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Abstract

Point clouds captured by depth sensors are used in both indoor and outdoor settings.
This raises privacy concerns that increase the friction between researchers and people
that might be identifiable in the data collected. This thesis proposes a privacy-aware
pipeline that detects faces and people in point clouds in real-time and blurs them before
rendering the point cloud to an output device. A software proof-of-concept was developed
using Python, Open3D, OpenCV and Intel’s tooling for an actual Intel depth camera. We
explored the possibility of using models that operate directly on 3D point clouds instead
of established 2D technologies, in order to investigate the software ecosystem’s maturity.
Our results show that unlike 2D object detection, the 3D object/face detection ecosystem
is not ready for widespread adoption and deployment in production, without considerable

programming effort.
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Ta vépn onpeiov mov xataypdpovrot and acintripeg Padovg xprnoipomototvat T660
0€ E0WTEPLOVG 000 Kol o€ eEMTEPUODG YWDPOUG. ALTO GaP®G dnpLovpyel avnovyieg yia
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va elva avayvopiowa ota dedopéva mov cuAléyovtal. Avth 1 SutAwpating epyacio
mpotelvel évav Tpomo emeEepyaciag Aappfavovtag voyn v WwTdTNTA, 0 0Tolog
VLY VEVEL TTPOGMITOL KOl VI POTTOVG G TPAYHATHO XPOVO GE VEPT oNpeiwV Kot Ta JOADVEL
TPLV OTTO TNV ELPAVLGT) TOV TPLEOLAGTATOV VEPOULG GTHElWwV O pia cLoxevn) eE6dov. Avat-
TOxINie éva AOYLOpIKO WG TPOTOTLITO TTPOKEEVOL Vo eEepevvndel i) Ldéa, X prjoLHOTOLOV-
tog Python, Open3D, OpenCV xou ta epyodeio tng Intel yio tnv wapepa Badovg. Eniong,
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Introduction

1.1 Motivation

A Point Cloud (PC) is a representation of a 3D scene in the form of a set of points with
positioning and texture information (such as depth and color). PCs are increasingly used in
robotics, autonomous vehicles and surveillance, settings that involve people being captured
digitally in some form. This is a considerable invasion of privacy, especially considering
the popularity of sensors embedded in modern cars that capture their surroundings at all
times while driving, in order to provide autonomy related services. Technological privacy
solutions should be applied, such as blurring or pixelation, but in a smart manner, so as
to not to obstruct the original goals of PC capturing devices. Unlike 2D camera images,
privacy in 3D point cloud data has not yet received enough attention in the literature.
Existing anonymization techniques and tools focus mostly on 2D imagery, leaving a gap for
3D sensor data. The goal of this thesis is to examine how such anonymization techniques

can be applied to an actual 3D point cloud stream from a depth camera.

1.2 Contribution

In this thesis, we developed a proof-of-concept solution that utilizes a depth camera that
captures point clouds from a short distance and blurs any detected faces and people to
enhance privacy. We explored PC-based Al models to find faces and people in a volumetric
frame. The models we experimented with are called RandLA-Net, KP-FCNN and PointPillars.
The experiments with PC-based Al models did not bring the results originally expected,
most likely due to the stark differences between our use case and the datasets and settings
on which PC-based Al models are trained. As a fallback mechanism, we used existing
2D image-based technologies for face and people detection, flattening the 3D point cloud
to apply them. Nevertheless, we built an open system that captures points clouds and
processes them, which can be used by other researchers to experiment with newer models,

as they become available. The code is available in an open repository on Github.


https://github.com/georgefkd/point-clouds-thesis

2

1.3 Thesis Structure

In Chapter 2 we review the terminology and present background information around
point clouds and depth cameras, face/people detection, and object detection, in order to
provide a clear picture of the fundamentals required to understand all of this work. We
also present various approaches to privacy preservation from the literature in the related
work section. In Chapter 3 we present and discuss the implemented system and get more
in depth about its architecture and the tools used, also offering a brief demonstration of its
capabilities. In Chapter 4 we discuss the insights from this work, the limitations within
the domain, and the future directions that could be further explored by other researchers

interested in the topic.

