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Abstract

The ability to accurately identify objects and their spatial properties in 3D is a
critical task within the field of autonomous driving. To achieve this goal, deep neural
networks identify objects and determine their corresponding 3D position, extent
and orientation. For deep models to learn general properties of the environment
and be able to identify objects, large amounts of labelled data are required. Since
labelled data is expensive and time-consuming to obtain, it is crucial to reduce
reliance on it without compromising performance. Therefore, this thesis investigates
two pre-training tasks for 3D object detection in LiDAR point clouds and highlights
their effectiveness in one-shot and few-shot detection. The pre-training methods in
this project utilise two different web-scaled foundation models, namely, SAM 2 and
DINOv2. As both models are trained on 2D images, we lift their outputs to 3D to
generate pseudo-labels for training a 3D object detection model in a self-supervised
fashion. Predicted features from DINOv2 are used in the first pre-training task,
while segmentation masks from SAM 2 are used in the second task. As a result, the
performance of each method reflects both the choice of pseudo-labelling method and
the quality of the underlying foundation models.

The results show that the model effectively learns to identify objects from a single
annotated sample after pre-training on either SAM 2 or DINOv2. When only a few
samples are available, the pre-trained and fine-tuned models significantly outperform
the baseline which is trained fully-supervised from scratch. This emphasises how
these pre-training methods enabled the model to learn and recognize less common
object categories even when they are represented by only a few instances in the
dataset.

Keywords: object detection, LiDAR, foundation models, self-supervised, pre-training,
point cloud, thesis.
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1

Introduction

Over the past year (2024), 210 people have lost their lives due to traffic accidents
involving one or more vehicles in Sweden [1]. This toll persists despite road safety
being highly prioritised by Swedish authorities, which has made Sweden one of the
safest countries in the world for traffic [2]. Furthermore, human error has been
identified to be a frequent cause of traffic accidents. In the USA, it is estimated to be
the critical reason (i.e. the immediate cause or last failure in the chain of events) in
94% of total car crashes [3]. Of these 94%, approximately 41% of crashes are broadly
attributed to perception errors made by the driver. Self-driving cars and Advanced
Driver Assistance Systems (ADAS) have emerged as ways to decrease human error
in traffic accidents and have the potential to substantially lower traffic accident rates
and save lives.

The safety of self-driving systems can only be guaranteed if the car’s ability to
understand the surroundings is robust, as everything from trajectory-planning to
emergency braking systems relies on the output from these perception systems. One
way to provide these systems with sensible data about their surroundings is to use
object detection. This provides class probabilities, position, size and orientation of
all identified objects in the perceptive field. Moreover, the perception of the car’s
surroundings needs to be resilient towards different weather conditions affecting
visibility and/or to sensor failures. This may be achieved by employing computer
vision systems relying on different sensor modalities for predictions. For instance,
while the Light Detection and Ranging (LiDAR) sensor is robust to challenging
lighting conditions, cameras often suffer in those settings [4]. On the other hand,
LiDAR is prone to inaccuracies in snow or rain due to changes in the reflection of
laser signals, an area where cameras often can provide more reliable information.
Therefore, object detection from LiDAR data remains a valuable tool for ensuring
road safety, particularly when combined with other sensor modalities.

LiDAR based object detection in 3D normally requires large amounts of annotated
data to enable the model to learn all the important features for identifying objects
in a point cloud [5]-[8]. These annotations are very expensive to obtain as they
require humans to manually perform the detection task when annotating the point
clouds. This is more complex than the annotation of images since humans are less
used to identifying objects in a point cloud setting. As a result, the large amounts
of 3D point cloud annotations needed for training a robust and detailed model are
hard to come by. Fully supervised approaches rely heavily on these labour-intensive
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annotations, which make scaling difficult and costly. However, the identification of
objects in images is a well-researched field which has produced several large and
accurate foundation models as powerful tools for both object detection and semantic
segmentation [9]-[11]. This project will therefore develop pre-training strategies
utilizing Vision-based foundation models in the 2D image domain and lift their
output to a LiDAR point cloud for self-supervised training of a 3D object detection
model on LiDAR data with the goal of reducing reliance on expensive annotations.

1.1 Background

This thesis aims to develop pre-training methods for an object detector in LiDAR
point clouds. To provide a fundamental understanding of relevant topics, this
chapter will present several methods that effectively perform 3D object detection
and techniques which have been developed to reduce annotated data requirements
while still maintaining strong performance.

1.1.1 Vision-based foundation models

Foundation models within the field of computer vision enable broad generalization
across diverse tasks. These models can be incorporated in pre-training architectures
that can be fine-tuned with minimal data for a specific task [12]. However, since
these models often achieve high accuracy on general datasets they can also be used
directly, without fine-tuning, to facilitate downstream tasks, as demonstrated in
[13], [14]. Two such vision based foundation models are DINOv2 [11] and Segment
Anything Model (SAM) [10].

DINOv2

DINOv2 is a self-supervised vision transformer model from Meta Al that generates
high-quality, general-purpose visual features, enabling effective performance across
diverse image and pixel-level tasks without requiring fine-tuning [11]. DINO is a
self-distillation strategy with no labels and was designed to adress some of the limits
to Vision Transformers (ViT) such as their large data requirement and expensive
computations by performing extensive self-supervised pre-training as successfully
used in Natural Language Processing (NLP) [15]. This makes the DINOv2 model
highly scalable as it does not require manual labels. They use a teacher-student
framework where the teacher is built on an Exponential Moving Average (EMA) of
past iterations of the student to enable the self-supervision.

DINOv2 is shown to perform well on a wide range of benchmarks, closing the per-
formance gap with weakly supervised alternatives. The model demonstrates strong
capabilities in understanding object parts and scene geometry [11].

SAM

SAM is another foundation model by Meta AI which, similarly to DINOv2, shows
impressive generalization across diverse domains [10]. SAM is a promptable segmen-
tation model specifically developed to address the challenge of generalization across
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diverse segmentation tasks in computer vision, demonstrating zero-shot performance
that is often competitive with, or even superior to, fully supervised models. SAM
consists of a heavy image encoder, a prompt encoder and a more lightweight mask
decoder and was trained on a labelled segmentation dataset of over 1 Billion masks
on 11 Million images to obtain its performance. Improving on this work, Meta Al
releases SAM 2 [16] which is more accurate and 6 times faster than SAM on image
segmentation.

The above-mentioned models are both on the cutting edge of vision-based foundation
models and are highly suitable for the application area of this project. Therefore, it is
of great interest to compare the two in this context to determine which one provides
a better pre-training signal for optimizing the performance of a LiDAR-based object
detector.

1.1.2 Object detection in 2D

To grasp the fundamental requirements, capabilities, and limitations of object detec-
tion in 3D, it is useful to first examine the advancements and methodologies in 2D
object detection.

Region Proposal

Region proposal is a method which reduces the object detection task to a classification
problem by generating a limited set of candidate regions that likely obtain an object
[17]. Among these proposals, many will be noisy, but some will accurately bound the
objects of the original image. Methods like selective search [18] group similar pixels
based on similarities, producing around 2,000 proposals per image. Having a limited
set of proposed regions make the detection process more efficient compared to sliding
window approaches where the entire image is treated as possible regions and need
evaluation. This approach balances high recall with computational efficiency and
has been foundational in the development of region-based object detectors such as
Region-based Convolutional Neural Network (R-CNN) proposed in [19].

Single-Stage with Post-Processing

In contrast to the region proposal approach to object detection, one-stage networks
with post processing gained attention due to their efficiency and simplicity relying
solely on convolutional operations. You Only Look Once (YOLO) [20], is perhaps
one of the most influential single-stage detection models achieving real-time speed
and competitive accuracy. Several advancements have been made to the detector
framework showing its potential, including [21], [22]. In the early versions, the YOLO
method relies on anchor box generation to provide a starting point for bounding box
generation by regressing offsets from these anchors instead of predicting boxes from
scratch. The anchor proposals are applied on feature maps and properties such as
the anchor box sizes and aspect ratios are manually selected based on heuristics or
knowledge about the dataset. The FCOS model (Fully Convolutional One-Stage)
presented in [23] further advanced the single-stage approach by introducing an
anchor-free framework that directly predicts object locations and sizes from obtained
feature maps.
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Eliminating the reliance on prior predictions or anchor proposals in the object de-
tection pipeline offers several advantages [22]-[24]. Firstly, it simplifies the overall
detection process by removing the need to carefully tune hyperparameters associ-
ated with anchor box generation, which is crucial in order to obtain competitive
performance. Moreover, the anchor generation procedure is both computationally
demanding and time consuming and the training procedure of the subsequent net-
work typically demands a larger training memory footprint compared to anchor-free
versions. Additionally, anchor-based detectors often suffer difficulties handling object
candidates with significant shape and size variations [21], [23].

Another anchor-free approach is CenterNet [25] which views the object detection
problem as a keypoint estimation problem. Each ground truth object is assigned a
centre point and then they use keypoint estimation to find and classify the centre
points while the other object properties such as size and orientation are regressed.
They use several different fully-convolutional encoder-decoder networks built on
previous successful keypoints estimation networks such as Hourglass [26], ResNet [27]
and Deep Layer Aggregation (DLA) [28]. The regression could also be used to predict
3D properties from the 2D images further showing the strength in representing
objects as points.

End-to-End

In contrast to the single-stage methods an end-to-end detector requires no post-
processing to obtain the final bounding box predictions. A transformer-based model
for object detection was first introduced in [24] which suggested an end-to-end
method for object detection that improved the efficiency of the detection pipeline.
The framework called Detection Transformer (DETR) uses an encoder-decoder
architecture to output several parallel predictions based on the relationship between
objects and global image context. DETR demonstrates comparable accuracy and
run-time performance to the well-established and highly optimized Faster R-CNN
baseline on the COCO object detection dataset. DETR performs especially well
on large objects in comparison to the faster R-CNN, which is possibly due to the
self-attention in the transformer structure which could provide the model with the
ability to process global information.

After evaluating various combinations of different foundation models and detection
architectures, [29] shows that using the pre-trained DINOv2 model for the vision
backbone with DETR detection architecture achieves state-of-the-art performance in
few-shot object detection. Similarly to [24], they present issues with detecting small
objects as well as detecting objects in dark environments.

1.1.3 3D Object Detection

In order to effectively evaluate methods for implementing a 3D object detector it is
important to first gain a deeper understanding of existing methods in the field. By
analysing this we can better identify the most effective solutions for our application.

