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Prof. Dr. A. Nüchter, co-examiner

Dr. J. D. Wegner

2018



IGP Mitteilungen Nr. 120
Large-scale Machine Learning for Point Cloud Processing
Timo Hackel

Copyright c©2018, Timo Hackel

Published by:
Institute of Geodesy and Photogrammetry
ETH ZURICH
CH-8093 Zurich

All rights reserved
ISBN 978-3-03837-006-2



Abstract

Machine learning has made phenomenal progress in the past decades. This work has
a focus on the challenges and opportunities that come with machine learning in 3D
space. We start the thesis with an efficient approach to point-wise semantic classifi-
cation that can classify point clouds of significant size. The method is able to process
the inhomogeneous and unstructured point distribution of typical 3D point clouds that
are captured with industrial grade static terrestrial LiDAR or with photogrammetric
reconstruction. The processing of large data sets with millions of points only takes a
couple of minutes.

For this purpose, we rely on traditional machine learning, where we exploit a computa-
tionally efficient neighborhood definition to obtain a rich multi-scale feature set. This
approach outperforms a then state-of-the-art baseline method on various benchmark
data sets from mobile mapping platforms in both per-point classification accuracy and
runtime by a large margin.

We then demonstrate the benefits of machine learning over traditional point cloud pro-
cessing techniques on the example of 3D contour extraction; A task with a multitude
of applications in graphics and mapping, e.g. by deploying contours as intermediate
features for structuring point clouds and converting them into a high-quality surface.
On large outdoor scenes, we vastly outperform a Canny-style edge detection.

Benchmarking plays a central role in computer vision research by making various ap-
proaches comparable. This thesis presents a novel large-scale benchmark test for point
cloud classification. With this benchmark test, we publish a data set of over four bil-
lion manually labeled points; Large-scale data sets are important for data-hungry ma-
chine learning techniques like deep learning. Furthermore, we published three baseline
methods: i) our traditional machine learning approach; ii) a deep learning baseline; and
iii) an image based semantic classification approach. Our benchmark shows that recent
deep learning based approaches significantly outperform traditional machine learning.

However, a problem of neural networks in 3D space remains: the massive demand for
computational resources that easily reaches hardware limitations. The sparsity in com-
mon 3D data can help to overcome this issue. We introduce a deep learning framework
that exploits and preserves sparsity in both the feature maps and the model parameters
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of our network to reduce the memory footprint and the runtime of convolutional neural
networks.

Our approach provides i) a sparse GPU implementation of various network layers as
well as ii) a filter step that sets an upper bound on the computational requirements by
reducing the tendency to decrease sparsity.
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Kurzzusammenfassung

Im letzten Jahrzehnt hat maschinelles Lernen enorme Fortschritte erlebt. Diese Arbeit
behandelt Herausforderungen sowie Möglichkeiten des maschinellen Lernens im 3D
Raum. Wir beschreiben effiziente Ansätze für das punktweise Klassifizieren von Punk-
twolken enormen Ausmasses. Unser Ansatz ermöglicht das Prozessieren von inho-
mogenen und unstrukturierten Punktverteilungen, wie sie von industriellen, statischen
Terrestrischen Laserscannern oder von photogrammetrischen Rekonstruktion generiert
werden. Das Prozessieren von grossen Datensätzen mit Millionen von Punkten dauert
nur wenige Minuten.

Zu diesem Zweck verwenden wir traditionelles maschinelles Lernen, welches auf eine
effiziente Definition von Nachbarschaften zurückgreift um eine reiche Menge an Merk-
malen zu erzeugen. Unser Ansatz übertrifft unsere Vergleichsmethode auf vielen Bench-
marktests sowohl in die Klassifikationsqualität als auch in der Laufzeit.

Anschliessend demonstrieren wir die Vorzüge von maschinellem Lernen über tradi-
tionellen Prozessierungsmethoden für Punktwolken am Beispiel Konturextraktion; Eine
Aufgabe mit vielen Anwendungen in der Computergrafik und im Mapping. Zum
Beispiel verwenden viele Algorithmen Konturen als Basismerkmale um Oberflächen
mit hoher Güte zu rekonstruieren. Auf grossen, natürlichen Punktwolken übertreffen
wir eine Kantenerkennung, welche dem Ansatz von Canny folgt deutlich.

Benchmarktests spielen eine wichtige Rolle für die Forschung im maschinellen Se-
hen. Diese Arbeit stellt einen neuen Benchmarktest für das Verarbeiten grosser Punk-
twolken vor. Mit diesem Benchmarktest veröffentlichen wir vier Milliarden handan-
notierte Punkte; Grosse Datensätze sind wichtig für eine Vielzahl von Ansätzen im
Bereich des maschinellen Lernens, einschliesslich Deep Lerning. Zudem publizieren
wir drei Ansätze zum Klassifizieren von Punktwolken: i) unseren auf traditionellem
Lernen basierender Ansatz; ii) eine Deep Learning Baselinemethode und iii) ein Ansatz
der auf 2D Bildverarbeitung basiert. Auf unsrem Benchmarktest zeigen Deep-Learning-
Ansätze eine deutlich bessere Leistung als Methoden, die traditionelles maschinelles
Lernen nutzen.

Jedoch bleibt ein Problem von Neuronalen Netzen bestehen: Der hohe Bedarf an
Rechenleistung und Speicherplatz. Die Spärlichkeit in typischen 3D Daten kann dazu
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beitragen dieses Problem zu verringern. Daher führen wir ein Framework für Deep
Learning ein, welches Spärlichkeit in Merkmalen sowie im Model ausnutzt und befördert
um den Speicherbedarf und die Rechenzeit von Neuronalen Netzen zu senken. Unser
Ansatz bietet sowohl i) eine GPU Implementierungen von vielen Netzwerklayern als
auch ii) einen Filterschritt, welcher den Bedarf an Computerressourcen beschränkt in-
dem die Neigung zum Auffüllen von spärlichen Daten reduziert wird.
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Chapter 1
Introduction

1.1 Motivation

Ever since the Stone Age, new technologies helped to avoid repetitive, laborsome or
physically exhausting work by either creating better tools controlled by human op-
erators or by a complete automatization of tasks. Until the introduction of powerful
computers, sensors and actuators, automatization was limited to fairly simple tasks.
However, automatization remains difficult even with modern hardware, so that a future
where work is merely a hobby to the very ambitious rather than a necessity by far and
large remains a utopia. Possibly, the most prominent challenge to automatizing com-
plex and non-repetitive tasks is data processing, where often it is not possible to reach
the performance of human operators; even with significant development effort.

This calls for algorithms capable of inferring information from sensor readings while
approaching or even outperforming human performance. Traditionally, in computer vi-
sion, the performance of algorithms on tasks is measured with benchmark tests. These
tests evaluate approaches in a qualitatively comparable manner. Such comparisons
have helped to focus and accelerate the research on many important tasks. Benchmark
tests cover the essential tasks in computer vision. For instance KITTI [Geiger et al.,
2012] has a focus on 3D reconstruction, while MNIST [LeCun et al., 1998] or Ima-
geNet [Russakovsky et al., 2015] provide tests for the inference of object classes in
images; A classification problem that assigns object classes to images. The bench-
marking of semantic classification in images is approached in the Pascal visual object
classes challenge [Everingham et al., 2010], where an object class is assigned to each
individual pixel. In the past decade, hand-crafted features, such as SIFT [Lowe, 1999],
in combination with discriminative learning, such as Random Forests [Breiman, 2001],
showed good performance on these tests. On large training datasets and with a signifi-
cant amount of computational resources, purely data-driven approaches tend to achieve
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CHAPTER 1. INTRODUCTION

more impressive results. Since the benchmark submission of [Krizhevsky et al., 2012]
on ImageNet, deep learning approaches that are capable of representation learning
have quickly become state-of-the-art for most computer vision problems.

For a multitude of problems, plain 2D camera images are not a suitable data repre-
sentation. One such class of problems covers the measurement of actual distances in
physical space, e.g. the distance of a pedestrian to an autonomous car, where 3D data
is superior to 2D data1. Stereo reconstruction, Shape from Shading or Structure from
Motion can be used to reconstruct 3D data from 2D images. Nevertheless, it can be
more accurate and robust to measure 3D data directly, e.g. with laser scanners. Espe-
cially, when the environment can turn to adverse conditions, such as rain or a lack of
illuminations in tunnels or during the night. Data processing in 3D space has followed
a similar development as 2D image processing. However, data processing in 3D space
is more challenging than 2D image processing. On the one hand, 3D data has one more
dimension than 2D data and, hence, has a larger memory footprint. On the other hand,
the neighborhood in 3D space is more complex than an 8-neighborhood in 2D images.
For 3D neighborhoods, a multitude of definitions exists, for instance, memory hun-
gry dense voxel grids or computationally more demanding kd-trees [Friedman et al.,
1977], OcTrees [Elseberg et al., 2013] or sparse voxel grids. For this reason point cloud
processing typically lags behind image processing on an algorithmic level; Often it is
challenging to perform seemingly simple tasks in 3D space with good accuracy and
within a reasonable amount of time. One such seemingly simple task is 3D contour
extraction that turns out to be surprisingly difficult to solve. More complex tasks in
3D space, such as 3D semantic segmentation, have to deal with significant constraints
regarding computational resources. Nevertheless, even for processing a 3D reconstruc-
tion generated from multiple 2D images, it can be more efficient to perform these tasks
only once directly in 3D space rather than on each 2D image [Riemenschneider et al.,
2014].

Even though deep learning shows outstanding performance on many 2D problems, it
is extremely challenging in 3D space. Deep learning not only needs large datasets
for training but is already resource hungry in 2D space. For this purpose the data
processing of typical convolutional neural networks (CNN) in 3D space [Wu et al.,
2015] [Maturana and Scherer, 2015] is limited to voxel grids with small resolutions
to avoid large memory footprints due to their cubic memory growth. The use of mea-
surement properties can help to reduce the need for computational resources: The
line-of-sight measurements of typical 3D point clouds are sparse when represented
as voxel grids. Sparse data representations, such as Compressed Sparse Blocks, can
help to exploit this sparsity in the convolutional network layers, as shown in [Parashar
et al., 2017] with similarities to [Engelcke et al., 2017] and [Park et al., 2017]. An-
1Please note, that distance relations can also be guessed from 2D images, e.g. [Richter and Roth, 2015],
yet these guesses are prone to errors.
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1.2. RESEARCH GOALS

other approach is to perform space partitioning, e.g. with OcTrees [Tatarchenko et al.,
2017] [Häne et al., 2017] [Riegler et al., 2017]. With such sparse approaches, it is pos-
sible to reduce the 3D data processing problem to the processing of the approximated
underlying 2D surface. However, the exploitation of sparsity induces computational
overhead.

1.2 Research Goals

The backbone of this thesis is a large database of 3D point clouds, which has been
recorded with industrial-grade terrestrial laser scanners. To obtain ground truth, large
parts of this database were semantically annotated by humans workforce. For annota-
tion, meaningful object classes, such as Building, Car or Natural Ground were defined.
Subsequently, each point was labeled one of these classes. Annotation by humans is
not only costly but also several orders of magnitude more time consuming than the
capturing of such point clouds. For a multitude of technical applications, it is a neces-
sity to obtain such an annotation in near-real time. Hence, it is fundamental to infer
object classes automatically. The overriding research question of this thesis is: What is
the best way to infer information from large 3D point clouds? We approach this issue
from three sides.

1. Traditional Machine Learning. The processing of large 3D point clouds re-
quires a significant amount of computational resources. Even though deep learn-
ing has proven to be successful on 2D data it has shown a significantly higher
need for computational resources than traditional discriminative learning, e.g.
with random forests. Hence, the first goal of this thesis is to perform 3D seman-
tic segmentation with traditional machine learning techniques and demonstrate
its benefits on an elemental technical application; 3D contour extraction. On
application side, Contour Extraction is an obvious choice as it turned out to be
a surprisingly difficult task in 3D. This raises the question if semantic informa-
tion can help to improve contour extraction? Vice versa contour extraction has
synergies with the semantic segmentation: can contours be used as a feature for
semantic classification?

2. Benchmarking. Performance evaluation and comparison of different algorithms
is essential to rapid technological advancement. Ground truth annotation com-
monly allows a comparison of classification algorithms with human annotation.
However, the ability to identify the best-suited algorithm by deploying ground
truth annotated data is limited to a comparison among those algorithms, that are
tested on the same data. The second goal of this thesis is to establish standard-
ized train and test datasets to ensure that the performance of all algorithms that
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CHAPTER 1. INTRODUCTION

follow this standard testing procedure is comparable.

3. Deep Learning. Finally, we want to develop inference and learning mecha-
nisms, which exploit and preserve sparsity in data; An essential property for
deep learning in large point clouds. Note that such optimized Convolutional
Networks are not limited to point cloud processing, but could also be applied to
sparse image processing tasks or higher dimensional problems.

All of the above research goals have the same objective: The development of efficient
and accurate inference mechanisms for large point clouds.

1.3 Structure and Contribution

This thesis is provided as a cumulative dissertation and complies with the ETH Zurich
Doctorate Ordinance of 2013. The contributions of this thesis have been successively
published across several papers. Chapter 4, 5 and 6 include the key papers.

Approach. In the beginning of this thesis, we introduce our approach to semantic
classification as well as contour detection (Chapter 4, [Hackel et al., 2017b]). Our
semantic classification is based on a traditional machine learning approach that has a
small memory footprint, fast runtime and is used to generate low-level evidence for
contour extraction. Subsequently, the points are connected into a graph to identify
long-range interactions with the help of a second discriminative classification stage.

For the task of semantic segmentation, we created a ground truth annotated dataset
of significant size. This dataset was turned into a benchmark test (Chapter 5, [Hackel
et al., 2018a]), where we provide not only data but also three baseline methods covering
a broad range of different classification approaches. Furthermore, the test set labels are
held back, and we provide an automatic evaluation system to make submissions to the
benchmark as convenient as possible.

Recent submissions to the benchmark test show that deep learning is hitherto the most
promising approach to reach high classification accuracies. However, neural networks
have large requirements on computational resources. The last significant contribution
of this thesis (Chapter 6, [Hackel et al., 2018b]) introduces techniques to exploit the
sparseness in 3D data to reduce memory footprint and runtime of a convolution net-
work while guaranteeing that available computational resources are not exceeded.

These three stages cover all research questions from Chapter 1.2 and contribute to the
rapid development in the field of computer vision.

Contribution in Chapter 4. We contribute to point cloud processing with approaches
and applications that deploy traditional machine learning:

18



1.3. STRUCTURE AND CONTRIBUTION

1. We introduce a novel method for 3D semantic segmentation to efficiently extract
a rich set of multi-scale features in large point clouds by deploying a pyramid
of successively coarser sub-sampled search trees. Subsequently, a discriminative
learner is trained to infer information from this feature set. Similar to [Weinmann
et al., 2015a] we deploy a Random Forest for discriminative learning.

2. After public announcement of the benchmark test, our submitted baseline method
remained top in the leaderboard for more than half a year. Please note that addi-
tional experiments in [Hackel et al., 2016b] outperform our baseline [Weinmann
et al., 2015a] both in runtime and overall accuracy on the Rue-Madame and Rue-
Casette datasets.

3. We introduce a 3D contour extraction algorithm which uses semantic segmenta-
tion to generate lowlevel evidence in the form of class conditional probabilities.
This semantic classification helps to disambiguate the definition of contours by
providing a definition in form of training data. To be more robust to noise, an
over-complete contour graph is constructed, and false connections are pruned by
deploying a second discriminative classification stage.

4. The evaluation successfully demonstrates the advantages of our semantically in-
formed contour extraction on pointwise labeled point clouds (contour, no con-
tour), where we significantly outperform a 3D canny like baseline method.

Contribution in Chapter 5. Furthermore, we contribute to benchmarking of 3D clas-
sification tasks as described below:

1. We provide a large dataset of over four billion ground truth annotated points for
eight classes; much larger than any previously published dataset. The points are
hand-labeled to ensure high label quality by avoiding a bias towards segmenta-
tion algorithms. Such a large set of points is a necessity in times of representation
learning, where it is unclear if improvements to an algorithm couldn’t be learned
by just providing more training data.

2. We provide baseline methods: The semantic segmentation algorithm from Chap-
ter 4, a traditional machine learning method that operates on cube map images
and a deep learning method that deploys dense voxel grids as data represen-
tation. These three methods cover a wide range of possible approaches to 3D
classification.

3. An automated submission system allows to conveniently submit results to our
benchmark server. This server evaluates submissions against a held back test
label set so that a fair comparison of all submissions is possible. So far more
than 100 unique users have registered to our benchmark while the results of 14
approaches are publicly available on the leaderboard.
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Contribution in Chapter 6. Moreover, this thesis contributes to the field of deep
learning with a focus on the processing of large and sparse datasets:

1. We introduce a GPU implementation of a convolutional layer for the process-
ing of sparse data, which exploits both sparse feature maps and sparse model
parameters to have a small memory footprint and a fast runtime.

2. To the best of our knowledge, we are the first to introduce upper bounds to
limit the requirements of computational resources. Furthermore, our resource
management is complemented by sparsity encouraging regularization techniques
and parameter pruning.

3. Experiments show that we are significantly faster in runtime while having a sig-
nificantly lower memory footprint than dense Tensorflow for very large and very
sparse tensors.

Even though we are constrained by copyright due to industrial cooperations, many
datasets are published online on our benchmark test 2. Furthermore, the source code
for our neural network is publicly available on github3.

1.4 Relevance to Science and Economy

Science

Classification algorithms and large-scale machine learning have become an integral
part of 3D vision that shows synergies with a multitude of applications. On the one
hand, traditional hand-crafted approaches can be improved by deploying semantic
cues, e.g. 3D reconstruction [Häne et al., 2013] or our work on contour detection.
On the other hand, semantic classification can help to design end-to-end learning ap-
proaches that can learn how to best solve a task, e.g. object tracking [Ondruska et al.,
2016] or stereo reconstruction [Zbontar and LeCun, 2016]. For these tasks, efficiency
plays an important role. The work presented contributes to the topic of machine learn-
ing for 3D semantic segmentation and derived applications by introducing novel effi-
cient approaches to 3D data processing. Our contributions have a focus on efficient
feature extraction in traditional machine learning and on the exploitation of sparsity,
e.g. by avoiding unnecessary computations. Furthermore, our benchmark test helps
to analyze and compare point cloud classification techniques. These contributions are
published in the following papers:

2www.semantic3d.net
3https://github.com/TimoHackel/ILA-SCNN
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1. Hackel, Timo, et al. ”Contour detection in unstructured 3d point clouds.” Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recognition.
2016.

2. Hackel, Timo, et al. ”Fast semantic segmentation of 3D point clouds with strongly
varying density.” ISPRS Annals of Photogrammetry, Remote Sensing & Spatial
Information Sciences 3.3 (2016).

3. Hackel, Timo, et al. ”Semantic3D.net: A new large-scale point cloud classifica-
tion benchmark.” ISPRS Annals of Photogrammetry, Remote Sensing & Spatial
Information Sciences 4 (2017).

4. Hackel, Timo, et al. ”Joint classification and contour extraction of large 3D
point clouds.” ISPRS Journal of Photogrammetry and Remote Sensing 130 (2017):
231-245.

5. Hackel, Timo, et al. ”Large-scale supervised learning for 3D point cloud label-
ing: Semantic3D.net.” accepted in PE&RS Journal

6. Hackel, Timo, et al. ”Inference, Learning and Attention Mechanisms that Exploit
and Preserve Sparsity in Convolutional Networks” submitted.

These publications tackle the challenging problem of 3D data processing as described
in Section 1.3.

Economy

A multitude of technical domains can benefit from semantic segmentation, contour
extraction or generic machine learning. Some of the most promising applications are
discussed below:

Intelligent vehicles & autonomous robots. For autonomous vehicles, scene under-
standing plays an integral role to avoid accidents and to plan their behavior, e.g. in
heavy traffic. Sensors that capture 3D data can help to determine the distance of ob-
stacles to a car or robot, while semantic cues are a necessity to distinguish between
i) dangerously moving obstacles, such as other cars, ii) slowly moving obstacles, such
as pedestrians, which must not be harmed and static objects, such as houses. For this
purpose, it is a necessity to infer semantic information in real time with high accura-
cies. Tasks in robotics typically aim to not only navigate in the world but also to manip-
ulate the world. For instance, the task to “pour milk into a bowl of cornflakes” has an
even higher dependency on semantic scene understanding than the task of navigating
to a point on a map. The computationally efficient semantic segmentation introduced
in [Hackel et al., 2016b] can help to infer semantic classes for such applications.
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Surveying. In surveying, one of the primary goals is to capture important information
quickly. For instance, the process of scanning a bridge with terrestrial laser scanners
could be performed by: i) create a coarse scan, ii) perform semantic classification in
the coarse scan, so that man-made structures are identified, iii) scan only the man-made
structure with high resolution and accuracy. Such an approach would not only reduce
the time of field operations but also compress the data by capturing fine-grained details
only when they are needed. Additionally, contour extraction could be used as a lossy
data compression, which reduces memory requirements significantly by just storing
the most essential points [Hofer et al., 2015]; such a compact representation can be
beneficial when working with extraordinary large datasets. Moreover, high-quality
semantic information can be deployed to survey construction sites conveniently. In
general, the ability to distinguish between man-made structure and vegetation can help
to automate many processes in airborne scanning and urban planning.

Virtual reality & Augmented reality. Recently, a multitude of VR and AR de-
vices and applications have been introduced, including but not limited to Microsoft’s
Hololens, Facebook’s Oculus Rift or Google’s ARCore. Typical applications in VR
and AR heavily make use of 3D representations, which can be obtained from the real
world by deploying 3D-cameras, e.g. time-of-flight cameras, or stereo vision. For a
good user experience, it is desirable to obtain a 3D reconstruction of high quality. To
improve the quality of stereo reconstruction [Häne et al., 2013] proposes to considering
semantic cues. To obtain such semantic cues, 3D semantic segmentation is a suitable
approach, e.g. [Hackel et al., 2016b]. Another typical problem of 3D reconstruction is
smoothed edges in triangle meshes. The effects of smoothing can be reduced by identi-
fying edges directly in point clouds before mesh generation [Hackel et al., 2016a] and
deploying these edges in combination with edge-preserving reconstruction methods,
e.g. [Bódis-Szomorú et al., 2015]. To augment the world, two questions have to be
answered: i) what kind of objects should be augmented and ii) where is the location
of these objects. Apparently, one possible solution to these questions is given by 3D
semantic segmentation; where the location of objects is provided in form of 3D points
and the object type is inferred as class label.
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Related Work

The source of human thoughts has been a motivation to generations of philosophers
and thinkers. As early as the fifth century B.C.E ancient Greek philosophers like Al-
cmaeon started to search for “the seat of sensation and understanding”; a question
that still inspires modern neuroscience [Crivellato and Ribatti, 2007]. James J. Gib-
son, one of the most cited psychologist, refined this question to “How do we see the
world around us?” by considering the information content of the environment when
a person interacts with it [Gibson, 1950, Gibson, 1966]. A subject, which encouraged
Hubel and Wiesel to perform their Nobel Prize-winning experiments on the neuron ac-
tivations in the cat’s visual cortex [Hubel and Wiesel, 1959, Hubel and Wiesel, 1962].
One key component of human visual perception is attention; the mechanism that man-
ages the limited resources of the human brain and sense organs. Despite being a focus
of research [Posner and Petersen, 1990,Lavie et al., 2004,Knudsen, 2007,Baldauf and
Desimone, 2014], there still does not exist a widely accepted theory on how human
attention is controlled. Nevertheless, multiple projects try to reverse engineer the hu-
man brain, and it’s learning mechanisms, including Numenta [Hawkins and Ahmad,
2016, Cui et al., 2017] or the Human Brain Project [Amunts et al., 2016]. Due to the
lack of a coherent theory of the human brain, such reverse engineering approaches
show limited success.

A more appropriate approach to machine learning is to develop coherent learning
theory rather than trying to reverse engineer the human brain [Russell et al., 2003].
Among the earliest approaches to machine learning are neural networks. Perceptron, a
work by [Rosenblatt, 1957], is considered to be one of the earliest implementations of
neural networks and implements a linear classifier. A bottleneck of the original percep-
tron is the training step, especially, when combining linear classifiers with non-linear
activation functions and stacking them together to form a multi-layer perceptron. This
bottleneck is addressed by Rumelhart’s error propagation [Rumelhart et al., 1985] and
LeCun’s backpropagation [LeCun et al., 1989], a mechanism to propagate error gradi-
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ents through networks of differentiable functions by i) deploying chain rule to compute
error gradients and ii) perform optimization with variants of gradient descent. An es-
sential extension to the multi-layer-perceptron are shift-invariant layers [Fukushima,
1980,LeCun et al., 1998]; Such convolutional layers are the basis for most modern neu-
ral networks. One problem of gradient descent based optimization is it’s convergence
to a local minimum. This gave rise to a class of so-called traditional machine learning
algorithms, which typically exploit convex optimization, including maximum-margin
classifiers, e.g. Support-Vector-Machines [Cortes and Vapnik, 1995], or ensemble
methods like boosting [Freund et al., 1996] and random forests [Breiman, 2001]. Un-
til recently, these traditional techniques played a dominant role in machine learning.
However, with large datasets and modern computational hardware, neural networks,
like Alexnet [Krizhevsky et al., 2012], often show superior performance over tradi-
tional machine learning techniques and hand-crafted features.