Chapter 1 Introduction



Background and Related Work

2.1 Background

Point clouds are a set of points positioned in three-dimensional space in the form of (z, y, 2)
coordinates, where z is the depth within the two-dimensional image. Depending on the
use case and the capture device, points can be associated with other data, such as colors
and reflectance properties. PCs can be captured using specialized devices such as LiIDAR
(Light Detection and Ranging) cameras that project laser pulses and measure their return
time in order to provide the third dimension of the points. There is also a broad category
of RGB-D cameras that provide color information along with depth data, using IR sensors
to estimate depth. LiDARs and RGB-D devices differ significantly in their properties and
appropriate use-case scenarios. LIDARs can create high precision PCs covering a larger
distance while RGB-D cameras can capture a shorter range. RGB-D devices provide color
information while LiDARs can only provide reflectance values. This is the reason that in
existing work LiDARs are combined with conventional cameras in order to provide colored
PCs. LIDARs are expensive and mostly used for industrial applications and modern cars.
In contrast, RGB-Ds are relatively cheap and more suitable for indoor applications and

consumer-facing applications.

In this work we are using an Intel Realsense D435 RGB-D camera (Fig. 2.1) which is a
stereo-depth camera that combines two IR lenses and an RGB lens in order to provide a
colored point cloud. There are other technologies for achieving this result, but they are
outside of the scope of this work. The most popular file formats for PCs are .PLY which is
a polygon file format (binary and ascii text variants) and .LAS for LiDAR data. It should
be noted that when using the Realsense SDK! for this thesis, I found a bug related to the
export of textual .PLY files and fixed it; it was accepted upstream as can be seen in my
Github Pull Request?.

Bird’s Eye View (BEV) is a 2D projection of a 3D point cloud onto the ground plane,
effectively collapsing the vertical dimension and representing the scene as if viewed from
directly above. It is commonly used in machine learning as it allows the use of standard

2D convolutional networks, and provides a natural representation for detecting objects

'https://github.com/realsenseai/librealsense
*https://github.com/realsenseai/librealsense/pull/14711
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Fig. 2.1: Intel Realsense stereo-depth camera, model D435I

such as cars and pedestrians whose size remains consistent, regardless of their distance

from the sensor.

Object detection is a domain of computer vision that attempts to classify objects within
an image and find their bounds. In the case of 2D object detection, the goal is to find a
rectangle and in PCs it is about providing a cube. Face detection is a specific case of object
detection, where the goal is to detect faces in an image. It should not be confused with face
recognition, which relies on comparing a face scan against the scans from a face recognition
database [26]. In face recognition the focus is on extracting facial features and trying to
discern different faces. In this work we only explore object and face detection and not face
recognition. Semantic segmentation is a task similar to object detection but differs in the
predictions it provides. Instead of predicting boxes that contain objects, it classifies each
point in the PC as belonging to a specific class. As there is the assumption that each point
belongs to a class, there is always an unlabeled class in models. An example from our own

experimentation with pretrained models can be seen in Fig. 2.2.

Point clouds produced by our camera are ~ 300K points per frame, a number based on the
technical specification of the camera. Higher resolution devices can transmit even larger
point clouds. The actual size of a point cloud in RGB-D cameras also relies on the shot, as
the camera has a limited depth resolution, therefore areas further away do not produce
points. In some cases point clouds are converted into a three-dimensional grid comprised
of cubes that each contains a certain number of points. These cubes are also known as
voxels in the literature and are primarily used for reducing the computational cost of

operations on PCs and grouping neighboring points in 3D representations of objects.

Chapter 2 Background and Related Work
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Fig. 2.2: Semantic segmentation example on a captured point cloud using pretrained models.

2.2 Related Work

Object detection in PCs imposes extra constraints on the Al architectures developed for
learning-based tasks. The model result should ideally follow some prescriptive rules in
order to be effective for the task, at hand as outlined in [20]. Those rules are implicitly

followed in all methodologies presented in this section.
1. The ordering of the points should not influence the end result.

2. Transformations of the points, such as translation (moving the points around to-

gether) and rotation should not change the final prediction.

3. The neighborhood of a point contains significant information that should be actively

utilised in the learning process.

The model should be able to handle sparse point clouds, which commonly occur when

points are captured using LiDAR cameras.