Backbone
Several 3D object detection models for point clouds utilize a 3D backbone, typically

4
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VoxelNet [30], [31] or PointPillars [32], to encode point cloud data into feature vectors.
These encoded features are then processed using either CNNs or a transformer-based
architecture [33]-[35]. VoxelNet divides the point cloud into small 3D voxels, they
then generate per-voxel-features followed by 3D convolutions [30]. Improving upon
VoxelNet, the authors of [31] proposed SECOND which incorporates sparse convolu-
tions that operate only on occupied voxels. This addition significantly reduces the
computational complexity of VoxelNet. In contrast, PointPillars, while inspired by
VoxelNet, improves efficiency by replacing 3D voxels with vertical pillars. It applies
2D convolutions in Bird Eye’s View (BEV) space instead of 3D convolutions, further
reducing computational complexity. Both approaches enhances model efficiency by
effectively compressing the point cloud representation while minimizing information
loss, which could also be beneficial for this project.

CNN based

Building upon the introduction of VoxelNet and PointPillars as 3D backbones, these
architectures are extended in their respective papers [30], [32] and serve as complete
CNN-based 3D object detectors on point clouds. Both VoxelNet and PointPillars
integrate their respective encoding methods with Region Proposal Network (RPN)s to
perform end-to-end 3D object detection. VoxelNet uses multi dimensional convolution
layers followed by 2D convolutions on the encoded voxel-wise features to generate a
dense feature map as input to the RPN [30]. PointPillars, on the other hand, scatters
its pillar-based encodings into a pseudo-image which is processed by a regular 2D
CNN and finally sent through an RPN [32].

In contrast to the above networks, the two-staged 3D detector PointRCNN operates
directly on raw points [36]. PointRCNN consists of a bottom-up stage for 3D
proposal generation by segmenting the foreground points and generating proposals
from these. The second stage is a refinement network which transforms the proposals
to canonical coordinates for accurate box prediction. Published in 2019, PointRCNN
outperformed VoxelNet[30] and SECOND[31] on several classes on the KITTI dataset
[36] at the cost of efficiency due to dealing with the large and sparse data in the raw
point cloud [37].

Another CNN based 3D object detector called CenterPoint was proposed in [33].
CenterPoint utilizes a CNN-based architecture to detect centres of objects and
regresses 3D bounding box properties such as size and orientation. CenterPoint,
puplished in 2021, outperforms earlier results on several benchmarks and demonstrates
the effectiveness of representing 3D objects as points rather than boxes. This
project draws inspiration from CenterPoint by adopting a similar one-stage detection
approach for 3D object detection. This single-stage method is well-suited for use in
embedded systems due to it’s simple design and efficiency. Therefore, this thesis will
take inspiration from this approach to create an object detection base model which
is applicable in autonomous driving.

Transformer based
Several 3D object detectors have been implemented using transformer-based back-

bones [6], [8], [38].
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One approach is to use end-to-end transformer models for 3D object detection, such
as 3DETR [38] (based on the model presented in [24] for 2D object detection). The
model processes raw 3D point clouds directly. Since the model does not divide the
point cloud into grids, it preserves details but is also more computationally heavy
compared to grid-based approaches such as VoxelNet [30] and PointPillars [32]. This
is due to the quadratic complexity of the self-attention mechanism.

Point-BERT [6], based on BERT [39], is a transformer-based model designed for
3D point clouds that utilize Masked Point Modelling (MPM) as a pre-training
strategy. Inspired by masked token prediction in NLP, point-BERT randomly masks
patches of a point cloud and learns to reconstruct them, forcing the model to capture
meaningful geometric structures and spatial relationships. The authors emphasizes
the effectiveness of self-supervised learning for point cloud understanding and the
ability to generalize across different 3D tasks.

1.1.4 Self-supervision in 3D

To reduce the reliance on large-scale annotated datasets, self-supervision has emerged
as a powerful approach. Understanding its role in 3D object detection and segmenta-
tion will highlight its potential in learning meaningful representations.

Self-supervised object detection in 3D

Several previous works on self-supervised training for object detection rely on motion
to identify unlabelled objects in 3D (RGB-D) sequences [40]-[42]. These motion-based
approaches have proven efficient in locating moving objects with little to no labels.
However, they fail to provide predicted semantic labels such as "car', "pedestrian"
etcetera.

Another approach is presented in [43], which during training utilizes a calibrated
camera-LiDAR setup and per-point compressed CLIP [9] features to provide semantic
labels. It then leverages motion data from point clouds, matching it with 2D image-
text pairs to classify objects. While this effectively assigns labels to detected objects,
the training requires motion data sequences to identify them. In contrast, our
approach will take the distillation of web-based foundation model outputs one step
further by creating pseudo-labels that incorporate objectness and positional context
as a pre-training signal for an object detector.

Furthermore, [8] uses an encoder-decoder architecture and self-supervised pre-training
on 2D images to learn 3D representations in point clouds. An encoder is fed with
a masked point cloud. Using multiple blocks with self-attention layers, the model
learns global 3D structures. After encoding, the visible tokens are combined with a
set of learnable masked tokens, which are input into the decoder. The decoder learns
to reconstruct the missing 3D coordinates.

To tackle the challenge of the limited size of 3D object detection datasets compared to
many 2D datasets, [5] suggested a mining procedure of 3D box data without semantic
labels. They generated two dimensional instance segmentations using an open source
panoptic segmentation model and backprojected these instance proposals to a 3D

6
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bounding box using certain assumptions about objects shapes and orientations. A
detector was then trained to produce these mined annotations from LiDAR point
clouds. The results showed that with enough mined data the model outperformed
a model trained on a human-annotated training set despite the noisy nature of
the mined bounding boxes. This thesis will aim to leverage the shown potential
of derived labels from 2D images shown in [5] while improving the quality of the
pseudo-annotations by directly unprojecting SAM segmentation masks or DINOv2
features onto the LiDAR point cloud.

Self-supervised 3D point cloud segmentation

Recent research within self-supervised LiDAR point cloud segmentation utilizes the
distillation of foundation models to generate pseudo-labels lifted to the 3D domain
to train a zero-shot 3D segmentation model called Segment Anyting in LiDAR
(SAL) [13]. This novel approach tackles the task of panoptic segmentation with a
zero-shot model trained on pseudo-label-masks generated by utilizing a calibrated
camera-LiDAR setup to lift segmentation masks from SAM to 3D. Similar to [43], this
paper utilizes CLIP [9] for semantic distillation. However, in contrast to the previous
approach, [13] extracts the CLIP features per segmented object instance to gain a
more object-centric semantic understanding. The proposed pseudo-label-engine and
trained model achieves promising results on several benchmarks, indicating that the
model has obtained a sense of objectness in 3D LiDAR point clouds from the lifted
2D segmentations. This thesis will take inspiration from this work and use outputs
from vision-based foundation models lifted from a camera image to an associated
LiDAR point cloud as a pre-training signal for a LiDAR-based object detector.

1.2 Societal, Ethical and Ecological Aspects

One of the primary ethical aspects of this project is ensuring road safety. To ensure
that self-driving vehicles safely navigate an unpredictable world, it is essential to
have a robust computer vision system. Specifically, reliable object detection is an
important tool as it is a computationally effective way to describe important visual
features for a computer. High-performing object detection is important in many
self-driving applications, such as emergency braking, where reliable and fast vision
systems are vital for quick decision-making.

When training such networks, it is of great importance to ensure inclusiveness and
diversity in the labelled data sets, this is to ensure robust models and reliable and
fair decision-making [44]. Another aspect related to data is data retrieval, privacy
and annotation methods. When it comes to privacy, Zenseact’s Open Dataset (ZOD)
uses blurring to protect the identities of individuals in photos, addressing privacy
concerns.

The goal of this project is to reduce the reliance on manually labelled data. Achieving
this would not only accelerate the development of autonomous driving systems but
also enhance their ability to detect objects accurately with smaller, more efficient
datasets. Ultimately, efforts within this field contribute to safer and more reliable self-
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driving cars while reducing the manual labour imposed by ground truth annotation.

Another ethical aspect to consider when developing Artificial Intelligence (AI) models
is the emissions of carbon dioxide from large Graphical Processing Unit (GPU)
clusters. While this concern is especially evident when training large NLP models,
which have grown exponentially in size, similar principles apply to foundation
models across other domains. According to [45] the training of GPT-3 consumed
approximately 1,287 MWh of energy and the estimated emissions are 552 tons of
carbon dioxide. In addition, the carbon footprint of training a single large language
model can be comparable to lifetime emissions of several cars [46]. However, [45]
also states that one environmental benefit of large models is the ability of few-shot
generalization without retraining, placing their initial carbon cost in comparison to
repeatedly training smaller, task-specific models

A different ecological aspect to consider is the significant processing power self-driving
cars require, leading to increased carbon emissions [47]. Research suggests that the
adoption of autonomous vehicles could accelerate the issue of greenhouse emissions.
To handle this problem, it is crucial to develop more efficient hardware as well as
neural networks and algorithms. On the other hand, another study suggests that
the availability of electric autonomous cars can impact the population’s choices of
commuting in larger cities, toward more sustainable options [48]. Specifically, with
a change in today’s transportation industry, it is possible to decrease greenhouse
emissions by up to 34% by 2050. Overall, it can be argued that the benefits, such
as the potential to reduce traffic accidents and save lives outweigh these downsides.
Within the scope of this project, our responsibility is to produce as effective algorithms
as possible to ensure more efficient processing and use of resources.
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Theory

This chapter offers deeper insights into the theoretical background necessary to gain
an understanding of the methods presented later. It further delves into the technical
details needed to obtain an understanding of this thesis methodology.

2.1 PointPillars Voxalization

PointPillars provide an efficient technique for encoding 3D point clouds into a BEV
feature representation or pseudo image [32]. The procedure is illustrated in Figure 2.1.

W
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Figure 2.1: Pipeline of voxalization using PointPillars as described in [32].

The point cloud is first processed pointwise, then voxelised into pillars which are
stacked to form a pseudo image. The 3D space is divided into a grid in the BEV
plane that extends through the entirety of the third (height) dimension dividing it
up into pillar-like cells. The points that fall into any of these cells form the voxels
(or pillars).

Each point, given by it’s x,y, z coordinates and it’s reflectance r is augmented into
a vector of length D = 9 which includes the original point as well as the offset to the
centre of the pillar it falls in (z,,y,) and the distance to the average of the all points
within the same pillar (z, y., z.). The point vectors of length D are then stacked and
zero-padded into a tensor of shape (D, P, N) where P is the number of populated
pillars and N is the maximum number of points per pillar. If a voxel includes more
points than N, random sampling is used. The grid location of each voxel is kept for
later use. A single layer Feed Forward Network (FFN) is applied pointwise which
generates a tensor of shape (C, P, N) followed by a max operation over channels
which produces a (C, P) size tensor, incorporating the spatial information of the
point distribution within each pillar.
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The learned features are subsequentially converted into a 2D pseudo-image of shape
(C,H,W), where H,W are the height and width of the grid in the BEV plane and C
is the length of the encoded feature vectors. This step is done using the list of saved
grid index of each pillar.

