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Abstract

Computer vision has made tremendous leaps during the past decade. One of the

key factors behind this growth is the vast amount of data that we can generate

today: millions of pictures are shared online daily and new specialized sensors allow

to easily capture 3D data. Along with the recent advances in deep learning and

increased availability of computational power, it is now possible to take advantage

of these large amounts of high-quality data. As a result, computer vision achieved

impressive performance gains across numerous fields and applications.

However, the increased amount of available data also introduces new challenges.

To exploit the large body of available data, we either need efficient unsupervised

algorithms to learn patterns from unlabeled data, or we require efficient labeling

tools to allow the creation of large-scale labeled datasets. These are essential for

the success of most deep learning models.

In this thesis, we deal with issues arising from these different aspects of computer

vision: unsupervised algorithms for landmark recognition, fully-supervised methods

for semantic segmentation on large-scale 3D point clouds and interactive object

segmentation for out-of-domain dataset labeling. More specifically, the main contri-

butions of this thesis are organized into three parts, each one covering an individual

computer vision topic:

In the first part, we address the problem of object discovery in time - varying, large -

scale image collections. We propose a novel tree structure that closely approximates

the Minimum Spanning Tree and present an efficient construction approach to

incrementally update the tree structure when new data is added to the image

database. This happens either in online-streaming or batch form. Our proposed

tree structure is created in a local neighborhood of the matching graph during

image retrieval and can be efficiently updated whenever the image database is



extended. We show how our tree structure can be incorporated in existing clustering

approaches such as Single-Link and Iconoid Shift for efficient large-scale object

discovery in image collections.

In the second part of the thesis, we focus on defining novel 3D convolutional

and recurrent operators over unstructured 3D point clouds. The goal is to learn

point representations for the task of 3D semantic segmentation. The recurrent

consolidation unit layer operates on multi-scale and grid neighborhoods along and

allows our model to learn long-range dependencies. Additionally, we introduce

two types of local neighborhoods for each 3D point that encode local geometry to

facilitate the definition and use of convolutions on 3D point clouds.

Finally, in the third part, we address the task interactive object segmentation.

Aided by an algorithm, a user segments an object mask in a given image by clicking

inside or outside the object. We present a method that significantly reduces the

number of required user clicks compared to previous work. In particular, we look at

out-of-domain settings where the test datasets are significantly different from the

datasets used to train our deep model. We propose to treat user corrections as sparse

supervision to adapt our model parameters on-the-fly. Our adaptive method can

significantly reduce the number of required clicks to segment an object and handle

distribution shifts from small to large, specialize to a new class of objects introduced

during test time, and can even handle large domain changes from commercial images

to medical and aerial data.
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Zusammenfassung

Die Computer Vision hat im letzten Jahrzehnt enorme Sprünge gemacht. Einer

der Schlüsselfaktoren für dieses Wachstum ist die riesige Menge an Daten, die

wir heute generieren können: Millionen von Bildern werden täglich online geteilt

und neue spezialisierte Sensoren ermöglichen die einfache Erfassung von 3D-Daten.

Zusammen mit den jüngsten Fortschritten im Deep Learning und der zunehmenden

Verfügbarkeit von Rechenleistung ist es nun möglich, diese großen Mengen an

hochwertigen Daten zu nutzen. Infolgedessen konnte die Computer Vision in

zahlreichen Bereichen und Anwendungen beeindruckende Leistungssteigerungen

erzielen.

Allerdings bringt die erhöhte Menge an verfügbaren Daten auch neue Heraus-

forderungen mit sich. Um die große Menge an verfügbaren Daten zu nutzen,

benötigen wir entweder effiziente unüberwachte Algorithmen, um Muster aus un-

markierten Daten zu lernen, oder wir benötigen effiziente Markierungswerkzeuge,

um die Erstellung großer markierter Datensätze zu ermöglichen. Diese sind für den

Erfolg der meisten Deep-Learning-Modelle unerläßlich.

In dieser Arbeit befassen wir uns mit Problemen, die sich aus diesen verschiede-

nen Aspekten der Computer Vision ergeben: unüberwachte Algorithmen für die

Erkennung von Landmarken, vollüberwachte Methoden für die semantische Seg-

mentierung auf großen 3D-Punktwolken und interaktive Objektsegmentierung für

die Beschriftung von Datensätzen außerhalb der Domäne. Genauer gesagt sind die

Hauptbeiträge dieser Arbeit in drei Teile gegliedert, von denen jeder ein individuelles

Thema der Computer Vision abdeckt:

Im ersten Teil befassen wir uns mit dem Problem der Objekterkennung in zeitlich

variierenden, großflächigen Bildsammlungen. Wir schlagen eine neuartige Baum-

struktur vor, die sich dem Minimum Spanning Tree stark annähert, und präsentieren



einen effizienten Konstruktionsansatz, um die Baumstruktur inkrementell zu aktual-

isieren, wenn neue Daten zur Bilddatenbank hinzugefügt werden. Dies geschieht

entweder im Online-Streaming oder in Batch-Form. Die von uns vorgeschlagene

Baumstruktur wird in einer lokalen Nachbarschaft des übereinstimmenden Graphen

während des Bildabrufs erstellt und kann effizient aktualisiert werden, wenn die

Bilddatenbank erweitert wird. Wir zeigen, wie unsere Baumstruktur in bestehende

Clustering-Ansätze wie Single-Link und Iconoid Shift zur effizienten, großflächigen

Objekterkennung in Bildsammlungen integriert werden kann.

Im zweiten Teil der Arbeit konzentrieren wir uns auf die Definition neuar-

tiger 3D-Faltungsoperatoren und rekurrenter Operatoren über unstrukturierten

3D-Punktwolken. Das Ziel ist es, Punktrepräsentationen für die Aufgabe der se-

mantischen 3D-Segmentierung zu erlernen. Die rekurrente Konsolidierungsschicht

operiert auf Multiskalen- und Gitternachbarschaften entlang und erlaubt unserem

Modell, weitreichende Abhängigkeiten zu lernen. Zusätzlich führen wir zwei Arten

von lokalen Nachbarschaften für jeden 3D-Punkt ein, die lokale Geometrie kodieren,

um die Definition und Verwendung von Faltungen auf 3D-Punktwolken zu erle-

ichtern.

Im dritten Teil schließlich widmen wir uns der Aufgabe der interaktiven Objektseg-

mentierung. Mit Hilfe eines Algorithmus segmentiert ein Benutzer eine Objektmaske

in einem gegebenen Bild, indem er innerhalb oder außerhalb des Objekts klickt.