Foundational work in object detection for PCs has been done in [20]. In this work the
authors introduce PointNet, a neural network architecture that operates on PCs and not
some other derivative form, as we will see in other approaches. They approximate a

symmetric function by utilising a multi-layer perceptron (MLP) and a max-pooling function

2.2 Related Work
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and therefore achieving the first model requirement as outlined earlier. The work in this

model and the refined version in the next paragraph is reused in newer architectures.

The authors of PointNet followed up on their work and presented [21] where they introduce
an enhanced version of PointNet, called PointNet++. In this work they replaced the single
max pooling operation of PointNet with a hierarchical mechanism that samples centroids
from the point cloud, groups the points in regions defined by the centroids and then
extracts local features from the regions. In this way, patterns are captured in multiple

scales making features more detailed and robust.

In [38] the authors take a different approach and instead of raw-point clouds their model,
VoxelNet, uses voxels as the data representation, allowing them to take advantage of
more points in a point cloud efficiently. More specifically they introduce a Voxel Feature
Encoding (VFE) layer that summarizes point-wise features in a voxel. Stacking VFE layers
achieves a high-dimensional representation, which is then used by a Region Proposal
Network (RPN) for object detection.

In [13] the authors propose PointPillars, an architecture that consumes point clouds as
input and outputs 3D bounding boxes for the labels car, pedestrian and cyclist. Instead of
doing full voxelization like in [38] they cut the point cloud into slices along the z dimension,
called pillars, which improves performance significantly reaching 16 ms for detection,
making it faster than models released afterwards but with less accuracy [39]. They use a
simplified PointNet to generate features which are fed into a 2D convolutional network
to produce a high-level representation of the features. Lastly they use a standard Single
Shot Detector (SSD) to do the 3D object detection. We attempted to use this model in our

experiments as it is the fastest one and we found pretrained weights for it.

In [25] the authors present Complex-Yolo, an architecture that uses a bird’s eye view
produced by a colored PC which is then fed into a simplified YOLOv2 network layer with
an additional RPN layer that regresses to the orientation of the final bounding box. They
achieve a considerable performance of 50 fps on an NVIDIA TitanX GPU, and for training
they used the dataset from [7].

In [23] the authors propose Point-RCNN a two-stage object detection methodology based
on R-CNNs and PointNet++ as a backbone network. The first stage generates a small
number of 3D bounding boxes and separates points into foreground and background ones.
The second stage then refines those proposals using the information produced in the first

stage.

The work in [24] brings the Graph Neural Network (GNN) architecture into point clouds. It

constructs a graph of the point cloud by adding edges between neighboring points in a

Chapter 2 Background and Related Work



fixed radius. For the detection it uses a MLP for classification and a MLP that computes a

bounding box for each class.

The work in [19] introduces PointFormer, a Transformer based backbone for learning
features from point clouds. To capture local, global and the interaction between local
and global information the authors create a local Transformer (LT) module, a global
Transformer (GT) module and a local-global transformer (LGT). The LT module learns
features in small regions, the GT module learns context-aware representations at the
captured point cloud level while the LGT aggregates local features into the context used

by the global transformer.

The authors at [10] present Randla-net, a network architecture based on random sampling
and shared MLPs which make it extremely efficient in contrast to other models. We utilised
Randla-net in the semantic segmentation scenario because the tools we used provided

pretrained weights for it.

The work in [29] introduces a novel point convolution operator that places learnable
weights at a set of kernel points in Euclidean space and applies them to neighboring points,
allowing convolution to operate directly on raw point clouds without any intermediate
representation. The paper presents two network architectures built on this operator:
KP-CNN for object classification and KP-FCNN for semantic segmentation. We utilised KP-

FCNN in our semantic segmentation example as there were available pretrained weights.

Face detection as a distinct task is not that popular in point cloud research. Face recogni-
tion has been covered in more past work, as point clouds offer richer information than
conventional 2D images. In contrast, people detection has been a topic of interest in
far more work, as it is massively more represented in datasets and very important for
self-driving related tasks. In [11] the authors present a single stage 3D person detection
network that uses a submanifold sparse convolution as an attempt to evaluate its effective-
ness in this domain. In [2] the authors implement people detection by using a Random
Forest Classifier (RFC) based on hand-crafted features such as voxel-based curvature his-
tograms and local surface curvature variations. The point clouds are first pre-processed by
removing the ground points and thus keeping points richer in information. As we will
see in the datasets section, most datasets include the category pedestrian, which is a less

invasive process compared to face detection.