2.2 ResNets

ResNet leverages shortcut connections across one or more layers to form residual
blocks, which are then stacked sequentially to build deep neural networks [27]. This
method effectively addresses the issue of vanishing gradients which is a common
concern when training deep networks. By adding a shortcut connection over layers,
ResNets allow the network to learn residual mapping, which essentially is the differ-
ence between input and the desired output, instead of learning the full transformation
between input and output. Implementing residual blocks allow for deeper networks
without reduced performance and the network can still be trained end-to-end during
back-propagation.

ResNet demonstrates impressive results in image recognition tasks, particularly in
scenarios where networks would otherwise degrade in performance due to over-fitting
or optimization difficulties. It remains an effective method for training very deep
convolutional networks, making it highly relevant for applications in computer vision,
where large-scale deep learning models are essential for tasks such as object detection,
segmentation, and classification. Today, ResNet is the standard architecture for any
CNN-based computer vision model.
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Figure 2.2: Architecture of a Residual Block adapted from [27].
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2.3 Deep Layer Aggregation

DLA is a method designed to improve CNNs by aggregating information from multiple
layers throughout the network [28]. This technique enables models to achieve better
accuracy while also reducing the number of parameters. With DLA, it is possible to
maintain resolution while simultaneously gaining a richer understanding of various
features and improve efficiency. In other words, DLA allows for the advantages of
both deep and shallow convolutions to be leveraged, enabling the model to both
pinpoint the object positions using fine details from shallower layers, while using
rich features from deeper layers to confirm the object class. This ability is especially
important for the object detection task.

Iterative Deep Aggregation (IDA), shown in Figure 2.3, is a type of DLA designed to
fuse resolution and information density [28]. IDA begins aggregation at the shallowest,
largest resolutions, and iteratively merges deeper layers with lower resolutions. This
progressive aggregation allows shallow features to be refined as they move through
the network and allows for information from shallower layers to be merged with
higher level features.

e L Sutput
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Figure 2.3: Structure of Iterative Deep Layer Aggregation adapted from [28]. The
deeper layers are upsampled to 2 times its resolution to match the the shallower
layer resolution using interpolation. The shallower layers and upsampled deeper layer
are combined in an aggregation node consisting of a convolution, batch norm and a
non-linear activation function.

2.4 CenterNet

The CenterNet paper [25] presents an object detection method for camera images
which leverages keypoint estimation to identify object centre points while simulta-
neously regressing object properties such as size. CenterNet can be extended to
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3D object detection in 2D camera images by also incorporating regression of 3D
attributes like depth and orientation.

For 2D object detection on an image with Height H and width W, the CenterNet
produces 3 output predictions. The first one is a keypoint heatmap Y of size (H/R,
W/R, C) where C are the number of classes, and R is the output stride. The heatmap
contains numbers between 0 and 1 where large values at position (x,y, ¢) represents
the model being more confident that there is an object of class ¢ with its centre
point in the receptive field of the (z,y) cell. Additionally, CenterNet regresses a local
offset O and object size S both of size (H/R,W/R,2). The offset contains the (5z, 5y)
offsets of the object centerpoint from the middle of the cell and the size (h, w) is the
height and width of a potential object with its centerpoint in the given cell.

CenterNet uses a single network to predict a total of C'+ 4 outputs at each location.
The outputs Y, O, S share a fully convolutional backbone and then for each property
is passed through a convolutional chain consisting of a 3 x 3 convolution followed by
a ReLU layer and another 1 x 1 convolution see Figure 2.4.

The paper uses a Gaussian kernel in the x — y plane on the target heatmap to
penalize cells nearby true keypoints less than those far away. The paper then utilizes
"penalty-reduced pixelwise logistic regression with focal loss"[25] which is given as:
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Figure 2.4: CenterNet [25] architecture for 2D object detection on images.

where o and 3 are tunable hyperparameters set to 2 and 4 respectively in [25] and N
is the number of keypoints in the image. They further train the offset and size with
an L1-loss (described in Equation 2.3) only applied at locations where the heatmap
is non-zero, and ignoring all other locations.
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2.5 CenterPoint

Tackling the task of LIDAR 3D object detection, [33] presents a similar approach as
the CenterNet paper ([25]). They first detect objects as keypoints in the BEV plane
in a heatmap trained similarly to CenterNet, then they regress object properties such
as offset refinement, height above ground, 3D size and orientation. The orientation
is described by two parameters (sin(p), cos(p)), where ¢ is the yaw angle.

2.6 Loss functions

Below is a description of the different loss functions and algorithms used to calculate
the difference between ground truths and predictions in this work.

2.6.1 Mean Squared Error

Mean Squared Error (MSE), also known as L2loss, is a widely used loss function
for regression problems [49]. The error between the actual value (y), called Ground
Truth (GT), and the prediction (x) is calculated as the mean squared error:

N
Smse(2,y) Z (2.2)

MSE is sensitive to outliers, as the loss function heavily penalizes larger errors [49].

2.6.2 SmoothL1

SmoothL1loss is based on L1loss, also called Mean Absolute Error (MAE), and is
defined as:

N

fmae(xay) - ]bzpjz _yi‘ (23)
i=1
where x is the prediction and y is the GT. The MAE indicates how much model
predictions differentiates from the real values [49]. MAE-loss is, similarly to MSE-loss,
commonly used in regression tasks, but unlike MSE, MAE is more robust to outliers
as it penalizes all errors linearly to their size.

SmoothL1loss is defined as:

N if .
{O 5ex if || < B (2.4)

fsmoothLl Z ‘ZIZ',L| 0 55) if ’CCZ| > ﬁ

=1

where x; is the difference between the ith predicted and GT point and 5 = 1.0. This
can be seen as a compromise between MAE-loss and MSE-loss [50]. Depending on
whether a value is under or over a certain threshold [, it will be treated differently.
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Values under § will be treated as quadratic (like MSE), and values over will be
treated as linear (like MAE). This means that large errors are penalized less harshly
than with MSE, making the loss function more robust to outliers.

2.6.3 Binary Cross Entropy Loss

Binary Cross Entropy (BCE) loss is used to measure the difference between predicted
probabilities () and binary target labels (y). The loss function is defined as
Joee(y) = =% L [yilog(9:) 4+ (1 — ;) log(1 — §;)]. It is commonly applied in binary
classification tasks [49]. The output of BCE loss represents the likelihood of a correct
classification. Because it uses a logarithmic formulation, BCE loss heavily penalizes
predictions that are confidently incorrect. With minimized BCE loss, the likelihood
of true classes is maximized.

2.6.4 Dice Loss

Dice loss is designed to measure the overlap between predicted and GT segmentations,
making it particularly well-suited for image segmentation tasks [51]. One of the key
advantages of dice loss is that it penalizes both false positives and false negatives,
which makes it especially useful when working with imbalanced datasets. Dice loss
is derived from the dice coefficient, which measures the similarity between two sets

. . 2% [Predicti ] . )
of data Dice Coefficient = x|[Prediction] - phe dice loss is computed accordingly
|Prediction|+|Target|

. 1 . . 1 221.17@'9@' s .o A
Dice Loss = 1 — Dice Coefficient = 1 S S g where p; is the prediction and g;
is the GT.

2.6.5 Bipartite Matching and the Hungarian Algorithm

Bipartite matching is used to uniquely assign a predicted box to a GT box [24], [52].
A common approach when employing set predictions by bipartite matching is to use
the Hungarian algorithm to obtain the optimal assignments by minimizing the total
cost. This cost is defined in a cost matrix, where each entry represents the cost of
assigning a specific prediction to a GT object. The matrix can be constructed using
a combination of different loss components depending on the task. By minimizing
the total cost in this matrix, the Hungarian algorithm ensures a unique and optimal
matching between predictions and GTs.

2.7 Principal Component Analysis

The PCA is a technique used to reduce high-dimensional data into a lower-dimensional
space while retaining as much of the original variance as possible [53]. If there is a
set of multi dimensional data, the first principal component is the direction along
which the data points varies the most, the second is the direction along which they
vary second most and so on. To reduce the dimensionality of a set from M to N one
can therefore extract the N first principal components of that set of data and then
project the data to the new coordinate system spanned by the principal components
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axes. Figure 2.5 illustrates a two dimensional example where the first and second
principal component directions are shown.

x2

Data
PC1
PC2

Figure 2.5: Mlustration of how the principal components are calculated from a set of
data.
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Methods

This chapter presents a detailed overview of the methods employed during the project
and highlights the design choices that shaped the approach.

3.1 Research Pipeline

This project aims to compare two self-supervised pre-training methods on LiDAR
data by evaluating their downstream performance on 3D object detection. Two
separate pipelines are developed, one using DINOv2 pre-training and the other using
SAM2, as illustrated in Figure 3.1. Each pre-training strategy uses images and
point clouds from ZOD to generate pseudo labels. Identical backbones composed
of voxelization as described in Section 3.3.1, and a CNN are pre-trained using the
generated pseudo labels as GTs. An object detection head can be attached to each
pre-trained backbone to train and perform object detection from the learned features.
In addition, a detector trained from scratch on LiDAR point clouds is included to
serve as a baseline for comparison.
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Figure 3.1: Full system diagram describing the pipeline to compare downstream
performance of DINOv2 and SAM2 pre-training to fully supervised learning.

3.2 Data Processing

This project utilizes ZOD [54] which includes data from a calibrated camera-LiDAR
setup with object detection annotations in the LiDAR point cloud. The camera
images in the dataset portray the front view from the car and covers a range of
120°. However, the LiDAR point clouds in the dataset cover the entire range of 360°
around the car in the BEV plane. To account for this and enable the usage of a
calibrated camera-LiDAR setup, the LiDAR points outside the camera frustum are
filtered out and all models are trained on the front 120° portion of LiDAR data. see
Figure 3.2. It is vital to have the corresponding camera view to enable lifting image
features via the foundation models and create pseudo labels.

To filter out points outside the camera frustum we simply transform all points in
the raw LiDAR point cloud into the camera coordinate system using the extrinsic
matrices of the camera and the LiDAR. All necessary calibration matrices for this
procedure are pre-defined and can be found in the open dataset. The points which
end up behind the camera (i.e. with a negative z-coordinate in the camera coordinate
frame) after transformation are removed in this stage along points further away than
100 meters. The frustum is limited to 100 meters to avoid unnecessary complexity
when defining the grid, as objects far away are not prioritised and points on them
will be sparse due to the nature of the LIDAR sensor. The remaining points are
projected into the camera image. Due to the fisheye characteristics of the camera in
the dataset, Kannala projection [55] is used with the camera intrinsics and distortion
vectors. Lastly, all projected points falling outside of the image are removed.
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(a) Unprocessed point cloud covering 360°.  (b) Processed point cloud limited to camera frus-
tum, covering 120°.

Figure 3.2: Pre-processing of the LiDAR point cloud to limit it to the camera frustum
and a forward range of 100 meters in the vehicle’s direction.