The contributions of this thesis are in the field of machine learning for point clouds.
This chapter relates our main contributions to the literature, including sections on:
i) Point cloud classification techniques; ii) Contour detection in unstructured data;
iii) Benchmark tests; and iv) Efficient deep learning with sparse data.

2.1 Point Cloud Classification

Applications. Traditionally, 3D semantic segmentation plays an important role for au-
tonomous robots, mobile mapping systems and the processing of airborne images as
well as point clouds. Early works perform classification in airborne LiDAR data to dis-
tinguish between buildings and natural vegetation with a focus on building reconstruc-
tion. By converting point clouds to grid data in the form of regular raster heightfields
it is possible to apply image processing algorithms to the grid data, such as edge and
texture filters [Hug and Wehr, 1997] in combination with maximum likelihood classifi-
cation [Maas, 1999] or iterative bottom-up classification rules [Haala et al., 1998,Rot-
tensteiner and Briese, 2002]. Another strategy to extract buildings from point clouds
is to fit geometric 2D [Schnabel et al., 2007, Pu and Vosselman, 2009] or 3D [Li et al.,
2011,Xiao and Furukawa, 2014] shape primitives to the data. However, it turns out that
a fixed shape library is insufficient to model most complex natural scenes, e.g. typical
airborne data. To reduce the modeling error, [Lafarge and Mallet, 2012] proposes to
fill gaps with unstructured triangle meshes that are triangulated from the point cloud.
More recent work follows a more generic strategy: i) use discriminative learners to
infer semantic information for each individual point as low-level evidence in the form
of a class label; ii) deploy the low-level evidence for high-level modeling [Charaniya
et al., 2004,Chehata et al., 2009,Niemeyer et al., 2011,Yao et al., 2011]. This strategy
is not limited to building extraction. Rather, it is applicable to generic problems such
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as the classification of tree species in forestry [Ørka et al., 2009,Dalponte et al., 2012]
or the semantic classification of point clouds from mobile mapping systems.

Applications for 3D semantic classification with mobile mapping systems include
road extraction [Boyko and Funkhouser, 2011], street furniture detection [Golovin-
skiy and Funkhouser, 2009], building identification [Pu et al., 2011], the extraction
of trees [Monnier et al., 2012, Weinmann et al., 2017], or disaster damage detec-
tion [Vetrivel et al., 2017]. For navigation tasks with autonomous robots, it is desirable
to separate obstacles like trees from the ground [Lalonde et al., 2006, Bogoslavskyi
and Stachniss, 2017]. Most recent approaches aim to jointly infer all relevant object
classes at point level by attaching a class label to individual points [Weinmann et al.,
2013, Dohan et al., 2015].

Features. Traditional machine learning depends on hand-crafted features that can dis-
criminate between relevant object classes. Such 3D features encode geometric proper-
ties including surface variations, curvature, normal orientation or the height to a ground
plane. A multitude of descriptors has been developed that encode such geometric prop-
erties, namely spin images [Johnson and Hebert, 1999], fast point feature histograms
(FPFH) [Rusu et al., 2009], signatures of histograms [Tombari et al., 2010], etc.. These
descriptors are computationally demanding since they have originally been designed
for sparse keypoints. This limits their usefulness in applications that perform dense,
pointwise classification in large point clouds. Alternatively, the NARF operator [Steder
et al., 2010, Steder et al., 2011] can be used as computational lightweight descriptor
that explicitly models object contours to gain robustness to viewpoint changes. How-
ever, the operator deploys range images rather than actual 3D point clouds. A more
efficient set of 3D features exploits the eigenvalues and eigenvectors of the covariance
tensor of a point’s neighborhood [Demantké et al., 2011]; often found in combination
with cylindrical features [Monnier et al., 2012] that encode the distribution along the
z-axis [Weinmann et al., 2013]. Randomized histograms can help to avoid the analysis
of the covariance tensor, as shown in [Blomley et al., 2014] and enrich the discrimina-
tive power of the feature set when combined with covariance based features [Blomley
et al., 2016].

Spatial smoothing. Random field models are a common strategy to consider corre-
lations between object classes, e.g. by enforcing smoothness or by encouraging fre-
quently neighboring object classes, where the class conditional probabilities of each
point are used as a unary term. One such approach [Shapovalov et al., 2010] to point se-
mantic cloud labeling first performs a pre-segmentation followed by a non-associative
Markov random field with pairwise potentials to express interactions between objects.
In [Najafi et al., 2014] higher-order cliques are used to represent long-range correla-
tions. This approach performs well on small outdoor point clouds captured by aerial
or mobile mapping systems. Another strategy that works well on small indoor LiDAR
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scans is to deploy FPFH in combination with a conditional random field (CRF) as
demonstrated by [Rusu et al., 2009]. In [Niemeyer et al., 2011, Schmidt et al., 2014]
the class conditional probabilities of a random forest are used as a unary term in a CRF
to detect land-cover in shallow coastal areas.

Deep learning. Recently, convolutional neural networks (CNNs) show successes, not
only on dense voxel grids but also on generic point clouds. To the best of our knowl-
edge, the earliest attempt that deploys voxel grids as data representation for 3D-CNNs
is [Prokhorov, 2010]. The author improves classification accuracy for classification
tasks in LiDAR point clouds. To overcome the limited amount of training data, super-
vised and unsupervised training is combined. [Lai et al., 2014] deploys CAD models
and dense voxel grids to train CNNs for semantic segmentation of small synthetic
scenes. Similarly, [Wu et al., 2015, Maturana and Scherer, 2015] train a VGG-like
network [Simonyan and Zisserman, 2014b] that encodes CAD data in voxel grids for
object classification. [Huang and You, 2016] deploy a dense VGG-like architecture
for semantic segmentation in outdoor point clouds. Neural networks with dense voxel
grids have a cubical memory growth w.r.t. resolution and, hence, are limited to coarse
resolutions. In order to reduce the computational demand of the convolutional net-
work, an image like 2D representation can be generated from 3D representations by
deploying anisotropic probing kernels as shown in [Qi et al., 2016b]. However, such
generated 2D representations [Dai et al., 2017] make the wrong assumption that all
voxels in the same column have the same class label. In [Tchapmi et al., 2017] a
residual network architecture is combined with a CRF to label large indoor and out-
door scenes. For deep learning, point clouds can also be represented as meshes rather
than voxel grids as demonstrated by [Guo et al., 2015]. More sophisticated approaches
avoid cubical memory growth as discussed in Section 2.4.

2.2 3D Contour Detection

2D contours. Line detection in 2D images is strongly related to the extraction of con-
tours in unstructured 3D point clouds. Even in 2D images the concept of a contour is
ill-defined: At what point is a rough and curved surface considered to be a contour?
Canny-like edge detectors [Canny, 1986] are de facto standard to identify and link ad-
jacent high-contrast pixels. Nevertheless, contour and line detection is challenging in
2D images and remains active research, including the research fields of topographic
mapping [Türetken et al., 2011, Türetken et al., 2012], stereo reconstruction [Fabbri
and Kimia, 2010] and medical imaging [Türetken et al., 2011, Türetken et al., 2012].
These more recent works follow a similar hypothesize-and-verify approach that relies
on three stages: First, pixels that have a high probability of being contour pixels are
identified. For this purpose, low-level image processing techniques or discriminative
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learning is deployed. Second, pixels that are likely to be on a contour are linked to
form contour candidates. Typically, these contour candidates are created by i) identi-
fying the most likely contour pixels, seedpoints, with non-maximum suppression and
ii) linking the seedpoints with shortest-path search or similar techniques. Third, the
contour candidates are filtered to obtain an optimal subset of contour candidates as a
contour graph. For this filter step, context features that encode the entire length of the
resulting contour and CRF-type connectivity priors help to retain an optimal contour
graph with few mistakes. For stereo images, a standard approach is to identify line
features in 2D images followed by a triangulation step to obtain 3D lines. Typically,
these approaches generate a set of disconnected 3D line segments [Schmid and Zisser-
man, 1997, Ok et al., 2012, Hofer et al., 2015]. Recent works approach the problem of
contour detection with convolutional neural networks. HED [Xie and Tu, 2015] intro-
duces a neural network that learns multi-scale and multi-level features to identify edges
and object boundaries. UberNet [Kokkinos, 2016] infers multiple tasks at once includ-
ing object boundary detection and semantic boundary detection. In [Maninis et al.,
2017] a multiscale boundary representation is efficiently generated in a single forward
pass of their network. These multiscale boundaries are then deployed for hierarchical
segmentation.

3D contours. Unstructured 3D point clouds are significantly more challenging than 2D
images with grid structure. Early works perform contour extraction in airborne LiDAR
scans by deploying rule-based expert systems, for example [Briese, 2004]. Such hand
designed expert systems try to cover all possible types of contours that can occur in
the scenes. Long-range airborne scans are intrinsically less complex than point clouds
of natural scenes captured at close range. This high complexity in close-range natural
scenes makes the design of hand-crafted rules of expert systems infeasible. A more
recent approach is to avoid the challenges induced by unstructured 3D point clouds,
e.g. by transforming the point cloud into a triangle mesh, typically by deploying al-
gorithms similar to Poisson reconstruction [Kazhdan and Hoppe, 2013]. Though it
is easier to detect edges in triangle meshes than in point clouds, the process of mesh
generation typically smooths sharp edges. This smoothing induces an offset into the
position of the detected contours while making it more challenging to detect non-sharp
edges. Multiple works propose to preserve sharp edges by identifying edges before or
during triangulation [Briese, 2004, Fleishman et al., 2005, Öztireli et al., 2009, Weber
et al., 2010, Boulch and Marlet, 2012]. These approaches deploy simple features for
edge detection and lack a sophisticated mechanism to consider long-range interactions
of the edges.

Another approach is to fit 2D or 3D shape primitives to the point cloud. Such shape
primitives can be combined to form more complex geometries by applying simple set
operations [Schnabel et al., 2007, Li et al., 2011, Xiao and Furukawa, 2014] similar
to CAD or CSG (constructive solid geometry), e.g. union, intersection or differences.
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As with triangle meshes, fitting with shape primitives benefits from explicitly known
edges and contours as demonstrated in [Lafarge and Mallet, 2012]. For CAD-like ap-
plications, it is highly desirable to obtain a wireframe-like representation, e.g. a graph
of contours. [Hammoudi et al., 2010] propose to fit line segments to point clouds by
deploying robust fitting algorithms, such as RANSAC, and then link these segments
into a line-segment-graph. Such an approach can only extract a crude approximation
of wireframes due to it’s restriction to simple parametric models in the form of straight
lines. To process large point clouds, [Xia and Wang, 2017] propose an efficient al-
gorithm that deploys covariance based features to generate low-level evidence and a
linked graph structure that exploits the long-range interactions. Beside surface recon-
struction, one popular application of 3D contours is lossy compression of large point
cloud data, as shown in [Hofer et al., 2015, Chen et al., 2017].

2.3 Benchmark Tests

Images. Both in computer vision and in remote sensing, benchmarking plays a fun-
damental role to compare algorithms fairly. These benchmark tests often cover fun-
damental tasks, including High Density Aerial Image Matching [Haala, 2013, Cavegn
et al., 2014], semantic segmentation and reconstruction of 3D objects in aerial im-
ages [Rottensteiner et al., 2013] or (multiview-) stereo reconstruction [Geiger et al.,
2012, Seitz et al., 2006]. Certainly, the most prominent change of paradigms in re-
cent years has happened with a benchmark submission of [Krizhevsky et al., 2012] on
the ImageNet challenge, a large-scale image classification task. Due to the outstanding
results of this benchmark submission, deep learning plays a central role in current com-
puter vision research. To pose a challenge, benchmark tests often rely on large datasets.
Large datasets help reducing over-fitting, e.g. algorithms that are tuned to one specific
dataset while showing significantly worse results on other data. Furthermore, large
datasets are mandatory for a multitude of statistical learning approaches. Tinyimages,
an early challenge to large-scale object detection, published over 80 million small im-
ages (32× 32 px) [Torralba et al., 2008]. The ImageNet 2010 challenge contains more
than one million images with ground-truth annotation for 1000 object classes [Deng
et al., 2009, Russakovsky et al., 2015]. These datasets benefit from the availability
of images on the web. It is easier and cheaper to download images with automated
web-based scripts than to organize a measurement campaign that often requires the
use of expensive sensors. With advances on algorithmic level, it is mandatory to adapt
the data to pose a challenge continuously. For this purpose, some benchmarks orga-
nize challenges as annual events over several consecutive years e.g. ImageNet, Pascal
VOC. Many of today’s state-of-the-art algorithms are tested on benchmarks, e.g. Pas-
cal VOC [Everingham et al., 2010] for semantic image segmentation or MSCOCO [Lin
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et al., 2014] for object recognition and image captioning. In recent years, depth imag-
ing has improved both in quality and price. For semantic segmentation in RGB-D data
the NYU Depth Dataset [Silberman et al., 2012] or the SUN RGB-D [Song et al., 2015]
offer several thousand pixel-wise annotated depth images. ScanNet [Dai et al., 2017]
provides over 2.5 million views in 1500 RGB-D scans of small indoor scenes including
crowdsourced ground truth annotation.

Point clouds. While there exist large databases of point clouds, only a few are publicly
available, and less are ground truth annotated. The limited availability of 3D point
clouds with ground truth annotation has prevented the generation of large-scale 3D
benchmark tests that are as large and rich as vision benchmarks. Many recent neural
network approaches avoid this problem by deploying synthetic data in the form of CAD
models for training and testing. Typically, these CAD datasets, like ModelNet [Wu
et al., 2015], are rather small so that recent deep learning approaches tend to overfit.
For example [Brock et al., 2016] records a performance of over 97% on ModelNet10;
An indicator that the data does not pose a challenge anymore. The availability of
cheap indoor 3D scanning devices, like the Kinect, makes it possible to capture large
3D indoor scenes, e.g. the Stanford Large-Scale 3D Indoor Spaces (S3DIS) published
215 million points from various buildings with ground truth annotation for 13 object
classes [Armeni et al., 2016, Armeni et al., 2017].

Beside low-resolution airborne scans, datasets for 3D outdoor scenes mostly stem from
mobile mapping systems or robots, e.g. DUT1 [Zhuang et al., 2014], DUT2 [Zhuang
et al., 2015], or KAIST [Choe et al., 2013]. These datasets are not publicly available
and have less than ten million points. Other databases like Oakland dataset [Munoz
et al., 2009a], the Sydney Urban Objects dataset [De Deuge et al., 2013] or the Paris-
rue-Madame database [Serna et al., 2014] are publicly available but contain less than
30 million points. The IQmulus & TerraMobilita Contest [Vallet et al., 2015] provides
one hierarchically annotated training set of 12 million points and 10 small test sets. The
ground truth of the 10 test sets is held back to guarantee a fair evaluation. Paris Lille, a
dataset, that has captured 143 million points with a mobile mapping system [Roynard
et al., 2017], is annotated with the same classes as [Vallet et al., 2015]. The TUM City
Campus dataset contains 1.5 billion 3D points captured by a mobile mapping device.
The dataset is partly ground truth annotated for 8 classes [Gehrung et al., 2017]. Most
point cloud datasets lack a thorough evaluation system with public availability, held
back ground truth and listed benchmark submissions.

Submissions. Submissions to our benchmark cover a broad range of approaches. Pos-
sibly, the most straightforward approach is to render 2D images and perform classifi-
cation with standard techniques from image processing. The works from [Lawin et al.,
2017] and [Boulch et al., 2017] follow this approach by i) rendering virtual images in
the scene and ii) deploying convolutional neural networks for semantic segmentation
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in the images. These approaches certainly benefit from a large amount of training data
that is available for images. However, it turns out that classification in 3D space can
achieve better results. In [Tchapmi et al., 2017] an end-to-end learning method is in-
troduced that combines a 3D CNN with a CRF. Both the CNN and the CRF are trained
jointly. The data is represented by coarse voxel grids that have a resolution of 5cm and
a maximum volume of 100× 100× 100.

The so far most successful benchmark submission [Landrieu and Simonovsky, 2017]
heavily relies on deep learning with graph convolutions. In the first step, the point
cloud is partitioned into simple parts by deploying graph-cut; The paper refers to these
simple shapes as superpoints. Adjacent superpoints are linked into an oriented graph
structure. For classification of the superpoints, a PointNet architecture is combined
with graph convolutions in the form of a gated recurrent unit (GRU). While PointNet
generates descriptors for each individual superpoint, the GRU allows considering long-
range interactions.

2.4 Sparse Deep Learning

Data sparsity. Possibly, the primary factor for today’s success of deep learning is
an efficient implementation of neural networks that makes good use of the available
computational power of modern graphics cards. In order to avoid cubical memory
growth in dense voxel grids, most recent approaches to deep learning with 3D data
either try to avoid voxel grids as data representation or exploit the sparseness in voxel
grids. One such method, [Qi et al., 2016a, Qi et al., 2017a], avoids voxel grids by
working on raw point clouds. For this purpose, they extract global feature vectors with
a multi-layer-perceptron and select interesting points with pooling operations. Their
approach works well on small 3D datasets. However, it lacks classification accuracy
on large-scale problems. Another strategy is to exploit sparseness in voxel grids, e.g.
Graham et al. [Graham, 2014] uses a sparse data representation but lacks mechanisms
to encourage sparsity; Encouraging sparsity is a central challenge in sparse neural
network design, since common convolutional and pooling layers significantly decrease
sparsity.

Other works exploit the sparseness of voxel grids with a spatial decomposition, e.g.
[Riegler et al., 2017,Tatarchenko et al., 2017] spatially decompose voxel grids with Oc-
Trees to avoid cubical memory growth. While [Riegler et al., 2017] encourage sparsity
by using a fixed decomposition based on the structure of the input data [Tatarchenko
et al., 2017] learn the structure of the OcTree such that it is applicable to generative
networks. In Häne et al. [Häne et al., 2017] a coarse-to-fine scheme is deployed for
hierarchical prediction for blocks of voxels in a voxel block OcTree. In [Graham and
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van der Maaten, 2017, Graham et al., 2017] sparsity in data is enforced by enforcing
zero valued features in the input of a layer to stay zero. However, their network imple-
mentation relies on hash tables, which come with a worst case complexity of O(n).

Parameter sparsity. Beside sparsity in data, parameter sparsity plays a central role
for runtime and memory savings. Early works by Denil et al. [Denil et al., 2013]
predict model parameters with low-rank matrix factorization so that they can compress
the memory to 5% of the dense requirements without a significant drop in classifica-
tion accuracy. Similarly, Liu et al. [Liu et al., 2015] exploit the decomposition of
matrices to reduce the redundancy in parameters. In [Jaderberg et al., 2014] and [Den-
ton et al., 2014] the convolutional filters are approximated with linear structures, e.g.
with a linear combination of a set of small basis filters. Han et al. [Han et al., 2015]
use a three-stage connection pruning technique to reduce the parameters of a neural
network by i) training a network, ii) pruning small weights, iii) retraining the pruned
network for fine-tuning. Recently, the works from [Gray et al., 2017] and [Narang
et al., 2017] deploy sparse blocks to represent filter weights and exploit these block
sparse filter weights for runtime gains. While [Narang et al., 2017] finds that block
sparsity decreases classification accuracy, [Gray et al., 2017] shows that on their tasks
block sparsity increase classification accuracy. Rather than relying on block sparsity
within channels, [Changpinyo et al., 2017] introduces a channel-wise sparse connec-
tion structure for 2D convolutions.

Joint data and parameter sparsity. Three recent and independent works [Park et al.,
2017, Engelcke et al., 2017, Parashar et al., 2017] propose a novel approach to com-
pute sparse convolutions efficiently while heavily relying on atomic operations; atomic
operations are executed within one processor cycle so that they are thread-safe with-
out requiring locking mechanisms. This direct convolutional approach is capable of
exploiting parameter sparsity jointly with data sparsity. Park et al. [Park et al., 2017]
describe techniques to exploit parameter sparsity by deploying compressed rows as
a sparse tensor format. Engelcke et al. utilize data sparsity with a non-standard
sparse tensor format in a slow CPU-implementation. Parashar et al. [Parashar et al.,
2017] exploit the sparsity of both parameters and data with the sparse blocks format on
custom-designed hardware, that is both more energy efficient and faster than the dense
baseline. Convolutional layers with kernel larger than 1× 1× 1 significantly decrease
sparseness in data. None of these works deploy techniques that preserve sparsity in the
convolutional layers.
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Chapter 3
Background

Some of the earliest and most well known optical instruments are Galileo’s telescopes.
With these devices came observations of the mountainous moon, stars, and planets that
inspired generations of researchers. Ever since, the development of better optical in-
struments went hand in hand with more advanced models capable of interpreting and
explaining the obtained data, so that a broad range of sensors and models have been
developed. Nowadays, common optical instruments exploit the photoelectric effect to
generate digital data, e.g. passive CCD and CMOS cameras or active laser scanners.
Both cameras and laser scanners are suitable to create 3D reconstructions of a scene.
This Chapter introduces some standard techniques for the processing of 3D data that
are important to understand this work. First, we introduce 3D data representations fol-
lowed by sections on machine learning algorithms that can be used to infer information
from 3D data.

3.1 3D data representations

Point Clouds. Typical 3D sensors deploy line-of-sight measurement principles to cap-
ture point clouds, e.g. 3D points on the 2D surface of a car or house as shown in Figure
3.1. To store two-dimensional data in a three-dimensional space, often a sparse data
format in the form of a coordinate list (COO) is deployed. In this format, the coor-
dinates of each 3D point are stored as floating point numbers complemented by addi-
tional information, like rgb colors, intensity values or class labels, e.g. {x, y, z, r, g, b}.
Coordinate lists for point clouds have large memory requirements since they store all
coordinates as floating point numbers. Hence, data compression can help to reduce
the memory requirements for storing large point clouds. Due to the floating point co-
ordinates, well-known compressed sparse tensor formats like compressed sparse rows
(CRS) or compressed sparse blocks [Buluç et al., 2009] are not applicable since they
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Figure 3.1: Example point clouds from left) office buildings in Singapore and right)
the Isartor in Munich with human ground truth annotation for 8 object classes: man-
made terrain, natural terrain, high vegetation, low vegetation, buildings, remaining
hard scape and scanning artifacts, cars.

depend on a finite set of integer coordinates. However, it is possible to obtain a more
memory efficient representation by removing noise and by deploying entropy-based
compression functions, for instance as specified in the LAS and LAZ data format [Isen-
burg, 2011]. One challenge that comes with COO is the absence of neighborhood in-
formation. In order to identify neighbors in COO search trees like kd-trees [Friedman
et al., 1977, Muja and Lowe, 2009] are deployed. Typically, these search structures
come with a high time complexity, e.g. O(log(n)) that is significantly higher than the
O(1) of a neighborhood query in 2D image grids. Especially, for large point clouds
with a large number n of points, these neighborhood queries can turn into a computa-
tional bottleneck.

Voxel grids. Another common 3D data representation, dense voxel grids, discretizes

(a) r1 = 163, ρ1 = 15.5% (b) r2 = 323, ρ2 = 9.1% (c) r3 = 643, ρ3 = 5.3% (d) r4 = 1283, ρ4 = 2.7%

Figure 3.2: Effects of voxelization r on density ρ in voxel grid on an example from
Modelnet40 dataset.

the 3D coordinates of measurements into a grid structure. Voxel grids have an effi-
ciently encoded neighborhood, e.g. neighborhood queries have a complexity of O(1).
However, they come with two main drawbacks as illustrated in Figure 3.2: i) Voxel
grids intrinsically come with quantization errors that are larger with coarser resolu-
tions of the voxel grid; ii) Voxel grids do not exploit sparsity: The memory require-
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ments grow cubically with the resolution. Voxel grids can be interpreted as 3D tensors
so that sparse tensor formats, e.g. CSR, can exploit the sparsity in voxel grids. How-
ever, these sparse formats come at the cost of higher time complexity for neighborhood
queries.

OcTree. While generic sparse tensor formats do not encode neighborhood informa-

Figure 3.3: Example of spatial decomposition of sparse data with a three-layer OcTree.
(Source [Elseberg et al., 2013])

tion, OcTrees encode neighborhood information and exploit the sparsity in 3D space
by decomposing the space into blocks of free space and non-free data blocks, see Fig-
ure 3.3. Neighborhood queries can be performed fast by storing neighborhood pointers
in the leaf nodes of the tree. This comes at the cost of high memory requirements. Al-
ternatively, the tree can be traversed. In general, it is not known which search structure
is best suited to find point neighborhoods quickly. For some problems, OcTrees turn
out to be better than kd-trees [Elseberg et al., 2013]. For other problems, approxi-
mate nearest neighbor approaches are faster and preferable [Muja and Lowe, 2009].
However, the construction of an OcTree has a high complexity, e.g. adding or deleting
points comes with O(log(n)), where n is the number of 3D points in the tree.