Datasets containing faces are mostly oriented towards tasks such as face recognition, pose
estimation and other tasks that require more tuning than conventional object detection.
Face recognition datasets differ significantly from object detection datasets as they already
have cropped and aligned the faces in the data without leaving the rest of the background
intact. In addition, access to face recognition datasets is not publicly open, unlike object

detection and semantic segmentation datasets. Most datasets for object detection and

2.2 Related Work



semantic segmentation in point clouds are for scenarios involving self-driving vehicles and
are captured by LiDAR devices combined with conventional cameras in order to provide a
colored a full 360 degrees PC. They include pedestrians as a category but not faces. An

overview of the datasets can be seen in Table 2.1.

Dataset Task Classes Setting Size

KITTI [7] Object Detection 3 Outdoor 7,480 frames
nuScenes [4] Object Detection 23 Outdoor 1,000 scenes x 20s
ONCE [15] Object Detection 15 Outdoor 1M scenes
Argoverse 2 [33] Object Detection 26 Outdoor 1,000 scenarios
JRDB [16] Object Detection 1 Indoor/Outdoor ~1 hour @ 30fps
SUN RGB-D [27] Both 37 Indoor 10,335 images
SemanticKITTI [1] Semantic Segmentation 28 Outdoor 43,000+ scans
Toronto-3D [28] Semantic Segmentation 8 Outdoor ~75M points
Semantic3D [8] Semantic Segmentation 8 Outdoor ~400M pts/scan
nuScenes-lidarseg [6] Semantic Segmentation 32 Outdoor 40,000 scans

Tab. 2.1: Overview of datasets for 3D object detection and semantic segmentation

The work at [7] created KITTI, one of the earliest benchmarks and datasets for LIDAR-
based 3D object detection, annotating classes such as car, pedestrian, and cyclist. An
improvement upon KITTIL the nuScenes dataset from [4] is richly annotated with 23 labeled
classes and 8 attributes. It differs from previous work significantly, as it uses all of the
available autonomous vehicle sensors with a full 360 degree field of view. In [15] the
authors present ONCE, a dataset with 1 million LiDAR scenes and annotations for 15
classes. The Argoverse 2 dataset is introduced in [33], notable for its broad 26-category
taxonomy. The JRDB dataset introduced in [16] contains around an hour of sensor data in
an uncontrolled environment, including data from LIDAR channels and an RGB-D camera,
produced from a mobile robot. The dataset was then annotated with 3D bounded boxes by
human labelers for pedestrians. The SUN RGB-D dataset from [27] contains 10.335 RGB-D
images that are annotated with 2D polygons and 3D bounding boxes for objects, taken
with four different rgb-d devices. The rich information of this dataset makes it suitable for
a variety of tasks in the general domain of scene understanding and more specifically for

object detection and semantic segmentation which we are interested in.

Datasets for semantic segmentation are also important and mostly include outdoor scenes
and driving footage. They are either new datasets or annotated versions of existing datasets.
The semanticKitti dataset from [1] was created by annotating appropriately the KITTI
Vision Odometry Benchmark from [7]. The Toronto-3D dataset from [28] was created
using a Mobile Laser Scanning (MLS) system in Toronto, Canada. It uses 8 labeled object
classes and consists of ~ 75 million points. They also have a ranking list of models and
how well they perform using this dataset at their github repository. The Semantic3D.net
dataset from [8] provides dense point clouds acquired with static terrestrial lasers scanners.

Each scan contains ~ 400 million points, making it the highest resolution amongst all

Chapter 2 Background and Related Work


https://www.cvlibs.net/datasets/kitti/eval_object.php?obj_benchmark=3d
https://github.com/WeikaiTan/Toronto-3D

datasets. The nuScenes-lidarseg dataset from [6] was created by annotation work for

semantic segmentation on the [4] nuScenes dataset.

Privacy is important in many domains such as pedestrian tracking [12, 36, 17] and medicine
[34]. To ensure privacy in images by hiding faces or even people, there are several methods
that can be implemented. Blurring and pixelation, the simplest and most popular ones,
belong to the category of image filtering techniques for privacy protection [18]. Blurring
obfuscates an image by replacing pixel values with a weighted average of its neighbors,
where the weights most often follow a Gaussian distribution based on the distance of the
neighboring pixel from the original pixel. Pixelation first divides the image into pixel

blocks. Each pixel block takes as color the average color of all the pixels in the block.