3.3 Object Detector

To enable the comparison of two pre-training methods, we implement an object
detection baseline. This section describes the parts of the 3D LiDAR object detector
which consists of a backbone and a detection head. The backbone is further split
into an encoder from LiDAR points to feature map and a main CNN. The model is
end-to-end differentiable for simple backpropogation in the training.

3.3.1 Feature Encoder

The LiDAR point cloud data is an unordered set of 3D points which is unsuitable to
use directly as input to any network especially one based on convolutions which must
be performed on dense images by construction. The backbone is made to remedy
this and transform the raw data into a pseudo image which is the suitable input for
a CNN.

This is done using the PointPillar voxalization procedure described in Section 2.1
due to its simplicity yet effective encoding of the positional relationship of the raw
data points. However, in difference to the PointPillar paper [32] this project utilizes
multiple layer feature encoding within each voxel to ensure that the resulting feature
map captures the knowledge of the point distribution within that cell. The grid used
to voxalize is defined in the BEV plane and the height dimension is unlimited within
the pillars. We choose not to voxalize in the z-dimension as done in VoxelNet [30] since
this would introduce additional engineering efforts to compress the feature tensors of
a 3D grid into an image as well as computational complexity while improving the
information captured very little since the points are not very spread out in z-direction.
The voxels used in this project have width and depth equal to 0.125 m and the total
BEV grid is limited from [—128,128] in z direction and [0, 128] in y direction where
the origin is placed at the centre of the LIDAR sensor.
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The encoded feature vectors are then scattered into a pseudo image using the grid
defined in the BEV plane. The resulting pseudo image will have the shape (H, W, C)
where the Height (H) and Width (W) dimensions are the same as defined in the
voxalization grid and the number of channels (C) are defined by the length of the
encoded feature vectors chosen to be the same as in [32]. Due to the sparsity of
LiDAR data, the resulting pseudo-image is padded with zeros where no points are
present to create a dense image and a suitable input to a convolutional network.

3.3.2 Main CNN

The body of the detector network is based on the ResNet architecture, a widely
used network within the deep learning community, proven effective in extracting
valuable information from images. As the network was originally designed to operate
on camera images, the first layers of the ResNet quickly compress the resolution
of the input. Due to the sparsity of the LiDAR data the objects in the generated
pseudo-image are very small. Therefore, this reduction in resolution may make the
separation between objects difficult for the model. As a solution to this the first
convolutional layers of the network are modified to have stride 1 and the pooling
layer is removed which preserves resolution in the early stages of the detector.

As mentioned in Section 2.3, DLA is an effective way of combining rich semantic
information from deeper layers with spatial information from shallower layers of
the network. As mentioned above, objects in a LiDAR point cloud are often small,
therefore it is beneficial to implement DLA from shallow layers, ensuring that spatial
information is propagated through the network and integrated with information from
the deeper layers.

The aggregation starts in the second residual block. Which has an output resolution
only 4 times smaller than the original pseudo image, while incorporating information
from the deeper layers with a larger receptive field. The resulting image of shape
(H/4,W/4, D), where D is the number of channels after the second residual block,
is then propagated through the detection head to obtain the final predictions. The
described architecture can be seen in Figure 3.3. Unlike the method described in
[28], the convolution is applied to the deeper layer, after the upsampling. This choice
was made to improve efficiency, as it saves computational resources in relation to the
information it sacrifices. The computational savings outweigh the loss of information,
which makes it beneficial for this project as the goal is not to optimize detection
performance but to establish a baseline for comparisons.
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Figure 3.3: Structure of the DLA used in the model backbone. The aggregation
begins in the second residual block and propagates through the network, leading to
an output with dimensions downsampled by 4 compared to the input. Purple arrows
represents interpolation followed by convolution. "Res" denotes the image resolution.

3.3.3 Detection Head

The object detector’s head is largely inspired by the CenterNet architecture, as
introduced in Section 2.4. It consists of two components, the regression head and
the heatmap head. The regression head is modified in comparison to the CenterNet
implementation to fit 3D point cloud data, as done in the CenterPoint framework
presented in Section 2.5. The architecture used can be seen in Figure 3.4a. The
regression head is responsible for predicting the bounding boxes, and is further
divided into subheads that predict the position, orientation, and size of an object.
These predictions are made by passing the output from the main CNN through a
convolution chain illustrated in Figure 3.4b.

The heatmap head, on the other hand, generates a heatmap per class that represent
the unnormalized posterior probability of an object of that class being present in each
location of a grid. This head utilizes the same convolution chain as the regression
head. The grid is defined in the BEV plane similar to the one used for voxalization
but with a lower resolution, matching the resolution of the output of the main CNN.
This means that one heatmap cell corresponds to a receptive field of 4 x 4 voxels in
the voxalization grid.
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(a) Architecture of the implemented heatmap head and regression heads. The regression head is
further divided into sub heads that each predict different properties of the bounding boxes.
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(b) The convolution chain used for the detectors head consists of a 3 x 3 convolutional layer followed
by a batch normalization layer, a ReLU layer and finally a 1 x 1 convolutional layer.

Figure 3.4: Illustration of the object detection head architecture based on CenterNet
[25] but adapted for 3D objects, including its convolutional processing chain.

The heatmap has shape (W/4, H/4,C'), where C' is the number of classes. For each
class, the heatmap contains ones where an object of that class is present in the
receptive field corresponding to that heatmap location, and zero otherwise. The
position is encoded as a (W/4, H/4,3) tensor including the Az, Ay from the grid
cell center to the center of the object and the z coordinate at each location with
an object present. Similarly, the size is a (W/4, H/4,3) tensor with the size from
the center of the object to the edge of the box in each direction. The orientation
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is a (W/4, H/4,2) tensor with sin(p) and cos(p). ¢ denotes the yaw-angle which is
the rotation around the z-axis. According to [33], this holds enough information to
accurately represent the rotation of the boundary box.

3.3.4 Loss function

Similarly to [25] and [33], the annotations are expressed as a target heatmap, ¥ and
target tensor for each of the regressed 3D object properties; position P, size S and
orientation O. A Gaussian kernel is applied to the target heatmap as done in [25] to
punish predicted peaks close to the true peak less than those far away.

The loss is calculated in two parts, a heatmap loss Ly, and a regression loss L
weighted with Agjy, = 1.0 and Az = 1.0 such that the total loss is described as:

The heatmap loss is a focal loss as given in Equation 2.1 and for the regression an
L1-loss as described in Equation 2.3 is applied on the stacked regression tensors
only on the locations where the target heatmap is one, i.e. where there exists a
corresponding object. Figure 3.5 shows the target representations of the annotations
and where each loss is applied.

H/R H/R
¥ <+——Focalloss—> Y

H/R c W/R W/R c

class, 3D position,
3D size,
ResNet+DLA 3D orientation
output /R /R
iR < L1 > Ground truth object
D annotations
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Figure 3.5: Illustration of how the loss function is applied. Providing a measurement
of how similar the model output is to the generated targets. Here, the R stands
for the reduction of resolution between the BEV grid used for voxalization and the
model output. For the model described in this method is R = 4.

3.3.5 Data Augmentation

Data augmentation to the training data was done by rotating all point clouds and
annotated boxes [56]. This method ensures that the model is exposed to different
rotations, enhancing its ability to generalize across different orientations and making
it less sensitive to spatial variates in a scene. This data augmentation technique was
implemented by randomly selecting uniformly distributed rotation angles within a
specified range [—30°,30°] and rotating the entire point cloud and corresponding
annotations around the z-axis by the randomized angle. Despite this rotation, no
points will be lost because the rotation angle is limited to 30 degrees. This restriction
ensures that the rotated points remain within the valid range. In this implementation,
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the rotated point clouds and annotations replace the original data, meaning that the
amount of training data was not increased but only altered.

3.3.6 Post-processing

During post-processing, predicted objects are only kept if their objectness exceeds
a certain objectness threshold, eliminating unconfident predictions. The remaining
predictions are then further processed to remove overlapping and redundant predicted
objects.

In the CenterNet paper [25], the keypoint extraction made by maxpooling over the
heatmap (which according to [25] replaces the need for a non-maximum-suppression)
is applied per channel, i.e. per class. This means that for each class, only the object
with the highest confidence score in a local neighbourhood is kept. This ensures
that objects of the same class do not share the same grid cell. However, objects of
different classes may have overlapping boxes, and they are treated separately in this
approach.

Since the voxalization grid used in this project is defined in the BEV plane objects
sharing bounding boxes can be seen as redundant as objects are rarely stacked
vertically. Therefore, overlapping objects should be removed during post-processing,
regardless of the class. This is implemented by incorporating Non-Maximum Sup-
pression (NMS), which is not dependent on class, keeping only the object with the
highest confidence score in cases where their bounding boxes overlap to a certain

threshold.

3.4 Pre-Training with DINOv2

The DINOvV2 model has strong capabilities of identifying object boundaries, classes
and background in 2D [11]. To enable the distillation of these properties into the
object detector model a pre-training pipeline which generates a DINOv2 feature
per 3D point in the original point cloud is constructed. The backbone of the object
detector is kept as the one described in 3.3.1 while a separate DINO-head is applied
on top that generates a feature cloud and enables comparison between predicted and
true DINOv2 features. The following sections describes the feature cloud labelling
pipeline, the separate DINO-head and the loss function used in the pre-training.
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DLA backbone and through a DINO-head which produces a feature cloud that can be directly compared with the DINOv2 produced
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3.4.1 Pipeline

The pseudo-labelling pipeline lifts outputs of the DINOv2 model to 3D by projection
and bilinear interpolation, this produces a "pseudo-label" in the form of a feature
cloud of shape (N, D) where N is the number of points in the input cloud and D is
the length of the channel dimension in the DINOv2 models output. The DINOv2
model used in this project is the vit_base patchl4 dinov2.lvd142m which provides
an output channel size of D = 768 and a patch size p = 14.

The ZOD dataset provides a calibrated setup of camera images and LiDAR point
clouds. The images are fed into the model which outputs a feature grid of shape
(h/p,w/p, D) where (h,w, 3) is the input image shape. The point clouds are filtered
to keep only the points inside the camera frustum corresponding to the input image
and the 3D points are then projected onto the DINOv2 output feature grid. Each
projected point is assigned a feature vector of length D using bilinear interpolation to
extract a combination of the feature vectors in the surrounding grid cells. The result
is a feature cloud of shape (N, D) which can be used directly in the loss function.

3.4.1.1 Smoothing Positional Encoding

The original DINOv2 output feature grid includes sharp and abrupt changes (See
Figure 3.7a). As a result of this the model may struggle to create a continuos BEV
representation from which the predicted feature cloud is generated. In the paper
"Denoising Vision Transformers (DVT)" [57] a denoising method is proposed which
smooths the positional encoding in the DINOv2 feature map. Incorporating this
into the DINOv2 pre-training pipeline, the DV'T model is applied directly after the
DINOv2 model producing a smoother feature grid see Figure 3.7b.