Wir stellen eine Methode vor, die die Anzahl der erforderlichen Benutzerklicks im

Vergleich zu früheren Arbeiten deutlich reduziert. Insbesondere betrachten wir

Out-of-Domain-Einstellungen, bei denen sich die Testdatensätze signifikant von den

Datensätzen unterscheiden, die zum Trainieren unseres Deep Models verwendet

wurden. Wir schlagen vor, Benutzerkorrekturen als spärliche Überwachung zu behan-

deln, um unsere Modellparameter on-the-fly anzupassen. Unsere adaptive Methode

kann die Anzahl der erforderlichen Klicks zur Segmentierung eines Objekts erheblich

reduzieren und Verteilungsverschiebungen von klein bis groß handhaben, auf eine

neue Klasse von Objekten spezialisieren, die während der Testzeit eingeführt werden,

und kann sogar große Domänenwechsel von kommerziellen Bildern zu medizinischen

und Luftbilddaten bewältigen.
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1
Introduction

1.1 Motivation

Computer vision is a scientific field that relies on digital representations of the

physical world coming from different sensors. The goal is to teach machines to

understand the visual world and eventually act upon it to perform desired tasks.

These representations can take many forms such as digital images, videos sequences,

depth images or 3D laser point clouds. This ability to perceive and understand their

surroundings, move and manipulate objects along with planning and action taking

is fundamental to living organisms in order to achieve their goals.

While the above tasks are easy for humans, they are challenging for computer

vision algorithms. However, recently computer vision has made great leaps and even

achieved superhuman performance in some specific tasks.

Some of the reasons for those recent advances is the abundance of available data,

coming from social media platforms (e.g., Facebook, Instagram), new sensors that

are readily available and allow everyday users to record previously specialized data

formats (e.g., Apple LiDAR sensor, Kinect, Matterport) and new datasets which

consist of millions of labeled images such as OpenImages (Krasin et al., 2017),

Places (Zhou et al., 2017a), ILSVRC (Russakovsky et al., 2015).

The large quantities of unlabeled data from social media platforms gave rise to

many unsupervised learning algorithms. Datasets consisting of unlabeled data

can be created relatively easily since they are usually just a collection of samples

such as photos, audio recordings, videos or text. There is no human-created

information associated with each data sample. In the context of machine learning,

an unsupervised algorithm is tasked with learning patterns from the unlabeled data

on its own (like the entire data distribution of the dataset). Clustering methods that

group data into clusters of similar examples belong to the unsupervised learning

1



1 Introduction

approaches. Gathering unlabeled data from various internet sources might seem

relatively easy but it poses its own new challenges. Social media content changes

constantly as new data is added at any moment in time, this provides new exciting

insights but updating unsupervised learning algorithms with the additional unlabeled

examples can be difficult. Most of the unsupervised learning algorithms can be

computationally expensive and re-computing their outcome every time a new example

is added is in most cases infeasible especially in large-scale internet datasets.

In the first part of this thesis, we address this problem by proposing an efficient

construction and update mechanism for minimum spanning trees, a key component

of many clustering algorithms that are part of large-scale object discovery pipelines.

While in the earliest days of computer vision LiDAR and laser-based scanners

were bulky and expensive, and thus limited to laboratory and industrial applications,

the development of low-cost depth cameras, 3D scanners and LiDARs like the

Microsoft Kinect and Apple LiDAR sensor allowed large-scale capturing of 3D data.

LiDAR and depth cameras allow accurate geometry and localization of objects in

3D space. These representations led to the rise of several new computer vision tasks

including 3D semantic segmentation. In 3D semantic segmentation each 3D point

is associated with a semantic category. It is a crucial component for achieving overall

3D scene understanding that enables navigating and operating in the real world

for autonomous cars and robots. However, the 3D data acquired by these sensors

come in many different formats including depths images, meshes and point clouds.

3D point clouds are a commonly used format, in which the 3D data is represented

in their raw form as a set of 3D coordinates without any loss of information due to

discretization and scale ambiguity. However, deep learning methods on 3D point

clouds face several significant challenges like the unstructured and irregular nature

of point clouds, the scale of the data and the varied resolution of point clouds that

hinders the design of efficient convolutional operators that have proven so successful

on the task of 2D semantic segmentation.

In the second part of the thesis, we focus on defining 3D convolutional and

recurrent operators over unstructured 3D point clouds to learn informative point

representations for the task of 3D semantic segmentation. Our approaches build on

the PointNet architecture (Qi et al., 2017b). PointNet-based architectures learn

point-wise features by processing each 3D point independently. Then a permutation

invariant function (like max-pooling) is used in the set of points and outputs a

global descriptor that characterizes the point cloud. This way, the representations

learned are computed either on individual point level or take into consideration

the whole point cloud through the max-pooling operator. In classic convolutional

neural networks each feature representation learned is associated with a receptive

2



1.1 Motivation

field value that identifies the region in the input that produces (influences) the

feature. Convolutional operators compute a response at each position as a weighted

sum of the features in a local neighborhood. The lack of structure of point clouds

and therefore point neighborhoods makes the definition and use of convolutions

challenging. So PointNets are limited to having a receptive field of one data point

with only the use of the max-pooled feature to provide more global context. In

chapters 6 and 7 we address the lack of structure in 3D point clouds. We define (i)

multi-scale and grid neighborhoods and propose the recurrent consultation unit
layer that updates the global descriptor based on the global descriptors of the rest

of the point cloud and allowing our model to learn long-range dependencies and

(ii) local neighborhoods for each 3D point that encode local geometry to facilitate

the definition and use of convolutions on 3D point clouds.

Despite the rise of unsupervised methods that focus on the ability of deep

learning models to learn from large quantities of unlabeled examples, most computer

vision applications require supervision with large labeled datasets to achieve good

performance. Labeled datasets associate each example with an empty label or

target value that is provided by human instructors to teach our models what is

required in a particular task. Common types of labels for computer vision tasks

include tags that indicate whether an image contains an object in classification tasks,

free text describing an image for image capturing or a table associated to each pixel

of an image for semantic segmentation. However, labeling datasets is a cumbersome

and slow process that requires a lot of manual effort. Particularly in semantic

segmentation an average image of size 640× 640 requires 4096001 annotated pixels.