Blurring and pixelation often fail to completely remove identifiable information, as dis-
cussed in [22]. More sophisticated methods mostly rely on Generative Adversarial Net-
works(GANs) such as the approach taken in [3], where both biometric(e.g. faces) and
non-biometric information such as clothing and hairstyle are replaced. Face swapping
is also used for privacy preservation as seen in works such as [36, 14, 35]. In the source
image, faces are swapped with similar faces and integrated into the image for a smooth and
consistent result. To address limitations of GANs the work of [5] introduces Face trans-
former, a Transformer-based network architecture that achieves considerably detailed face
swapping results. To achieve privacy protection, individuals can also take some preventive
measures to evade existing face detection and face recognition systems, presented in [9].

However, this is outside of the scope of this work and we do not investigate it further.

There are several methodologies and systems implemented related to our work, trying to
enhance privacy in real scenarios. In [30] the authors implement a real-time system for
human face detection and recognition. This case involves CCTV images in contrast to our
application that is based on point clouds. The face detection module is based on existing
2D based methods, more specifically a cascading classifier. In this work we also utilize a
cascading classifer as an alternative mechanism for face detection for when point cloud

based methods cannot be reasonably applied.

The authors in [17] use colorless point clouds instead of conventional cameras to pre-
serve privacy while doing pedestrian trajectory tracking. Their choice of hardware and

configuration is what allows them to create a private testbed.

The authors of [36] have created an end to end pipeline for protecting pedestrian privacy
in 2D videos. They achieve this by swapping the detected faces with dissimilar but relevant
faces from an existing face library combining multiple AI models in order to have a
consistent and smooth anonymized video as a result. In this work we work with point
clouds as our primary data where an analogous process is not directly applicable. A similar

approach to [36] is explored in [12] where the authors go a step further when it comes to

2.2 Related Work



privacy, replacing people with wireframes created using a generative method introduced
in [3] that produces results such as Fig. 2.3. They also ensure that the poses of pedestrians

are preserved, in order to maximize the utility of the privacy-enhanced data.
Segmentation__r

Neural art Wireframe

Original

CMU PeVID

i.c.sens

£ mppe
1

Fig. 2.3: Anonymization of pedestrian videos using generative methods.

Commercial software from RIEGL? includes an image anonymizer as part of their product
suite. Another solution for automated blurring in laser scans comes from Celantur?. The
Celantur software suite, as stated in their technology brief, seems to rely on 2D based
CNNss, not using 3D models. This provides bits of evidence that 3D PC solutions are not
yet adopted by the industry.

*https://www.riegl.com
*https://www.celantur.com/image-anonymization-terrestrial-laser-scanning/
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System Design and
Implementation

3.1 Work Setting

To obtain real-time images, we used an Intel Realsense camera model D435] as seen in

Fig. 2.1. Its technical specs are the following:
« Resolution: up to 1280x720
« Depth Field of View: 87 degrees wide horizontally, 58 degrees vertically
« FPS: 30
» Operating range: Min. 0.3m, Max 3m
For complete technical specifications, one can consult Intel’s official specification.

The setting is at an office, an indoor place, lit either by indirect natural light or normal
overhead office lights. A simple rendering of a point cloud captured by the Intel camera
can be seen in Fig. 3.1. What we want to achieve is to cover people and faces that appear in
the point cloud frame, using a simple blurring effect. There are more advanced techniques
for anonymization, as previously discussed, such as the sophisticated face swapping
demonstrated in [36]. The implemented system architecture allows for their integration in

an easy and straightforward manner.

& A
R
/ Qo R
g N

Fig. 3.1: Point cloud rendered without blurring.
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3.2 Demonstration

The software works by first reading the depth and color frame at each iteration of the
program. Then, different face or people detection modules run using the depth and color
frames as data returning a label and a box in either 2D or 3D coordinates based on the
data it is operating on. 2D object detection modules can use only the color frame to run
their detection. Finally the rendering engine applies all the blurring effects based on the
detection results and renders the resulting PC as it can be seen in 3.2. The blurring at

Fig. 3.2 is done using OpenCV’s Face Detection module, applying a gaussian blur filter on

the detection result.