(b) DINOv2 feature grid output after DVT.

Figure 3.7: DINOv2 feature grid output before and after DVT is applied.
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3.4.1.2 Reduction of Feature Dimension using PCA

The DINOv2 model outputs feature vectors of length D = 768, which makes training
both time- and memory-intensive. Moreover, learning such high-dimensional repre-
sentations is likely too complex for the model architecture developed in this project.
As the DINOv2 model is trained on the entire web, one can hypothesize that its
features include much more information that what is necessary in a road setting. For
instance, features describing if an object has characteristics similar to scissors, t-shirt,
shoe, pencil, etc. is seldom important when training a model to obtain high results
in a driving setting. Therefore, it is crucial to extract the most informative features
in order to enable effective learning and improve overall performance and tailor the
extracted features to fit the specified task. To obtain this, a PCA is performed on a
part of the training set (1000 samples) to extract the components in the DINOv2
features most meaningful in the self-driving context, i.e. most present in the ZOD
dataset. The largest n components are extracted where n = 32 was found to give
best downstream results on the most common class empirically see Table 4.1, and
the PCA fitting is kept fixed throughout the training. The PCA is applied following
the DVT and the number of output channels as well as the hidden dimensions in the
DINO-head are changed to D = n = 32.

3.4.2 Feature Prediction Head

To enable the prediction of a feature cloud comparable to the one generated from the
DINOvV2 output, a separate head was created and shown in Figure 3.8 which after
the pre-training is replaced with the object detection head. The head consists of a
convolutional chain as described in Figure 3.4b which generates a BEV feature map
of shape (H/R,W/R, D) where R = 4 is the resolution downsampling in the ResNet
with DLA backbone. The 3D points from the camera frustum filtered point cloud
is projected on to the feature map and each point is assigned a feature vector as a
combination of the vectors in surrounding grid cells through bilinear interpolation.
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Figure 3.8: Illustration of the DINO-head. The ResNet + DLA backbone output
is put through a convolution chain as shown in Figure 3.4b to generate a BEV
representation of a DINOv2 feature map. The 3D points are projected onto the BEV
map and assigned a feature vector through bilinear interpolation. The produces
feature cloud is put through a three layer FFN to generate the final predicted feature
cloud.
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To retain as much information as possible a high channel dimension in the backbone
output is desirable. However, the feature cloud is required to have a feature dimension
of 32 to match the GT cloud. To bridge this gap, the predicted feature cloud is put
through a FFN consisting of three fully connected linear layers with ReLLU activation
in between and hidden dimension D.

3.4.3 Removing Bleeding of DINOv2 Features

Due to the different mounting positions of the sensors (camera and LiDAR), points
located behind objects may be projected onto the surfaces of those objects. This
occurs because the LiDARs mounting position allows it to capture the object when
the camera can not. Since the points are projected onto the frontmost pixel, they
are assigned features corresponding to that pixel, rather than the pixel they would
occupy based on their true position.

As object features leak onto the background behind the object, the model is provided
with faulty information about the object properties present in the point cloud, this
phenomena can be seen in Figure 3.9a. The bleeding issue was resolved by limiting
points that can be assigned a feature by depth, hindering objects feature leakage
onto the background and nearby surroundings. For every pixel, the depth of all
points projected onto that pixel is calculated in the camera coordinate system. The
depth is measured in reference to the point closest to the camera and only points
under a certain "depth threshold" are kept. The maximum depth threshold is set to
3 meters, which means that one objects features can not "span' a depth greater that.

Since the DINOv2 output feature map is coarse with a resolution of only 91 x 27
pixels, a finer grid was constructed by dividing each pixel into 4 smaller pixels. This
allows for a more detailed filtering of bleeding points leading to less information loss
as fewer correctly assigned feature points are removed in the algorithm. The effects
of the different pixel sizes used in the method is shown in Figure 3.10

Comparing the feature clouds before and after implementing this method shows that
the features are effectively bounded to their corresponding object, which can be seen
in Figure 3.9. Moreover, the model trained only on non-bleeding points effectively
learns to provide realistic feature predictions for these points. For example ground
and vegetation features as can be seen in Figure 3.9¢ where the GT points were
removed.
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(a) Feature cloud with bleeding issue. Car fea- (b) Feature cloud after the bleeding points has  (c) Predicted feature cloud after the bleeding
tures (in blue) are leaking behind the cars. been removed, car features are now limited in  issue has been resolved, points behind the car
depth. are seen as background.

Figure 3.9: Comparison of the same feature cloud before and after implementing the bleeding issue fix. The PCA is consistent
between images meaning that colours are comparable.
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(b) Feature cloud after the bleeding points has been
removed using full pixels.
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(c) Feature cloud after the bleeding points has been
removed using 4 times the resolution of pixels.

Figure 3.10: Pixel size effect on bleeding removal algorithm. The Cloud after bleeding
removal using full pixel has lost lots more information about the original cloud that
that of the smaller pixel grid whilst also removing more bleeding points.
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3.4.4 Object Detection Head

To reduce the gap between the object detection head and the head used during
pre-training on DINOv2, a specific query based head was designed. The feature
prediction head used for pre-training utilizes the extraction of backbone features to
each point in the original point cloud. To to make it easier for the model to learn
mapping from the pre-trained backbone features to objects during fine-tuning, a
new head was designed. This head utilizes the same query based principle as the
pre-training head. However, in this head the backbone output is queried at each grid
cell centre in contrast to querying at point coordinates in the original point clouds.
The features are extracted using projection and bilinear interpolation, which is then
followed by a small FFN, see Figure 3.11. The produced feature cloud is then fed
into two separate FFNs and scattered back to the original grid shape. This head
outputs the same shape heatmap and regression output as the OD-head specified in
subsection 3.3.3 making it straight forward to extract the final predicted bounding
boxes and labels by using the same post-processing procedure as in subsection 3.3.6.

Heatmap prediction

Heatmap head H/R

Classes

Point cloud W/R
H/R H/R , lN classes)
Backbone | ——+["Convchain |
output H/R
Point cloud Point cloud
(N,D)

128
W/R W/R (N.D)

Regressmn head Point cluud 8
(N,8) W/R

Regression prediction

Figure 3.11: OD-Head designed specifically for DINOv2 pre-trained model.

3.4.5 Loss function

As mentioned, the DINO-head outputs a feature cloud of shape (N,D) which can be
directly compared to the feature cloud generated using the DINOv2 model. The two
clouds are compared point-wise using MSE-loss described in Equation 2.2. The loss
is averaged over the number of points (N). This allows the model to concentrate on
challenging samples, as the MSE-loss places greater emphasis on areas where the
model’s predictions are inaccurate.

SmoothL1loss, defined in Equation 2.4, was also tested for the task. However, through
multiple trials and controlled comparisons MSEloss was found to be more suitable
for the task.

3.4.6 Data Augmentation

LiDAR rays only capture the surface of objects, providing no direct information
about their depth. To simulate depth of objects, noise is introduced to the query
point cloud data that is to be projected onto the DINOv2 feature image. Specifically,
each point in the point cloud is disturbed by extending it slightly along its normal
vector simulating penetration into the object.
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For this augmentation, each point is assigned a noise value A sampled from a uniform
distribution in the range [0,0.1] meters. This range is chosen to approximate a
plausible minimal thickness, reflecting the intuitive idea that object surfaces have
depth. The point’s position is then extended by displacing it by A along its normal
vector, thereby pushing it into the object.

In addition, we add the same augmentations as for the object detection described in
subsection 3.3.5 to the original point cloud that is fed into the model during training.

3.5 Pre-Training with SAM2

The SAM 2 model is a powerful segmentation model trained on large-scale web data,
making it a suitable teacher for training an object detector [16]. It is specifically
designed to generate object masks for any class based on spatial input prompts. In
this project, we develop a pseudo-labelling engine that uses SAM 2 and specifically the
sam2.1_hiera_base_plus version to generate 2D segmentation masks from camera
images, which are then lifted into 3D, as illustrated in Figure 3.12. These 3D masks,
or pseudo-labels, serve as ground truth for pre-training the object detector’s backbone
to predict 3D class-agnostic segmentation masks. To enable this process, we design
a dedicated pipeline, shown in Figure 3.13.

3.5.1 Pseudo-Labelling Engine

The pseudo-labelling engine shown in Figure 3.12 is used to create 3D segmentation
masks. These masks are then utilized as ground truth masks in the loss function
as presented in subsection 3.5.3 for SAM pre-training. The engine is derived from
the pseudo-labelling engine presented in [13] and can be divided up into four main
parts. First, masks are obtained from SAM using input camera images. NMS is
then applied to retain only distinct masks, which are subsequently lifted onto the
3D point cloud resulting in 3D binary pseudo masks.
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Figure 3.12: Pipeline of the SAM pseudo labelling engine. Images from ZOD are
fed to the SAM 2 model, which outputs all predicted masks for each image. NMS is
then performed based on the masks’ areas, which suppresses masks that are part
of another masked object, resulting in a tensor of shape (h, w, #distinct_ masks).
Through projection and bipolar interpolation, a resulting binary pseudo mask tensor
of size (N, 1, #distinct__masks) is created.

Following [13] the parameters listed in Table 3.1 were used when obtaining the masks
from SAM on the input image. Instead of prompting SAM with points or text, which
are both common approaches, the model is promoted with a grid that corresponds
to the input image, but with a lowered resolution (points per side). This allows the
model to generate masks that indicate which region or regions each cell belongs to.
The number of points per side was set to 16 which gives a good trade-off between
resolution versus computation time. In contrast to [13], the threshold for minimum
mask region was 25 instead of 100. The reason behind using a smaller value is to
keep masks of objects such as poles or traffic signs, as they are often small in size.

Points Per Batch | Predicted IoU Thresh | Stability Score Thresh
64 0.84 0.86

Table 3.1: Parameter values based on [13].

To retain only distinct masks, NMS is applied to the binary masks produced by SAM.
The NMS is performed such that area is prioritized over confidence score, in order
to favour complete objects over smaller parts such as tires, windows, and similar
components, as proposed in [13]. The points in the original point cloud are then
projected onto the selected distinct masks and each point is assigned the nearest
binary value of it’s projection. This results in a set of distinct binary 3D masks.
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3.5.2 Pre-Training Pipeline

The pipeline of the SAM2 pre-training is visualized in Figure 3.13. A LiDAR point
cloud is fed into the backbone of the object detector described in Section 3.3.1. The
backbone output feature map is then put trough a SAM-head which consists of a
transformer part and a feature cloud generation part. Finally the output of the
SAM-head is compared to the ground truth pseudo-labels in the loss function.