In 3D semantic segmentation the effort to assign a semantic label in each 3D point

is even larger since some datasets like Semantic3D (Hackel et al., 2017) consist of

scenes with up to 22 million points. Furthermore, there are datasets for specialized

applications as in the medical domain that not only require significant effort to

label but can only be annotated by domain experts (i.e., doctors). In the third

part of the thesis, we focus on the task of interactive object segmentation that

enables fast and accurate object segmentation which is indispensable for collecting

ground-truth segmentation masks at scale. The objective is to infer accurate

segmentation masks with as little as possible human interference. In interactive

object segmentation a human collaborates with a computer vision model to segment

an object of interest. The process iteratively alternates between the user providing

corrections on the current segmentation and the model refining the segmentation

based on these corrections. These corrections typically refer to point clicks or strokes
1Supervised algorithms exceed human performance when trained on datasets with at

least 10 million labeled examples (Goodfellow et al., 2016).
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on mislabeled pixels. Previous interactive object segmentation methods train on

large-scale dataset of consumer photos perform well when they are applied to data

with similar distribution as the training set. In practice, the distribution almost

always changes between training and testing. This happens for example when

annotating a new dataset using interactive segmentation. In this scenario a model

trained on PASCAL (Everingham et al., 2012) (or any other dataset) might be

used to segment classes that are not present in that training dataset or even on

different modalities like aerial or medical data. In this thesis, we propose to treat

user corrections as sparse supervision to adapt the model parameters on-the-fly. Our

adaptive method significantly reduces the number of required clicks to segment an

object and handle distribution shifts from small to large, specialize to a new class

of objects, and can even handle large domain changes to medical and aerial data.

1.2 Contributions

In detail we make the following contributions:

• We propose a novel spanning tree structure called LH-MST, which approxi-

mates a Minimum Spanning Tree (MST) but instead displays efficient construc-

tion for online streaming data and can be incrementally updated when several

additional data arrive in a batch form. We show how this tree structure can be

incorporated in Single-Link (Gammeter et al., 2009; Quack et al., 2008; Zheng

et al., 2009) and Iconoid Shift (Weyand and Leibe, 2011) clustering for efficient

large-scale object discovery in image collections. We verify experimentally that

the resulting clustering approaches using LH-MST achieve very similar results

as their offline version, while being both considerably faster and capable of

online updates of a significant fraction of the image database.

• We propose two mechanisms that enlarge the receptive field and incorporate

larger-scale spatial context in PointNet architectures (Qi et al., 2017b) for

the task of semantic segmentation on 3D point clouds. Traditional PointNet

architectures operate on single, independent blocks that represent a local

neighborhood in space. Our novel recurrent and sequential consolidation units

can capture long-range dependencies by incorporating context propagated

from other local neighborhoods. Compared to state-of-the-art methods at the

time of development, our proposed extensions achieve improved results on

challenging indoor and outdoor datasets and were the base of many follow-up

works.

4



1.3 Structure of the Thesis

• While our previous work focused on mechanisms that pass information between

local neighborhoods based on the gained insights, we additionally introduce

several techniques that define a local neighborhood. We define point neigh-

borhoods based on two grouping techniques one in the Euclidean and one

in feature space based on K-Means and k-NN, respectively. Additionally,

we reshape the feature space and thus the neighborhoods with dedicated

loss functions. This enables us to learn local features shared among local

structures as by 2D convolutions in the 2D domain in contrast to previous

works that have no local structure and thus treat each 3D point individually

or the simple grid and multi-scale volumes that defined a local neighborhood

in our previous work. In a thorough evaluation, we analyze the contribution of

each component and are able to present state-of-the art result on 3D semantic

segmentation benchmarks.

• We propose a new interactive object segmentation method that updates the

model parameters on-the-fly using user corrections as sparse training exam-

ples instead of training on large datasets and keeping the model parameters

unchanged at test time. Our approach enables the adaptation to a particular

object and its background, to distributions shift in a test set, to specific object

classes, and even to large domain changes, where the imaging modality changes

between training and testing. This semi-automatic annotation procedure can

reduce the annotation effort significantly and proves exceedingly important

in the case of limited annotated data for training (e.g., medical images). We

perform extensive experiments on 8 diverse datasets and compared to a model

with frozen parameters our method reduces significantly the required user

effort in many challenging scenarios like (i) distribution shifts between training

and testing; (ii) specializing to a specific class; and (iii) a complete domain

change between training and testing.

1.3 Structure of the Thesis

This thesis consists of three major parts which address different computer vision

problems caused in large-scale perception projects: object discovery in large-scale

time-varying image databases, semantic segmentation on 3D point clouds with

millions of data points and interactive object segmentation to assist the creation of

large varying datasets with minimum human effort. Each chapter is dedicated to a

specific topic of published work as indicated below. The overall structure of this

thesis is as follows.
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Chapter 2 - “State of the Art” briefly discusses the relevant concurrent works to

methods proposed in this thesis, as well as their perspectives relative to the recent

advancements in the field.

Chapter 3 - “Traditional Unsupervised Methods Preliminaries” introduces the

foundations of hand-made features and similarity measures along with the high-level

tasks of image retrieval and clustering that are crucial components of the landmark

object discovery task that we focus on Chapter 5.

Chapter 4 - “Deep Learning Preliminaries” introduces the fundamentals and

basic buildings blocks of deep learning required to understand the remaining chap-

ters (Chapters 6, 7 and 8) in the thesis.

Chapter 5 - “Incremental Object Discovery in Time-Varying Image Collections”

proposes a novel Limited Horizon Minimum Spanning Tree (LH-MST) structure

that closely approximates the Minimum Spanning Tree at a small fraction of the

latter’s computational cost. Our proposed tree structure can be created in a local

neighborhood of the matching graph during image retrieval and can be efficiently

updated whenever the image database is extended. We show how the LH-MST

can be used within both single - link hierarchical agglomerative clustering and

the Iconoid Shift framework for object discovery in image collections, resulting

in significant efficiency gains and making both approaches capable of incremental

clustering with online updates. We evaluate our approach on a dataset of 500k

images from the city of Paris and compare its results to the batch version of both

clustering algorithms. The content of this chapter is based on Kontogianni et al.
(2016).

Chapter 6 - “Exploring Spatial Context for 3D Semantic Segmentation of

Point Clouds” focuses on the task of semantic segmentation performed directly

on unstructured 3D point clouds. It extends the recently proposed PointNet

architecture (Qi et al., 2017b) that operates on unstructured point clouds learning

a local feature for each individual point and then aggregate all point features to a

global one. However, PointNet architectures operates independently on individual

blocks of limited volume and thus have limited receptive field. Furthermore, they

have no hierarchical structure and are limited to process each point separately

or all points together. We address these issues by introducing multi-scale and

grid neighborhoods each represented by a feature encoding. We update each

encoding based on the encoding of its neighbors using novel recurrent and sequential

consolidation units. The key idea is to enlarge the receptive field, incorporate

larger-scale spatial context and capture long range dependencies. We evaluate the

proposed strategies on challenging indoor and outdoor datasets and show improved
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results in both scenarios over the previous baselines. The content of this chapter is

based primarily on (Kontogianni et al., 2017).