Fig. 3.2: Point cloud rendered with blurred faces. The bounding box demonstrates we can also add
3D detection.

A semantic segmentation scenario was implemented using the RandLANet and KPFCNN
models provided with pretrained weights from a library (open3d-ml, discussed in Sec. 3.4).
The results can be seen in Fig. 3.3. Both models did not manage to correctly identify the

person in the middle of the scene.

A 3D object detection experiment was then ran using the PointPillars model from [13].
The model did not correctly identify the person at ~1m away from the camera. This result
could most likely be due to the fact that such models are trained on datasets from LiDAR,
which are very different to our environment, both in setting and in scale. LIDAR scans
often cover tens of meters ahead, while our camera can only reach 3 meters, so the scale

of the faces and people is very different.

Chapter 3 System Design and Implementation
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Fig. 3.3: Semantic segmentation using RandLaNet and KPFCNN from Open3D library.

3.3 Design

The design of our system ensures features can be added seamlessly, as explained in Sec. 3.4.

A CAMERAREADER interface was creaated in order to be able to support cameras from
different manufacturers, by implementing the appropriate derived class, including cameras

that stream point clouds over the network.

The EFFECTSMANAGER class is responsible for running the tools that operate on the depth,
color and point cloud data. It produces a list of effects that tell the renderer what EFFECTS
to apply on the initial PC. It ensures that all of the detection tools use as input the same
data without mutations. In addition, it could allow for running the detections in parallel
(using different threads to spread the load to different CPU cores) for better performance
and for toggling tools on and off based on certain conditions or user input. Adding a
PC-based model is as simple as adding to the EFFECTSMANAGER an EFFECTPRODUCER that

returns a list of CUBEADD objects.

3.4 Implementation

Python was the programming language of choice in this project, as most Al related models
and libraries support python. Another reason was to speed up development; otherwise
it would make more sense to implement everything in C++ as Al models and related

libraries are usually implemented in it. Several tools were used in order to focus more

3.3 Design
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Fig. 3.4: UML Class Diagram of our system’s architecture.

on the use case and less on the implementation details outlined in Fig. 3.5. Open3D is a
C++ based library with a python wrapper for convenience made by the Intel Intelligent
Systems Lab organization for processing and visualizing PCs, presented in [37]. Open3D-
ML is an extension to the open3D library that focuses on Al-based tasks such as object
detection and semantic segmentation. It supports both PyTorch and Tensorflow as the 3D
machine learning base tool and supports GPU acceleration for computationally expensive

3D operations. Both libraries are properly maintained and were used in this work.

For 3D object detection the PointPillars model was used as the research indicated it is
reasonably fast and within this library it is implemented and pretrained on the KITTI
dataset from [7] in both PyTorch and Tensorflow implementations. For 3D semantic
segmentation the RandLANet model from [10] and the KP-FCNN model from [29] were
used, with pretrained weights on the semanticKITTI dataset from [1].

OpenCV is the industry standard when it comes to computer vision in 2D scenarios.
We used this library for 2D face detection as a fallback, as the PC based models were
too complicated to setup and expensive to fine-tune. More specifically we used the Haar
Cascade Classifier in openCV that is based on early machine learning work at [31]. OpenCV
was also used to implement blurring in an image as the 3D equivalent would be more
computationally expensive. Gaussian blurring replaces each pixel’s value with a weighted
average of its neighboring pixels; the weights follow a Gaussian distribution, which in
this case results in pixels closer to the center contributing more than the pixels further
away to the final color of the blurred pixel. We also used the OpenCV DNN module to do

general object detection using a MobileNet-SSD implementation with pretrained weights

Chapter 3 System Design and Implementation
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and network architecture provided by a .caffemodel and a .prototxt file respectively. We

used Pyrealsense2 from Intel’s official SDK for Realsense cameras,for interfacing with the

camera D4351. People interested in the implementation of the system can find the code in

Github.

[ 2D Processing

& Visualization

{Point cloud Processing}

3D Object Detection &
Segmentation

[ Camera

Fig. 3.5: Technologies used in the system implementation.
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Tools that were not used that could otherwise be useful are the following:

+ OpenPCDet,which heavily depended on CUDA without AMD GPU/CPU equivalents,

therefore it was not suitable for this work.