3.2 Supervised Classification

Object detection with classifiers plays an important role in many popular technological
devices and applications, e.g. the autofocus of mobile phone cameras relies heavily
on face detection. In general, these classifiers are functions that map input data x

to a class label y = f(x,w) | y ∈ C, where C = {C1, . . . , Cn} is a set of discrete
class labels and w are the parameters of the classifier. Supervised learning approaches
deploy a training data set of m training samples Xtrain = {x1, . . . ,xm} that have
known class labels Ytrain = {y1, . . . , ym} to find a set of parameters w that has a
small prediction error. When training a classifier the objective is not to minimize the
prediction error on the training set: L(f(Xtrain,w),Ytrain), where L is a loss function
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that defines the prediction error. Instead, the objective is to minimize the generalization
error, e.g. perform good predictions on unseen data that are not part of the training set
Xtrain. Since previously unseen data cannot be used for training, the minimization of
the generalization error is an ill-posed problem. For this purpose, the generalization
error is approximated. A common approximation of the generalization error is the
validation error that deploys a validation set {Xval,Yval} of samples that are not in the
training set: L(f(Xval,w),Yval). On small datasets, it is beneficial to use all samples
in the training set for validation: K-fold cross-validation randomly splits the training
set into k subsets. Each subset is used as validation set once while the remaining k− 1

subsets are used to train the classifier. The mean validation loss over all k iterations
turns out to be a good approximation to the generalization loss.

Within this thesis, we deploy two classification approaches:

Traditional machine learning. In traditional machine learning the input data to a
classifier are hand-crafted features: x = g(xdata), where xdata denotes raw data, e.g.
points from a 3D point cloud. These features g(.) map xdata into feature space where it
is better possible to discriminate between object classes than in raw data. Section 3.2.1
introduces AdaBoost. A variant of AdaBoost is deployed in Chapter 5. Furthermore,
Chapter 4 and Chapter 5 make use of a Random Forest. Random Forests are described
in Section 3.2.2;

Representation learning. The design of hand-crafted features g(xdata) that can dis-
criminate between different object classes often is non-trivial. Neural networks avoid
hand-crafted features by deploying differentiable parametric functions that learn how
to best distinguish between object classes. Typically, these networks learn represen-
tations that consider a large context around the actual value. In practice, the input to
neural networks often is raw data: x = xdata. Section 3.2.3 describes principles of
neural networks that are used in Chapter 5 and Chapter 6.

3.2.1 AdaBoost

Among the simplest and weakest classifiers are decision stumps and linear classifiers.
AdaBoost, a technique introduced by [Freund et al., 1996], combines many weak clas-
sifiers to form a strong ensemble. Classifier ensembles converge to perfect classifiers
the more independent weak classifiers are combined; even if the performance of the
weak classifiers is only slightly better than random predictions. Furthermore, ensem-
bles can learn highly non-linear decision boundaries even when using linear classifiers.
For this reason, an iterative three-stage approach is introduced: i) Train a new weak
classifier with a weighted loss function, where those training samples that are often
misclassified have a higher weight than accurately classified training samples; ii) Cal-

36



3.2. SUPERVISED CLASSIFICATION

culate the loss of the current classifier on the training set; iii) Recalculate the weights
of the training samples based on the current loss. Algorithm 1 describes this training
routine.

Algorithm 1 AdaBoost training routine

1: initialize data weights φ uniformly: φ(1)
i = 1

m

2: for b ∈ [0 : ensemble size] do
3: i) train a weak classifier f(x,wb) w.r.t. the weighted sum of the zero-one-loss:

L(x, y, φ(b),wb) =
m∑
i=1

φ
(b)
i I(f(x,wb)i 6= yi). (3.1)

I(f(xi,wb) 6= yi) is the indicator function that is 1 for false predictions and 0
for correct predictions. {xi, yi} is the training data.

4: ii) evaluate and normalize the weighted loss:

εb =
L(x, y, φ(b),wb)

m∑
i=1

φ
(b)
i

. (3.2)

Compute the importance of the current classifier:

αb = ln
(1− εb

εb

)
. (3.3)

5: iii) Update the data weights:

φ
(b+1)
i = φ

(b)
i exp(αb · I(f(xi,wb) 6= yi)). (3.4)

6: end for

Predictions of ensembles are a weighted sum over the predictions of all weak classi-
fiers:

ỹi = sign
(∑

b

αb · f(x̃i,wb)
)

(3.5)

The signum function sign(.) is 1 for positive values and−1 for negative values. One of
the main problems of AdaBoost is the limitation to solve binary classification problems
that only have two classes. For more information on AdaBoost and it’s multi-class-
extensions refer to [Bishop, 2006, Hastie et al., 2009].

3.2.2 Random Forest

Decision Tree. Decision trees are another common approach to combine classifiers
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(a) (b)

Figure 3.4: Example of cuboid decision boundaries of a random forest: a) One possible
partitioning of the feature space; b) The underlying tree structure. Each leaf node
stores class conditional probabilities per cuboid, e.g. the relative class frequency in the
cuboid.

by deploying weak learners as non-leaf nodes [Breiman et al., 1984]. Though, the
nodes consist of weak learners, such as decision stumps that split the data into two
subsets, the trees can define highly non-linear decision boundaries, compare Figure
3.4. Predictions with decision trees simply traverse those nodes that are decided by
the weak learners until a leaf node is reached. The leaf nodes store class conditional
probability distributions that are learned during training. However, training of decision
trees turns out to be challenging.

Training. The learning of the tree structure consists of two important components:
i) identification of an optimal number of nodes, e.g. by providing an optimal depth;
ii) selection of a discriminative feature for each node, including the estimation of a
threshold parameter for the split. Due to a large number of possible solutions, there
is no computational feasible strategy that is able to solve both problems in an optimal
manner. For this reason, the features are selected with a greedy approach that only
considers single nodes starting with the root node rather than optimizing the entire tree
at once [Bishop, 2006]. To jointly select the discriminative feature and finding the
threshold, an exhaustive search over the feature space is performed for each node indi-
vidually. For many problems a search over the entire feature space is computationally
too demanding so that random subsets of the feature space are deployed. This opti-
mization is commonly performed with either of the following two splitting criteria as
error metric:
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i) The cross-entropy

Qτ (v) =
n∑
i=1

pτCiln(pτCi); (3.6)

ii) The gini-index

Qτ (v) =
n∑
i=1

pτCi(1− pτCi), (3.7)

where pτCi denotes the probability of points in cuboid τ to be of class Ci and v denotes
the threshold. In this thesis, we identify the depth of the decision tree by deploying an
exhaustive grid search in combination with k-fold cross-validation.

Bootstrap aggregation. A common problem of decision trees is overfitting, e.g. with
a too large depth of the tree, there is only a single training sample per cuboid so that
there are no more training errors. Typically, decision trees are pruned with heuristic
rules to reduce overfitting. The works from [Breiman, 1996, Amit and Geman, 1997]
introduce bootstrap aggregation (Bagging), a more sophisticated approach that com-
plements pruning heuristics. For this purpose, the training is randomized, e.g. by
training on a randomly selected subset of training data or by considering a random
subset of features per node. Random forests combine many randomized decision trees
with model averaging; a technique to reduce the generalization errors of individual
trees.

3.2.3 Convolutional Neural Network

Forward pass. In general, neural networks are a technique to approximate arbitrary
complex functions with connected chains of simple, differentiable functions x(i+1) =

f (i)(x(i),w), e.g. x(5) = f (4)(f (3)(f (2)(f (1)(x(1), w1), w2), w3), w4). In neural net-
works these simple, differentiable functions are referred to as layers. Among the most
important layers are convolutional layers and dense layers: Dense layers [Rosenblatt,
1957] are linear classifiers that connect each output value with each input value:

f
(i)
dense(x

(i),w = {W,b}) = Wx(i) + b, (3.8)

where the weights W and biases b are the trainable parameters w of the layer. Convo-
lutional layers [LeCun et al., 1998] perform convolutions on the layer’s input to extract
shift invariant information:

f (i)
conv(x

(i),w) =
∑
j

wjx
(i)
j +w0, (3.9)
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where w0 is a bias and the remaining parameters are filter weights that are used to com-
pute the convolutions. Typically, these layers are combined with non-linear functions,
so-called activation functions. The most common activation functions are applied to
each output value of a layer individually and are not trainable, e.g. w = {}. Among
these activation functions are rectified linear units:

fReLU(x
(i)
j ) = max(0,x

(i)
j ), (3.10)

sigmoid functions:

fsigmoid(x
(i)
j ) =

1

1 + e−x
(i)
j

, (3.11)

or the hyperbolic tangent:

ftanh(x
(i)
j ) = tanh(x

(i)
j ). (3.12)

Gradient-based learning. The objective of supervised learning is to find a set of
parameters w that minimizes the error of the loss function L(.). In classification tasks
the test set error is computed with a zero-one loss:

L0−1(x
(i),yj,w) = I(f(x(i),w)j 6= yj), (3.13)

where I(.) is the indicator function. However, while training a network it turns out to
be beneficial to also consider probabilities of correct and misclassified predictions, e.g.
with the cross-entropy loss:

Lcross(x(i),yj,w) = −
n∑
c=1

I(Cc = yj) · log(p(Cc|x(i),w)) (3.14)

In order to minimize these error functions, the works of [Rumelhart et al., 1985]
and [LeCun et al., 1989] propose to propagate error gradients through the network
by deploying chain rule:

∂L(x(i),yj,wi)

∂x(i)
=
∂L(x(i+1),yj,wi+1)

∂x(i+1)

∂f (i)(x(i),wi)

∂x(i)
(3.15)

∂L(x(i),yj,wi)

∂wi

=
∂L(x(i+1),yj,wi+1)

∂x(i+1)

∂f (i)(x(i),wi)

∂wi

(3.16)

Given the error gradients, the trainable parameters of the network can be learned by
deploying gradient descent based optimization. To account for the large size of training
data sets, variations of stochastic gradient descent are commonly deployed, like adam
[Kingma and Ba, 2014] or adagrad [Duchi et al., 2011]. For further reading refer
to [Goodfellow et al., 2016].
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Chapter 4
Joint Classification and Contour Extraction of Large
3D Point Clouds

Abstract

We present an effective and efficient method for point-wise semantic classification and
extraction of object contours of large-scale 3D point clouds. What makes point cloud
interpretation challenging is the sheer size of several millions of points per scan and
the non-grid, sparse, and uneven distribution of points. Standard image processing
tools like texture filters, for example, cannot handle such data efficiently, which calls
for dedicated point cloud labeling methods. It turns out that one of the major drivers
for efficient computation and handling of strong variations in point density, is a careful
formulation of per-point neighborhoods at multiple scales. This allows, both, to define
an expressive feature set and to extract topologically meaningful object contours.

Semantic classification and contour extraction are interlaced problems. Point-wise
semantic classification enables extracting a meaningful candidate set of contour points
while contours help generating a rich feature representation that benefits point-wise
classification. These methods are tailored to have fast run time and small memory
footprint for processing large-scale, unstructured, and inhomogeneous point clouds,
while still achieving high classification accuracy. We evaluate our methods on the
semantic3d.net benchmark for terrestrial laser scans with > 109 points.

4.1 Introduction

With advanced measurement technologies, like terrestrial laser scanners, it takes fairly
little effort and time to collect millions to billions of 3D points in various environments
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(a) (b)

Figure 4.1: Examples of (a) extracted contours and (b) point-wise semantic classifica-
tion; gray: buildings, orange: man made ground, green: natural ground, yellow: low
vegetation, blue: high vegetation, purple: hard scape, pink: cars

and for many different applications. Yet, large collections of 3D data are hard to pro-
cess due to their lack of structure. This is especially true in natural scenes, where not
only the captured data itself is challenging but also the many possible variations of
objects within the scene.

Most applications avoid working directly on these challenging data sets by transferring
point clouds into different representations, such as triangle meshes or more CAD-like
structures, e.g. [Schnabel et al., 2007, Lafarge and Mallet, 2012, Xiao and Furukawa,
2014]. The most common CAD model is Constructive Solid Geometry, where para-
metric 3D solids are fitted to the data as shape primitives. Such an approach quickly
reaches its limits in complex scenes, where large portions of the geometry are not cov-
ered by the primitive library. A more generic approach is to extract contours directly
in point clouds and use them as representation (Fig. 4.1(a)). At first glance this step
might appear of little advantage, since edges can also be extracted from a triangle mesh
or parametric model. But, arguably, it is advantageous to already know the contours as
an input for mesh triangulation or surface fitting, so as to avoid modelling errors that
frequently occur around contours. Especially mesh triangulation is known to smooth
out edges.

Intuitively, contours should thus be detected before surface reconstruction to support
segmentation. Interactive modelling systems in graphics and vision [Taylor et al.,
1996] and in commercial mapping [Trimble, Inpho Geo-Modeling Module, 2016, Eos
Systems Inc., Photomodeler, 2017] actually operate in this way. In practice it is chal-
lenging to detect contours in point clouds. The main reasons are not only the unstruc-
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tured data but also the unclear definition of what constitutes a contour. While high
curvature values play an important role there are also other factors, which cannot be
neglected. For instance, the curvature where two building walls meet can in some
cases be quite a bit lower than on rough surfaces, e.g. meadows. Obviously, a human
operator uses additional contextual cues to identify what constitutes a contour. This
situation, where one must exploit diffuse knowledge that is hard to make explicit and
formalise, calls for statistical machine learning.

Much the same can be said of semantic segmentation, i.e., the task to assign each
individual data point a semantic class label (Fig. 4.1(b)). Early work on semantic
segmentation was concerned with airborne data. The point data was converted to a
2.5D range image (rastered height field), so that it can be treated with image process-
ing techniques [Hug and Wehr, 1997, Haala et al., 1998]. Newer methods, especially
those concerned with terrestrial datasets consisting of multiple scans, follow a more
general approach and work directly on 3D points [Chehata et al., 2009, Yao et al.,
2011,Golovinskiy and Funkhouser, 2009,Weinmann et al., 2013]. Very recently, Con-
volutional Neural Networks (CNN) have shown promising results also for 3D data,
following their success in image interpretation and speech recognition [Maturana and
Scherer, 2015, Song and Xiao, 2016, Shen et al., 2015].

It is easy to see that semantic segmentation and contour detection are related, both be-
cause contours often coincide with object boundaries and because the geometric prop-
erties of contours may vary depending on the object class (c.f. “breaklines” on natural
terrain or on man-made objects). In this paper we extend preliminary work [Hackel
et al., 2016b, Hackel et al., 2016a] on contour detection and semantic classification
by showing experimentally that it is beneficial to couple the two tasks and solve them
jointly.

4.2 Related Work

Contour detection is closely related to edge and boundary detection in 2D images,
which is still an active field of research, in spite of long-standing classics like the
Canny edge detector [Canny, 1986]. Supervised machine learning has brought about
important advances in 2D contour detection, where recent algorithms approach human
performance [Konishi et al., 2003, Shen et al., 2015, Xie and Tu, 2015].

One option to construct 3D lines in the multi-view setting is to triangulate them from
2D line segments extracted in images [Schmid and Zisserman, 1997, Ok et al., 2012,
Hofer et al., 2015]. The outcome are mostly short, disconnected, straight line seg-
ments in 3D that can certainly support certain modelling tasks, but are a long way
from connected, topologically meaningful wireframe. In many cases point clouds are
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not generated via multi-view matching or the source images are not available; such that
contour detection must start directly in 3D space. Early work in computer graphics has
confirmed the intuition that 3D contours can be identified better with more complex
feature sets, which go beyond simple curvature values [Pauly et al., 2003]. Our contour
detector relies on a hypothesize-and-verify strategy: an over-complete set of line can-
didates is extracted via shortest path search (based on point-wise features), followed
by a global pruning step that selects those candidates that fulfill appropriate topologi-
cal conditions like long-range connectivity. The technically most related work we are
aware of comes from the fields of medical imaging [Türetken et al., 2011, Türetken
et al., 2012] and topographic mapping [Tupin et al., 1998, Montoya-Zegarra et al.,
2014, Wegner et al., 2015]. A recurrent finding in these works is that the local evi-
dence, i.e., the likelihood that an individual point of a line lies on a contour, is best
learned from a large set of labeled training data (rather than guessed and hand-coded).

Early work on semantic point cloud segmentation transformed the points (recorded
from airborne platforms) into other representations such as regular raster height maps,
in order to simplify the problem and benefit from the comprehensive toolbox of image
processing functions [Hug and Wehr, 1997, Maas, 1999, Haala et al., 1998, Rotten-
steiner and Briese, 2002]. Recent work follows a more generic approach that can also
deal with true 3D data. Learning and prediction operate directly on 3D points [Cha-
raniya et al., 2004, Chehata et al., 2009, Niemeyer et al., 2011, Yao et al., 2011], such
that one can also process data which cannot be reduced to height maps in a straight-
forward manner, in particular terrestrial data generated from multiple imaging or scan
positions, and mobile mapping data [Weinmann et al., 2013, Dohan et al., 2015].

Training a good model requires an expressive feature set. A large number of 3D
point descriptors has been developed, which typically encode geometric properties
within the point’s neighborhood, like surface curvature, surface normal orientation,
etc. . Popular descriptors are for example spin images [Johnson and Hebert, 1999],
fast point feature histograms (FPFH) [Rusu et al., 2009] and signatures of histograms
(SHOT) [Tombari et al., 2010]. One drawback of these rich descriptors is their high
computational cost. While computation time is not an issue for small point sets (e.g.,
sparse key points), it is a crucial bottleneck when all points in a large point cloud shall
be classified. A faster alternative if working on range images instead of 3D point clouds
is the NARF operator that is a widely used for key point extraction and description in
the robotics community [Steder et al., 2011,Steder et al., 2010]. In order to achieve ro-
bustness against viewpoint changes, it explicitly models object contour information. A
computationally cheaper alternative for full 3D point cloud features is derived from the
structure tensor of a point’s neighbourhood [Demantké et al., 2011], and the point dis-
tribution in oriented (usually vertical) cylinders [Monnier et al., 2012,Weinmann et al.,
2013]. Neural networks (usually of the deep, convolutional network flavour) offer the
possibility to completely avoid heuristic feature design and feature selection. They
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are at present immensely popular in 2D image interpretation, recently deep learning
pipelines have been proposed for voxel grids [Lai et al., 2014, Wu et al., 2015, Matu-
rana and Scherer, 2015] and RGB-D images [Song and Xiao, 2016], too. These deep
learning techniques inherently capture appearance based features as well as geomet-
ric object properties. Yet, they are computationally demanding and have so far been
limited to comparatively small point clouds.

Our solution is in some sense related in that we aim to use correlations between object
classes and the geometric properties of contours. In both cases the hope is that mutual
feedback between semantics and geometry will benefit the overall interpretation. Our
approach is simpler and less elegant, but much more efficient to compute and more
generally applicable in case of limited training data.

4.3 Approach

Requirements for our processing pipeline are efficiency in terms of both run-time and
memory footprint, such that the algorithm can be applied to point clouds of realis-
tic size. In fact, the bottleneck in terms of efficiency are the large number of 3D
nearest-neighbor queries to construct the neighborhood structure for feature and con-
tour computation. We build on the following, simple key insight to gain speed: to
(approximately) characterise a larger neighbourhood, it is sufficient to use a propor-
tionally smaller subset of points. It may seem that this strategy sacrifices accuracy for
speed. But the computational savings are so large that one can side-step scale selection
and instead exhaustively compute features over a large range of scales. Empirically,
this multi-scale coverage increases performance. For details, refer to Section 4.4.

For contour detection, we start with computing per-point contour probabilities with a
binary semantic classifier, to distinguish between points on contours and non-contours
(Fig. 4.2). Here we are not trying to strictly detect semantic or geometric transactions.
Instead for us contours are more abstract and ill defined. In our framework users can
define contours by providing a training set for the semantic classifier.

Second, it tries to find regularly spaced points with high likelihoods, and link them
into an over-complete graph of candidate contours. In a final step, an optimal subset
of candidates is extracted with a higher-order random field, as described in section 4.5.
This procedure is in line with recent computer vision and medical imaging research
[Türetken et al., 2011, Montoya-Zegarra et al., 2014].

Please note that we explicitely integrate information from semantic multiclass clas-
sification into the contour classification problem. The reason for this is, that labeling
ground truth contours in 3D space is tedious work. Thus the training set is smaller than

46



4.4. SEMANTIC CLASSIFICATION

Figure 4.3: Sampling a point cloud at different scales (denoted by colors) reveals dif-
ferent properties of the underlying surface – here different surface normals (colored
arrows).

the entire semantic3D.net training set used to train the initial per-point, multi-class
classifier. Therefore, we extend the feature set of the semantic classifier for contour
detection with the class conditional probabilities of an additional multi-class seman-
tic classifion stage. For the multiclass classification contour information is used only
implicitly by integrating contour features into the feature set without an additional
classification stage.

4.4 Semantic Classification

Semantic classification of large point sets is a computationally demanding problem.
The main bottleneck turns out to be the computation of the point neighborhoods, which
is required to compute geometric features. We approximate neighborhoods with multi-
scale pyramids, so that small volumes can be described with a small number of neigh-
bors at a fine scale and large volumes with a small number of neighbors at a coarse
scale. The feature set described in section 4.4.2 extends the work of [Weinmann et al.,
2013] to multi-scale, and adds new features that aim at contour extraction. Details of
our training routine are given in section 4.4.3.

4.4.1 Neighborhood approximation

Typically, search methods are either of geometrical nature, like radius search, or select
the k nearest neighbours. From a conceptual point of view radius search has advantages
because a constant radius guarantees that always the same volume is covered. Yet,
radius search is impractical for large radii in very dense point clouds due to its high
computational cost. Another disadvantage of radius search is the varying number of
neighbours (in the worst case none), which can be a problem for further computations.
The alternative, k nearest neighbors, can be seen as an adaptive version, in which the
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radius is increased until it includes exactly k neighbors. For constant point density,
both search strategeis give the same output.

Here, we prefer k nearest neighbors over radius search, and approximate constant point
density in sufficiently dense parts of the point cloud by performing uniform down-
sampling with a voxel grid filter. A range of different voxel sizes are used for voxel
grid filtering, so as to enable efficient neighbour search across different scales [Brodu
and Lague, 2012]. The resulting set of search trees forms a multi-scale pyramid, sim-
ilar in spirit to a discrete image scale space. It has been shown that features extracted
with a small neighborhood of k = 10 are more discriminative than larger neighbor-
hoods [Weinmann et al., 2015b]. We apply this insight to our problem and use k = 10

to search within each of the scales of our pyramid. While fine scales capture detailed
information of the surface, coarser scales cover a larger search volume by selecting
k = 10 representative samples. This strategy greatly improves the computational ef-
ficiency. Another beneficial effect is the reduced size of the search trees. Uniform
down-sampling reduces the point cloud size, and hence also the search tree size, which
significantly speeds up search queries especially for coarse scales1.

4.4.2 Feature extraction

Our set of features is designed for purely point-based classification, given points and
their nearest neighbors. We refrain from using colour or intensity information, which is
not always available, and empirically did not improve the classification in our tests. We
work with local neighborhood PN of point p because for large point clouds it becomes
quickly infeasible to generate features based on much larger neighborhoods (“neigh-
bors of neighbors”) due to memory and computational limitations. We follow [Wein-
mann et al., 2013] and use 3D features based on eigenvalues λ1 ≥ λ2 ≥ λ3 ≥ 0

and corresponding eigenvectors e1, e2, e3 of the covariance tensor C = 1
k

∑
i∈P(pi −

p)(pi − p)>, where P is the set of k nearest neighbors and p = medi∈P(pi) is its
medoid. The original feature set covers object boundaries only weakly. For this reason
we introduce two additional features. Our first addition to the feature set is the nor-
malized first order moment around the largest eigenvector, which we use to identify
boundaries between surfaces with different point density.

O =
m 2
↑

m⇑
with m↑=

∑
n∈PN

i

〈pn − pi, e2〉 ,

m⇑=
∑
n∈PN

i

〈pn − pi, e2〉2 .
(4.1)

1Conceptually similar alternatives like hierarchical octrees [Elseberg et al., 2013] exist, but are not
investigated here.
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Sum λ1 + λ2 + λ3
Omnivariance (λ1 · λ2 · λ3)

1
3

Eigenentropy −
∑3

i=1 λi · ln(λi)
Anisotropy (λ1 − λ3)/λ1

covariance Planarity (λ2 − λ3)/λ1
Linearity (λ1 − λ2)/λ1
Surface Variation λ3/(λ1 + λ2 + λ3)
Sphericity λ3/λ1
Verticality 1− |〈[0 0 1], e3〉|
1st order O

contour 2nd order m⇑
surface orientation R
line feature Q
Vertical range zmax − zmin

height Height below z − zmin

Height above zmax − z

Table 4.1: Our basic feature set consists of geometric features based on eigenvalues of
the local structure tensor, moments around the corresponding eigenvectors, as well as
features computed in vertical columns around the point. Features in the center row are
explicitly designed to capture contour information.

