sampling (selected frames in ®) and ST-RFD strategy (®).
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4.6. Sparse Depthwise Separable Convolution
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2 submanifold sparse convolution

Figure 4.7: lllustration of the SDSC convolution module.
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Table 4.1: Comparative mloU for semi-supervised methods with Range- and Voxel-based representation under uniform sampling (U),
sequential partition (P) and ST-RFD sampling (S): bold/underlined = best/2nd best; T = 1% labeled training frames only; ¥ = 50% labeled training

frames only; * denotes locally reproduced result; — denotes missing result due to unavailability of reference implementation from authors.
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Ground-Truth Our Approach Unal et al.
SeK

Figure 4.8: Comparing the 10% sampling split of SemanticKITTI (SeK, first row) and ScribbleKITTI (ScK, second row) validation set with
ground-truth (left), our approach (middle) and Unal et al. [4] (right) with areas of improvement highlighted.
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Table 4.2: Component-wise ablation of LiM3D (mloU as %, and #parameters in
millions, M) on SemanticKITTI [3] training and validation sets where UP, RF, RT, ST, SD
denote Unreliable Pseudo-labeling, Reflectivity Feature, Reflec-TTA, ST-RFD, and SDSC
module respectively.
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4.7. Evaluation

Overall Results on 3D Semantic Segmentation
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Table 4.3: 3D semantic segmentation results of LiM3D (ours) evaluated on SemanticKITTI [3] and ScribbleKITTI [4] valid-set with %1
and 2% labeled data. Alongside the per-class metrics, we show the relative performance of the semi-supervised approach against the fully

supervised (SS/FS). S: with SDSC sub-module (v') or without SDSC sub-module, i.e., with normal sparse convolution.
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Table 4.4: 3D semantic segmentation results of LiM3D (ours) evaluated on SemanticKITTI [3] and ScribbleKITTI [4] valid-set with 10%
labeled data, using different backbones. Alongside the per-class metrics, we show the relative performance of the semi-supervised approach
against the fully supervised (SS/FS). S: with SDSC sub-module (v') or without SDSC sub-module, i.e., with normal sparse convolution.
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4.7. Evaluation
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Table 4.5: The computation cost and mloU (in percentage) under 5%-labeled training
results on SemanticKITTI (SeK) and ScribbleKITTI (ScK) validation set.
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Table 4.6: Effects of ST-RFD sampling on SemanticKITTIl and ScribbleKITTI validation
set (mloU as %).

S wap wg S mw TT [ ] Sr TT [4]
1 4 1 4,
OIS | 1 1 .
o Tw 1 4 1
ST ® _ 1 62.4 - 63.4 - _ 61.2 1
ST =% 59.5 63.1 58.1 61.0 61.2 62.0

Table 4.7: Effects of differing reliability using pseudo voxels on SemanticKITTI
validation set, measured by the entropy of voxel-wise prediction. Unreliable and Reliable:
selecting negative candidates with top 20% highest entropy scores and bottom 20%
counterpart respectively. Random: sampling randomly regardless of entropy.

nr I ]
w SS/7% il SS/=% il SS/=%
59.5 85.6 4 1
1 62.2 89.5 '
63.1 90.8 14 1
4 63.3 91.1 4 1

Table 4.8: Reflectivity (Reflec-TTA) vs. Intensity (intensity-based TTA) on Se-
manticKITTI and ScribbleKITTI validation set (mloU, %).
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Effectiveness of Unreliable Pseudo-Labeling
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4.8. Summary
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Figure 4.9: Comparing the 10% sampling split of SemanticKITTI [3] validation set
with ground-truth (left), our approach (middle) and Unal et al. [4] (right) with areas of
improvement highlighted in green, and areas of under-performance in red.
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Figure 4.10: Comparing the 10% sampling split of SemanticKITTI [3] validation set
with ground-truth (left), our approach (middle) and Unal et al. [4] (right) with areas of
improvement highlighted in green, and areas of underperformance in red.
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Figure 4.11: Comparing the 5%, 10%, 20%, 40% sampling split of SemanticKITTI [3]
validation set with ground-truth (bottom) with areas of improvement highlighted in
green, and areas of under-performance in red.
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Ground-Truth Our Approach Unal et al.
Pt P - ooT

Figure 4.12: Magnification of regional details: comparing the 10% sampling split
of SemanticKITTI [3] validation set with ground-truth (left), our approach (middle) and
Unal et al. [4] (right) with areas of improvement highlighted in green, and areas of
under-performance in red.
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CHAPTER 5