Chapter 7 - “Know What Your Neighbors Do: 3D Semantic Segmentation of Point

Clouds” expands on the ideas of point neighborhoods introduced in the previous

chapter (Kontogianni et al., 2017). PointNet architectures do not encode any local

structure where the network can learn local features shared among common local

structures. We introduce new grouping techniques which define point neighborhoods

both in the Euclidean and the learned feature space. Neighborhoods are important

as they allow to compute local or global point features depending on the spatial

extent of the neighborhood. Point neighborhoods can be compared to the filter size

in traditional convolutions in the 2D image domain. Additionally, we incorporate

dedicated loss functions to further structure the learned point feature space: the

pairwise distance loss and the centroid loss. We show how to apply these mechanisms

to the task of 3D semantic segmentation of point clouds and report state-of-the-art

performance on indoor and outdoor datasets over previous baselines of concurrent

works. The content of this chapter is based primarily on (Engelmann et al., 2018).

Chapter 8 - “Continuous Adaptation for Interactive Object Segmentation by

Learning from Corrections” In interactive object segmentation a user collaborates

with a computer vision model to segment an object. Recent works employ con-

volutional neural networks for this task: Given an image and a set of corrections

made by the user as input, they output a segmentation mask. These approaches

achieve strong performance by training on large datasets, but they keep the model

parameters unchanged at test time. Instead, we recognize that user corrections can

serve as sparse training examples and we propose a method that capitalizes on that

idea to update the model parameters on-the-fly to the data at hand. Our approach

enables the adaptation to a particular object and its background, to distribution

shifts in a test set, to specific object classes, and even to large domain changes,

where the imaging modality changes between training and testing. We perform

extensive experiments on 8 diverse datasets and show: Compared to a model with

frozen parameters, our method reduces the required corrections (i) by 9%-30% when

distribution shifts are small between training and testing; (ii) by 12%-44% when

specializing to a specific class; (iii) and by 60% and 77% when we completely change

domain between training and testing.

Note: The thesis is based on the technical contributions of my respective
first author publications. Several images and text passages in the three ma-
jor parts of this thesis are taken from these articles. However, additional
and new content about further extensions has been added in order to provide
deeper insights into our approaches. One chapter is based on shared first au-

7



1 Introduction

thorship publications resulting from collaborations. For these particular parts
an additional note will be given in the footnote of the corresponding chapter.
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2
State of the Art

In this chapter, we discuss the state of the art in the fields of Landmark Object

Recognition, 3D Semantic Segmentation and Interactive Object Segmentation. We

start by briefly reviewing previous works in these fields and how they relate to the

work in this thesis, and we follow by introducing recent efforts published since the

work in this thesis took place.

2.1 Landmark Object Recognition

Feature Embeddings. In the pre-deep learning era the image representation

field was dominated by hand-crafted feature descriptors such as the Scale Invariant

Feature Transform (SIFT) (Lowe, 2004) like the ones we used in our work presented

in Chapter 5. Originally, SIFT was comprised by a detector and a descriptor but

most SIFT-based methods usually use a Hessian-Affine detector along with the

SIFT descriptor. The 128-dim SIFT descriptors are accumulated to a global vector

representing an image using Bag-of-Words (BoW) histograms with a pre-trained

codebook (Philbin et al., 2007). More details regarding the methodologies of

hand-crafted local feature extraction can be found in Chapter 3.

Even though handcrafted features are still used in some fields of computer

vision (e.g., SLAM) since 2012 and the breakthrough works of AlexNet (Krizhevsky

et al., 2012a) and ImageNet (Russakovsky et al., 2015) opened a new era of

deep learning-based methods focusing on convolutional neural networks and learned

features based on convolutional filters. Even though CNNs have shown to outperform

hand-crafted features in many computer vision tasks in image retrieval, competitive

performance compared to the SIFT and BoW approaches in Oxford5k was only

achieved in 2016 (Gordo et al., 2016) due to the local featuresŕobustness to scaling,
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cropping and image clutter along with the domain gap by the use of pre-trained

networks on ImageNet (Russakovsky et al., 2015) that could not generalize to the

specialized task of landmark recognition.

(i) Off-the-shelf deep learning features. Deep learning methods require training

on large-scale datasets that include labelled examples for the task at hand. However,

such datasets did not initially exist for image retrieval. So, early works on learned

features for image retrieval focused on using deep models trained on datasets

for image recognition and classification that were instead readily available. The

most straightforward idea is to use CNN pre-trained models on large datasets like

ImageNet (Russakovsky et al., 2015). These models can take a whole image as

input and extract features that hopefully generalize for the task of image retrieval.

Babenko et al. (2014); Razavian et al. (2014) use the features extracted from the

fully connected layer and use the features directly in a standard image retrieval

setup as is presented in Fig. 3.3. These early works although they outperform other

standard non-deep learning global descriptors, their performance is significantly

below the state of the art.

Babenko and Lempitsky (2015); Razavian et al. (2016); Yue-Hei Ng et al. (2015)

focus on local features extracted from the intermediate convolutional layers. A

fusion of both can also be used (Wei et al., 2017).

Since fully connected layers lack geometric invariance Gong et al. (2014) generate

several patches from an input image using sliding window techniques, multiple scales

or random sampling and feed them all into the network. Standard encoding schemes

can then be applied following the SIFT paradigm for image retrieval. The column

features can be aggregated using BoW (Kulkarni et al., 2015) or VLAD (Yue-Hei Ng

et al., 2015). Local descriptors can also be pooled into discriminative global features.

(Tolias et al., 2016) can create geometry aware descriptors from a single pass using

max-activations on convolutional feature maps.

(ii) Fine-tuned deep learning features. Image level labelling is time-consuming

especially for large scale image retrieval datasets. However, the sole use of deep

features extracted from deep networks trained for different tasks other than image

retrieval suffer from the domain gap between the tasks. Fine-tuning the pre-trained

networks for the specific task of image retrieval with any amount of labelled data

is crucial (Ong et al., 2017; Oquab et al., 2014; Radenovic et al., 2016). In fine-

tuned deep learning models the network will usually produce the final feature

representation of an image without additional encoding or pooling steps. For a

comprehensive survey on the latest deep learning methods for content-based image

retrieval please see Chen et al. (2021).
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Image Retrieval. Regardless of how the image features have been obtained or

which ones have been proved to be more beneficial the retrieval step of finding the

most similar images to a query remains the same as in the standard SIFT-based

retrieval pipeline (Fig. 3.3, 2nd step), i.e finding the k instances in the image

database that are closer to the query. Approximate nearest neighbor (ANN) search

methods such as hashing (Perronnin et al., 2010) or inverted files (Philbin et al.,
2007) are used for fast retrieval. For an in-depth review of the topic please refer to

Chapter 3.