The SAM-head consists of two main parts. First the points in the original cloud
are projected onto the backbone output to extract a feature cloud which is further
processed in a three layer MLP similarly to the DINO-head in Figure 3.8. Next,
the backbone output and a set of learnable queries is put through a Transformer
consisting of 6 layers of self- and cross-attention with four heads. The transformer is
added to enable prediction of distinct masks corresponding to different queries. Lastly,
the feature cloud and output queries are combined through matrix multiplication to
produce the final predicted masks for each query.
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Figure 3.13: Hlustration of SAM pre-training pipeline. Marked in lilac is the backbone
from subsection 3.3.1. Marked in blue is the loss function. The SAM-head generates
(K,N) binary masks from the backbone output.
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3.5.3 Loss function

The loss function in the SAM-head is inspired by the paper [58] which uses mask
prediction for panoptic segmentation. Similarly to [58], the SAM-head uses bipartite
matching to find the pairs of predicted masks (/) and pseudo ground true masks
(m) which have the highest similarity or lowest cost using the Hungarian algorithm.
The cost matrix used in the Hungarian algorithm is calculated by summing the
dice loss with an element-wise grobpabﬂity loss for each pair of masks as L4 =
AdiceDice(my, M) + Aprob Z;,V:o ‘mi];mj l, where N is the number of points in the point
cloud, Apop = 1 and Agiee = 1. This differs from [58] which uses a combination of
Dice and BCE loss for the masks summed with the probability loss of that mask
being of a specific class. As the pre-training problem in this project does not require
the prediction of a class this part is left out.

The usage of Dice cost combined with a point-wise probability loss in the cost matrix
is selected by empirically testing three alternatives. The alternatives tested in the
cost matrix are Dice with BCE, Dice only and Dice with probability loss. Figure
Figure 3.14 shows the loss calculated from the matched pairs over updates when
applying the three different cost calculations in the bipartite matching. As the Dice
with point-wise probability loss Figure 3.14c provides a fast convergence while having
the smoothest behaviour this was deemed the most robust solution and is used in all
further experiments and trainings.

The loss function used for back-propagating and updating model weights is the
combined Dice loss with BCE calculated on the matched pairs from the Hungarian
algorithm. If K is the number of GT masks (and therefore also the number of
matched masks) and m- g is the set of predicted but unmatched masks, then the
loss function is given as:

K
L= X\yBCE(O )+ Z AdiceDice(my, m;) + Apee BCE(my;, 1)) (3.2)
=0

where A\pee = 1.0, Ay = 0.1 and 0 is a set of zero masks the same size as the set of
unmatched masks used to force the model to predict background masks. Due to the
class imbalance between background and foreground (K << —K) the background
loss is down weighted by 0.1.
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(c) Dice and point-wise probability loss. Model learns quite
fast and has smooth learning curve.

Figure 3.14: Comparison of losses used in cost matrix for bipartite matching. The
losses were compared when overfitting the model to ten samples.

37



3. Methods

3.6 Data Augmentation

To avoid a domain gap between pre-training and fine-tuning in both pre-training
procedures, the same augmentation as for the object detection described in Section
3.3.5 is applied to the original point cloud that is fed into the model during training.

3.7 Evaluation of Object Detection Performance

When evaluating the object detector, the Mean Average Precision (mAP) metric is
used to gain understanding about the overall performance. This metric is calculated
based on Precision and Recall which in turn is calculated from the number of True
Positives (TP), False Positives (FP) and False Negatives (FN) as seen in Equation 3.3
and 3.4. The predictions are labelled as TP if the Intersection over Union (IoU)
between GT and predictions is sufficient and FP otherwise.

TP

Procision — — & '

recision = o (3.3)
TP

l = ——— A4

Reca TP L FN (3.4)

IoU is a measurement of the overlap between a ground truth and a predicted box,
reflecting to which extent the prediction is correct. Using a low IoU threshold will
label instances that only overlaps a little with a GT bounding box as TP while a
larger ToU threshold will cause the same prediction to be labelled as FP and thus
may increase the amount of FN if a ground truth box does not overlap enough with
any predictions. Therefore, different IoU thresholds (see Table 3.2) are used when
determining a match between a ground truth and predicted box and averaged over.
The calculations of IoU between boxes are simplified to exclude rotations, as the 2D
boxes in the BEV-plane are calculated using Axis-Aligned Bounding Boxes (AABB).

Another threshold that largely effects the number of TP, FP and FN is the objectness
threshold described in Section 3.3.6. A low objectness threshold causes the output
to include too many boxes and therefore results in a high FP while a high objectness
threshold has the opposite effect and results in a higher FN. To analyze the trade-
off between recall and precision, the objectness threshold is varied to generate a
precision-recall curve where the objectness values are shown in Table 3.2.

The precision-recall curve illustrates the trade-off between false positives and false
negatives as recall indicates the model’s ability to correctly identify all positive
instances, while precision reflects its accuracy when making positive predictions. A
higher recall indicates a tendency to favour identifying as many relevant instances
as possible, possibly at the cost of introducing more false positives. On the other
hand, higher precision means accurately making positive predictions, but with a
greater focus on avoiding false positives, potentially increasing false negatives. By
calculating the area under the precision-recall curve the mAP is obtained, where
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mAP € [0,1]. The mAP provides a balanced evaluation method, considering both
precision and recall when evaluating the models performance.

In general the mAP is the area under the precision-recall curve when the recall spans
the full range from 0 to 1. Having a recall of 1 would mean that the model finds all
ground truths, as evident from Equation 3.4. Since object detection is a complex
task, a recall of 1 is highly unlikely for any IoU and objectness threshold. Adding
a point [0,1] in the precision-recall curve enforces a realistic boundary condition at
the high-recall end of the curve. As a high recall would cause many false positives
to be introduced, meaning that the precision must decrease following Equation 3.3.
To extend the curve to cases where the recall is 0, the precision value at the lowest
recall was extended to that point. This creates a limited area under the graph that
is calculated using the trapezoidal rule.

In this project, the mAP is averaged over objectness thresholds and IoU thresholds.
In addition, a total mAP is calculated, which is averaged over classes. In following
sections mAP refers to the total mAP if nothing else is stated.

IoU : [0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.4, 0.5 ]

Objectness: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7 |

Table 3.2: ToU and objectness thresholds used to calculate mAP.

3.8 Scaling Study

A scaling study is conducted to investigate the theoretical performance of pre-
training DINOv2 when scaling to datasets larger than the one used in this project.
To investigate this, pre-trainings are performed for dataset sizes 100, 500, 1000, 5000,
10000, and 89972 samples, where the last value is the full available training-set in
Z0D. The validation of each model uses the full 10023 sized validation set. Each
pre-training run until the validation loss converges, and the best model is selected
based on the lowest validation loss observed. A suitable curve is then fitted to these
lowest validation losses to allow extrapolation of the validation loss achievable when
pre-training on even larger datasets.

For each pre-training setup, fine-tuning is performed until the vehicle mAP con-
verges, enabling evaluation of the effect of pre-training sample size on downstream
performance. Each pre-trained model is fine-tuned using 10 and 100 data samples,
with results averaged over 10 runs. This setup is designed to specifically assess
performance in few-shot detection scenarios.
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Results

This chapter provides a description of the experiments conducted and presents the
results of this thesis.

4.1 Feature Size Reduction Analysis with PCA

To investigate which DINOv2 feature length that gave the best result during pre-
training the following analisys was conducted. The original feature dimension
D = 768 was reduced using PCA to length 8, 16 and 32. The model was then trained
to predict DINOv2 features of this length for each experiment and results are shown
in Table 4.1. Epochs refers to the number of epochs the model took to pre-train
until convergence and OD performance refers to the object detection performance
when fine-tuned on 100 samples until validation loss converges, the mAP is averaged
over 10 runs.

# Features # Epochs Vehicle mAP  Pedestrian mAP

8 11 0.687 0.094
16 12 0.709 0.127
32 14 0.723 0.116

Table 4.1: PCA feature analysis results.

From Table 4.1 it is noticed that using 32 PCA features results in a slightly improved
object detection performance on the vehicle class. As it is desirable that the pre-
training method should scale to larger dataset beyond ZOD, this larger feature
dimension of 32 is used to capture more information. Therefore, following results
concerning DINOv2 pre-training has been carried out using this feature length.

4.2 Pre-training validation performance

The DINOv2 and SAM 2 pre-trainings are ran on Nvidia A100 GPUs. To evaluate
how well the models have learned the pre-training tasks before fine-tuning the
validation set was used to generate visual representations of the pseudo-label and
prediction.
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4.2.1 DINOv2

The model was trained on the entire ZOD training set (89972 samples) with the
parameters shown in Table 4.2. The training took two days and six hours until the
best validation loss was reached.

Learning Rate  0.0003

Batch Size 4
# GPUs 1
# Epochs 14

Table 4.2: DINOv2 pre-training settings.

The visualisations in Figure 4.3, column one and two, show that the model has
effectively learned to generate distinct DINOv2 features for objects based on a LIDAR
point cloud. The same PCA reduction is used for generating RGB values from the
features meaning that the colours are comparable.

4.2.2 SAM

The model was trained on the entire ZOD training set (89972 samples) with the
parameters shown in Table 4.3. The training took nine days and 13 hours until the
best validation loss was reached.

Learning Rate  0.0003

Batch Size 4
# GPUs 4
# Epochs 35

Table 4.3: SAM pre-training settings.

The visualisations in Figure 4.1 show that the model has learned to generate binary
segmentation masks from a LiDAR point cloud corresponding to the pseudo labels.
The masks are sorted such that a predicted mask corresponds to the GT mask of
the same colour for each sample.
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Figure 4.1: Comparison of GT and predicted masks on 5 validation samples for SAM
pre-training. 43
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4.3 Ablation Study DINOv2 pre-training

This thesis purposes a solution to the feature bleeding issue present in the DINOv2
pre-training. To investigate the effectiveness of this heuristic solution a small ablation
study has been conducted. The DINOv2 pre-training with and without bleeding fix
implemented ran until validation loss converged on the entire dataset. Figure 4.2
shows the validation losses for both models until the epoch where the best validation
loss was reached. Both models were then fine-tuned on 100 samples on object
detection and the results are shown in Table 4.4. Visual representation of and
predicted clouds with and without bleeding fix enabled compared to the ground
truth clouds are shown in Figure 4.3

Bleedfix Best val loss* Vechicle mAP

v 138.21 0.723
149.64 0.741

Table 4.4: Ablation analysis on effects of the bleeding fix algorithm. *Val loss refers
to the pre-training validation loss.

With bleeding fix
170 - Without bleeding fix
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Figure 4.2: Comparison of validation losses with and without the bleeding fix.
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4.4 Object Detection Performance

To evaluate and compare the different pre-training strategies effectiveness on object
detection against each other and no pre-training, the models are fine-tuned on several
different numbers of samples from ZOD with 3D object annotations. For all pre-
trained models, the backbone is first kept frozen until validation loss convergence
(evaluated on the full validation set). This allows for a measurement of how relevant
the information in the backbone output feature map is when used in the context of
object detection. The training is then continued for both backbone and the head
together, using the same learning rate, until validation loss converges again. This
allows for the evaluation of how well the full network adapts to the new tasks. The
object detection performance on vehicles are shown in Figure 4.5. We focus on
vehicle performance because, when fine-tuning on a single random sample from the
dataset, vehicles are the only class with a high likelihood of being present in that
sample.