Strictly, the momentum around the axis e1 is a 2D moment in the e2e3 plane. However,
on smooth surfaces (with an object boundary) there is little variation along the e3
axis so that we neglect e3 to obtain a 1D moment. This feature is especially suited
to identify occluding and occluded edges following the nomenclature of [Choi et al.,
2013], which defines occluding edges as edges, which cast a shadow and dubs edges
caused by a shadow occluded edges.

Another property of edges are different orientations of the separated surfaces. In order
to identify points on different surfaces, we use the direction of the first eigenvector,
expected to point in the direction of the possible contour, and split the neighborhood
into two disjoint sets on either side of the contour: di,n = 〈 pn − pi, e2 〉. The
first set P+ consists of points with a distance di,n ≥ 0, while the remaining points are
collected in P−. We take the medoid within each of these subsets and use their scalar
product as additional feature:

P− = {pn ∈ PN |〈pn, e2〉 < 0} , P+ = PN \ P−

R =
∣∣〈 med

n∈P−
(nn), med

n∈P+
(nn)

〉∣∣ . (4.2)

Furthermore we introduce a line feature, where we again make use of the distance of
neighboring points to the eigenvector di,n. Points are divided into “near” neighborhood
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Cnear of the dα·Ne closest points to the tangent and a “far” neighborhood Cfar consisting
of the remaining points. For each point we examine the local surface variation γn =

λ3/(λ1+λ2+λ3). The ratio between the average surface variations of the two subsets
serves as feature.

Q =
meann∈Cnear(γn)
meann∈Cfar(γn)

. (4.3)

The local structure tensor is computed from k = 10 points (current point plus 9 neigh-
bors) over 9 scale levels, corresponding to voxels of side-length
[0.025, 0.05, 0.1, 0.2, 0.4, 0.8, 1.6, 3.2, 6.4]m. The feature set is summarised in table
4.1. A visualization of some features at different scales is given in Fig. 4.4.

4.4.3 Classification and training

For each point pi ∈ P we compute a feature vector xi and train a discriminative learner
to predict the class probabilities p(ci|xi). By taking the argmaxci

(
p(ci|xi)

)
we obtain

the most likely class for point pi. We deploy a Random Forest classifier, which is
directly applicable to multi-class problems, by construction delivers probabilities, and
has been shown to yield good results in reasonable time on large point clouds [Chehata
et al., 2009, Weinmann et al., 2015b]. We run grid search with 5-fold cross validation
to find the best parametrization of the Random Forest; in our case 50 trees and a depth
of approximately 30, with the Gini-index as splitting criterion.

Training on large data sets in 3D space is challenging due to memory restrictions.
Furthermore, for polar recordings like those of laser scanners or cameras, the class fre-
quency distribution depends heavily on the instrument’s position in the scene. Surfaces
near the sensor and perpendicular to the ray direction will contribute much more train-
ing samples than distant or slanted objects of the same physical dimensions, hence the
distribution learned from a few scans can be severely biased. To resolve this issue in
3D space, a simple solution is to weight errors depending on their distance and angle to
the sensor, but to do so the sensor position for every point must still be known. We fol-
low a more pragmatic approach; training data is uniformly down-sampled with voxel
grid filtering, so that the number of training samples on objects are approximately in-
dependent of the instrument position. As a side effect the number of training samples
in densely sampled regions is reduced. Consequently, the training set can cover a larger
region (in object space) with the same memory footprint, which is preferrable to ensure
the classifier generalises well.

In order to increase computational efficiency at test time, we also scan the Random
Forest to identify features that are never used and therefore do not influence the result.
These features are not extracted from the test data. Usually almost all covariance-based
features are used. Most importantly, the classifier uses at least some features from each
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scale level. Since the most expensive computation (even if it is done analytically) is to
solve for eigenvector and eigenvalues once per scale, the gains from feature selection
are negligible for the basic features from Table 4.1.

Importantly, the memory footprint at test time is small, and independent of the dataset
size, since there is no need to store feature vectors. The features xi of each point
pi ∈ P can be computed on the fly and discarded after classification.

4.5 Contour Extraction

Our contour extraction is a three-stage approach in the spirit of [Türetken et al., 2011,
Montoya-Zegarra et al., 2014, Guo et al., 2014]. (i) We define what we understand as
contour by providing labeled training data and use this data to train a discriminative
classifier as described in Section 4.4. This discriminative learner is used to predict class
probabilities for a point being a contour or non-contour (background), which we use
as low-level evidence for identifying points, which are likely to be a contour; (ii) We
transition from a set of individual points to connected contour segments by selecting
regularly spaced points with high contour scores as seed points, and link them into a
connected graph as described in Section 4.5.1; (iii) Lastly, a (higher-order) MRF on
the over-complete graph of putative contour segments helps to filter out false positives,
Section 4.5.2.

4.5.1 Contour candidate generation

An important property of contours is their connectivity over large distances. We follow
a hypothesize-and-verify strategy in order to discover long-range interactions. We first
generate an over-complete set of contour candidates, and in a second step prune the
set to optimal size. This strategy delivers a contour graph in form of many linked line
segments, similar to wire-frame models, which do not only consist of line segments
but are a collection of linked models, including line segments, b-splines or circles.

We generate contour candidates by selecting points of high contour probabilities p(ci =
0|xi) as seed points, and connecting with 3D shortest path search.

Voxel-grid non-maxima suppression

We uniformly sample seed points in the point cloud, and reduce that initial set with
a conservative heuristic for Non-Maxima Suppression (NMS). Non-uniform sampling
would risk missing the true contour segment, unless shortest paths are computed in a
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Figure 4.5: Voxel-Non-Maxima Suppression: For each voxel the point with the highest
probability is stored. If nearby (blue circle) neighboring seed points have a smaller
probability they get suppressed (red points) unless they are located in the direction of
the expected contour e1 and are not too close (red circle).

large neighbourhood around each seed point; which would, in turn, inflate the set of
incorrect contour candidates and complicate the classification in Section 4.5.2. For uni-
form sampling we once again rely on a (sparse) voxel grid (Fig. 4.5), with s = 0.1 [m]

spacing.2 In a first stage we perform simple thresholding p(ci = 0|xi) ≥ 0.5 on the
most likely point per voxel, so that we find an initial set of potential seeds. In a next
step, seed points are pruned that have a neighbour with higher contour likelihood in
PN , unless they are close to the tangent of the contour, assumed to be the eigenvec-
tor e1 of the covariance tensor at the neighbor with the highest likelihood. Finally,

2Throughout this section, a number of model parameters need to be chosen. These are mostly distances
in metric object coordinates, which are easy to derive for a given application. Values quoted refer to
terrestrial laser scans of settlement areas.
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points are also removed if they have a more likely neighbour along the tangent within
a distance of < 0.5 · s.

Graph construction

Figure 4.6: “Market Square” Laser-scan. While the horizontal point density decreases
rapidly due to grazing scan rays, the vertical density decreases much slower and “scan
lines” become visible on the facades on the left. Various zooms are given. Please note
that we suppressed responses on vegetation in our training set, so that we intentionally
do not want to detect contours in tree crowns.

In a next step a neighborhood graph is generated in order to extract shortest paths be-
tween seed points. At this point one must take care to correctly handle anisotropic vari-
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ations of the point density, most notably large differences between horizontal and verti-
cal point spacing, which stem from the polar scanning of slanted surfaces, c.f. Fig. 4.6.

Our target is to keep the number of connections, and consequently the memory foot-
print of the neighborhood graph, small. For this reason we split the creation of the
neighborhood graph into two tasks. First, a k-nearest neighbor graph with a small
k1 = 5 neighborhood is extracted, which is able to connect uniformly sampled areas
but fails in the anisotropic case. Second, disconnected regions are identified and con-
nected. For this purpose a larger neighborhood k2 = 50 is computed for each point.
These neighbors are then connected by using their precomputed k1 neighborhood and
reduced to a minimum spanning tree (MST) with Prim’s algorithm. The MST edges
are then merged with the edges obtained by k1. Candidate contours are extracted within
this neighborhood graph by linking each seed point with a maximum of β = 15 neigh-
boring seed points in a radius rlink = 0.85m via Dijkstra shortest paths.

The graph edge costs depend on the contour likelihoods of the segment’s endpoints,
and on the segment’s length (to avoid unjustified short-cuts):

eij = 2− p(ci|xi) + p(cj|xj)
2

− d∗

‖pi − pj‖
, (4.4)

with ‖pi − pj‖ the Euclidean length of the edge between pi, pj , and d∗ the smallest
distance from either of the two endpoints pi, pj to all other points. In practice it is
unnecessary to perform shortest path search in the full graph containing also nodes
with a large distance. Instead, we run it only within a local neighborhood 2 · rlink. We
note that more sophisticated methods exist to construct an optimal graph, for instance
using ant colony optimization [Türetken et al., 2011]. In our experience shortest path
search is sufficient and yields results of similar quality, while being a lot faster to
compute.

4.5.2 Contour edge labeling

The extracted set of contour candidates is designed for high recall, therefore it is over-
complete and contains many false positives. To prune false positives from the contour
graph we set up a MRF, where contour scores and spatial arrangement of contour
candidates are used for graph labeling. The connectivity of the graph naturally leads to
higher-order terms that suppress short isolated contours, minimise the number of free
endpoints and encourage closed contours.
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Unary Term

Standard MRFs consist of a unary term and one or several prior terms. Our formulation
follows this design. The unary term encodes properties of the individual contour candi-
dates, such as statistics over the point wise contour scores or the shape of the candidate.
We develop a new descriptor, coined cumulative shape context, which adapts the ideas
of the original shape context (SC, [Belongie et al., 2002]) to our problem. The main
idea of SC is to encode relative positions vij = pj − pi of a point pi and its neighbors
pj in a polar histogram is directly applicable to 3D space. However, contours do not
consist of a single point pi but of many, therefore all points on a contour should be con-
sidered in order to obtain a discriminative descriptor of a putative contour’s shape. An
additional requirement for our descriptor is scale and rotation invariance. To achieve
scale invariance and at the same time simplify the descriptor to 1D, we discard relative
distance and encode only directions, by normalising the vectors. Rotation invariance
is achieved by projecting onto the canonical direction vse = pe − ps defined by the
start point ps and end point pe of the contour candidate.

Information from all points along the contour candidate is merged by simply sum-
ming their individual histograms into a single one: we visit every point pi in turn, and
generate a vector vij to each other point of the contour:

vij =
∥∥∥〈 vse
‖vse‖

,
vij
‖vij‖

〉∥∥∥ ∀ i, j∈{s, . . . , e} : i 6= j . (4.5)

vij is a 1D value and is added to a histogram with 5 equally spaced bins. To encode
overall straightness / curvature of the contour candidate, we compute the same his-
togram again, but this time normalised by projection onto tangent (first eigenvector
e1,i):

wij =
∥∥∥〈e1,i, vij

‖vij‖

〉∥∥∥ ∀ i, j ∈ {s, . . . , e} : i 6= j , (4.6)

The bin counts of both histograms z1(vij) and z2(wij) form the first part of our fea-
ture vector to discriminatively learn the unary term. Moreover, the feature vector also
includes the contour likelihoods p(ci|xi) along the sequence of points pi along the con-
tour segment, again in the form of two discrete distributions. The first one quantises
the class probabilities into a global histogram with 5 bins centered at the probabilities
{0.1, 0.3, 0.5, 0.7, 0.9}. The second one retains some spatial information, by chopping
the contour sequence into 5 segments with equal number of points, and computing
their mean probabilities. Given these features zi we again employ a random forest to
learn the probabilities p(g|z) that a candidate segment is part of a true contour (gi = 1)
or a false alarm (gi = 0), and pass the log-likelihoods hi = − log p(gi|zi) as unary
term into the MRF.
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Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

Our 0.494 0.850 38421 0.911 0.695 0.328 0.216 0.876 0.259 0.113 0.553
HarrisNet 0.623 0.881 unknown 0.818 0.737 0.742 0.625 0.927 0.283 0.178 0.671
DeepSegNet 0.516 0.884 unknown 0.894 0.811 0.590 0.441 0.853 0.303 0.190 0.050
Image Based 0.391 0.745 unknown 0.804 0.661 0.423 0.412 0.647 0.124 0. 0.058

Table 4.2: Semantic3d benchmark results on the full data set with a training set of
∼ 1.7 · 109 points and a test set of ∼ 2.3 · 109 points.

Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

Our 0.542 0.862 1800 0.898 0.745 0.537 0.268 0.888 0.189 0.364 0.447
DeepNet 0.437 0.772 64800 0.838 0.385 0.548 0.085 0.841 0.151 0.223 0.423
Image Based 0.384 0.740 unknown 0.726 0.73 0.485 0.224 0.707 0.050 0.0 0.15

Table 4.3: Semantic3d benchmark results on the reduced data set with the same train-
ing set as the full challenge and a test set of ∼ 8 · 107 points.

Markov Random Field

By definition, contours should be long connected line features rather than independent,
short segments. We treat the contour candidates as variables (nodes) in a graph and
encourage long chains of contour segments with a simple Potts-type prior, which aims
to to suppress segments that cannot be connected, and encourage segments that close a
gap between their start and end nodes, linking up other candidates into longer contours
(“start” and “end” are used for linguistic convenience, the graph is undirected). Each
contour candidate li defines a clique `i that also includes all other candidates with
which it shares either the start node or the end node. Denoting by Lsi the set of contours
that connect to li at the start node, and by Lei those which meet li at the end node, we
have

`i =



γ gi=1 AND ∀ lj∈Lsi ,Lei :gj=0

(isolated contour)

δ gi=1 AND (∃ lj∈Lsi :gj=1 XOR ∃ lj∈Lei :gj=1)

(continuation only on one side)

0 gi=1 AND ∃ lj∈Lsi :gj=1 AND ∃ lj∈Lei :gj=1

(continuation on both sides)

0 gi=0

(candidate is not a contour)

(4.7)

These cliques are higher-order terms over a variable number of segments, but they
can be computed efficiently, since they only depend on direct neighbors. Higher-order
render MRF inference expensive, fortunately it turns out that satisfactory minima of
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the energy
E =

∑
i

hi +
∑
i

`i. (4.8)

can be found with the Iterated Conditional Modes (ICM) algorithm [Besag, 1986],
which we use for its computational efficiency [Kappes et al., 2013].

Our graph is constructed such that overlapping candidates are not penalized. Overlaps
are needed to correctly recover T-junctions and crossings that do not coincide with a
seed point. They are easily resolved in post-processing, since the overlapping segments
share the same vertices.

4.5.3 Postprocessing

The desired output of the contour detector is a wireframe with few vertices linked by
long, straight segments, which can be further processed with conventional CAD soft-
ware. To get closer to such a minimal representation, while at the same time reducing
measurement noise, we employ line simplification. Following [Mackaness and Mack-
echnie, 1999] we separate the simplification of junctions from the simplification of
edges. Junction simplification is implicitly handled in our framework, via the MRF
prior (Sec. 4.5.2). For contour simplification between junctions, we found that the
classic Douglas-Peuker algorithm yields good results [Shi and Cheung, 2006].

4.6 Experiments

We have conducted experiments on the semantic3d.net semantic 3D labeling chal-
lenge (www.semantic3d.net). Since contour annotations are not available for
that dataset, we also test on a smaller set of terrestrial laser scans with manually la-
beled contours 3.

The semantic3d.net benchmark provides terrestrial laser scans from a variety of differ-
ent urban and rural scenes, as well as hand-labeled ground truth for 8 classes. The point
clouds are large: they have been recorded with state-of-the-art terrestrial instruments
and have a realistic (i.e., high) point density. The training set consists of ≈ 1.7 · 109
points, and the test set of ≈ 2.3 · 109 points4.

The qualitatively similar, but smaller scan data set from [Hackel et al., 2016a] also
features high-density terrestrial scans from various geographic locations, and includes

3The same dataset has alreadt been used in [Hackel et al., 2016b].
4A reduced test set with ≈ 79 · 106 points is also available, to allow submissions from computationally
very demanding algorithms. We run on both versions for completeness
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ground truth contour dense annotations for one scan, which is exclusively used for
evaluation of the entire framework as well as 14 sparsely labeled point clouds, of which
five were used for training while the rest was used for the evaluation of point-wise
contour evidence.

Our software is implemented in C++ using the Point Cloud Library (pointclouds.
org), FLANN (github.com/mariusmuja/flann) for nearest-neighbor search
and the ETH Random Forest Templates5 for discriminative learning. All experiments
were run on a standard desktop machine with Intel Xeon E5-1650 CPU (hexa-core,
3.5 GHz) and 64 GB RAM. Timings always refer to that hardware configuration. We
do parallelize across multiple cores with the help of OpenMP (http://openmp.
llvm.org), but note that a significant speed-up would still be possible with extreme
parallelism on the GPU.

4.6.1 Experiments on the Semantic3d.net Benchmark

We reduce the very large number of training samples in two ways: (i) The sub-sampling
as described in section 4.4.3 is applied with a spacing of 1cm; (ii) We distort the class
frequencies so that the largest class has at maximum 4× the number of training sam-
ples of the smallest class, by randomly picking training samples per class, which leads
to a total of 106 samples for training.

The depth of the Random Forest is estimated with Grid Search and 5-Fold Cross-
Validation over a parameter range from 30 to 60 with a stride length of 3. In general
more trees yield slightly better results, but also linearly increase the computational
cost. The number of trees was empirically set to 40 and the Gini index was used as
splitting criterion for interior tree nodes. Training and grid search took less than one
day for the 1 million training samples. The time given is the time needed to classify
the test set and includes loading data from hard disk, feature extraction, classification
and saving of results.

The main metric of the benchmark is Intersection over Union (IoU ), and its average
IoU over all classes. IoU is defined as follows:

IoUi =
cii

cii +
∑
i 6=j

cij +
∑
i 6=k

cki
, (4.9)

where cij is the count of class i being predicted as j. IoU is a a more sensitive error
measure that does not saturate as quickly as alternative metrics. It gives all classes
equal weight independent of their point count, and decreases faster than the F1-score or

5https://edit.ethz.ch/igp/photogrammetry/downloads/rforest.zip
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Figure 4.8: Visual evaluation 1 to 3: left column: detected points on contour (blue);
right column: original point cloud (black) with detected contour (red).
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Figure 4.9: Visual evaluation 4 to 6: left column: detected points on contour (blue);
right column: original point cloud (black) with detected contour(red).

average class accuracy as the number of false positives (type-1 errors) or false negatives
(type-2 errors) increases. Additionally, the overall accuracy (OA) and the runtime for
the complete test set are given as auxiliary measures.

Table 4.2 shows the results of our method on the full data set, while table 4.3 compares
our method with other baselines on the reduced data set. Recently, there have been
submission based on deep neural networks (HarrisNet, DeepNet) with a higher IoU ,
which comes with high computational costs and their methods are not published, yet.
Nevertheless, we reach higher IoU and faster runtimes than competitors based on tra-
ditional machine learning, as shown in [Hackel et al., 2016b]. We note that our method
not only achieves good quantitative results, but also offers practically viable runtimes
even with the current prototype software: classifying new point clouds takes less than
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Figure 4.10: Visual evaluation 7 to 9: left column: detected points on contour (blue);
right column: original point cloud (black) with detected contour (red).

3 minutes per 10 million points.

4.6.2 Contour Extraction

A database of 16 laser scans of urban scenes in different countries were used for quali-
tative evaluation of the contour extraction framework. One scan was manually labeled
to serve as ground truth, with 101′614 points on contours and 7′681′061 background
points. The only baseline for which we could find a 3rd-party implementation is the
Canny-style 3D edge detector in the Point Cloud Library. In order to facilitate a mean-
ingful comparison, the tree and clutter classes are excluded. We are forced to do this
to avoid a complete failure of the baseline, which otherwise generates huge amounts of
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Figure 4.11: Point wise score and final result.
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Figure 4.12: The statistics show how the average length of contour segments changes
by applying douglas peucker. Both graphs show that the length decreases slowly while
the number of points on the contour is reduced significantly, which is a desired behav-
ior. The threshold is the parameter of the Douglas-Peucker-algorithm.

false positives on those classes. Making the task easier by excluding the worst distac-
tors is a significant bias against our integrated method: it has access to the object class
likelihoods, precisely because it jointly addresses contours and semantic segmentation.

Pointwise Classification

In a first experiment the influence of semantic classification on the detection of con-
tours was tested with a focus on different feature sets. We also evaluated the perfor-
mance of multi-scale feature sets versus single-scale features. We trained our Random
Forest on 48, 964 positive and 85, 853 negative examples, captured in different cities,
and use precision-recall curves for the evaluation. The performance of the different
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feature sets is shown in Fig. 4.7a. Our feature subsets cover the features used in
related methods, which either use curvature as feature or combine curvature with oc-
clusion features. In particular, single-scale curvature and occlusion form the basis of
RGB-D edge detection in [Choi et al., 2013], while multi-scale curvature is the de-
scriptor used by [Pauly et al., 2003]. In our comparison, we train a Random Forest for
each of the feature subsets, which can be expected to yield at least as good results as a
single threshold per feature dimension. This experiment shows that single-scale detec-
tion does not perform well on large and complex point clouds. Multi-scale curvature
alone still misses many clear and unambiguous contours, particularly along occlusion
boundaries. Our full feature set performs better than the best feature subset and signif-
icantly better than the baseline method.

Linewise Classification

We also assess the performance of the unary term for contour segment classification.
The classifier was trained on a set of 1862 true contour candidates and 832 negatives.
Note that each of these candidates consists of multiple points. We again used grid
search with the same settings as in the previous experiment for training. The evaluation
was performed on a test set with 2227 positive and 1013 negative samples. Here, we
compare against the naive baseline feature set consisting only the per-point contour
likelihoods p(ci = 0|xi), where we use the histograms from the full feature vector.
The results are shown in Fig. 4.7b. It can be seen that adding information about the
shape of contour candidates improves the identification of actual contours up to ≈20
percent points, especially in the high-precision regime.

Full Framework

Terrestrial All features no contour features
Laser Scans Recall Precision IoU Recall Precision IoU
Man made terrain 0.8758 0.9433 0.9083 0.8757 0.9627 0.9171
Natural terrain 0.8809 0.8921 0.8864 0.9064 0.8774 0.8916
High vegetation 0.9129 0.8102 0.8585 0.8086 0.9254 0.8631
Low vegetation 0.6496 0.4021 0.4967 0.6356 0.5364 0.5818
Buildings 0.9592 0.9878 0.9733 0.9726 0.9813 0.9769
Remaining hard scape 0.7879 0.4878 0.6025 0.8419 0.4743 0.6068
Scanning artefacts 0.5127 0.4595 0.4847 0.3995 0.5039 0.4457
Overall accuracy 0.9215 0.9187
IoU -score 0.6514 0.646

Table 4.4: Quantitative results for terrestrial laser scans.
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Figure 4.13: left) Histogram over points per contour segments, not broken up at junc-
tions. right) A failure case: if objects with strong geometric structure did not appear
in the training set, then they tend to get high contour scores. Red highlights windows
with sun blinds. Sun blinds were not covered in our training set and cause many false
positives.

We evaluate our complete contour detector against the 3D Canny of [Choi et al., 2013],
which is the only published competitor in recent literature, and the only method for
which we found an accessible implementation (in PCL). This method requires “organ-
ised point clouds”, which are essentially the same as height maps, i.e. they have a 2.5D
grid structure. We convert individual scans to “organised clouds” by cube-mapping,
noting that 3D Canny in the proposed form is not applicable if the sensor position
is unknown, or when the point cloud has been recorded dynamically from a moving
platform.

At this point the evaluation faces a subtle, but important problem: the Canny baseline
does not return line segments, but only a list of all points that form part of a line. For
this reason, our evaluation is only based on point-wise scores. However, our full frame-
work is designed to extract contours in form of a graph, and (during NMS and shortest
path search) intentionally discards many point that are not needed to trace the contour.
We emulate this sub-sampling of the points along detected contours by ignoring all
false negatives with lie within 3 cm of either a true positive or an already counted false
negative. With this filtering we account for the dropped points. Gaps larger than 6 cm
still count as false negatives, and alarms where there is no ground truth contour still
count as false negatives. As a consequence of the filtering, the graph in Fig. 4.7c is not
a true precision-recall curve over the complete, original point cloud, but it displays the
most meaningful comparison we could come up with. One can see that the proposed
per-contour scores based on contour likelihoods and shape consistently beat the pure
likelihoods , and that our higher-order context model (including the connectivity prior)
greatly outperforms the discriminatively trained low-level evidence. The latter already
works dramatically better than the 3D Canny, although we made our best effort to tune
the baseline for maximum performance.
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The final output of our contour detector is a graph of contour edges which connect
vertices that are 3D points from the original point cloud as shown in (Fig. 4.11). In
that graph, the average length of a single contour is 187 points, respectively 3.7m in
metric world units for our specific urban outdoor scan data. The median is 28 points,
respectively 0.5m. The full histogram of the extracted contours’ length is also shown
in Fig. 4.13. For post-processing we split up the graph at junctions and smooth individ-
ual segments with the Douglas Peucker algorithm. The effect on the segment length
between two junctions is shown in (Fig. 4.12). It can be seen that line simplifica-
tion has only a small impact on the segment length but a large impact on the average
number of vertices and quickly converges to 2, the minimum number of vertices.