So despite the significant advances of deep learning features for image retrieval

our work in Chapter 5 is orthogonal to the above methods. Our proposed method

for efficient landmark recognition in large-scale, time-varying image collections can

be used with any type of feature representations.

Object Discovery. Object discovery approaches aim at finding clusters of images

showing the same object or landmark building in large image collections. Tradition-

ally image matching techniques are applied based on image feature matching (Philbin

et al., 2007) to build up a matching graph of images and to then subdivide the

connected components of this matching graph into image clusters. A large range of

clustering methods have been proposed for this step, including single-link hierar-

chical agglomerative clustering (Gammeter et al., 2009; Quack et al., 2008; Zheng

et al., 2009), spectral clustering (Heath et al., 2010; Kim et al., 2008; Philbin and

Zisserman, 2008), eigenvector centrality (Jing and Baluja, 2008), spherical k-means

(Simon et al., 2007), Kernel Vector Quantization (Avrithis et al., 2010) and Medoid

Shift mode estimation (Weyand and Leibe, 2011, 2013). Clustering techniques for

object discovery require runtime efficiency due to the large scale of the datasets

to be mined. Many works focus on parallelization and speed however the focus

on incremental object discovery where the clusters have to be efficiently updated

instead of re-running the entire clustering process whenever a new set of images are

added to the underlying database is very limited.

Incremental Object Discovery. Despite the new advances in image retrieval

with the use of deep learning features most deep learning approaches for image

retrieval and landmark recognition focus mainly on static datasets where all cate-

gories are available during training. However, this is not applicable to real-world

applications where new images are added on a daily basis.

Models for image retrieval and recognition have to scale with a fast-increasing

number of images and be adaptable to new incoming objects. Recently a few

works have been published on the topic of incremental learning (Chen et al., 2020;

Wu et al., 2019a) however they focus on fine-grained image retrieval where object

categories are added over time and does not extend to landmark recognition.
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Our work presented in Chapter 5 instead focuses on content-based image re-

trieval (also known as instance-based image retrieval) where the aim is to retrieve

images that contain the same landmark/object instance and object instance dis-

covery where the task is to identify specific object instances from unstructured

databases. Our work is scalable to tens of millions of images (internal communication

with Google) and it can retrieve and recognize existing and newly added landmarks

accurately and efficiently.

2.2 3D Semantic Segmentation

Conventional Approaches. There are several approaches that process 3D data

even before the rise of deep learning methods. Hackel et al. (2016) use traditional

random forest classifiers with 3D features (without color). Munoz et al. (2008)

replace the random forest classifier with an associative Markov network following a

similar approach. Zhang et al. (2015) use random forest classifiers on 2D and 3D

data, which they later fuse. Similarly, Xu et al. (2013) fuse camera and LiDAR

sensor data.

2D Projections. One straightforward way to impose structure on 3D data is to

create 2D image projections from multiple views of the 3D scene. Then 2D-CNNs

can be applied to each of the views. This method has the advantage of exploiting well

research 2D-CNN architectures designed to perform well on the task of 2D semantic

segmentation. Boulch et al. (2017); Lawin et al. (2017); Qi et al. (2016) project

point-clouds in multi-view synthetic images that are processed by 2D convolutional

networks. The predictions of all the multi-view images are fused to a single semantic

label and back-projected into each 3D point. The above methods however discard

the 3D spatial information and are therefore surpassed by methods that operate on

3D representations of the data.

3D Projections. Similar to 2D projections the 3D space can be divided into

a volumetric grid. Each grid cell is called voxel and has specific size and discrete

coordinates similar to pixels in a 2D image. With this dense representation with

predefined local connectivity and structure we can use 3D convolutional networks.

Numerous approaches for 3D semantic segmentation rely on voxelized input data

(Dai and Nießner, 2018; Dai et al., 2018; Huang and You, 2016; Maturana and

Scherer, 2015; Wu et al., 2015). However, with these dense grid representations,

the computational complexity and memory footprints grows significantly. The

more fine-grained the voxel grid the higher the computational cost and memory
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requirements. A coarser representation though leads to discretization artifacts and

loss of information.

To alleviate this problem Riegler et al. (2017) divide hierarchically the 3D

space into irregular 3D volumes using octrees while Klokov and Lempitsky (2017)

partition the 3D space with kd-trees structures. However, even though reduced,

empty volumes still require memory and computational effort. Graham et al.
(2018) takes advantage of the natural sparsity of 3D point clouds and proposes

a memory and computationally efficient approach that stores only non-empty

voxels. 3D Convolutions are then defined only on a non-empty voxel and the filter

positions operate also only on voxels that have at least one 3D point. The idea

was popularized by Choy et al. (2019) that used it as the base of the Minkowski

Engine. MinkowskiEngine-based networks dominate the 3D semantic segmentation

benchmarks, however not all data can be represented in a voxelized grid (e.g., not

all data represent spatial coordinates) like for example graphs or sets. So, in this

work (Chapters 6, 7) we focus on methods that operate on raw 3D data directly

without any data transformation pre-processing step.

3D Point Clouds. Point clouds by nature are unstructured and with irregular

density and require 2D/3D projections to be processed by conventional 2D/3D

architectures as proposed by the methods described above. However, recently several

methods (Li et al., 2018a; Qi et al., 2017a,b; Wang et al., 2018a,c; Wu et al.,
2019b; Xu et al., 2018b) have been proposed that directly operate on raw point

clouds for the tasks of semantic segmentation and classification. They take as input

usually just the 3D coordinates of the 3D points however sometimes the input

features are enhanced by color or normals depending on the availability but require

no pre-processing of the input data to 2D or 3D projections. PointNet (Qi et al.,
2017b) is a pioneering such work that directly operates on point clouds. PointNet

processes each point individually through a series of multi-layer perceptrons (MLPs)

and aggregates the global information of a 3D scene through a permutation invariant

function (max pooling) over all the points making the network permutation invariant.

However, PointNet fails to take advantage of the local structure since the MLPs are

processing every point individually and the max-pooling function that operates on

a set of points ignores any local structure. Additionally, PointNet-like architectures

cannot operate on a full 3D scene and instead split the scene into 3D volumes and

process them independently and thus cannot exploit global context. In 2D-CNN

local structure is already define by the 2D structure of digital images that allows the

use of local filters like 2D discrete convolutions and the series of convolutions expand

gradually the receptive field of each neuron incorporating context from increasingly

larger parts of the image. In part we address these issues.
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In chapter 6 we introduce multi-scale and grid neighborhoods overall the 3D

scene with each sub-volume represented by a learned feature encoding. We learn an

update for each encoding based on the encoding of neighboring volumes using novel

recurrent and sequential consolidation units that incorporate global spatial context

and capture long range dependencies.