FSOD From Scratch Object Detection

PT-DINO Pre-Trained on DINOv2 feature clouds

PT-SAM Pre-Trained on SAM 2 pseudo labels

Table 4.5: Legend label definitions used in the plots.

Learning Rate  0.0003

Batch Size 6

# GPUs 1

Table 4.6: Fine-tunings settings.

Each model, named as given in Table 4.5, is fine-tuned on varying sizes of training
samples annotated for object detection and using the training settings reported
in Table 4.6. For the smaller dataset sizes (ranging from 1 to 100 samples) each
fine-tuning is repeated 10 times with different sets of samples. In a few runs, the
mAP remained at zero throughout the entire training process. As this indicates
abnormal behaviour and suggests that the model got stuck in a local optimum, we
exclude these collapsed runs from our results. The number of such excluded runs for
each fine-tuning configuration is reported in the "Collapsed" column of Table 4.7.

To identify additional outliers, the remaining measurements are shown in Figure 4.4,
where outliers are marked with circles. Outliers are defined as values that deviate by
more than 1.5 times the Inter Quartile Range (IQR) from the box. Before generating
Figure 4.5, these outlier measurements are removed. The number of excluded values
due to being outliers is reported in the "Outliers" column of Table 4.7.
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Figure 4.4: Boxplots of Vehicle mAP over number of fine-tuning samples.
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Model Samples Collapsed Outliers

1 2 1
FSOD 10 0 0
100 1 1
1 0 0
DINO 10 0 0
100 0 0
1 1 0
SAM 10 2 1
100 1 1

Table 4.7: Number of runs removed due to mAP remaining zero during entire training
or outlier for each model when stopping training based on validation loss convergence.

4.5 Scaling Study

Results of the Scaling Study that investigates how the number of samples during
DINOvV2 pre-training effects the pre-training validation loss and the object detection
performance when fine-tuned on 10 and 100 training samples. The results also presents
how the pre-training likely to improve when pre-trained on increased number of
samples beyond the availability on ZOD by fitting a line to the experiment results.

Presented in Table 4.8 is the combined results of pre-training and fine-tuning perfor-
mance, including predicted values for the validation loss in pre-training when scaling
the training-data to larger datasets. Fine-tuning has been ran until vehicle mAP
converges, and fine-tunings are averaged over 10 runs. "Samples' refers to samples
in pre-training, while (10) and (100) is the number fine-tuning samples. Figure 4.6
visualises the trend of validation losses for different amounts of samples in DINOv2
pre-training.
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FT-Val Vehicle FT-Val Vehicle

Samples Epochs Valloss 1 16y mAP (10) loss (100) mAP (100)

100 126 217.39 5147 0.412 3.887 0.597
500 129 18068  5.928 0.519 3.388 0.549
1000 91 171.06  7.309 0.574 3.246 0.616
5000 95 150.31  5.498 0.554 3.240 0.684
10000 63 14783 6.653 0.530 3.049 0.671
50000 12 140.66  5.690 0.610 3.107 0.655
89972 14 13821 3.182 0.641 2.560 0.741
89972% 13783
500000* 134.13
1000000* 133.10

Table 4.8: Scaling Study of DINOv2 pre-training where * denotes predicted data
points. Fine-tuning validation loss and mAP is averaged over 10 runs. The value in
parenthesis represents the number of fine-tuning samples.
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Figure 4.6: The best achieved validation loss over number of epochs used in DINOv2
pre-training.

To predict how the pre-training is likely to improve with a larger dataset a function
was fitted to the observed values. The function used to fit the model to the observed
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data points is a inverted power-law shown in Equation 4.1

y = % +e (4.1)
In Figure 4.7a, the last value among the obtained has been omitted when fitting
the curve, then that value has been predicted. The predicted value for 89972 is
137.83 as seen in Figure 4.7a, whereas the real value presented in Table 4.8 is 138.21.
Comparing the predicted value with the obtained value for the same data point
in Figure 4.7b verifies that the fit is suitable. After this, the curve is fitted to all
observed values resulting in final predicted values for 500K and 1M samples.

The downstream performance after pre-training DINOv2 on different dataset sizes is
shown in Figure 4.8. All observed values have been included when producing the
plots, and outliers are defined as in Section 4.4.
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Figure 4.8: Investigating the downstream performance when pre-training DINOv2
on different datasizes.
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(a) Curve fitted to the achieved validation losses, omitting the last value with
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Figure 4.7: A curve has been fitted to the observed values to predict performance on

larger datasets.
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Conclusion

This section analyses and interprets the results of the pre-training methods, the
scaling study, and the proposed bleeding fix approach. It also outlines potential
directions for future work based on the observed findings and provides a summary of
the thesis.

5.1 Discussion

This thesis has investigated the usage of vision foundation models as a base for
pre-training a 3D object detector in LiDAR point clouds with promising results.

Notably, the pre-training methods does not affect the downstream performance at
larger data sizes. As previously mentioned, both pre-training methods are web-
scaled foundation models, meaning that they have been trained on vast and diverse
image datasets sourced from the internet. This becomes especially impactful when
fine-tuning on few samples, as the rich knowledge gained from pre-training is more
valuable than the object information in a limited number of samples. However, as the
size of the training dataset increases, the relative advantage of the web-scaled pre-
training diminishes, since the model can learn specific features from the task-specific
data.

We observe that until 10000 annotations are available for fine-tuning, both SAM 2
and DINOv2 pre-trained models outperforms the fully supervised model, proving
its excellence on small number of annotated samples in fine-tuning. While the
DINOv2 pre-training seems to provide a better ground for few-shot detection, SAM
2 outperforms DINOv2 for larger datasets when the backbone is kept frozen. We
hypothesize that this is due to the SAM 2 pre-trained backbone outputting features
more closely aligned with object detection but that it needs more data to extract that
information. One reason for this could be that the transformer in the SAM-head does
the actual work of resolving separate object and therefore when this part is removed
during fine-tuning the new head require more data to learn this mapping. We further
hypothesize that the DINOv2 pre-training provides a backbone feature map output
which encodes the information in a more accessible way which is more suitable when
fine-tuning on limited data. This could be an effect of the more suitable DINO-head
which has been tailored to the DINO pre-training pipeline. Designing a more specific
head for SAM could drive better performance for SAM fine-tuning. For example,
using a transformer-based head could potentially help accessing the knowledge from
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pre-training in the backbone, possibly improving overall results. Lastly, we also note
that pre-training DINOv2 is both more time and memory efficient in comparison to
SAM 2, making it the more sustainable alternative.

Additionally, the transition from pre-training to fine-tuning is likely affected by
the choices of learning rate and which layers are frozen during which stages of the
training. A more systematic approach, as a parameter search, could help identify
better configurations and enhance performance, particularly in balancing the transfer
of general knowledge in the foundation models with adaptation to ZOD. The current
results may have been influenced by suboptimal choices in these areas.

In relation to this, there are several other aspects of this project that could benefit
form more carefully chosen parameters and design choices. These include the
augmentations, NMS and IoU thresholds and voxel sizes. First of all the rotation
angle for augmenting point clouds was selected based on our intuition rather than
through optimization. Further experimentation with different values could offer better
insight into their effects on the model’s ability to learn and generalize. Secondly, the
NMS and IoU thresholds both influence the interpretation of the predicted boxes.
As this thesis primarily aims to compare the pre-training strategies, this does not
affect the results, as the strategies remain comparable, but it is important to note
that these threshold settings can bias the evaluation either in favour of or against
the model, thereby influencing the perceived quality of its predictions. Lastly, the
voxel size used in the model backbone to generate the pseudo image on which the
ResNet runs can have a large effect on the performance of the model as a smaller
voxel size would have provided the model with a more detailed picture at the cost of
computational efficiency.

It is also worth mentioning that the DINOv2 and SAM 2 weights used in the
implementation of this project was not taken from the largest available model which
implicates that results could be improved by using larger foundation models.

Moreover, the mAP metric used to evaluate object detection performance in this
project is based on calculating the IoU using AABB in the BEV space when obtaining
the number of TP and FP. This represents a relatively generous measure of overlap,
as the AABB of an object can cover a significantly larger area in BEV space compared
to the oriented 3D bounding boxes predicted by the model and used in the ground
truth annotations. While this may inflate the absolute mAP scores, we use high
IoU thresholds which maintains a meaningful overlap requirement for true positives.
Additionally, as all models are evaluated under the same conditions, the comparisons
remain fair and meaningful.

The scaling analysis demonstrates that the DINOv2 pre-training indicate strong
scalability. The pre-training performance, i.e. the validation loss during pre-training,
follows a consistent and predictable trend as the number of training samples increases.
This trend allows for reliable extrapolation to dataset sizes beyond those of ZOD.
In contrast, the results from fine-tuning are less conclusive. They are characterized
by considerable noise and a lack of clear trends in both mAP and validation loss,
making it difficult to draw firm conclusions about scalability in the fine-tuning
phase. The presence of numerous outliers suggests that fine-tuning dynamics, such
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as early stopping and parameter freezing, have a significant impact on the outcomes.
Therefore, we leave that for future work to investigate further.

As the results show, the proposed bleeding fix significantly lowers the pre-training
validation loss, indicating that removing points which as been assigned the wrong
features helps the model learn more effectively. Furthermore, visualizations of the
predicted feature clouds indicate that the model produces more reasonable predictions
in regions where bleeding points have been removed. However, in downstream tasks,
the mAP is notably lower when using the bleeding fix. We hypothesize that this is due
to the removal of points with object features, which makes certain objects appear less
frequently in the training data. In other words, the model has fewer opportunities to
learn feature representations of concepts such as "vehicle." This outcome is somewhat
unexpected and suggests that having a larger quantity of examples, even if some are
noisy, may benefit performance more than focusing strictly on quality.

5.1.1 Future Work

The results demonstrate that both pre-training methods are highly effective in
boosting model performance on one-shot and few-shot object detection. Therefore,
future research may extend these results in several ways. In this section we describe
key areas for further investigation that remained outside the scope of this project.

One direction of future work would be to introduce alternative ways to investigate
the effectiveness of the pre-training strategies, beyond object detection. For example
evaluating their impact on tasks such as semantic segmentation or , which could
offer deeper insight into their generalization across diverse vision challenges.

In [13], the authors state that the lifted SAM masks suffers from edge-bleeding due
to calibration errors. They further present a solution using Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) to cluster the 3D point cloud. If
the overlap between a cluster and a 3D mask generated by SAM exceeds a certain
threshold, the mask is replaced with the cluster. This approach reflects the intuition
that a sufficiently accurate cluster is likely more reliable than a segmentation mask
affected by calibration errors. Although this method was not implemented in this
thesis, results from [13] suggest that it can enhance the quality of the masks used for
SAM pre-training. This, in turn, may improve downstream performance in object
detection tasks when utilizing SAM as a pre-training method.