Additionally, several point clouds with in total more than 3 · 108 points were evaluated
visually. Representative results are shown in Fig. 4.8 to Fig. 4.10.

Failure cases

Errors of our detector are mainly caused by two effects: (i) if there are independent
contours with a small distance (< s) the framework will hallucinate erroneous con-
nections between them; (ii) if the classifier encounters unusual point configurations
dissimilar to those seen in the training data, it tends to produce false positives.

4.6.3 Impact of contour features on multi-class classification

In order to show the impact of contours on the performance of a multi class classi-
fier we perform an experiment based on the data set of [Hackel et al., 2016b]. The
training set consists of ∼ 2 · 108 points with 7 classes, while the test set consists of
∼ 3 · 108 points. We train two different classifiers. The first version contains all fea-
tures designed for contour detection and multi class classification. The second version
uses only the subset of features, which have not been explicitly designed for contour
detection. This includes O, R, Q and m⇑ . We again use grid search and 5-fold cross-
validation to estimate the depth of the Random Forest and train with Gini-impurity as
splitting criterion. On this data set the full feature set performs slightly better than
the one without contour features; ∼ 0.5% in IoU amd ∼ 0.3% in Overall Accuracy.
This shows that multi-class classification slightly benefits from features, which encode
contour information.

and semantic classification (pretrained classifiers).
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Figure 4.14: Precision Recall for pointwise contour labeling.

4.6.4 Impact of multi-class classification on contours

Recall that we have labeled contours (to train the contour classifier) only for a relatively
small set of data compared to the size of the dataset used for multi-class classification,
because labeling contours in 3D space is tedious work. In order to still make use of the
information contained in the entire multi-class training data, the feature vector of the
contour detection was extended with class conditional probabilities of the multi-class
classifier. The assumption is that (i) these additional probabilities from the full, much
larger training data set might help the contour classifier to better generalize and that
(ii) transitions between specific classes (e.g., roof and facade) might be a strong hint at
contours.

To verify the benefit of adding probabilities from the multi-class classifier, we per-
form an experiment similar to Fig.4.7a using the data sets from section 4.6.2. It turns
out that, in fact, contour detection benefits only slightly from the multi-class classi-
fier. Small performance improvement by few percent points is recognizable in the high
precision region in Fig. 4.14, whereas the gain is marginal in low precision regions.
Multi-class scores from the full training dataset seem to add only few extra evidence
in our case. This outcome shows that, although rather small, the training dataset seems
to be sufficiently large to implicitly learn semantic classes for contour detection even
without any direct feedback from the multi-class classifier. Although it is only a bi-
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nary classification problem, the contour detector learns to neglect potential contours
on vegetation, e.g. trees, while firing on contours at building edges.

4.7 Conclusion

We have described a novel approach for semantic classification and contour extraction,
which is able to handle large data sets of unstructured point clouds very efficiently
while achieving state-of-the-art performance. Because contours are ill-defined and not
easy to explicitly describe with a set of ad-hoc rules, we prefer to also cast contour
detection as a machine learning problem and let the classifier learn relevant contour
evidence directly from the data. Contour detection benefits significantly from prior
point-wise semantic classification. Our methods are fast enough for point clouds of
realistic size. Moreover, they reach practically interesting accuracies: precision and
recall of semantic segmentation are > 85% for most major object classes, which is
well above the often quoted usability threshold of 80%. And contour detection reaches
≈ 85% recall at 90% precision, which also is a healthy basis for subsequent interative
modelling in a CAD system. We thus hope to soon see widespread deployment of
automatic interpretation methods in point cloud processing software.
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Chapter 5
Large-scale Supervised Learning for 3D Point Cloud
Labeling: Semantic3D.net

Abstract

In this paper we review current state-of-the-art in 3D point cloud classification, present
a new 3D point cloud classification benchmark data set of single scans with over four
billion manually labelled points, and discuss first available results on the benchmark.
Much of the stunning recent progress in 2D image interpretation can be attributed to
the availability of large amounts of training data, which have enabled the (supervised)
learning of deep neural networks. With the data set presented in this paper, we aim
to boost the performance of CNNs also for 3D point cloud labelling. Our hope is
that this will lead to a breakthrough of deep learning also for 3D (geo-)data. The
semantic3D.net data set consists of dense point clouds acquired with static terrestrial
laser scanners. It contains 8 semantic classes and covers a wide range of urban outdoor
scenes, including churches, streets, railroad tracks, squares, villages, soccer fields and
castles. We describe our labelling interface and show that, compared to those already
available to the research community, our data set provides denser and more complete
point clouds, with a much higher overall number of labelled points. We further provide
descriptions of baseline methods and of the first independent submissions, which are
indeed based on CNNs, and already show remarkable improvements over prior art.
We hope that semantic3D.net will pave the way for deep learning in 3D point cloud
analysis, and for 3D representation learning in general.
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5.1 Introduction

Neural networks have made a spectacular comeback in image analysis since the sem-
inal paper of [Krizhevsky et al., 2012], which revives earlier work of [Fukushima,
1980, LeCun et al., 1989]. Especially deep convolutional neural networks (CNNs)
have quickly become the core technique for a whole range of learning-based image
analysis tasks. The large majority of state-of-the-art methods in computer vision and
machine learning now include CNNs as one of their essential components. Their suc-
cess for image-interpretation tasks is mainly due to (i) easily parallelisable network ar-
chitectures that facilitate training from millions of images on a single GPU and (ii) the
availability of huge public benchmark data sets like ImageNet [Deng et al., 2009,Rus-
sakovsky et al., 2015] and Pascal VOC [Everingham et al., 2010] for rgb images, or
SUN RGB-D [Song et al., 2015] for rgb-d data.

While CNNs have been a great success story for image interpretation, they have not yet
made a comparable impact for 3D point cloud interpretation. What makes supervised
learning hard for 3D point clouds is the sheer size of millions of points per data set,
and the irregular, not grid-aligned, and in places very sparse distribution of the data,
with strongly varying point density (Figure 5.1).

While recording point clouds is nowadays straight-forward, the main bottleneck is
to generate enough manually labeled training data, needed for contemporary (deep)
machine learning to learn good models, that generalize well across new, unseen scenes.
Due to the additional dimension, the number of classifier parameters is larger in 3D
space than in 2D, and specific 3D effects like occlusion or variations in point density
lead to many different patterns for identical output classes. This makes it harder to train
good classifiers, so it can be expected that even more training data that in 2D is needed1.
In contrast to images, which are fairly easy to annotate even for untrained users, 3D
point clouds are harder to interpret. Navigation in 3D is more time-consuming and the
strongly varying point density aggravates scene interpretation.

In order to accelerate the development of powerful algorithms for point cloud process-
ing2, we provide the (to our knowledge) hitherto largest collection of individual, non-
overlapping terrestrial laser scans with point-level semantic ground truth annotation.
In total, it consists of over 4 · 109 points, labelled into 8 classes. The data set is split

1The number of 3D points of semantic3d.net (4 × 109 points) is at the same scale as the number of
pixels of the SUN RGB-D benchmark (≈ 3.3 × 109 px) [Song et al., 2015], which aims at 3D object
classification. However, the number of 3D points per laser scan (≈ 4 × 108 points), and thus the
variability in point density, object scale etc. is considerably larger than the number of pixels per image
(≈ 4× 105 px).

2Note that, besides laser scanner point clouds, it is also sometimes preferred to classify point clouds
generated via structure-from-motion directly instead of going back to the individual images and then
merging the results [Riemenschneider et al., 2014].
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Figure 5.1: Example point cloud from the benchmark dataset, where colours indicate
class labels.

into training and test sets of approximately equal size, without any overlap between
train and test scenes. The scans are challenging, not only due to their realistic size of
up to ≈ 4 · 108 points per scan, but also because of their high angular resolution and
long measurement range, leading to extreme density changes and large occlusions.
For convenient use of the benchmark, we provide not only freely available data and
ground truth, but also an automated online submission system, as well as evaluation
tables for the submitted methods. The benchmark also includes baselines, both for
the conventional pipeline consisting of eigenvalue-based feature extraction at multiple
scales followed by classification with a random forest, and for a basic deep learning
approach. Moreover, we briefly discuss the first submissions to the benchmark, which
so far all employ deep learning. This article is an extended version of the conference
paper [Hackel et al., 2017a]. Here, we add a more thorough review of related work,
with emphasis on the most recent 3D-CNN methods. We also provide descriptions
of the two latest CNN-based submissions, which lead the comparison by a significant
margin, and seem to confirm that, also for point cloud anaysis, deep learning is the
most powerful technology developed to date.

5.2 Related Work

Here, we first review traditional methods for point cloud segmentation before dis-
cussing novel deep learning-based methods for this task. Finally, we review existing
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benchmark activities and motivate the introduction of our new 3D point cloud bench-
mark for semantic segmentation.

5.2.1 Point cloud segmentation

Early work on semantic point cloud segmentation transformed the points (recorded
from airborne platforms) into other representations such as regular raster height maps,
in order to simplify the problem and benefit from the comprehensive toolbox of image
processing functions [Hug and Wehr, 1997, Maas, 1999, Haala et al., 1998, Rotten-
steiner and Briese, 2002, Lodha et al., 2006]. Much of the pioneering work on true
3D (i.e., not 2.5D) point cloud processing was developed to guide autonomous out-
door robots [Vandapel et al., 2004, Manduchi et al., 2005, Montemerlo and Thrun,
2006, Lalonde et al., 2006, Munoz et al., 2009b] that rely on laser scanners to acquire
data of their surroundings.

In general, it is advantageous if scene interpretation directly operates on 3D points,
both for aerial [Charaniya et al., 2004, Chehata et al., 2009, Niemeyer et al., 2011,
Yao et al., 2011, Lafarge and Mallet, 2011, Lafarge and Mallet, 2012, Niemeyer et al.,
2014, Yan et al., 2015] and for terrestrial data [Brodu and Lague, 2012, Weinmann
et al., 2013, Dohan et al., 2015]. Full 3D processing can handle data which cannot
be reduced to height maps in a straight-forward manner, in particular terrestrial data
generated from multiple scan positions, and mobile mapping data.

Training a good model requires an expressive feature set. A large number of 3D
point descriptors has been developed, which typically encode geometric properties
within the point’s neighborhood, like surface normal orientation, surface curvature,
etc. . Popular descriptors are for example spin images [Johnson and Hebert, 1999],
fast point feature histograms (FPFH) [Rusu et al., 2009] and signatures of histograms
(SHOT) [Tombari et al., 2010]. One drawback of these rich descriptors is their high
computational cost. While computation time is not an issue for small point sets (e.g.,
sparse key points), it is a crucial bottleneck when all points in a large point cloud shall
be classified. A faster alternative – again for range images rather than true 3D point
clouds – is the NARF operator, which is popular for key point extraction and descrip-
tion in the robotics community [Steder et al., 2010, Steder et al., 2011]. In order to
achieve robustness against viewpoint changes, it explicitly models object contour in-
formation. A computationally cheaper alternative for full 3D point data are features
derived from the 3D structure tensor of a point’s neighbourhood [Demantké et al.,
2011], and from the point distribution in oriented (usually vertical) cylinders [Monnier
et al., 2012, Weinmann et al., 2013].
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5.2.2 Deep learning for point cloud annotation

Neural networks (usually of the deep, convolutional network flavour) offer the pos-
sibility to completely avoid heuristic feature design and feature selection. They are
at present immensely popular in 2D image interpretation. Recently, deep learning
pipelines have been adapted to voxel grids [Lai et al., 2014, Wu et al., 2015, Maturana
and Scherer, 2015] and RGB-D images [Song and Xiao, 2016], too. Being completely
data-driven, these techniques have the ability to capture appearance (intensity) patterns
as well as geometric object properties. Moreover, their multi-layered, hierarchical ar-
chitecture has the ability to encode a large amount of contextual information. Deep
learning in 3D has been proposed for a variety of applications in robotics, computer
graphics, and computer vision. To the best of our knowledge, the earliest attempt that
applies a 3D-CNNs on a voxel grid is [Prokhorov, 2010]. The author classifies objects
in LiDAR point clouds and improves classification accuracy despite limited amount of
training data, by combining supervised and unsupervised training. More recent 3D-
CNNs that operates on voxel grids include [Maturana and Scherer, 2015] for landing
zone detection in 3D LiDAR point clouds, [Wu et al., 2015] for learning representa-
tions of 3D object shapes, and [Huang and You, 2016] to densely label LiDAR point
clouds into 7 different object categories. A general drawback when directly applying
3D-CNNs to dense voxel grids derived from originally sparse point clouds is the huge
memory overhead for encoding empty space. Computational complexity grows cubi-
cally with respect to voxel grid resolution, although high detail would only be needed
at object surfaces.

Therefore, more recent 3D-CNNs exploit the sparsity commonly found in voxel grids.
One strategy is to resort to an octree representation, where empty space (and potentially
also large, geometrically simple object parts) are represented at coarser scales than ob-
ject details [Riegler et al., 2017, Engelcke et al., 2017, Tatarchenko et al., 2017]. Since
the octree partitioning is a function of the object at hand, an important question is how
to automatically adapt to new, previously unseen objects at test time. While [Riegler
et al., 2017] assume the octree structure to be known at test time, [Tatarchenko et al.,
2017] learn to predict the octree structure together with the labels. This allows gener-
alization to unseen instances of a learned object category, without injecting additional
prior knowledge.

Another strategy is to rely only on a small subset of the most discriminative points,
while neglecting the large majority of less informative ones [Li et al., 2016, Qi et al.,
2017a]. The idea is that the network learns how to select the most informative points
from training data and aggregates information into global descriptors for object shapes
via fully-connected layers. This allows for both shape classification and per-point
labeling, while using only a small subset of points, resulting in significant speed and
memory gains.
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5.2.3 Benchmark initiatives for point clouds

Benchmarking efforts have a long tradition in the geospatial data community and par-
ticularly in ISPRS. Recent efforts include, for example, the ISPRS-EuroSDR bench-
mark on High Density Aerial Image Matching3 that evaluates dense matching methods
for oblique aerial images [Haala, 2013,Cavegn et al., 2014] and the ISPRS Benchmark
Test on Urban Object Detection and Reconstruction, which contains several differ-
ent challenges like semantic segmentation of aerial images and 3D object reconstruc-
tion [Rottensteiner et al., 2013, Rottensteiner et al., 2014].

In computer vision, very large benchmark datasets with millions of images have be-
come standard for learning-based image interpretation. A variety of datasets have been
introduced, many tailored for specific tasks, some serving as basis for annual chal-
lenges for several consecutive years (e.g., ImageNet, Pascal VOC). Datasets that aim
at boosting research in image classification and object detection heavily rely on im-
ages downloaded from the internet. Web-based imagery has been a major driver of
benchmarks because no expensive, dedicated photography campaigns have to be ac-
complished for dataset generation. This makes it possible to scale benchmarks from
hundreds to millions of images, although often weakly annotated and with a consider-
able amount of label noise, that has to be taken into account when working with the
data. Additionally, one can assume that internet images constitute a very general col-
lection of images with less bias towards particular sensors, scenes, countries, objects
etc.. This mitigates overfitting, and enables the training of rich, high-capacity models
that nevertheless generalize well.

One of the first successful attempts to object detection in images at very large scale
is tinyimages4 with over 80 million small (32 × 32 px) images [Torralba et al., 2008].
A milestone and still widely used dataset for semantic image segmentation is the fa-
mous Pascal VOC5 dataset and challenge [Everingham et al., 2010], which has been
used for training and testing many of the well-known, state-of-the-art algorithms to-
day like [Long et al., 2015, Badrinarayanan et al., 2015]. Another, more recent dataset
is MSCOCO6, which contains 300,000 images with annotations that allow for object
segmentation, object recognition in context, and image captioning. One of the most
popular benchmarks in computer vision today is ImageNet7 [Deng et al., 2009, Rus-
sakovsky et al., 2015], which made Convolutional Neural Networks popular in com-
puter vision [Krizhevsky et al., 2012]. It contains > 14 × 106 images organized ac-

3http://www.ifp.uni-stuttgart.de/ISPRS-EuroSDR/ImageMatching/index.
en.html

4http://groups.csail.mit.edu/vision/TinyImages/
5http://host.robots.ox.ac.uk/pascal/VOC/
6http://mscoco.org/
7http://www.image-net.org
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cording to the semantic WordNet hierarchy8, where words are grouped into sets of
cognitive synonyms.

The introduction of the popular, low-cost range sensor Microsoft Kinect gave rise to
several large rgb-d image databases. Popular examples are the NYU Depth Dataset
V29 [Silberman et al., 2012] and SUN RGB-D10 [Song et al., 2015] that provide la-
beled rgb-d images for object segmentation and scene understanding. Compared to
laser scanners, low-cost, structured-light rgb-d sensors have much shorter measure-
ment range, lower resolution, and work poorly outdoors, due to interference of the
sunlight with the projected infrared pattern.

To the best of our knowledge, no publicly available dataset with laser scans at the scale
of the aforementioned vision benchmarks exists today. Thus, many recent Convolu-
tional Neural Networks that are designed for Voxel Grids [Brock et al., 2016,Wu et al.,
2015] resort to artificially generated data from the CAD models of ModelNet [Wu
et al., 2015], a rather small, synthetic dataset. As a consequence, recent ensemble
methods, e.g., [Brock et al., 2016], reach performance of over 97% on ModelNet10,
which clearly indicates that the dataset is either too easy, or too small and already
significantly overfitted.

Those few existing laser scan datasets are mostly acquired with mobile mapping de-
vices or robots like DUT1 [Zhuang et al., 2014], DUT2 [Zhuang et al., 2015], or
KAIST [Choe et al., 2013], which are small (< 107 points) and not publicly avail-
able. Public laser scan datasets include Oakland [Munoz et al., 2009a] (< 2 × 106

points), the Sydney Urban Objects [De Deuge et al., 2013], Paris-rue-Madame [Serna
et al., 2014] and data from the IQmulus & TerraMobilita Contest [Vallet et al., 2015].
All have in common that they use 3D LIDAR data from mobile mapping vehicles,
which provides a much lower point density than static scans, like ours. They are also
relatively small and localised, and thus prone to overfitting. The majority of today’s
available point cloud datasets comes without a thorough, transparent evaluation that is
publicly available on the internet, continuously updated and that lists all submissions
to the benchmark.

With the semantic3D.net benchmark presented in this paper, we attempt to close this
gap. It provides a much larger labelled 3D point cloud data set with approximately four
billion hand-labeled points, comes with a sound evaluation, and continuously updates
submissions. It is the first dataset that allows fully-fledged deep learning on real 3D
laser scans, with high-quality, per-point supervision.

8https://wordnet.princeton.edu/
9http://cs.nyu.edu/˜silberman/datasets/nyu_depth_v2.html
10http://rgbd.cs.princeton.edu
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Figure 5.2: Intensity values (left), rgb colors (middle) and class labels (right) for ex-
ample data sets.

5.3 Data

Our 30 published individual, non-overlapping terrestrial laser scans consist of in total
≈ 4 billion 3D points. Although we would have many more scans that overlap largely
with the ones in our benchmark data set and would facilitate co-registration for large
scenes, we prefer to keep this for a later extension. The main reason for publishing only
individual scans is the huge size per scan (2.72 GB for the largest scan). For the same
reason, we did not record multiple echoes per pulse. The data set is split into 15 scans
for training that come with labels and 15 scans for testing, where labels are not publicly
released and kept by the organizers (see parameters in Tab. 5.1 & 5.2). Submitted
results on the test set are evaluated completely automatically on the server and repeated
submissions are limited to discourage overfitting on the test set. Train and test data
sets are always from different scenes to avoid biasing classifiers and ensure that we
verify generalization capability. The data set contains urban and rural scenes, like
farms, town halls, sport fields, a castle and market squares. We intentionally selected
various different natural and man-made scenes to prevent overfitting of the classifiers.
All of the published scenes were captured in Central Europe and depict urban or rural
European architecture, as shown in Figure 5.2. Surveying-grade laser scanners were
used for recording these scenes. Colorization was performed in a post processing
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Train data set Number of points Scene type Description Download size [GB]
bildstein1 29′302′501 rural church in bildstein 0.20
bildstein3 23′765′246 rural church in bildstein 0.17
bildstein5 24′671′679 rural church in bildstein 0.18
domfountain1 35′494′386 urban cathedral in feldkirch 0.28
domfountain2 35′188′343 urban cathedral in feldkirch 0.25
domfountain3 35′049′972 urban cathedral in feldkirch 0.23
untermaederbrunnen1 16′658′648 rural fountain in balgach 0.17
untermaederbrunnen3 19′767′991 rural fountain in balgach 0.17
neugasse 50′109′087 urban neugasse in st. gallen 0.32
sg27 1 161′044′280 rural railroad tracks 1.87
sg27 2 248′351′425 urban town square 2.72
sg27 4 280′994′028 rural village 1.59
sg27 5 218′269′204 suburban crossing 1.25
sg27 9 222′908′898 urban soccer field 1.22
sg28 4 258′719′795 urban town square 1.40

Table 5.1: Parameters of the full resolution semantic-8 training data set. Identical
names (left column) with different IDs identify scans of the same scene (but with very
low overlap). All ground truth labels together have size 0.01 GB for download. All pa-
rameters are also provided on the benchmark website http://www.semantic3d.
net/view_dbase.php?chl=1

Test data set Number of points Scene type Description Download size [GB]
stgallencathedral1 28′181′979 urban cathedral in st. gallen 0.22
stgallencathedral3 31′328′976 urban cathedral in st. gallen 0.22
stgallencathedral6 32′342′450 urban cathedral in st. gallen 0.22
marketsquarefeldkirch1 23′228′738 urban market square in feldkirch 0.17
marketsquarefeldkirch4 22′760′334 urban market square in feldkirch 0.15
marketsquarefeldkirch7 23′264′911 urban market square in feldkirch 0.15
birdfountain1 36′627′054 urban fountain in feldkirch 0.25
castleblatten1 152′248′025 rural castle in blatten 0.24
castleblatten5 195′356′302 rural castle in blatten 0.70
sg27 3 422′445′052 suburban houses 2.40
sg27 6 226′790′878 urban city block 1.27
sg27 8 429′615′314 urban city center 2.08
sg27 10 285′579′196 urban town square 1.56
sg28 2 170′158′281 rural farm 0.94
sg28 5 269′007′810 suburban buildings 1.35

Table 5.2: Parameters of the full resolution semantic-8 testing data set. Identical names
(left column) with different IDs identify scans of the same scene (but with very low
overlap). All parameters are also provided on the benchmark website http://www.
semantic3d.net/view_dbase.php?chl=1
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step, by generating high-resolution cubemaps from co-rgistered camera images. In
general, static laser scans have a very high resolution and are able to measure long
distances with little noise. Especially compared to point clouds derived via structure-
from-motion pipelines or Kinect-like structured light sensors, laser scanners deliver
superior geometric data quality.

Scanner positions for data recording were selected as usually done in real field cam-
paigns: only little scan overlap as needed for registration, so that scenes can be recorded
in a minimum of time. This free choice of the scanning position implies that no prior
assumption based on point density and on class distributions can be made. We publish
up to 3 laser scans per scene that have small overlap. The relative position of laser
scans at the same location was estimated from targets.

The choice of output classes in a benchmark, independent of downstream applications,
is not obvious. Based on feedback from geo-spatial industry experts, we use the fol-
lowing 8 classes, which are considered useful for a variety of surveying applications:
(1) man made terrain: mostly pavement; (2) natural terrain: mostly grass; (3) high
vegetation: trees and large bushes; (4) low vegetation: flowers or small bushes which
are smaller than 2 m; (5) buildings: Churches, city halls, stations, tenements, etc.;
(6) remaining hard scape: a clutter class with for instance garden walls, fountains,
benches, etc.; (7) scanning artifacts: artifacts caused by dynamically moving objects
during the recording of the static scan; (8) cars and trucks. Some of these classes
are ill-defined, for instance some scanning artifacts could also go for cars or trucks
and it can be hard to differentiate between large and small bushes. Yet, we prefer not
to alter the class nomenclature in a way that might reduce ambiguities, but departs
from the requirements of the data providers and users. Note also, in many applica-
tion projects class 7, scanning artifacts, is filtered out in pre-processing with heuristic
rule sets. Within the benchmark we prefer to also include that additional classification
problem in the overall machine learning pipeline, and thus do not perform any heuristic
pre-processing.