Several works followed that rely on the definition of spatial neighborhoods (Li

et al., 2018a; Qi et al., 2017a; Wang et al., 2018c; Wu et al., 2019b). Most of them

though focus on the definition of local neighborhoods, this shown by their preference

in the use of limited number of k nearest neighbors (KNN) of every point to represent

its neighborhood (Li et al., 2018a; Qi et al., 2017a; Wang et al., 2018c; Wu et al.,
2019b) while our work in chapter 6 focuses on the incorporating global context. Only

Landrieu and Simonovsky (2018) focus on global context by over-segmenting the

whole point cloud scene into super-points using clustering methods. PointNet-based

architectures can not only process directly 3D point clouds but also are significantly

faster than the Minkowski Engine Choy et al. (2019) based architectures making

them as popular in 3D applications. However, the latter lead the benchmarks on

3D semantic segmentation. Our work though takes a step towards understanding

global context that comes naturally from 3D convolutional networks that process

whole scenes like the Choy et al. (2019).

In chapter 7 we introduce two types of local neighborhoods to impose structure on

the unstructured point clouds. We use k-means to create neighborhoods in the world

space and KNN for neighborhoods in the feature space and perform fusion of the

two types of neighborhoods. Other works compute only one type of neighborhoods

and focus either on the feature (Wang et al., 2018c; Wu et al., 2019b) or the world

space (Li et al., 2018a; Qi et al., 2017a). Schult* et al. (2020) employ and take

advantage also of two types of neighborhoods one on the Euclidean space and one

on the geodesic space define over the mesh surface proving that it is beneficial to

combine two types of convolutions and it leads to significant performance gains for

3D semantic segmentation.

2.3 Interactive Object Segmentation

Conventional Approaches. Conventional approaches in the pre-deep learning

era perform interactive segmentation through energy minimization on a graph defined

over the image pixels (Bai and Sapiro, 2009; Boykov and Jolly, 2001; Gulshan et al.,
2010; Price et al., 2010; Rother et al., 2004a). The user inputs are used to create

an image-specific appearance model based on low-level features (e.g. color), which

is then used to predict foreground and background probabilities. These classical
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methods are based on a weak appearance model which is specialized to one specific

image.

Deep Learning Approaches. Recent methods use Convolutional Neural

Networks (CNNs) for the task of interactive object segmentation (Agustsson et al.,
2019; Benard and Gygli, 2017; Chen et al., 2018a; Hu et al., 2019; Jang and

Kim, 2019; Li et al., 2018b; Liew et al., 2017; Mahadevan et al., 2018; Xu et al.,
2016). These methods take an image and the user corrections as input and produce

foreground and background probabilities. The user corrections are represented as

guidance maps and are part of the input as additional channels. However, the deep

learning models are optimized over a training dataset and remain frozen at test time.

Hence these models have a strong appearance model, but it cannot be adapted to

the particularities of the test image or dataset at hand.

Our method described in part III combines the advantages both of energy minimiza-

tion and the deep learning recent approaches: we learn a strong initial appearance

model from a training set using CNNs but during segmentation of a new test image

we can adapt the model to it. Furthermore, we can continuously adapt the model

not only to a new image but also to new class distribution of the whole test set,

which may be significantly different from the one the model is originally trained on.

Optimization at test time. In other applications it is common practice to

fine-tune on in-domain data: (i) when transferring a model to a new domain (Caelles

et al., 2017; Papadopoulos et al., 2016; Voigtlaender and Leibe, 2017; Zhou et al.,
2017c), (ii) iteratively minimize a loss at test time (Gatys et al., 2016; Gygli

et al., 2017; Sun et al., 2019) or (iii) on few-shot (Finn et al., 2017; Qi et al.,
2018; Ravi and Larochelle, 2016; Snell et al., 2017) and (iv) continual learning

scenarios (Farquhar and Gal, 2018; Rebuffi et al., 2017).

In the domain of interactive segmentation, Jang and Kim (2019) update the

user corrections guidance maps representation that is part of the input to the

model. Sofiiuk et al. (2020) expand on that idea and update intermediate feature

activations, rather than the guidance maps. In contrast to these methods, we are

the first to continuously adapt an interactive segmentation model by updating the

model parameters, both, per image and over the whole test sequence. This results

in a more general method and allows our model to adapt to individual images as

well as sequences.
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3
Traditional Unsupervised Methods

Preliminaries

In this chapter (Chapter 5), we propose a novel LH-MST spanning tree structure

on an edge-weighted directed graph (matching graph). LH-MST approximates the

MST but it can be incrementally updated very efficiently.

To prove the efficiency and usability of our construction we implore the task of

landmark object recognition. In such a task, we want to automatically discover

and identify objects, and in particular touristic landmarks (e.g., Eiffel Tower) in

large and unstructured image collections (image database) that change in time.

Most classic landmark object recognition pipelines (including the one described

here) consist of the following steps:

Step 1. Image Retrieval discovers image relationships in unstructured image

databases.

Step 2. Matching Graph construction, represents the above image relationships

through image similarity.

Step 3. Clustering images that represent the same object to refine the Matching

Graph results.

In this work we focus on the clustering step and in particular on the part of

clustering that involves the Minimum Spanning Tree (MST) construction and

update.

However, Step 1-Image Retrieval and Step 2-Matching Graph Construction
are still key components of the object recognition pipeline. So here we will introduce

the basic techniques underlying each step of the object recognition pipeline. The

techniques explained (e.g., local features) here have been the state-of-the-art at

the time of the publication of our work and are still widely used. Recently several

advances have been made especially in the field of image retrieval (local and global
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CNN features). We discuss current approaches in image retrieval, matching graph

construction and clustering along with state-of-the-art methods for the overall task

of object recognition in Chapter 2.1.

3.1 Local Features

A local feature is part of an image that differs distinctively from its immediate

neighborhood. With the term detector we refer to the algorithm used to discover

local features in an image. A local feature can be either a point or small image

region. Many applications like camera calibration require only a location in space

with no spatial extent. In these cases one usually refers to that location as interest
point or keypoint. In this chapter, we use the term keypoint, and it can represent

either points or regions.