The bleeding point removal algorithm proposed in this thesis was effective for boosting
the pre-training performance with DINOv2, solving the issue of feature leakage from
object points to background points. Future work includes both verifying that the
bleeding fix solution performs well in downstream tasks and, in that case, this method
could be explored as a means to reduce the edge-bleeding artifacts described in [13]
and could be compared to that of the DBSCAN approach. While this poses an
interesting area for further investigation, we hypothesize that its impact may be less
pronounced when applied to the SAM 2 pre-training than for the DINOv2. This
is due to the higher resolution of the 2D SAM 2 masks, which results in fewer 3D
points being projected onto the same pixel and assigned the same value.
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In addition, the [13] paper uses ground removal before generating the DBSCAN
clusters. Since the DBSCAN clustering was not implemented in this thesis, the
ground filtering was omitted. However, considering that the ground is typically
considered background in object detection tasks, introducing ground removal before
lifting the SAM masks and investigating its effect on downstream performance could
be interesting for future work.

Another potential direction for future work, also inspired by [13], is to adopt a
"FrankenFrustum" approach by extending the pseudo labels frustum range from 120°
to 360°. Pre-training the model on a 360° field of view allows the model to be applied
in the full point cloud as it ranges 360°. Another potential improvement is to apply
CLIP tokens as semantic labels for the 3D masks, as demonstrated in [13]. This
would allow for the generation of semantic segmentation pseudo-labels, in contrast
to the binary masks in this project.

Lastly, an interesting avenue for future work is to separate the comparison between
using feature clouds and segmentation masks as pseudo-labels from the choice of
foundation model used in pre-training. This can be achieved by lifting intermediate
features from SAM 2 into 3D space and using them for pre-training. Similarly, since
DINOvV2 has demonstrated competitive performance on semantic segmentation tasks
[11], its segmentation masks can also be lifted to 3D and employed as pseudo-labels.
Comparing this setup with the two pre-training methods discussed in this project
would allow for a more controlled evaluation of the impact of label type versus the
underlying foundation model.

5.2 Conclusion

This thesis presents how knowledge from the 2D domain can effectively be transferred
to 3D object detection by utilizing web-scaled vision foundation models as pre-training
methods. The results obtained show that pre-training with either SAM 2 or DINOv2
improves 3D object detection in terms of mAP compared to a fully-supervised
baseline trained from scratch on limited labels. For one-shot detection specifically,
pre-training with either SAM 2 or DINOv2 increases the mAP significantly, where
DINOv2 achieves the best mAP of all three alternatives. These findings suggests
that both pre-training methods are appropriate tools for reducing the reliance on
annotated 3D data as they enable the model learn the properties of less common
objects from only a few instances in which those objects are present.

In addition, this thesis proposes a solution to the bleeding present in DINOv2
feature assignment by bounding features to their correct object. The implemented
solution demonstrably improves pre-training performance as less information is lost
or corrupted.

The scaling study indicates promising scalability for DINOv2. However, further
investigation is necessary, as the fine-tuning dynamics applied in this project might
hinder a fair and sufficiently noise-free comparison.

To conclude, this thesis demonstrates the effectiveness of distilling knowledge from
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large vision foundation models into an object detector for improving few-shot de-
tection performance and shows that it is feasible to use the output from vision
foundation models as a pre-training signal for 3D object detection in LiDAR point
clouds.
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A

Object Detection Examples

To illustrate the object detection performance of the different models Figures A.2,
A.3, and A.4 illustrate the predicted and GT bounding boxes in BEV on a sample
from the validation set after fine-tuning on different amounts of training samples.
All predictions are generated using IoU threshold 0.1 within the NMS and objectness

threshold 0.3. The legend in Figure A.1 relates to all object detection performance
plots presented below.

Il Vehicle
Pedestrian

B Pred. Vehicle

B Pred. Pedestrian

Figure A.1: Legend related to object detection performance plots.
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Figure A.2: Predicted versus GT bounding boxes fine-tuning on one and ten fine-

tuning samples for the different models.
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Figure A.3: Predicted versus GT bounding boxes fine-tuning on 100 and 1000 fine-
tuning samples for the different models.
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Figure A.4: Predicted versus GT bounding boxes fine-tuning on 10000 and 89972
fine-tuning samples for the different models.
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B

Application in Medical Domain

Due to one of the authors being enrolled in the Biomedical Engineering programme,
this thesis includes a literature review of technologies similar to those developed in
this project applied in the medical domain.

B.1 Introduction and Theory

This chapter provides an understanding of topics related to the project in a healthcare
setting.

Incorporating Machine Learning (ML) in the medical domain faces several challenges,
one of them being the lack of annotated data [59]-[61]. Another challenge is the
domain change, as images and environments in the medical domain often have
different characteristics compared to, for example, the automotive setting [59], [62],
which this thesis focuses on.

B.1.1 Machine Learning in Health Care

ML is consistently transforming healthcare by enabling data-driven insights across
diagnostics, treatment and assisting in decision making [63]. ML models can identify
patterns and make predictions that support clinical decision-making, improving accu-
racy and decreasing the burden on medical personnel. Beyond that, ML applications
have shown promising results in robotic healthcare applications, such as surgical
assistance systems.

Despite these advancements, challenges persist. Ensuring data privacy and integrating
ML tools into existing clinical workflows requires careful consideration [60], [63].
Moreover, the interpretability of ML models remains a critical factor for trust and
adoption.

B.1.2 Computer Vision in Health Care

Computer Vision (CV) is also increasingly being integrated into healthcare to
enhance diagnostic accuracy, treatment planning, and operational efficiency [60]. By
enabling machines to interpret and analyse visual data, CV supports various medical
applications including medical imaging, surgical assistance and patient monitoring.
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B. Application in Medical Domain

In medical imaging, CV algorithms assist in detecting abnormalities in X-rays, MRIs
and CT scans, allowing early diagnosis and reducing human error. For instance,
CV systems can identify cancerous tissues with high precision, and has shown its
excellence in identifying early symptoms of illness.

Lighting variation significantly impacts CV by altering how objects appear in images,
making it different from human visual perception. Ongoing research and development
aim to overcome hurdles such as privacy concerns and data quality, paving the way
for more widespread adoption of CV technologies in medical practice.

B.1.3 Web-Scaled Foundation Models in Health Care

Recent research explores how web-scaled foundation models, like SAM, can generalise
to the medical domain. The paper "Segment Anything Model for Medical Image
Analysis: an Experimental Study" [59] investigates SAM’s zero-shot performance on a
range of medical imaging tasks, including radiology, histopathology, and dermatology.
The findings suggest that while SAM shows potential in handling diverse imaging
modalities, its performance often falls short of domain-specific models, particularly
in segmenting subtle or complex anatomical structures. To address these limitations,
the authors propose and evaluate several strategies, including prompt engineering and
the potential for fine-tuning SAM on curated medical datasets. Similarly, "Biomedical
SAM-2: Segment Anything in Biomedical Images and Videos" [61] investigates the
potential of SAM 2 in a medical-specific setting, achieving promising results when
fine-tuning SAM 2 on different medical image datasets.

Another direction in adapting foundation models to healthcare is illustrated by
"Surgical-DINO: Adapter Learning of Foundation Models for Depth Estimation in
Endoscopic Surgery." [62]. This study leverages DINO and adapts it for depth
estimation in surgical endoscopy. Instead of conventional fine-tuning, the proposed
method introduces lightweight adapter modules to fine-tune the pre-trained DINO
model for endoscopic scenes, addressing the domain shift between general vision data
and the complex, texture-scarce environment of surgery. The results demonstrate
that adapter-based fine-tuning enables competitive or superior performance compared
to training from scratch, with significantly reduced computational cost and data
requirements.

B.2 Implementation

This chapter brings up the key implementation differences in the case of using similar
methods to this project, based on the theory presented above.

In our project, SAM masks are generated by prompting the entire image with a
grid, meaning that all visible objects can get segmented. In [59], they highlight the
importance of carefully engineering the prompts when using SAM for medical tasks,
as most often only one object in the image is of interest. Another reason is that it is
specifically common in medical scenarios that an object is split, and non-contingous,
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for example, due to cross-sectional imaging methods. They also discuss the possibili-
ties of making a medical-specified version of SAM, possibly fine-tuned, to improve the
performance on medical tasks. Fine-tuning would be the more data-efficient approach.

In [62], the authors adapt the DINO model to the medical domain by freezing the
image encoder and training only the integrated low-ranked adaptation layers and
depth decoder. This approach allows them to specialise the pre-trained DINO model
for depth estimation in endoscopic surgery. As a result, they create a version of
DINO that is tailored to their specific task while maintaining the benefits of the
original foundation model. In contrast to our project, which focuses on extracting
features and generating pseudo labels without modifying the backbone model, their
method involves direct optimisation of task-specific parameters within the DINO
framework, making it a more integrated form of adaptation similar to one of the
proposed methods in [59].

When developing this thesis, general precautions around personal data such as
blurring faces were necessary, but the importance of this is even higher in healthcare
due to privacy concerns.

B.3 Discussion and Summary

The results from this project prove the ability to transfer knowledge from the 2D
domain to the 3D domain by effectively using web-scaled foundation models for
pre-training. The results also indicate that one and few-shot detections are possible
using the presented pre-training strategies in an AD/ADAS setting. If these are
transferable to the medical domain, they offer a possible solution to the discussed
lack of annotated data. Further investigation on the specific topic of health care has
to be made to draw conclusions of the exact benefits of pre-training on web-scaled
foundation models with medical fine-tuning, as the content of the web in relation to
self-driving car scenarios may differ from the relation to health care-related images,
but previous research ([59], [61]) shows that fine-tuning foundation models on domain-
specific datasets improves the performance compared to solely relying on web-scaled
data.

Based on the findings of [59], the performance of SAM in the medical domain is highly
dependent on the characteristics of the dataset and the task. While SAM demon-
strates strong performance in cases involving well-defined, clearly bounded structures,
it tends to struggle with more complex or ambiguous scenarios. Nonetheless, its
performance can be substantially improved when detailed prompts or additional
guidance are provided. [62] has successfully demonstrated that it is possible to bridge
the domain gap by adapting DINOv2 to the surgical domain. Their approach enables
the model to be effectively used for tasks such as 3D reconstruction and surgical
navigation.

Due to lighting variations, objects may appear different in an image compared to
human perception. Our project demonstrates that pre-training on 2D image data
can significantly improve 3D object detection performance on LiDAR point clouds.

VII



B. Application in Medical Domain

This insight could be valuable in medical applications to be less vulnerable to image
lightning artefacts, by incorporating other sensors while still being able to pre-train
on more easily accessible camera data.
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