In our view, large data sets are important for two reasons: a) Typically, real world scan
data are large. To have an impact on real problems, a method must be able to process
large amounts of data. b) Large data sets are especially important for modern machine
learning methods that involve representation learning (i.e., extracting discriminative
low- to high-level features from the raw data). With too small data sets, good results
leave strong doubts about possible overfitting; unsatisfactory results, on the other hand,
are hard to interpret as guidelines for further research: are the mistakes due to short-
comings of the method, or simply caused by insufficient training data?
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5.3.1 Point Cloud Annotation

In contrast to common strategies for 3D data labelling that first compute an automatic
over-segmentation and then label segments, we manually assign each point a class
label individually. Although this strategy is more labor-intensive, it avoids inheriting
errors from the segmentation; and, perhaps more importantly, it ensures that the ground
truth does not contain any biases from a particular segmentation algorithm, that could
be exploited by the classifier and impair its use with other training data. In general,
it is more difficult for humans to label a point cloud by hand than images. The main
problem is that it is hard to select a 3D point on a 2D monitor from a set of millions
of points without a clear neighbourhood/surface structure. We tested two different
strategies:

Annotation in 3D: We follow an iterative filtering strategy, where we manually se-
lect a couple of points, fit a simple model to the data, remove the model outliers and
repeat these steps until all inliers belong to the same class. With this procedure it is
possible to select large buildings in a couple of seconds. A small part of the point
clouds was labeled with this approach by student assistants at ETH Zurich.

Annotation in 2D: The user rotates a point cloud, fixes a 2D view and draws a closed
polygon which splits a point cloud into two parts (inside and outside of the polygon).
One part usually contains points from the background and is discarded. This procedure
is repeated a few times until all remaining points belong to the same class. In the end,
all points are separated into different layers corresponding to classes of interest. This
2D procedure works well with existing software packages [Daniel Girardeau-Montaut,
CloudCompare, 2016] such that it can be outsourced to external labelers more easily
than the 3D work-flow. We used this procedure for all data sets where annotation was
outsourced.

5.4 Methods

Given a set of points (here: dense scans from a static, terrestrial laser scanner), we
want to infer an individual class label per point. We provide three baseline methods
that are meant to represent typical categories of approaches recently used for the task,
covering the state of the art at the time of creating the benchmark.
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Figure 5.3: Top row: projection of ground truth to images. Bottom row: results of
classification with the image baseline. White: unlabeled pixels, black: pixels with no
corresponding 3D point, gray: buildings, orange: man made ground, green: natural
ground, yellow: low vegetation, blue: high vegetation, purple: hard scape, pink: cars

5.4.1 2D Image Baseline

We convert color values of the scans to separate images (without depth) with cube
mapping [Greene, 1986]. Cube maps are centered on the origin of the laser scanner and
we thus do not experience any self-occlusions. Ground truth labels are also projected
from the point clouds to image space, such that the 3D point labeling task turns into
a purely image-based semantic segmentation problem in 2D (Figure 5.3). We chose
the associative hierarchical random fields method [Ladicky et al., 2013] for semantic
segmentation because it has proven to deliver good performance for a variety of tasks
(e.g., [Montoya et al., 2014, Ladický et al., 2014]) and was available in its original
implementation.

The method works as follows: four different types of features – textons [Malik et al.,
2001], SIFT [Lowe, 2004], local quantized ternary patters [Hussain and Triggs, 2012]
and self-similarity features [Shechtman and Irani, 2007] – are extracted densely at
every image pixel. Each feature category is separately clustered into 512 distinct pat-
terns using standard K-means clustering, which corresponds to a typical bag-of-words
representation. For each pixel in an image, the feature vector is a concatenation of
bag-of-word histograms over a fixed set of 200 rectangles of varying sizes. These rect-
angles are randomly placed in an extended neighbourhood around a pixel. We use
multi-class boosting [Torralba et al., 2004] as classifier and the most discriminative
weak features are found as explained in [Shotton et al., 2006]. To add local smoothing
without loosing sharp object boundaries, the model includes soft constraints that favor
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constant labels inside superpixels and class transitions at their boundaries. Super-pixels
are extracted via mean-shift [Comaniciu and Meer, 2002] with 3 sets of coarse-to-fine
parameters as described in [Ladicky et al., 2013]. Class likelihoods of overlapping su-
perpixels are predicted using the feature vector consisting of a bag-of-words represen-
tation for each superpixel. Pixel-based and superpixel-based classifiers with additional
smoothness priors over pixels and superpixels are combined in a conditional random
field framework, as proposed in [Kohli et al., 2008]. The maximum a-posteriori label
configuration is found using a graph-cut algorithm [Boykov and Kolmogorov, 2004],
with appropriate graph construction for higher-order potentials [Ladicky et al., 2013].

5.4.2 3D Covariance Baseline

The second baseline was inspired by [Weinmann et al., 2015b,Hackel et al., 2016b]. It
infers the class label directly from the 3D point cloud using multiscale features and dis-
criminative learning. Again, we had access to the original implementation of [Hackel
et al., 2016b]. That method uses an efficient approximation of multi-scale neighbour-
hoods, where the point cloud is sub-sampled into a multi-resolution pyramid, such that
a constant, small number of neighbours per level captures the multi-scale information.
The multi-scale pyramid is generated by voxel-grid filtering with uniform spacing.

The feature set extracted at each level is an extension of the one decribed in [Wein-
mann et al., 2013]. It uses different combinations of eigenvalues and eigenvectors of
the covariance per point-neighborhood to represent geometric surface properties. Fur-
thermore, height features based on vertical, cylindrical neighbourhoods are added to
emphasize the special role of the gravity direction (assuming that scans are, as usual,
aligned to the vertical). Note that we do not make use of color values or laser inten-
sities. We empirically found that they did not improve the point cloud classification,
moreover color or intensity information is not always available. As classifier, we use
a random forest, for which optimal parameters (number of trees and tree depths) are
found with grid search and five-fold cross-validation.

5.4.3 3D CNN Baseline

We design our baseline for the point cloud classification task following recent ideas of
VoxNet [Maturana and Scherer, 2015] and ShapeNet [Wu et al., 2015] for 3D encoding.
The pipeline is illustrated in Fig. 5.4. Instead of generating a global 3D voxel-grid prior
to processing, we create 16 × 16 × 16 voxel cubes per scan point11. We do this at 5

11This strategy automatically centers each voxel-cube per scan point. Note that for the alternative ap-
proach of a global voxel grid, several scan points could fall into the same grid cell in dense regions of
the scan. This would require scan point selection per grid cell, which is computationally costly and
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Figure 5.4: Our deep neural network baseline.

different resolutions, with voxel sizes ranging from 2.5 cm to 40 cm (multiplied by
powers of 2) and encode empty voxel cells as 0 and filled ones as 1. The input to the
CNN is thus encoded in a multidimensional tensor with 5× 16× 16× 16 cube entries
per scan point.
Each of the five scales is handled separately by a VGG-like [Simonyan and Zisserman,
2014b] network branch that includes convolutional, pooling and ReLU layers. The 5

separate network paths are finally concatenated into a single representation, which is
passed through two fully-connected layers. The output of the second fully-connected
layer is an 8-dimensional vector, which contains the class scores for each of the 8

classes in this benchmark challenge. Scores are transformed to class conditional prob-
abilities with the soft-max function.
Before describing the network architecture in detail we introduce the following nota-
tion:
c(i, o) stands for convolutional layers with 3× 3× 3 filters, i input channels, o output
channels, zero-padding of size 1 at each border and a stride of 1. f(i, o) stands for
fully-connected layers. r stands for a ReLU non-linearity, m stands for a volumetric
max-pooling with receptive field 2×2×2, applied with a stride of 2 in each dimension,
d stands for a dropout with 0.5 probability, and s stands for a softmax layer.

results in (undesired) down-sampling.
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Our 3D CNN architecture assembles these components to a VGG-like network. We
choose the filter size in convolutional layers as small as possible (3 × 3 × 3), as rec-
ommended in recent work [He et al., 2016], to have the least amount of parameters per
layer and, hence, reduce both the risk of overfitting and the computational cost. Each
of the 5 separate network paths, acting at different resolutions, has the sequence:

(c(1, 16), r,m, c(16, 32), r,m, c(32, 64), r,m).

The output is vectorized, concatenated across all branches (scales), and fed through
two fully-connected layers to predict the class responses:

(f(2560, 2048), r, d, f(2048, 8), s).

The network is trained by minimising the standard multi-class cross-entropy loss, with
stochastic gradient descent (SGD, [Bottou, 2010]). The SGD algorithm uses randomly
sampled mini-batches of several hundred points per batch to iteratively update the pa-
rameters of the CNN. We use the popular adadelta [Zeiler, 2012] variant of SGD. We
use a mini-batch size of 100 training samples (i.e., points), where each batch is sampled
randomly and balanced to contain equal numbers of samples per class. We run training
for 74,700 batches and sample training data from a large and representative point cloud
with 259 million points (scan sg28 4). A standard pre-processing step for CNNs is data
augmentation to enlarge the training set and to avoid overfitting. Here, we augment the
training set with a random rotation around the z-axis after every 100 batches. During
experiments it turned out that additional training data did not improve performance.
This indicates that in our case we rather face underfitting (as opposed to overfitting),
i.e., our model lacks the capacity to fully capture all the evidence in the available train-
ing data12. We thus refrain from further possible augmentations like randomly missing
points or adding noise. The network is implemented in C++ and Lua and uses the
Torch7 framework [Collobert et al., 2011] for deep learning. Code and documentation
are available at https://github.com/nsavinov/semantic3dnet.

5.4.4 Submissions to the benchmark

The two top-performing approaches [Boulch et al., 2017,Lawin et al., 2017] submitted
to the benchmark so far13 both project 3D point clouds to 2D images, so as to harness
the strength of well-established CNN models in 2D space. Their strategy is to: (i)
render virtual 2D images from viewpoints in the 3D point cloud; (ii) perform semantic
classification on the 2D images; (iii) lift the results back into 3D space, and merge the

12Our model reaches the hardware limits of our GPU (TitanX with 12GB of RAM), we thus did not
experiment with larger networks at this point.

13as of August 28, 2017
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predictions from different 2D views. In the following, we provide a brief overview of
both methods. Schematic work-flows are shown in Fig. 5.5 & 5.6.

Figure 5.5: Work-flow of the SnapNet approach, figure taken from the original pa-
per [Boulch et al., 2017].

The currently top-performing method is SnapNet [Boulch et al., 2017]. The processing
pipeline consists of four main parts (Fig. 5.5):

1) Point clouds are down-sampled with a voxel grid filter, 3D features are extracted
(e.g., the deviation of surface normals to a vertical vector, sphericity etc.), and 3D
meshes are generated by running the surface reconstruction approach of [Marton et al.,
2009];

2) Virtual images are rendered from meshes at a high number (400 per point cloud for
training) of different camera positions. RGB images as well as composite images with
a channel for depth, the deviation of surface normals and sphericity are computed. For
training and validation sets also virtual ground truth images are rendered. The authors
propose to select camera view points either randomly in the bounding box of the scene
( altitudes vary between 10 and 30 meters above ground) or to apply a multi-scale
strategy, where three camera poses are generated for a subset of points that vary in
distance to the selected point. A 3D mesh viewer renders virtual 2D images from the
mesh.

3) Two different encoder-decoder CNNs, SegNet [Badrinarayanan et al., 2015] and
U-Net [Ronneberger et al., 2015], are compared for semantic labeling of the rendered
virtual images. Moreover, different strategies to combine RGB and depth information
are tested, for example, model averaging and adding a shallow network to the output
of the two separate depth and RGB networks.

4) Class responses of the neural network are back-projected to the mesh and averaged
over the different virtual views. Finally, a kd-tree is used to assign the class label with
the highest class response in the mesh to close points in the point cloud. The overall
best results (i.e., those reported for the benchmark, cf. Tab. 4.2 & 4.3) are obtained with
a combination of U-Net, shallow network for depth and RGB fusion, and multi-scale
view generation.
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Figure 5.6: Work-flow of DeePr3SS, figure borrowed from the original paper [Lawin
et al., 2017].
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The second-best submission at present is DeePr3SS [Lawin et al., 2017] (Fig. 5.6),
which follows a coneptually similar strategy as [Boulch et al., 2017]:

1) Virtual images with RGB channels as well as channels for depth and surface normals
are rendered directly from the point clouds by point splatting [Zwicker et al., 2001]
(which, unlike [Boulch et al., 2017], works without an intermediate mesh generation
step). In total, 120 camera views are rendered per point cloud by rotating the camera
around four vertical axis in the scene. Low quality images are discarded by using two
filter strategies: First, images with a coverage below a threshold are removed. Second,
views which are too close to large objects are neglected by thresholding the percentage
of small depths.

2) Semantic segmentation is performed using fully convolutional networks, where the
different inputs are fused by using a multi-stream architecture [Simonyan and Zis-
serman, 2014a] that averages the output of the different streams. The authors use
pre-trained VGG16 networks [Simonyan and Zisserman, 2014b] for each stream and
experiment with different combinations of streams for RGB, depth and normal chan-
nels. As often done, pre-training is performed on the ImageNet dataset [Russakovsky
et al., 2015].

3) Finally, class responses of the CNN are back-projected to the point cloud. Mapping
between 3D points and pixels in the virtual images is given by rendering with point
splatting. Class responses of the CNN for all pixels which correspond to the same 3D
point are summed up, and the maximum average class response is used as final class
label. The authors report that the multi-stream architecture with streams for all RGB,
depth and normal channels works best (that workflow is used to produce numbers
shown in Tab. 4.3 for the benchmark) for DeePr3SS.

Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

SnapNet 0.674 0.910 unknown 0.896 0.795 0.748 0.561 0.909 0.365 0.343 0.772
HarrisNet 0.623 0.881 unknown 0.818 0.737 0.742 0.625 0.927 0.283 0.178 0.671
TMLC-MS 0.494 0.850 38421 0.911 0.695 0.328 0.216 0.876 0.259 0.113 0.553
TML-PC 0.391 0.745 unknown 0.804 0.661 0.423 0.412 0.647 0.124 0.0* 0.058

Table 5.3: Semantic3d benchmark results on the full data set: 3D covariance baseline
TMLC-MS, 2D RGB image baseline TML-PC, and first submissions HarrisNet and
SnapNet. IoU for categories (1) man-made terrain, (2) natural terrain, (3) high vegeta-
tion, (4) low vegetation, (5) buildings, (6) hard scape, (7) scanning artefacts, (8) cars.
* Scanning artefacts were ignored for 2D classification because they are not present in
the image data.
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Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

SnapNet 0.591 0.886 3600 0.820 0.773 0.797 0.229 0.911 0.184 0.373 0.644
DeePr3SS 0.585 0.889 unknown 0.856 0.832 0.742 0.324 0.897 0.185 0.251 0.592
TMLC-MSR 0.542 0.862 1800 0.898 0.745 0.537 0.268 0.888 0.189 0.364 0.447
DeepNet 0.437 0.772 64800 0.838 0.385 0.548 0.085 0.841 0.151 0.223 0.423
TML-PCR 0.384 0.740 unknown 0.726 0.73 0.485 0.224 0.707 0.050 0.0* 0.15

Table 5.4: Semantic3d benchmark results on the reduced data set: 3D covariance base-
line TMLC-MSR, 2D RGB image baseline TML-PCR, and our 3D CNN baseline Deep-
Net. TMLC-MSR is the same method as TMLC-MS, the same goes for TMLC-PCR and
TMLC-PC. In both cases R indicates classifiers on the reduced dataset. IoU for cate-
gories (1) man-made terrain, (2) natural terrain, (3) high vegetation, (4) low vegetation,
(5) buildings, (6) hard scape, (7) scanning artefacts, (8) cars. * Scanning artefacts were
ignored for 2D classification because they are not present in the image data.

5.5 Evaluation

We follow the Pascal VOC challenge [Everingham et al., 2010] and choose the Inter-
section over Union (IoU ), averaged over all classes, as our principal evaluation met-
ric.14. Let the classes be indexed with integers from {1, . . . , N}, with N the number
of different classes. Let C be an N × N confusion matrix of the chosen classifica-
tion method, where each entry cij is a number of samples from ground-truth class i
predicted as class j. Then the evaluation measure per class i is defined as

IoUi =
cii

cii +
∑
j 6=i

cij +
∑
k 6=i

cki
. (5.1)

The main evaluation measure of our benchmark is thus

IoU =
1

N

N∑
i=1

IoUi. (5.2)

We also report IoUi for each class i and overall accuracy

OA =

N∑
i=1

cii

N∑
j=1

N∑
k=1

cjk

(5.3)

as auxiliary measures and provide the confusion matrix C. Finally, each participant
is asked to specify the time T it took to classify the test set as well as the hardware

14IoU compensates for different class frequencies as opposed to, for example, overall accuracy that
does not balance different class frequencies, thus giving higher influence to large classes.
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used for experiments. The computation time (if available) is important to understand
how suitable the method is in real-world scenarios, where usually billions of points are
required to be processed.

For computationally demanding methods we additionally provide a reduced challenge,
consisting of a subset of the original test data. The results of our baseline methods as
well as submissions are shown in Table 5.3 for the full challenge and in Table 5.4 for
the reduced challenge. Of the three published baseline methods the classical machine
learning pipeline with hand-designed, covariance-based features performs better than
simplistic color image labeling without 3D information, and it also beats our simple
CNN baseline, DeepNet. Due to its computational cost we could only run the DeepNet
on the reduced data set. We note that DeepNet is meant as a baseline for “naive” appli-
cation of CNNs to point cloud data, we do expect a more sophisticated, higher-capacity
network to perform significantly better. Both SnapNet and DeePr3SS comfortably beat
all baselines.

On the full challenge, two CNN methods, SnapNet and HarrisNet (unfortunately un-
published), already beat our best baseline by a significant margin (Table 5.3) of 12

respective 18 percent points. This indicates that deep learning seems to be the way
to go also for point clouds, if enough training data is available. However, it should
be noted that both SnapNet and HarrisNet are no true 3D-CNN approaches in the
sense that they do not process 3D data directly. Both methods side-step 3D process-
ing and cast semantic segmentation of point clouds as a 2D image labeling problem.
For the future of the benchmark it will be interesting how true 3D-CNN approaches
like [Riegler et al., 2017, Tatarchenko et al., 2017, Qi et al., 2017a] will perform. As
a lesson learned, a future update of the benchmark should include multi-station point
clouds that challenge the reprojection strategy.

5.6 Benchmark Statistics

Class distributions in the test and training sets are rather similar, as shown in Figure
5.7a. Interestingly, the class with most samples is man-made terrain because, out of
convenience, operators in the field tend to place the scanner on flat and paved ground.
Recall also the quadratic decrease of point density with distance to the scanner, such
that many samples are close to the scanner. The largest difference between samples
in test and training sets occurs for class building. However, this does not seem to
affect the performance of the submissions so far. The most difficult classes, scanning
artefacts and cars, have only few training and test samples and a large variation of
possible object shapes. Scanning artefacts is probably the hardest class because the
shape of artefacts mostly depends on the movement of objects during the scanning
process. Note that, following discussions with industry professionals, the class hard
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(a)

(b)

Figure 5.7: (a) Number of points per class over all scans and (b) ground truth label
errors estimated in overlapping parts of adjacent scans.

scape was designed as a sort of “clutter class” that contains all sorts of man-made
objects except for buildings, cars and the ground.

In order to quantify the quality of the manually acquired labels, we also checked the
label agreement among human annotators. This provides an indicative measure how
well different annotators agree on the correct labeling, and can be viewed as an in-
ternal check of manual labeling precision. To estimate the label agreement between
different human annotators, we inspect areas where different scans of the same scene
overlap (recall that overlaps of adjacent scans can be established precisely, via artifi-
cial markers placed in the scenes). Since we cannot rule out that some overlapping
area might have been labeled twice by the same person (labeling was outsourced and
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we thus do not know exactly who annotated what), the observed consistency might
in the worst case be slighty too optimistic. Even if scan alignments would be perfect
without any error, no exact point-to-point correspondences exist between two scans,
because scan points acquired from two different locations will not fall exactly onto
the same 3D location. We thus have to resort to nearest-neighbor search to find point
correspondences. Moreover, not all scan points have a corresponding point in the adja-
cent scan. A threshold of 5 cm on the distance is used to ignore those points where no
correspondence exists. Once point correspondences have been established, it is pos-
sible to transfer the annotated labels from one point cloud to the other and compute a
confusion matrix. Note that this definition of correspondence is not symmetric, “for-
ward” point correspondences from cloud A to cloud B are not in all cases the same
as “backward” correspondences from cloud B to cloud A. For each pair, we calcu-
late two intersection-over-union (IoUi) values, which indicate negligible differences
between forward and backward matching, an overall disagreement < 3%, and a maxi-
mum label disagreement for the worst class (low vegetation) of < 5%, see Figure 5.7b.
Obviously, no correspondences between asynchronously acquired scans can be found
on moving objects, so we ignored the class scanning artefacts in the evaluation.

5.7 Conclusion and Outlook

The semantic3D.net benchmark provides a large set of high quality, individual ter-
restrial laser scans with over 4 billion manually annotated points and a standardized
evaluation framework. The data set has been published recently and the first results
have been submitted. These already show that deep learning, and in particular ap-
propriately adapted and well-engineered CNNs, outperform the leading conventional
approaches, such as our covariance baseline, on large 3D laser scans. Interestingly,
both top-performing methods SnapNet and HarrisNet are no true 3D-CNN approaches
in the sense that they do not process 3D data directly. Both methods cast semantic
point cloud segmentation as a 2D image labeling problem. This leaves room for meth-
ods that directly work in 3D and we hope to see more submissions of this kind in the
future.

We are confident that, as more submissions appear, the benchmark will enable ob-
jective comparisons and yield new insights into strengths and weaknesses of different
classification approaches for point clouds, and that the common testbed can help to
guide future research efforts. We hope that the benchmark meets the needs of the re-
search community and becomes a central resource for the development of new, more
efficient and more accurate methods for semantic data interpretation in 3D space.
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Chapter 6
Inference, Learning and Attention Mechanisms that Exploit
and Preserve Sparsity in Convolutional Networks

Abstract

While CNNs naturally lend themselves to densely sampled data, and sophisticated im-
plementations are available, they lack the ability to efficiently process sparse data. In
this work we introduce a suite of tools that exploit sparsity in both the feature maps
and the filter weights, and thereby allow for significantly lower memory footprints and
computation times than the conventional dense framework when processing data with
a high degree of sparsity. Our scheme provides (i) an efficient GPU implementation
of a convolution layer based on direct, sparse convolution; (ii) a filter step within the
convolution layer, which we call attention, that prevents fill-in, i.e., the tendency of
convolution to rapidly decrease sparsity, and guarantees an upper bound on the com-
putational resources; and (iii) an adaptation of the back-propagation algorithm, which
makes it possible to combine our approach with standard learning frameworks, while
still exploiting sparsity in the data and the model.

6.1 Introduction

Deep neural networks are nowadays the most popular and most successful tool for
a wide spectrum of computer vision problems [Krizhevsky et al., 2012, Long et al.,
2015, Ren et al., 2015]. A main reason for their spectacular comeback, perhaps even
the single most important factor besides much larger training data sets, is the enormous
gain in computational efficiency brought about by highly efficient parallel computing
on GPUs. Both the response maps (feature maps) within the neural network and the pa-
rameters (filter weights) of the network form regular grids that are conveniently stored
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Figure 6.1: Activations for one channel of the first, second and third convolutional
layer after one training epoch, in a neural network for MNIST digit classification. Top:
dense network; Bottom: sparse network with upper bound of ρup = 15% density per
channel

and processed as tensors. However, when going beyond standard image processing
tasks, regular grids can be a somewhat unnatural and suboptimal representation, for
instance for decentralised multi-sensor systems, or for unstructured 3D point clouds.

Typically, point clouds are acquired with line-of-sight instruments, thus the large ma-
jority of points lies on a small number of 2D surfaces. When represented as a 3D voxel
grid they therefore exhibit a high degree of sparsity: most voxels are empty; while at
the same time 3D data processing with CNNs is seriously challenged by the high mem-
ory demands [Brock et al., 2016, Wu et al., 2015, Maturana and Scherer, 2015, Huang
and You, 2016]. A counter-measure is to make explicit the sparsity of the feature maps,
(see example in Figure 6.1). One way to do this is to change the data representation,
e.g. , [Riegler et al., 2017] use an octree instead of regular voxels. Another possibility
is to store the voxel grids as sparse tensors, usually implemented as compressed sparse
rows (CRS) or index-value pairs.