Regardless of whether the local feature is a point or a region, a local neighbor-

hood surrounding the local feature is still needed. Usually through its statistics

described by the local feature descriptor the local features can be matched, and

corresponding features can be found in other images. The local features along with

their corresponding descriptors are used in a wide range of systems and applica-

tions. Figure 3.1a shows some example local features (points) based on a Harris

detector (Harris and Stephens, 1988) and Figure 3.1b shows some example local

features (regions) based on a SURF detector (Bay et al., 2006).

(a) Harris detector (b) SURF

Figure 3.1: Example of local features based on points detected by the Harris corner
detector (left) and regions based on SURF (right).
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3.2 G-Equivariance and Invariance

Repeatability. The goal of the keypoint detector is to detect repeatable keypoints

on the input images under various lighting conditions, noise, blur etc. Given two

images of the same object or scene a high percentage of the features detected on

the scene part visible in both images should be found in both images, regardless of

the different viewing conditions. This is an important property for all applications

including the image retrieval part that us a crucial component of our pipeline

described in this work.

G-equivariance. A function f is called G-equivariant under a group of transfor-

mations G if f (g · x) = g · f (x), ∀g ∈ G.

G-invariance. A function f is called G-invariant under a group of transformations

G if f (g · x) = f (x), ∀g ∈ G.

For image retrieval, in order for a keypoint detector to be repeatable, it must

be G-equivariant with respect to many transformations G. For example if a

keypoint detector is rotation-equivariant then rotating an image and then detecting

keypoints returns the same result as detecting the keypoints and then rotating them.

Transformation equivariant keypoint detectors return invariant descriptors.

Keypoints can of course be selected by random sampling or fixed grid sampling.

However, these options suffer from poor repeatability that is crucial in our task

as described above. To that end more sophisticated approaches were introduced

for keypoint detectors like the Harris (Harris and Stephens, 1988) or Hessian

detector (Beaudet, 1978) that are gradient based keypoint detectors and rotation

equivariant. They can both be extended to be equivariant under various other

geometric transformations too.

Most image retrieval methods (including ours) use a Hessian-Affine detector

(Mikolajczyk and Schmid, 2004) that is scale- and affine-equivariant. In this chapter

we will describe the methods used in our particular implementation and refer the

reader to Tuytelaars and Mikolajczyk (2008) for a thorough survey on keypoint

detectors.

3.3 Local Keypoint Detection

As mentioned above our local feature extraction pipeline is based on the Hessian-

Affine detector proposed by Mikolajczyk and Schmid (2004). Roughly a local

feature extraction pipeline is composed of a (i) keypoint detector and a (ii) local
descriptor around the detected keypoint that is used for matching keypoints along

images.

19



3 Traditional Unsupervised Methods Preliminaries

The goal of the keypoint detector is to detect repeatable keypoints on the input

images under various lighting conditions, noise, blur and various image transforma-

tions.

In the following paragraphs we will describe the steps of the Mikolajczyk and

Schmid (2004) pipeline: from the initial Hessian Detector to the additional improve-

ments that make it scale and affine invariant.

Hessian Detector. The Hessian-Affine detector (Mikolajczyk and Schmid, 2004)

that we used in this work is a multiple scale algorithm. In each scale the algorithm

detects keypoints based on the Hessian matrix. It detects keypoints (strong response)

in corners and highly lectured areas.

Given an input image I we first compute the second order derivatives of the image:

Hessian(x, y) =

[
Ixx Ixy
Iyx Iyy

]
(3.1)

Since derivatives are sensitive to noise we smooth the derivative images by convolving

with a Gaussian kernel of bandwidth σ.

Hessian(x, y, σ) =

[
Lxx(x, y, σ) Lxy(x, y, σ)

Lyx(x, y, σ) Lyy(x, y, σ)

]
=

[
g(σ) ∗ Ixx g(σ) ∗ Ixy
g(σ) ∗ Iyx g(σ) ∗ Iyy

]
(3.2)

The intuition is to search for strong derivatives in both directions. The keypoints are

the local maxima (computed by non-maximum suppression) of the determinant

of the Hessian matrix:

RH = σ2 · det(H) = σ2 · (Lxx · Lyy − L2
xy) (3.3)

Characteristic Scale Selection. While the Hessian detector provides key-

points that are rotation equivariant and is robust to illumination changes and noise

however the keypoints returned are not scale invariant. To achieve scale invariance

i.e. having the same descriptor independent of the distance of the object to the

camera is important since we would like to be able to match keypoints between

images on different scales. To that end we need to include in each local neighborhood

of a keypoint the same information regardless of the scale of the structure.

Selecting image regions in different scales for both images and then directly

comparing all their descriptors until we find the best match is computationally

expensive. Instead, we evaluate a signature function and plot the result value

as a function of the neighborhood scale σ. This function needs to be invariant to

the size of the keypoint’s neighborhood region. The average intensity of an image
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region could be used as such a function (the average intensity should be the same

regardless of the number of pixels in the region).

The characteristic scale of each image is then detected by searching for extrema

of the signature function. If images I and I ′ have corresponding extrema σ and σ′

then the scaling factor between the two images is
σ

σ′
.

In this work, we follow following Mikolajczyk and Schmid (2004) and use as

signature function the Laplacian-of-Gaussians introduced by Lindeberg (1998) that

has strong responses in blob like structures. The extended keypoint detector is

called Hessian-Laplace detector and returns a localized keypoint along with a blob

shaped keypoint neighborhood the size of the image’s characteristic scale.

Affine Region Estimation. The keypoints detected with the procedures above

provide us with features that are translation, rotation and scale invariant. The

above Hessian-Laplace detector can be extended to detected keypoints that are

covariant with respect to affine transformations. Mikolajczyk and Schmid (2004)

obtain affine covariant keypoint neighborhoods using the algorithm by .

The process is iterative. We start with the initial Hessian-Laplace regions and in

each iteration, we update the regions using the region’s second-moment matrix:

M(x, y, σD, σI) = σ2
D·g(σI)∗

[
L2
x(x, y, σD) Lx(x, y, σD) · Ly(x, y, σD)

Lx(x, y, σD) · Ly(x, y, σD) L2
y(x, y, σD)

]
(3.4)

where Lx(x, y, σ) = g(σ) ∗ Ix and Ly(x, y, σ) = g(σ) ∗ Iy are the derivative

images convolved with a gaussian kernel g of bandwidth σ. We compute the

eigenvalues of the matrix M . They represent an elliptical region that defines the

affine deformation. We transform the ellipse into a circle and update the location

and scale. This procedure stops when both eigenvalues of the second-moment matrix

are equal.

The elliptical regions obtained by this process are containing the same information

despite of viewpoint changes.