Accurate 3D LiDAR Semantic Segmentation
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5.1. Introduction
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Figure 5.1: Left: RAPID exhibits excellent viewpoint invariance and geometric stability,
visualizing comparable features around the vehicle door structure at varying ranges
and viewpoints (feature matrix plots inset). Middle: RAPID is distinctive in different
semantic classes, as visualized by the matrices. Embedded RAPiD patterns corresponding
to different points are visualized using a spectrum of colors, showcasing their capacity to

represent different classes. Right: Our RAPiD-Seg achieves superior results over SOTA
methods on nuScenes [5] and SemanticKITTI [3].
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Figure 5.2: Our proposed architecture for 3D segmentation framework leverages RAPiD
features from the point cloud. We encode pointwise features into voxel-wise embeddings via
the voxel encoder and multiple RAPiD AutoEncoders (RAPID AE). After attention-based feature
fusion, these fused embeddings go through the backbone network for segmentation results.
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Figure 5.3: The illustration of range I? and k.
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Figure 5.4: Our RAPID AE consists of an Encoder, Convolution Layer, and Decoder

module, aiming to reproduce the input features and generate the compressed voxel-wise
RAPID representation F.
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5.3.4 Class-Aware Embedding Objective
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Figure 5.5: Visual illustration of R-RAPiD and C-RAPiD. R-RAPiD (left) confines the
Rol to the ring surrounding anchor points A (e.g., B, C, D, and E), optimizing computa-
tional efficiency by leveraging the structural characteristics of LiDAR data. C-RAPiD
(right) focuses on point features within the same semantic class (e.g., A, B, C, D, E, F,
and G), preserving feature embedding fidelity.
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5.4. RAPiD-Seg for 3D LiDAR Segmentation
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Figure 5.6: Our feature fusion module with channel-wise attention.
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Figure 5.7: Two variants of RAPiD-Seg. (a) R-RAPiD-Seg utilizes R-RAPiD features,
and (b) C-RAPiD-Seg utilizes both R- and C-RAPiD features for better performance.
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5.5. Evaluation
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Table 5.1: Quantitative results of RAPiD-Seg and SOTA segmentation methods on SemanticKITTI [3] test set; Best/2nd best highlighted.
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Table 5.2: Quantitative results of RAPiD-Seg and top-10 SOTA segmentation methods on nuScenes [5] test set; Best/2nd best highlighted.
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Chapter 5. Accurate 3D LiDAR Semantic Segmentation

Table 5.3: Cross-Dataset evaluation on SemanticKITTI validation set. “SemK" and
“nuS" refer to the SemanticKITTI and nuScenes datasets, which are used during the
AE training stages of the configurations (Conf.); Beams a — b represents downsample
to a beams for AE training stage, and b beams (without sampling) for fine-tuning and
validation.
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5.5. Evaluation
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Figure 5.8: Comparing our results and PCSeg (baseline) under multi-scan visualiza-
tion, showing improved segmentation results.
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Table 5.4: Component-wise ablation of RAPiD-Seg on the SemanticKITTI validation set.

RAPiD Features
oW m A
G wm x ‘ fl ‘ 0} ne
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v v 1 (+1.89)
v v v S (+2.11)
v v v 1 (+1.76)
v v v ‘ (+2.28)
v e v (+2.74)
v v v v 73.02 (+2.98)

Table 5.5: Effects of RAPiD and Reflectivity features compared to other configura-
tions on SemanticKITTI validation set. PDD: the compressed PDD embeddings; RAPiD-R:
only RAPID, without reflectivity feature fusion; RAPiD+R: both RAPiD and reflectivity.
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Table 5.6: Effects of various £ at different ranges.
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= 4, (-6.4) 8 6 3 79.91 (+1.3)

Table 5.7: 3D segmentation results of different variants of RAPiD-Seg (ours) on
SemanticKITTI validation set.
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Chapter 5. Accurate 3D LiDAR Semantic Segmentation

Table 5.8: Effects of using different backbones on SemanticKITTI validation set,
where P and V for Point- and Voxel-wsie methods.
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5.6. Summary
5.6 Summary

PrsSm W R»ng A x P iwn

s Ds w sr o wm( P ) wrom
P Sgn roor S gWa W » » X W ng RS T WS
sSwg m 0] s T rg x®ms W@ W W ¥ W nooRw
us w s P sgnfi w» S s gm W ®owr P Sg
»ogr S S & T mmg mwpr r fl s 4 S ®m W r s m
SS X WS »gS T rsws m S wma w TT % mwuS » s
S s Wr s mg W ol Swrp Ss S P rormw TR
w s w ng sap r r fh P ur s oW x
il s »m ung G » rwg Wgs
wr P wr s sgnfi mp = r o R T ows row
S S su S WP W w rgsr W om » PX WS N
» RS Woww W rs xr 0w o wr