It can also be beneficial to represent the CNN parameters in a sparse fashion. This
can potentially improve both runtime and – perhaps more important for modern, deep
architectures – memory footprint; especially if the sparsity is promoted already during
training through appropriate regularisation. It is obvious that, in a sufficiently sparse
setting, a significant speed-up can be achieved by performing convolutions directly,
incrementally updating a layer’s output map only where there are non-zero entries in
the input map as well as non-zero filter weights. This has recently been confirmed in-
dependently by two concurrent works [Engelcke et al., 2017, Park et al., 2017]. Direct
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convolution guarantees that only the minimum number of necessary operations is car-
ried out. However, the selective, incremental updating only at indexed locations makes
parallelisation harder. This may be the reason why, to our knowledge, no practical
implementation with sparse feature maps exist (in [Park et al., 2017], a smaller gain is
achieved by storing only the filter weights in CRS format). In this work we develop a
framework to exploit both sparse feature maps and sparse filter parameters in CNNs.
To that end (i) we provide a sparse Direct Convolution Layer, as well as sparse versions
of the ReLU and max-pooling layers; (ii) we extend the back-propagation algorithm to
preserve sparsity and make our sparse layers usable with existing optimization routines
that are available in modern deep learning frameworks, which have been designed for
dense data; (iii) we propose to add a density-dependent regulariser that encourages
sparsity of the feature maps, and a pruning step that suppresses small filter weights.
This regularisation in fact guarantees that the network gets progressively faster at its
task, as it receives more training. All these steps have been implemented on GPU as
extensions of Tensorflow, for generic n-dimensional tensors. Source code and data
are publicly available1. We test our sparse CNN structure both on a sparse version of
MNIST and on realistic 3D data sets, and show that it outperforms its dense counter-
part in terms of both runtime and memory footprint when processing data with a high
degree of sparsity.

6.2 Related Work

Dense CNN for sparse data. Neural networks, usually of the deep, convolutional
network flavour, offer the possibility to completely avoid heuristic feature design and
feature selection. They are at present immensely popular in 2D image interpreta-
tion. Recently, deep learning pipelines have been adapted to voxel grids [Prokhorov,
2010, Lai et al., 2014, Maturana and Scherer, 2015, Wu et al., 2015] ,RGB-D im-
ages [Song and Xiao, 2016] and video [Karpathy et al., 2014], too. Being completely
data-driven, these techniques have the ability to capture appearance (intensity patterns)
as well as geometric object properties. Moreover, their multi-layered, hierarchical ar-
chitecture is able to encode a large amount of contextual information. A general draw-
back when directly applying 3D-CNNs to (dense) voxel grids derived from (originally
sparse) point clouds is the huge memory overhead for encoding empty space. Com-
putational complexity grows cubically with respect to voxel grid resolution, but in fact
high resolution would only be needed at object surfaces.

1https://github.com/TimoHackel/ILA-SCNN
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Data sparsity. Therefore, more recent 3D-CNNs exploit the sparsity of occupied
voxels prevalent in practical voxel grids. Graham et al. [Graham, 2014] introduced
a sparse CNN, which takes into account sparsity but is limited to small resolutions
due to decreasing sparsity in convolutional layers. In their publication they consider
resolutions of up to 803 voxels. Another strategy is to resort to an octree representa-
tion, where empty space (and potentially also large, geometrically simple object parts)
are represented at coarser scales than object details [Riegler et al., 2017, Tatarchenko
et al., 2017]. Since the octree partitioning is a function of the object at hand, an im-
portant question is how to automatically adapt to new, previously unseen objects at
test time. While [Riegler et al., 2017] assume the octree structure to be known at test
time, [Tatarchenko et al., 2017] learn to predict the octree structure together with the
labels. This allows generalization to unseen instances of a learned object category,
without injecting additional prior knowledge. Häne et al. [Häne et al., 2017] uses a
coarse-to-fine scheme to hierarchically predict the values of small blocks of voxels in
a voxel block octree. Another strategy is to rely only on a small subset of the most
discriminative points, while neglecting the large majority of less informative ones [Li
et al., 2016, Qi et al., 2017a, Qi et al., 2017b]. The idea is that the network learns how
to select the most informative points from training data and aggregates information
into global descriptors of object shape via fully-connected layers. This allows for both
shape classification and per-point labeling, while using only a small subset of points,
resulting in significant speed and memory gains. Recently, Graham et al. [Graham
and van der Maaten, 2017, Graham et al., 2017] advocate the strategy to perform con-
volutions only on non-zero elements in the feature map and find correspondences with
the help of hash tables. However, to limit activations to non-zero elements of the input
can increase the error and slow down learning.

Parameter sparsity. Several works address the situation that the model parameters
are sparse. Denil et al. [Denil et al., 2013] reduce the network parameters by ex-
ploiting low rank matrix factorization. Liu et al. [Liu et al., 2015] exploit the decom-
position of matrices to perform efficient convolutions with sparse kernel parameters.
Jaderberg et al. [Jaderberg et al., 2014] as well as Denton et al. [Denton et al., 2014]
approximate convolutional filters to achieve a faster runtime. Han et al. [Han et al.,
2015] use connection pruning to reduce the number of network parameters. Wen et
al. [Wen et al., 2016] reduce the parameters of a pre-trained network with structured
sparsity learning.

Direct Convolutions. The works of Park et al. [Park et al., 2017], Engelcke et
al. [Engelcke et al., 2017] and Parashar et al. [Parashar et al., 2017] are the most
related ones to our approach, in that they also perform convolutions in a direct man-
ner to efficiently exploit sparseness in network parameters and feature maps. While
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Park et al. use compressed rows as sparse tensor format for the filter parameters, nei-
ther [Engelcke et al., 2017] nor [Park et al., 2017] uses a sparse tensor format for
both filter parameters and feature maps. Parashar et al. [Parashar et al., 2017] imple-
ment sparse convolutions on a custom-designed hardware to achieve an energy- and
memory-efficient deep CNN. Note that even though all three works follow a similar
idea, only Parashar et al. exploit sparsity in both the parameters and the data, with
compressed sparse blocks, but require dedicated, non-standard hardware.

6.3 Method

At a conceptual level, it is a general theme of computing to speed up computations
and reduce memory usage by exploiting sparsity in the data. In the following section,
we propose a number of ways to do the same for the specific case of neural network
layers, always keeping in mind the specific requirements and limitations of modern
GPU architectures. Throughout, sparse tensors are represented and manipulated in a
format similar to Coordinate List2, which stores indices into the sparsely populated
grid and the corresponding data entries in separate tensors, and is available in the
“SparseTensor” implementation of Tensorflow. To minimise memory overhead, the
indices of the form {batch, indexx, indexy, ..., channel} are compressed into unique
1D keys and only expanded when needed.

In order to achieve coalesced memory access, which permits efficient caching and thus
fast memory access, the tensors for feature maps are sorted w.r.t. batches and within
each batch w.r.t. channels. Likewise, filter weights are sorted w.r.t. the output channels
and within each channel w.r.t. the input channels. Compared to dense tensors, the
sparse representation naturally adds some overhead. For instance, in our implemen-
tation we use 64 bit keys, and 32 bit depth for feature maps. Consequently, storing a
dense feature map (100% density) required 3×more memory. For densities <33% the
sparse representation is more efficient, and at low densities the savings can be quite
dramatic, e.g., at density 1% the sparse version uses 97% less memory.

6.3.1 Sparse Convolution

Our convolutional layer is designed to work with sparse tensors for both feature maps
and filter weights. Feature maps are updated incrementally with atomic operations,
c.f. algorithm 2, where atomic operations are small enough to be thread-safe, even if
no locking mechanism is used. In that respect it is similar to two concurrent works

2We have also experimented with other sparse formats, like compressed sparse blocks; but found none
of them to work as well, mainly due to limitations and idiosyncrasies of current GPU hardware.
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[Parashar et al., 2017, Park et al., 2017]. In practice, the incremental update is limited
by the current hardware design, since atomic operations are slightly slower than non-
atomics: at present, off-the-shelf GPUs do not offer native support for atomic floating
point operations in shared memory, although they do for more costly CAS instructions.
Yet incremental updating is significantly faster, because it performs only the minimum
number of operations necessary to obtain the convolution, while avoiding to multiply
or add zeros.

Algorithm 2 Direct Sparse Convolution with Attention
1: decompress filter and data indices from 1D to kD
2: for b ∈ [0 : batch count] do
3: for oc ∈ [0 : out channel count] do
4: initialize dense buffer with 0
5: for ic ∈ [0 : in channel count]) do
6: for {id, val} ∈ data(b, ic) do
7: for {fid, fval} ∈ filter(oc, ic) do
8: compute uid with get update id(id, fid)
9: atomically add val · fval to buffer at uid

10: end for
11: end for
12: end for
13: get non-zero entries from buffer
14: add bias to non-zero entries in buffer
15: select k largest responses from non-zero entries
16: compress ids of k largest responses from kD to 1D
17: write k largest features and ids as sparse output
18: end for
19: end for

The sparse convolution is computed sequentially per output channel and batch, but
in parallel across input channels, features and filter weights. Its result is stored in a
temporary, dense buffer with dimensions for batches and output channels set to 1, e.g.,
{db = 1, dx, dy, ..., dc = 1}. This buffer increases with the resolution of the data,
i.e., quadratically for 2D images, cubically for 3D volumes, etc. . Still, it is in practice
a lot smaller than a typical dense tensor with correct dimensionality for batches and
channels, such that volumes up to 5123 can be processed on a single graphics card
(Nvidia Titan Xp, 12 GB).

6.3.2 Preserving sparsity with attention

Convolution with kernels larger than (1×1) generates fill-in, i.e., it reduces the sparsity
of a feature map, by construction. C.f. Figure 6.2. This “smearing out” of the sparse in-
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Figure 6.2: The fill-in (decrease in sparsity) due to convolutions depends on the data
distribution. Uniformly distributed data is affected most strongly, e.g., in 3D data every
3× 3× 3 filter would increase the density by a factor of 27, until data is dense.

puts usually only has a small influence on the output of the network, see section 6.4.2.
But it considerably increases memory consumption and runtime, especially when oc-
curring repeatedly over multiple layers. In order to guarantee upper bounds on the
memory footprint and runtime of the network, we propose to apply a k-selection filter
on each output channel, keeping only the k strongest responses. This can be seen as an
approximation of the exact convolution output where small responses are suppressed,
but using an adaptive threshold that supresses only as many values as necessary to
maintain a desired degree of sparsity.

The parameter k controls the sparsity, and thus the memory consumption, of the convo-
lutional layers. Processes that aim to optimally direct and manage the limited resources
available for some cognitive task are commonly referred to as attention. We have im-
plemented two versions of our simple attention mechanism via k-selection [Alabi et al.,
2012]: (i) acts on the raw responses, so it prefers large positive responses, making it
similar to a rectified linear unit; (ii) picks the k values with the largest absolute values,
expressing a preference for responses with large magnitude. The time complexity of
this layer is given by:

O
(
(ρd · ρf · skf · cin + log(skd)) · skd · cout · b

)
, (6.1)

where k is the dimension of the data, sd its resolution and ρd its density, sf denotes
the size of the filter and ρf the density of the filter. The number of batches is b and the
number of input and output channels of the layer are cin and cout, respectively.

6.3.3 Pooling Layer

Our sparse pooling layer goes through three straight-forward stages. First, features are
assigned to an output (hyper-) voxel, by dividing the data channels of their index by
strides. Second, the data is sorted w.r.t. voxels, so that all responses within the same
voxel are clustered together. Third, the pooling operator is applied separately to each
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cluster. So far, we have implemented only max-pooling. Clearly, the time complexity
of the pooling layer is

O
(
ρd · skd · log(ρd · skd) · cin · b

)
. (6.2)

6.3.4 Direct Sparse Backpropagation

Our target for back-propagation is again to skip operations that can be avoided due
to sparsity. We must propagate error gradients only to all those features which have
produced evidence, in the form of non-zero responses during the forward pass. Yet,
the same performance issues already discussed for the forward pass apply also to the
backward pass: back-propagation through a convolutional layer is itself a convolution
and therefore produces fill-in, increasing memory use and runtime.

Contrary to the forward pass, it is not advisable to bound the fill-in with the k-selection
technique, since this will not prevent the back-propagated error gradients from spread-
ing to zero activations and vanishing, while smaller gradients flowing towards non-zero
activations might be missed. It is evident that this effect could seriously slow down the
training process. Hence, we propose to use a stricter back-propagation, which only
propagates errors L to non-zero features x and model parameters w:

∂L

∂xi
=

{
0 for xi = 0
∂L
∂y

∂y
∂xi
, else

(6.3)

∂L

∂wi
=

{
0 for wi = 0
∂L
∂y

∂y
∂wi

, else
(6.4)

Here, weights are considered equal to zero only if they have been explicitly removed by
pruning, so as to avoid suppressing the gradients of weights that pass through wi = 0

while changing sign. Note the similarity of our approximated back-propagation to the
back-propagation through an arbitrary layer with ReLU activation function:

∂L

∂x
=

{
0 for yi ≤ 0
∂L
∂y′i

∂yi
∂x
, else , (6.5)

where yi denotes the output of the layer before applying the ReLU and y′i denotes the
output of the ReLU. Conventional back-propagation sets values to zero in function of
the layer output yi, whereas we do so as in function of the input features xi.

Neglecting zero-elements slightly reduces the efficiency per learning iteration, since
not all error gradients are propagated anymore. However, it has a number of advan-
tages: (i) The tensors used for back-propagation have fixed size and shape. Therefore,
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Algorithm 3 Backpropagation for Convolutional Layer
1: initialize bp data with shape(input values) and 0
2: initialize bp filter with shape(filter weights) and 0
3: decompress filter and data indices from 1D to kD
4: for b ∈ [0 : batch count] do
5: for oc ∈ [0 : out channel count] do
6: initialize dense buffer with gradients(b, oc)
7: for ic ∈ [0 : in channel count]) do
8: for {id, val} ∈ data(b, ic) do
9: for {fid, fval} ∈ filter(oc, ic) do

10: compute uid with get update id(id, fid)
11: get gradient g from buffer at uid
12: atomically add g · fval to bp data at id
13: atomically add g · val to bp filter at fid
14: end for
15: end for
16: end for
17: end for
18: end for

one can still use optimization frameworks that have been designed for dense data, and
expect fixed and known array dimensions; (ii) By considering only gradients on non-
zero elements of the forward pass, back-propagation can be implemented in a clean
and transparent manner. E.g. for convolutional layers one obtains Algorithm 3, which
is very similar to Algorithm 2; (iii) Once a filter weight has been set to zero (see
section 6.3.6 on pruning weights during learning), it will remain zero. Below, we will
describe how this property can be used to guarantee that the network gets progressively
faster at its task as the learning proceeds and it sees more training data.

6.3.5 Adaptive density regularisation

The methods in Sections 6.3.2 and 6.3.4 directly impose upper bounds on network
density. There is, however, a computationally more efficient way to encourage sparsity
of the feature maps, such that the sparsity thresholds are rarely exceeded in the first
place, and the more costly k-selection step is avoided. That strategy makes use of the
properties of the rectified linear unit (ReLU ), which is the most popular activation
function in modern CNNs. The ReLU , by definition, truncates negative activations to
zero while leaving positive ones unchanged. This means that we only have to include
a regularisation that pushes down the values (not magnitudes) of filter weights (and
biases). By doing so, more weights will be driven into the negative region, where they
are extinguished by the subsequent ReLU . Moreover, the same idea can be used to
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reduce sparsity when it is not needed, and optimally use the available resources: when
too few activations are > 0, one drives the filter weights up, so that fewer of them are
suppressed by the ReLU . To achieve the desired effect, we simply add a bias b to the
L2-regularisation, so that the regulariser becomes

∑
(w + b)2. The scalar b is positive

when the density ρ is too large, and negative when it is overly small:

b =


o+ b1 · (ρ− ρup) ρ > ρup

(exceeds available resources)

−b2 · (ρup − ρ) ρ ≤ ρup

(not using available resources)

(6.6)

with ρup the upper bound implied by the k-selection filter, and o, b1, b2 ≥ 0 control
parameters. The offset o adds an additional penalty for exceeding the available re-
sources, since this case requires the use of the k-selection filter and, hence, increases
the computational load.

6.3.6 Parameter Pruning

As explained above, our training algorithm has the following useful properties: (i) The
regulariser in section 6.3.5 encourages small model parameters. ii) The sparse back-
propagation in section 6.3.4 ensures that, once set to zero, model parameters do not
reappear in later training steps. Together, these two suggest an easily controllable way
to progressively favour sparsity during training: At the end of every training epoch we
screen the network for weights w that are very small: |wi| < ε. If the magnitude of a
weight wi stays low for two consecutive epochs (meaning that it was already close to
zero before, and that did not change during one epoch of training) we conclude that it
has little influence on the network output and prune it (one-warning-shot pruning). We
note that a small weight should not be pruned when first detected, without the “warning
shot”: it could have a large gradient and just happen to be at its zero-crossing from a
large positive to a large negative value (or vice versa) at the end of the epoch. On the
contrary, it is very unlikely to observe a weight exactly at its zero-crossing twice in a
row in consecutive epochs.

Since a weight, once set to zero, will not reappear with our sparse back-propagation,
every pruning reduces the number of non-zero weights, unless all remaining weights
have relevant magnitude, in which case their number stays the same. It is thus guar-
anteed that the network become sparser, and therefore also faster at the task it is
learning, as it sees more and more training data, c.f. equation (6.1). We note, it is
well-documented that biological systems get faster at a specific task with longer train-
ing [Robertson, 2007, Nissen and Bullemer, 1987].
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6.4 Evaluation

In this section we evaluate the impact of upper bounds and regularization on runtime
and classification accuracy. The sparse network was implemented into the Tensorflow
framework and programmed in C++/CUDA with a python interface. Our experiments
were run on PCs with Intel Core i7 7700K processors, 64GB RAM and Titan Xp
GPUs. For the evaluation of memory footprint and runtime of our convolutional layer
a synthetic dataset of sparse random tensors is used and compared against the dense
layers of tensorflow 1.4, which was compiled with Cuda 9.0 and CuDNN 6.0.

We conduct different experiments to evaluate the effects of our sparse network on clas-
sification accuracy: First, the impact of upper bounds on classification is evaluated by
performing a grid search on the upper bound ρup in the convolutional layers. For this
experiment the MNIST data set [LeCun et al., 1998] is used, as it is small enough to
perform grid search in a reasonable amount of time and can be interpreted as sparse
data (1D lines in 2D images). Second, the effects of pruning on runtime and classifi-
cation accuracy are shown using the ModelNet data set [Wu et al., 2015], by varying
the strength λ of the regularisation. Modelnet40 provides 3D CAD models of 40 dif-
ferent classes. Furthermore, the classification results of different baseline methods are
compared on this data set. Training on Modelnet40 is performed for 90 epochs with
a learning rate of 0.001. Minimisation is done by stochastic gradient descent with the
adagrad optimizer [Duchi et al., 2011].

6.4.1 Runtime and Memory Footprint

For the evaluation of runtime, convolutions are performed on a sparse voxel grid filled
with random numbers. The resolution of the voxel grid r3 is varied between r = 16

and r = 256. To achieve the expected data density of a 2D surface in a 3D voxelgrid
the data density ρ as well as the upper bound on the per-channel density ρup are set to
ρ = ρup =

1
r
. In order to compute the high resolution r = 256 with dense convolutional

layers, the mini-batch size and channel size had to be set to one3, while the number
of output channels was set to 8. The density ρf of the filter weights is varied between
0.1 and 1. As baseline we use the convolutional layer of Tensorflow [Abadi et al.,
2016], which performs convolutions via the fast Fourier transform and batched general
matrix-matrix multiplication from cuBlas, as front end to cuDNN [Chetlur et al., 2014].
We note that processing only a single input channel does not play to the strength of our
sparse network. Moreover, Tensorflow is able to use the full capability of the GPU,
while our implementation is limited to performing operations in global memory, due
to the weak support for atomic floating point operations in shared memory. These

3Protobuf limits the size of single tensors to 2 GB.
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Figure 6.3: Runtime of a dense convolution layer in Tensorflow and our sparse con-
volution layer. The runtime (left) and runtime ratio (right) on random sparse input are
plotted for different resolutions r3. Both the density of the input and the upper bound
for the sparse output are set to ρ = ρup = 1

r
. The density of the convolution kernel

varies as ρf ∈ {0.1, 0.3, 0.5, 1}. At large resolutions the sparse layer is significantly
faster.

Resolution 323 643 1283 2563

Dense [GB] 0.04 0.27 2.15 17.18
Sparse 32 [GB] 2 · 10−3 8 · 10−3 0.03 -
Sparse 64 [GB] 3 · 10−3 0.013 0.05 0.2

Sparse Temp [GB] 3 · 10−4 0.002 0.016 0.13

Table 6.1: Theoretical memory required at different resolutions r for a convolutional
layer with minibatch size 32, output depth 8 and upper bound ρup = 1

r
.

advantages are seen especially at small resolutions r and large densities. In the worst
case, at r = 32 tensorflow is ≈ 9× faster than our implementation. In the best case, at
r = 256 and ρf = 0.1, we are ≈ 14× faster, as shown in Figure 6.3.

Table 6.1 shows the memory requirements for dense and sparse convolutional layers
at various resolutions r, a minibatch size of 32, 8 output channels and an upper bound
ρup = 1

r
. For our sparse representation we consider both the memory consumption

with 64-bit indices and with 32-bit indices. At large resolutions our memory footprint
is about two orders of magnitude smaller.

6.4.2 Contribution of small feature responses

In the context of sparsity the question arises, whether zero-valued features contribute
valuable information. Two recent works tried to answer this question. On the one
hand, Graham et al. [Graham and van der Maaten, 2017] found that they reach the
same accuracies as dense networks for their application, while completely neglecting
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Figure 6.4: Effect of removing small features with upper bound ρup. (a) convergence
of the training loss and (b) runtime, measured on the sparse MNIST data set. Stricter
upper bounds slow down convergence, but reduce runtime.

zero-valued features. On the other hand, Uhrig [Uhrig et al., 2017] concluded that for
certain tasks zero-valued features may be beneficial. For our network it is possible to
assess the importance of small feature responses (not limited to exact zero-values) by
training neural networks with varying upper bounds. For this experiment, CNNs are
trained on MNIST for 10 epochs without regularization. The optimization is performed
with adagrad and a learning rate of 0.01.

The pixels in MNIST were set to zero when their value v ∈ [0, 255] was below a
threshold of v < 50, to obtain a sparse dataset with average density ρin = 0.23,
while the upper bound ρup ranges from ρup = 0.035 to ρup = 0.095. Note that even
though letters can be interpreted as 1D lines in 2D images, the MNIST data has a low
resolution of only 28× 28 pixels. Hence, the data is still not extremely sparse. Except
for few outliers, the results in Figure 6.4a show a slower converges of the training
loss with lower upper bounds on the density of the layers. This reduced convergence
is caused by dropping some gradients in the backpropagation, as described in section
6.3.4. However, smaller upper bounds not only guarantee a small memory footprint,
but also tend to yield faster runtime, as seen in Figure 6.4b. The classification results
on the test set differ by less than 1.5% between the strictest upper bound and the dense
case.

6.4.3 Regularization and Pruning

With our sparsity-inducing pruning and regularisation, we expect to see faster runtime
for stronger regularisers. In order to verify this behaviour, neural networks are trained
on Modelnet40 with varying regularisation scales λ ∈ {0, 0.1, 0.2, 0.3}. The bias
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Figure 6.5: Influence of adaptive density regularisation and pruning on (a) the num-
ber of (non-zero) parameters in the convolutional layer, (b) the runtime per training
epoch, and (c) the overall accuracy on the Modelnet40 test set. Strong regularisation
and pruning significantly reduce the number of parameters and the runtime, without
noticeable impact on accuracy.
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Figure 6.6: Performance of our sparse network on Modelnet40, compared to two base-
lines, the equivalent dense network and OctNet. (left) overall accuracy for different
upper density bounds; (right) overall accuracy for different input resolutions.

for density-based regularization is computed with b1 = b2 = o = 0.1. Stronger
regularisation decimates the number of (non-zero) filter weights faster, as shown in
Figure 6.5a. It can also be seen that the number of parameters converges when only
a fixed set of important weights is left. The drop in non-zero weights also reduces
runtime, see Figure 6.5b.

After 90 epochs of training, a network regularised with λ = 0.3 is 51% faster than
one trained without regularisation and pruning, even though only the first nine out of
twelve convolutional layers are set to be sparse. Strong regularisation λ ∈ {0.2, 0.3}
initially causes an increase in runtime, by driving up the number of non-zero weights
to use the available resources via the bias term b2.. The classification accuracy for all
tested regularization scales quickly converges to practically identical values, as shown
in Figure 6.5c. We point out that pruning finds the most suitable sparsity pattern for a
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given training set. When using a pruned model for transfer learning, it may be safer to
re-initialize the removed filter weights of the sparse representation with zeros before
fine-tuning.