« MMDetection3D, supports lots of models we reviewed, but we had issues when trying

to integrate it with our work; a great tool nonetheless. Specifically, the problem was

that it required a different version of PyTorch (1.8+), in contrast to Open3D (2.2+).

+ Learning3D, does not support many models, we tried to use it and did not have the

desired results. Also integrating with our existing code would be infeasible as it
required pytorch 1.3+ and a CUDA GPU.

« CUDA-PointPillars, a CUDA optimized implementation of PointPillars from NVIDIA

that achieves comparable detection performance but at considerable less time, 6.84ms.

3.4 Implementation
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Conclusions

4.1 Limitations

In general, the 3D Al-based Object Detection and general PC processing Python ecosystem
is not that mature yet. There are great tools that are either still at an early research
phase or not properly maintained. This makes them unsuitable for software in production

environments. A notable exception was the Open3D package.

Face detection as a task is not that popular in PC related settings. The target of the latest
models is usually detecting pedestrians in an outdoor setting, which makes more sense for
driving scenarios. There has been more focus in face recognition tasks as point clouds can
provide richer features of a face than the two-dimensional equivalent and can therefore
improve the effectiveness of face recognition systems. Most of the attention is on traffic
settings, other use cases remain mostly unexplored e.g. indoors 3D cameras. In [32] the
authors improve upon an existing model to make it more suitable for complex traffic

conditions indicating the research attention of this use case.

To achieve results analogous to 2D face detection we would need to create a face dataset and

train a PC-based model. Training from scratch a PC-based model is expensive computation

wise and time wise so we could only use models with pretrained weights openly available.

In addition, as there are not specialized face detection datasets it would be necessary to

create our own, a resource hungry process.

4.2 Discussion

Anything in 3D Point-Clouds is more complex than the 2D equivalent for many reasons.

The non-grid-like structure makes simple operations more advanced to implement, the
sparseness of PCs necessitates extra attention when it comes to statistical metrics used
and the significant payload size drives up the computation cost considerably. Being able to
efficiently and effectively provide privacy awareness in PCs could enable work on traffic
settings by reducing the legal process that datasets have to go through, and enable more

people-centered applications of PC work.
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4.3 Future Work

Several research directions occur from the research conducted in this thesis.

Evaluation of 2D vs 3D detection models. A systematic comparison between 2D and 3D
object detection models for face and people detection in both indoor and outdoor settings
would provide more insight into the trade-offs between the two approaches. Such an
evaluation should consider detection accuracy, robustness to lighting conditions, occlusion

handling, and computational cost.

Optimization of 3D detection models for embedded systems. Investigating how to
optimize 3D detection models for deployment on embedded and low-powered systems, is
an important next step. Currently models achieve inference times around 30-60 FPS but

with special server/desktop hardware as noted in [40].

Color-independent model training. Training detection models on colorless point
clouds and evaluating whether they can match the performance of their color-dependent
counterparts would be a valuable contribution. Color information in existing datasets can
introduce biases tied to specific environments or demographics. A model that relies solely
on geometric features would generalize better across different sensors and scenarios, and

would be applicable in settings where color data is unavailable or unreliable.

End-to-end 3D video anonymization pipelines. Building on work such as [36], devel-
oping end-to-end pipelines for 3D video anonymization would enable privacy-compliant
data collection at scale. Such pipelines would need to handle temporal and visual con-
sistency across frames, real-time performance, and robustness to challenging conditions,

representing a significant but impactful engineering and research challenge.

Dataset creation with indoor scenes including people. Existing datasets mostly
include a pedestrian/person category in outdoor settings involving driving, which means
people are mostly walking upright and there is not a variety of poses. Indoor large-scale
datasets such as SUN RGB-D at [27] are more geared towards objects and rooms that do
not include people. Creating a dataset specifically addressing this case could possibly

enable a wider range of use cases and applications of PC-based people detection.

Investigation of hybrid approaches for people detection. Hybrid approaches, mean-
ing combining 2D and 3D people detection cohesively, could be investigated to see its
effectiveness. Intuitively, at short distance 2D methods should perform better and 3D
methods should be more effective at larger distances(as most datasets used cover around
30-40 meters of distance in front of the LIDAR device).

Chapter 4 Conclusions
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