108



Chapter 5. Accurate 3D LiDAR Semantic Segmentation
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Figure 5.9: Qualitative comparisons with PCSeg [6] and groundtruth through error
maps on SemanticKITTI [3] validation set. To highlight the differences, the correct
/ incorrect predictions are painted in gray / dark red, respectively. Each scene is
visualized from the ego-vehicle LiDAR bird’s eye view (BEV) and covers a region of 50m

by 30m. Best viewed in color.
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Figure 5.10: Qualitative comparisons with PCSeg [6] and groundtruth through error
maps on nuScenes [5] validation set. To highlight the differences, the correct/ incorrect
predictions are painted in gray / dark red, respectively. Each scene is visualized from
the ego-vehicle LiDAR bird’s eye view (BEV) and covers a region of 50m by 40m. Best

viewed in color.
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[ Groundtruth ] [ Ours ] [ PCSeg ]

@ @ @
o° o0° O0F°

O™ o> o>

© car bicy @moto @tuc @oveh @ped @blst @milst @ road pak @wak @ogo buld @fenc @veg @ tun terr poe @ sign

Figure 5.11: Magnification of regional details: comparing with PCSeg [6] and
groundtruth on SemanticKITTI [3] validation set. To highlight the differences, areas
of improvement are highlighted in green, and areas of underperformance in red. Best
viewed in color.
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5.6. Summary

Figure 5.12: Our method learns a high-dimensional RAPiD latent representation
for capturing the localized geometric structure of neighboring points. We apply PCA [7]
to reduce the latent dimension to 3 and plot as RGB. Different colors represent various

RAPiID 3D representations. Best viewed in color.
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6.2.3 Extension of RAPiD Features
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Public Access for DurLAR Dataset
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F— data/
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— data/
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L— <frame_numnber . png>
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L data. csv
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— data/
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— data/
L— <frame_nunber. png>
L— tinestanp.txt
— readne. nd
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=
L]
=

[ README file ]

Figure B.1: The folder structure of the DurLAR dataset.

Dur LAR cal i bs/

— calib_camto_camtxt
F— calib_inu_to_lidar.txt [
L calib lidar_to_camtxt

[ Camera to canera calibration results ]
IMJ to Li DAR calibration results ]
[ LiDAR to camera calibration results ]

Figure B.2: The folder structure of the DurLAR calibration information.

B.2 Download the Dataset
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B.3. Integrity Verification
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Table B.1: The number of frames in each drive folder.
Drive ID 20210716 20210901 20211012 20211208 20211209 Total
# of Frames 41 4 4 145911
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APPENDIX C

DurLAR LiDAR-Camera Calibration Details
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(a) LIDAR to left camera calibration (b) LIDAR to right camera calibration

Figure C.1: LiDAR to stereo camera calibration and visualization.
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i I W X WS wee  wgp WS P WS WMg ¥ i 2 ne S

Figure C.2: LiDAR frame-wise aggregation allows for the generation of a denser point
cloud from continuous dynamic LiDAR frames, resulting in detailed geometrical and
surface texture information.
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Figure C.3: SuperGlue identifies correspondences between LiDAR points and pixels.
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APPENDIX D

The Description on Semantic Classes
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D.2 nuScenes Datatset
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D.3. Excluded Semantic Classes
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Related Resources of Publications
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Conference on 3D Vision ( ) 1
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IEEE/CVF Conference on Computer Vision and Pattern Recognition (P )
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Conference on Computer Vision ( ) Spr wg 4
Related links: P p r x Ps x
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https://arxiv.org/pdf/2406.10068
https://collections.durham.ac.uk/collections/r2gq67jr192
https://github.com/l1997i/durlar
https://youtu.be/1IAC9RbNYjY
https://www.luisli.org/assets/pdf/li21durlar_poster_v2_compressed.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Li_Less_Is_More_Reducing_Task_and_Model_Complexity_for_3D_CVPR_2023_paper.pdf
https://github.com/l1997i/lim3d
https://www.youtube.com/watch?v=Ob9Jh0uIOa4
https://www.luisli.org/assets/pdf/li23cvpr_poster_big.pdf
https://project.luisli.org/lim3d/
https://arxiv.org/pdf/2407.10159
https://github.com/l1997i/rapid_seg
https://www.youtube.com/watch?v=u02Zl-NCnJE
https://www.luisli.org/assets/video/eccv24_luis_oral_30MB.mp4
https://www.luisli.org/assets/pdf/rapidseg_eccv_poster_compressed.pdf
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