6.4.4 Classification performance on Modelnet40

Finally, we compare our upper-bounded neural network and modified back-propagation
against a conventional network. To that end we run OctNet3, a dense network without
octree structure, and a sparse version of the same network on Modelnet40, see Figure
6.6. First, the input resolution is set to r = 163, while the upper bound on the density
is varied between ρin ∈ {0.06, 0.12, 0.33, 1.0}. Both, the conventional dense network
and Octnet converge to a very similar overall accuracy of ≈ 0.83. For a trivial upper
bound ρin = 1.0 the overall accuracy of our sparse network is also practically the same
(in fact slightly better at 0.833, but we attribute this to random fluctuations). Very low
upper bounds up to ρin = 0.12 yield slightly worse results on the 163 inputs, for the
lowest bound ρin = 0.06 the loss reaches ≈ 3 percent points. Second, the resolution
of the input voxel grid is gradually increased: r ∈ {163, 323, 643, 1283}. Both the
sparse network and OctNet yield similar results, for all resolutions. OctNet performs
slightly better on r = 323, while our bounded, sparse network has a small advan-
tage at all other resolutions. Together the two experiments suggest that reasonable
upper bounds and our approximated, sparse backpropagation do not negatively impact
classification accuracy.

6.5 Conclusion

We have proposed a novel neural network mechanisms which exploit and encourage
sparseness in both feature maps and model parameters. At practically useful resolu-
tions, our novel sparse layers and back-propagation rule significantly reduce (i) mem-
ory footprint and (ii) runtime of convolutional layers for sufficiently sparse data. More-
over, our approach guarantees upper bounds on the memory requirements and runtime
of the network. For classification tasks the performance of our sparse network is com-
parable to its dense counterpart as well as OctNet. In future work, it will be interesting
to employ sparsity also for other tasks. Our implementation is fully compatible with
Tensorflow and will be released as open-source code. We hope, that hardware support
for sparse convolutions will improve further on future consumer GPUs, as demon-
strated by [Parashar et al., 2017]; thus further boosting the performance of sparse,
high-dimensional CNNs.
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Chapter 7
Conclusion and Outlook

Supervised classification is one of the most popular areas in machine learning. The pri-
mary objective of supervised classification is to reach a small generalization error; e.g.
have an excellent predictive performance on previously unseen data. At first glance,
this objective bears similarities to the work of historians. Many historians try to use
knowledge of the present and past to generate a good prediction of the future. One such
prediction by Harari claims that mankind will reach happiness and longevity by means
of technological advancement in fields like genetic engineering and machine learning,
followed by an elaborate argumentation to support his claims [Harari, 2016]. This
argumentation is model-based, e.g. “developments in medicine have tried to prolong
life in the past”. Conclusions are derived by combining and extrapolating such simple
models, e.g. “hence, medical advances will continue to prolong life in the future”.
In social science, many models are often not verifiable. If possible, the verification
of such long-term claims can take multiple decades. In contrast, statistical learning
infers information directly from data. Typically, the performance of statistical learners
is easily verifiable. However, complex reasoning remains a problem in machine learn-
ing. The inference of seemingly simple relations turns out to be surprisingly difficult to
learn so that an integration of the ability to infer relation into powerful neural networks
remains active research [Santoro et al., 2017, Henaff et al., 2015].

Throughout the last decade, the biggest advances in computer vision have been seen
in tasks that do not depend on complex reasoning, including classification tasks in 3D
vision. These successes in the field of 3D scene understanding, include: semantic clas-
sification with hand-crafted features [Blomley et al., 2014, Weinmann et al., 2015a],
deep learning in voxel grids [Maturana and Scherer, 2015, Wu et al., 2015], convo-
lutional neural networks that exploit sparseness in voxel grids with OcTrees [Riegler
et al., 2017, Tatarchenko et al., 2017] and graph convolutions that allow inferring re-
lations between different objects in a 3D scene [Landrieu and Simonovsky, 2017, Qi
et al., 2017b].
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The contributions made in this thesis have a focus on efficient machine learning for
3D data. Computational efficiency is mandatory when it comes to the processing of
large-scale datasets, e.g. typical real-world databases of terrestrial laser scans. To
this end, we provide both traditional learning techniques and neural networks that are
significantly more efficient than their baseline methods. We then go one step further by
demonstrating, that gains in efficiency often can be transferred to a higher precision and
recall on an application side. Furthermore, we make different approaches comparable
by providing a large-scale benchmark test.

7.1 Technical evolution over the thesis

This thesis is the result of a three-year study. The main contributions were completed
sequentially and correspond to the three core-chapters of this thesis (Chapter 4, 5 and
6). Each subsequent contribution refines and extends the previous findings. A detailed
description of the evolution of our work is given in the following.

Semantic point cloud labeling

Chapter 4 starts with an implementation of a then state-of-the-art 3D semantic seg-
mentation approach. For this purpose we extend the work of [Weinmann et al., 2015a],
a traditional machine learning approach, such that it is efficiently applicable to large
point clouds with billions of points. The feature extraction of our approach is imple-
mented with optimized C++ code that is parallelized with OpenMP. For discriminative
learning the ETHZ Random Forest Template Library is deployed. A computational bot-
tleneck of the original work is the computation of each point’s large neighborhood; a
requirement for feature extraction. We extract this neighborhood efficiently by deploy-
ing a pyramid of subsequently coarser sampled kd-trees while searching for a small
number of neighbors within each stage of the pyramid. As a side effect, we obtain a
multi-scale feature representation.

The point clouds of the training set are subsampled to reduce the effects of laser scan-
ner position on the class frequency in the training set. A subsampled, smaller training
set ameliorates the runtime of the training step. We determine the depth of the random
forest with grid search and k-fold cross-validation. With this implementation, it is pos-
sible to infer a class label for each individual point of large, real-world terrestrial laser
scans. Recent developments show that neural networks can outperform traditional ma-
chine learning approaches in overall accuracy on many tasks. Nevertheless, traditional
machine learning works well with a small amount of training data and requires less
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computational resources than deep learning approaches. Hence, it will continue to
play a role in tasks where training data or computational hardware is limited.

Contour detection in point clouds

Contour detection in 3D it is not well defined: A definition of contours that works well
on buildings might yield unsatisfying results on cars or in vegetation. In Chapter 4,
we introduce a convenient method to define what constitutes to contours by generat-
ing a hand-labeled training set. With a contour-definition given as training data, our
semantic labeling algorithm can infer pointwise contour scores in unseen data. How-
ever, contours are elongated structures so that it is desirable to consider long-range
interactions rather than individual points. We achieve to obtain a contour graph by
applying the findings of [Türetken et al., 2011] to point clouds: i) find seed points that
have a high contour-score with Non-Maximum Suppression, ii) link neighboring seed
points with a shortest paths algorithm to obtain an overcomplete set of contour candi-
dates, iii) filter false positives from the set of contour candidates by deploying another
discriminative learner.

Benchmark for point cloud classification

The multitude of machine learning approaches to semantic segmentation raises the
question if our method is the best-suited approach to infer class labels of points in
large 3D point clouds. Chapter 5 gives insights on this question by comparing differ-
ent approaches: We make a large dataset available in the form of a benchmark test.
For this purpose, we provide three baseline methods: i) an approach that generates
2D images and classifies the images with context-aware features and boosting; ii) A
deep learning based method that deploys voxel grids; iii) Our already introduced 3D
semantic labeling algorithm that is based on traditional machine learning. To guaran-
tee a high-quality evaluation, the ground truth of the test set is held back. Authors can
submit their results through a web interface so that all submissions undergo the same
evaluation procedure.

From traditional machine learning to deep learning

Submissions from the benchmark test show that deep learning tends to achieve better
results than traditional machine learning on semantic segmentation tasks. However,
neural networks are computationally demanding. In Chapter 6, we follow two strate-
gies to reduce the computational requirements: i) Exploit the sparsity in data: Typi-
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cally, sensors capture 3D point clouds with line-of-sight measurements. Hence, they
represent 3D points on a 2D surface. The representation of a 2D surface in a 3D voxel
grid yields sparse data. ii) Exploit the sparsity in the model: Many model parameters of
neural networks are small so that they have an insignificant impact on the activations.
Such small model parameters can be ignored. A direct, sparse convolutional neural
network is implemented following recent works from [Parashar et al., 2017, Engelcke
et al., 2017, Park et al., 2017] that exploits these effects. Possibly the most significant
problem when exploiting sparsity in neural networks is the tendency of convolutional
layers to fill-in data. This fill-in effect significantly decreases the sparseness. We pro-
pose to deploy a simple filter mechanism that only pays attention to the largest filter
responses while removing small activations from the activation maps. The source code
is published as open source project with optimized C++/CUDA functions that make
use of the massive parallel computing power of modern GPUs.

7.2 Discussion of contributions

Throughout this study, we have explored the suitability of traditional machine learning
techniques as well as neural networks on solving 3D vision problems. On a theoretical
side, the focus is efficiency. On a practical side, we focus on semantic classification
and contour detection.

Semantic point cloud labeling

Over the course of this thesis, we contributed twice to the field of semantic point cloud
labeling: i) with a fast semantic segmentation approach in Chapter 4 and ii) with a
benchmark test in Chapter 5. In the following, these contributions are discussed.

Fast semantic segmentation. Our baseline method [Weinmann et al., 2015a] com-
putes covariance based features by deploying large neighborhoods. Their approach to
efficiency is to select a subset of features and neighborhoods based on feature rele-
vance assessment and only compute the subset. We demonstrate that feature relevance
assessment is not the critical bottleneck to optimize by introducing an efficient way
to calculate point neighborhoods for feature generation. Our neighborhood computa-
tion is based on a pyramid of kd-trees, where each subsequent kd-tree is constructed
from coarser sub-sampled point clouds. In [Hackel et al., 2016b], we show that our
implementation is nearly two orders of magnitude faster than the baseline, compare
Table 7.1. Furthermore, our feature set is better suited to discriminate between classes,
where we have identified two main factors. First, we do not use a subset of features and
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neighborhoods for training. Instead, the full multi-scale feature set is deployed; Unnec-
essary features are identified and excluded only after the training, not before. Second,
the subsampling in the kd-tree pyramid is based on voxel grid filters so that subsam-
pled point clouds are closer to a uniform distribution than the original point clouds.
Experiments on the Paris-rue-Madame and the Paris-rue-Cassette dataset [Serna et al.,
2014,Vallet et al., 2015] show that our multi-scale feature set outperforms the baseline
in overall accuracy and mean class recall, compare Table 7.2. On the F1-score we are
more than 18% better. Figure 7.1 visualizes these results.

Paris-rue-Cassette [Weinmann et al., 2015b] our work
features 23,000 s 191 s
training 2 s 16 s
classification 90 s 60 s
total 23’092 s 267 s

Table 7.1: Computation times for processing the Paris-Rue-Cassette database on a
single PC. Our feature computation is much faster. The comparison is indicative, im-
plementation details and hardware setup may differ. (Source [Hackel et al., 2016b])

Benchmarking. With our benchmark test, it is possible to compare a multitude of
approaches to 3D point cloud processing. These approaches cover both traditional
machine learning and deep learning. Our initial contribution is a large dataset with
over four billion manually labeled points. Furthermore, an initial comparison of i) a
pure image-based classification method, ii) a deep learning approach and iii) our fast
semantic segmentation is provided. In the initial comparison, our traditional machine
learning approach showed best results. Recently1, there have been multiple success-
ful submissions to our benchmark test as shown in Table 7.3 and Table 7.4. Many
submissions have not described their methodology publicly, e.g. methods that are still
under review or industrial submissions. However, those scientific submissions with
published methodology yield interesting insights. DeePr3SS [Lawin et al., 2017] and
SnapNet [Boulch et al., 2017] propose to render virtual images from point clouds and
classify these images with convolutional neural networks, where they benefit from
the large amount of training data available for 2D problems. SEGCloud [Tchapmi
et al., 2017] introduces an end-to-end learning framework based on a CNN and CRF
to classify directly in 3D space. Their approach outperforms the 2D image based ap-
proaches. This shows that 3D representations are richer than 2D representations for 3D
classification problems. The currently best approach partitions point cloud into super
points and performs graph convolutions with gated recurrent units [Landrieu and Si-
monovsky, 2017]. Their method achieves a high performance on the Intersection over

1State: 8th of February 2018.
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Paris-rue-Madame Our Method [Weinmann et al., 2015b]
Recall Precision F1 Recall Precision F1

Façade 0.9799 0.9902 0.9851 0.9527 0.9620 0.9573
Ground 0.9692 0.9934 0.9811 0.8650 0.9782 0.9182
Cars 0.9786 0.9086 0.9423 0.6476 0.7948 0.7137
Motorcycles 0.9796 0.4792 0.6435 0.7198 0.0980 0.1725
Traffic signs 0.9939 0.3403 0.5070 0.9485 0.0491 0.0934
Pedestrians 0.9987 0.2414 0.3888 0.8780 0.0163 0.0320
Overall accuracy 0.9755 0.8882
Mean class recall 0.9833 0.8353
Mean F1-score 0.7413 0.4812

Paris-rue-Cassette Our Method [Weinmann et al., 2015b]
Recall Precision F1 Recall Precision F1

Façade 0.9421 0.9964 0.9685 0.8721 0.9928 0.9285
Ground 0.9822 0.9871 0.9847 0.9646 0.9924 0.9783
Cars 0.9307 0.8608 0.8943 0.6112 0.6767 0.6423
Motorcycles 0.9758 0.5199 0.6784 0.8285 0.1774 0.2923
Traffic signs 0.8963 0.1899 0.3134 0.7657 0.1495 0.2501
Pedestrians 0.9687 0.2488 0.3960 0.8225 0.0924 0.1661
Vegetation 0.8478 0.5662 0.6790 0.8602 0.2566 0.3953
Overall accuracy 0.9543 0.8960
Mean class recall 0.9348 0.8178
Mean F1-score 0.7020 0.5218

Table 7.2: Quantitative results for iQmulus / TerraMobilita and Paris-Rue-Madame
databases. (Source [Hackel et al., 2016b])

Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

SPGraph 0.762 0.929 10000.00 0.915 0.756 0.783 0.717 0.944 0.568 0.529 0.884
SnapNet 0.674 0.910 unknown 0.896 0.795 0.748 0.561 0.909 0.365 0.343 0.772
HarrisNet 0.623 0.881 unknown 0.818 0.737 0.742 0.625 0.927 0.283 0.178 0.671
TMLC-MS 0.494 0.850 38421 0.911 0.695 0.328 0.216 0.876 0.259 0.113 0.553
TML-PC 0.391 0.745 unknown 0.804 0.661 0.423 0.412 0.647 0.124 0.0 0.058

Table 7.3: Semantic3d benchmark results on the full dataset: For information on the
methods refer to the text. IoU for categories (1) man-made terrain, (2) natural terrain,
(3) high vegetation, (4) low vegetation, (5) buildings, (6) hard scape, (7) scanning
artefacts, (8) cars.
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Method IoU OA t[s] IoU1 IoU2 IoU3 IoU4 IoU5 IoU6 IoU7 IoU8

SPGraph 0.732 0.940 3000.00 0.974 0.926 0.879 0.440 0.932 0.310 0.635 0.762
MSDeepVoxNet 0.653 0.884 115000.00 0.830 0.672 0.838 0.367 0.924 0.313 0.500 0.782
RF MSSF 0.627 0.903 1643.75 0.876 0.803 0.818 0.364 0.922 0.241 0.426 0.566
SEGCloud 0.613 0.881 1881.00 0.839 0.660 0.860 0.405 0.911 0.309 0.275 0.643
SnapNet 0.591 0.886 3600 0.820 0.773 0.797 0.229 0.911 0.184 0.373 0.644
OctreeNet CRF 0.591 0.899 184.84 0.907 0.820 0.824 0.393 0.900 0.109 0.312 0.460
DeePr3SS 0.585 0.889 unknown 0.856 0.832 0.742 0.324 0.897 0.185 0.251 0.592
3D-FCNN-TI 0.582 0.875 774 0.840 0.711 0.770 0.318 0.899 0.277 0.252 0.590
DeepVoxNet 0.571 0.848 100000.00 0.827 0.531 0.838 0.287 0.899 0.236 0.298 0.650
DLUT SR 0.563 0.860 unknown 0.953 0.849 0.548 0.296 0.832 0.192 0.320 0.518
TMLC-MSR 0.542 0.862 1800 0.898 0.745 0.537 0.268 0.888 0.189 0.364 0.447
DeepNet 0.437 0.772 64800 0.838 0.385 0.548 0.085 0.841 0.151 0.223 0.423
TML-PCR 0.384 0.740 unknown 0.726 0.73 0.485 0.224 0.707 0.050 0.0 0.15

Table 7.4: Semantic3d benchmark results on the reduced dataset: For information on
the methods refer to the text. IoU for categories (1) man-made terrain, (2) natural ter-
rain, (3) high vegetation, (4) low vegetation, (5) buildings, (6) hard scape, (7) scanning
artefacts, (8) cars.

Union scores, e.g. IoU = 0.732 on the reduced challenge which is 19% higher than
the performance of our traditional machine learning approach.

Contour detection in unstructured point clouds

In chapter 4, we provide a novel approach to contour detection in unstructured point
clouds. First, we provide a definition of contours in the form of training data. This
training data contains both, class specific contour definitions as well as the signal to
noise ratio of the data. Second, a 3D semantic segmentation algorithm is trained to
infer lowlevel evidence in the form of a probability score for individual points. Third,
long-range interactions are considered by deploying overcomplete contour graphs and
another discriminative learning stage that prunes false positives in the contour graph.
The method was tested on point clouds with more than ∼ 107 points where it signif-
icantly outperforms a Canny-like baseline method on complex real-world data. The
processing of millions of points just takes a couple of minutes. The fast processing of
point clouds is a mandatory requirement for lowlevel tasks like contour extraction: Our
contour extraction approach benefits significantly from the computational efficiency of
our semantic segmentation method.

Deep learning

Finally, our contribution to deep learning is two-fold: i) In Chapter 5, we provide a
convolutional network as baseline method to 3D semantic segmentation for our bench-

118



7.3. LIMITATIONS OF OUR APPROACH

mark test. Though the results of the baseline methods are unsatisfying, the limitation
of our network to processing small input resolutions indicates a need for deep learn-
ing frameworks capable of exploiting sparseness in data; ii) Chapter 6 introduces an
efficient GPU implementation of a neural network that exploits sparseness both in data
and in model parameters. One problem of exploiting sparseness in neural networks is
the decrease in the sparseness of data due to convolutional layers and pooling layers.
We introduce a novel mechanism to preserve sparseness by deploying a filter step in
the convolutional layer complemented by density-based regularization. Furthermore,
a pruning step encourages sparseness in model parameters. Experiments show that our
approach is faster than dense Tensorflow on data with a high degree of sparseness while
requiring significantly less memory.

7.3 Limitations of our approach

This thesis makes contributions to the field of machine learning for large-scale 3D data.
However, there exist weaknesses and shortcomings in our approaches. In this section,
we describe these limitations.

Semantic Segmentation for Point Clouds

Processing speed. On a practical side, the runtime is a crucial requirement for a mul-
titude of applications; most prominently autonomous driving. Our evaluation reveals
that our approach is significantly faster than our baseline method and reaches near-
real time. Nevertheless, the processing of unstructured 3D data requires demanding
models, compare Chapter 4. Our implementation turns out to be too demanding to ful-
fill hard real-time constraints with decent hardware. Especially, feature extraction and
classification are a high computational burden, compare Table 7.1. It is certainly pos-
sible to reduce the computational demand of 3D classification approaches by reducing
the size of point clouds, e.g. by uniform subsampling. However, this comes at the cost
that identification of small objects becomes more challenging.

Hand-crafted features. Traditional machine learning requires the design of discrimi-
native features. The performance of such hand-crafted features has a high dependency
on the tasks they are designed for. Our feature set is designed to be generic and applica-
ble to several tasks. However, the evaluation in Chapter 4 shows a bad performance in
discriminating between some object classes, e.g. Low Vegetation and Natural Ground.
This calls for a more discriminative feature set; a task-specific and time-consuming
development task.
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Object classes. Although our feature set is generic and should be applicable to arbi-
trary 3D classification tasks, our experiments in Chapter 4 and our benchmark test in
Chapter 5 only cover up to 8 object classes. The main problem is the availability and
generation of large-scale ground truth annotated data sets. It is more challenging to
discriminate between a larger variety of object classes. Hence, large-scale 3D datasets
with more object classes can help to identify problems in approaches that work well
on datasets with fewer object classes.

3D Contour Detection

Generalization. Probably the biggest challenge to any classification task is the gen-
eralization to unseen data, e.g. unseen object classes. In our experiments in Chapter
4 we encounter objects with a strong geometric structure that are not covered by the
training set, e.g. windows with sun blinds. On these objects, our contour detection
shows undefined behavior and produces poor results by causing many false positive
detections.

Pruning of contour graph. While the overcomplete graph of contour candidates cov-
ers nearly all true positive contours, it also contains a multitude of false candidates.
Our second classification stage finds most true positives but fails to remove a small
portion of the false positives; This causes visually unappealing contours.

Sparse Deep Learning

Network layers. Modern neural networks live from a rich set of layers. Each such
layer implements a differentiable function. Within our study on sparse networks, we
were limited to implementing only the most important layers, e.g. Convolutional Lay-
ers and Pooling Layers. This limits the usability of our implementation to basic net-
work architectures.

Hardware limitations. Direct convolutions exploit sparseness by performing atomic
operations. However, the support for atomic operations in GPUs2 is poor: Our GPU
does not support atomic floating point additions in shared memory. Hence, we were
limited to an implementation in slow global memory.

2Titan Xp PASCAL
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7.4 Future directions

In the following, we briefly discuss potential solutions to overcome the limitations of
our approaches w.r.t. technical features and methodology. These solutions delineate
research proposals that can be used for future projects.

Semantic Segmentation for Point Clouds

Processing speed. Both hardware and software approaches can help to gain runtime
performance for our semantic segmentation approach. On the hardware side, the com-
putational power of GPUs can be used to parallelize the feature extraction and the
discriminative learner massively. On the software side, feature extraction continues to
be the most demanding step in our pipeline. Neighborhood queries with sophisticated
search structures, like OcTrees, have not been evaluated in depth through this thesis.
Such structures appear to have the potential to reduce computational complexity fur-
ther.

Discriminative Features. Representation learning is the obvious approach to over-
come the design of hand-crafted features. Superpoint Graph [Landrieu and Simonovsky,
2017] is one of the most promising, recent approaches to large-scale semantic segmen-
tation. Their power comes from a combination of fixed size descriptors and graph
convolutions with gated recurrent units. Our sparse convolutional network can help to
generate such descriptors efficiently.

Challenging datasets. In the past year, the performance of submissions to our bench-
mark test has significantly improved and reaches good results. Especially, in repre-
sentation learning, challenging datasets that are difficult for state of the art algorithms
drive innovations. Such challenging datasets can be i) large in size, e.g. by deploying
registered scenes rather than individual scans; ii) have a large number of classes, e.g.
in the form of a class hierarchy; iii) cover different sensors.

3D Contour Detection

Lowlevel evidence. Our fast semantic segmentation algorithm is used to generate
lowlevel evidence for contour detection. This lowlevel evidence in the form of a prob-
abilistic contour score is essential for all further processing steps of our contour de-
tection pipeline. Recently, there have been multiple improvements made to semantic
segmentation [Landrieu and Simonovsky, 2017, Tchapmi et al., 2017]. This raises the
question if these improvements to semantic segmentation can be passed on to contour
extraction by generating better lowlevel evidence.
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Pruning of contour graph. A second discriminative classification stage prunes the
contour graph. While this discriminative classifier yields good results on a test set,
there are still flaws left in the visual evaluation. One possible cause is the hand-labeled
training set of small size; For the training of this classifier a self-supervised learning
approach can help to create a larger and more representative training set automatically,
e.g. as described in [Türetken et al., 2012].

Sparse Deep Learning

Network layers. Many network architectures rely on network layers that are not im-
plemented in our sparse convolutional network yet. Hence, our network can signif-
icantly benefit from implementations of more sparse layers, most prominently skip-
connections and batch normalization.

Hardware issues. Atomic operations are the limiting factor of our sparse neural
network. However, there already exists hardware that can improve the performance
of convolutions by improving atomic operations and their data flow [Parashar et al.,
2017]. It is highly desirable that next-generation consumer products make such hard-
ware accelerated sparse convolutions broadly available.

Outlook

Typically, machine learning approaches outperform methods that rely on hand-crafted
rules for point cloud processing. Recent techniques start to approach human perfor-
mance in a multitude of 3D vision tasks. While machine learning plays a central role
in modern science, the industry only recently started to follow this trend. Thus, ma-
chine learning will play a more central role in many industrial products that depend on
the processing of large point clouds. Certainly, for robots and autonomous cars, it is
mandatory to distinguish between objects in sensor data. However, 3D machine learn-
ing will not be limited to prestigious products with media coverage like autonomous
cars. Measurements on construction sites can be taken faster when the measurement
devices deploy semantic cues. Furthermore, surveying plays an important role for the
maintenance of infrastructure, where machine learning and semantic segmentation can
help to predict faults before severe damage happens. Another field for future applica-
tions is augmented and virtual reality where semantic cues will help not just to perform
random augmentations but to have a meaningful augmentation of the world.
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