3.4 Local Descriptors

Once a set of keypoints is detected in an image a keypoint descriptor is used

to describe a keypoint and thus facilitate matching using information from its

surrounding neighborhood. In our work we use the SIFT (Lowe, 2004), a popular

choice.
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Keypoint Detection LH-IS*

Figure 3.2: Local features example. Every image in an image database is de-
scribed by a set of local keypoints and their corresponding descriptors (here SIFT).

Scale Invariant Feature Transform (SIFT) was introduced by Lowe (2004).

It was part of a framework that included not only a feature descriptor but also a

keypoint detector based on the Difference-of-Gaussians. Since the two components

are independent of each other Mikolajczyk and Schmid (2004) combined the SIFT

descriptor with the Hessian-Affine detector.

First a 4× 4 grid is placed around a keypoint. Inside each grid location another

4∗4 positions are sampled and the gradients’ magnitude and orientation is computed

and accumulated in a histogram of gradient orientations of 8 bins. Each location is

weighted by the gradient magnitude and a Gaussian function with a σ of half the

region size. This way gradients further away from the center of the patch contribute

less to the histogram. The entries of the histogram of each of the 4× 4 coarse grid

cells are concatenated to form a single 4× 4× 8 = 128 dimensional feature vector.

3.5 Tasks

3.5.1 Image Retrieval (Part I)

Image retrieval is a well-researched topic in computer vision. It addresses the

problem of searching an unordered image database in order to retrieve images that

are similar to a new query image and rank them according to their relevance to

the query image. For the task of landmark recognition, we need to retrieve those

images containing the same object instance. This task belongs to the set of problems

called content-based image retrieval (CBIR) or instance retrieval where the

requirement is to find a particular object instance in a large image database (e.g.,
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Figure 3.3: Image Retrieval example. Using a query image, images similar to
the query are retrieved from an unordered image database and ranked according to
their similarity with the query image.

all images portraying the Eiffel Tower). This task differs from the task of retrieving

all images containing objects of a particular class (e.g., chairs). A visual example

can be seen in Fig. 3.3.

Classical approaches (Philbin et al., 2007; Sivic and Zisserman, 2003) rely on hand-

crafted local features based on image gradients such as Scale Invariant Feature
Transform (SIFT) (Lowe, 2004) to determine the similarity between the query

image and the other images in the database. Direct comparison of every pair of

descriptors is very precise for descriptor matching however it is too costly to perform

in real-world retrieval systems that operate on millions of images. So the local

features are aggregated into visual words using approximate nearest neighbors search

methods like KD trees. Each image is then represented by a global feature vector

based on a histogram of visual words computed by TD-IDF scoring. The major

steps of the image retrieval pipeline can be seen in Fig. 3.4.

Our method implores for the image retrieval step the pipeline proposed by Sivic

and Zisserman (2003), the state-of-the-art method for image retrieval at the time of

SIFT features
Visual Words 

(VW)

clustering

VWs frequency

2
1
0
0
0
0
2
3
0
1
0

1
1
2
0
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2
0
3
0
1
0

Similarity 
Computation

Spatial 
Verification

k-best

Figure 3.4: The steps of an image retrieval pipeline.
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cluster centers

Figure 3.5: SIFT Features clustered into visual words.(top) SIFT descrip-
tors that describe similar image patches are grouped into the same cluster. Here,
circles (blue), squares (red) and corners (green) are parts of different clusters. (bot-
tom) Each cluster is represented by its cluster center and defines a visual word. Now
nearest neighbors correspondences can be found between visual words instead of
SIFT features.

publication and thus uses hand-crafted local features (SIFT). However, our method

is independent of the features used in image retrieval step and can be integrated in

pipelines that use local or global CNN features.

In the following chapter we will introduce the image retrieval framework originally

proposed by Sivic and Zisserman (2003).

Step 1. Local Feature Extraction. As described in Chapter 3.1 each im-

age in the database is described by a set of keypoints with their corresponding

descriptors (Fig. 3.2).

Step 2. Visual Words. The most straightforward way to find matching images

would be to directly compare all features in all potential matching image pairs.

However, this is impractical for most real-world application. Given an N images

in the database, M number of SIFT descriptors that have D = 128 dimensions

exhaustive linear search has processing complexity of O(N ·M2 ·D) and memory

requirements of O(N ·M ·D).

Building a visual word vocabulary. Instead Sivic and Zisserman (2003)

proposed an efficient framework for image retrieval inspired by text retrieval. The

128-dimensional SIFT descriptors are clustered to representative visual words.

SIFT descriptors that are supposed to be similar are mapped to the same cluster

and thus the same visual word. The clustering is performed using k-means. The

cluster centers represent the visual words, the set of visual words defines the visual
vocabulary and a SIFT descriptor is mapped to the closest visual word (Fig. 3.5).

Now each image is represented by a set of visual words instead of SIFT descriptors.
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In particular each image I in the image database can be represented by a vector

of visual word frequencies vI . Each entry vjI represents the number of occurrences

of the visual word j in the image I. Now the similarity between two images I1 and

I2 can be computed between their corresponding visual word frequency vectors.

When a new query image appears each of its SIFT descriptors is assigned to the

nearest cluster (visual word) creating a vector of visual word frequencies and this

is used to generate matches with the other images in the database.

The step of building the visual word vocabulary is performed offline before the

actual retrieval takes place. The clustered SIFT descriptors and the corresponding

cluster centers are extracted from a separate database than the one we are using to

retrieve images.

Approximate Nearest Neighbors. Every SIFT descriptor of an image is

assigned to a visual word from the vocabulary described above. This requires finding

the cluster center that is closest to the SIFT descriptor. Searching for an exact

nearest neighbor in the high dimensional space of the SIFT descriptors (128-D) is

computationally expensive. Thus, we use an approximate nearest neighbor approach

based on k-d trees proposed by Philbin et al. (2007) that is more efficient but cannot

guarantee finding the actual nearest neighbor. A k-d tree is a binary tree of depth

log2N . Each node of the tree splits the data into two parts called half spaces. One

half belongs to the left branch and the other to the right. Typically, the splitting

decision is made at the median of the dimension of the highest variance. We stop

splitting after reaching a stop criterion. Philbin et al. (2007) use 8 random k-d

trees where the splitting decision in each level is made at a random point close to

the median of a dimension randomly selected from a pool of dimensions with high

variance providing robustness for high dimensional cases. For image retrieval a k-d

tree is constructed using the cluster centers as data.

Nearest neighbor queries are evaluated by traversing the tree choosing always the

half space that contains the data point. When we reach a leaf node, we compute

the distance with each point contained in the leaf node and pick the closest as the

nearest neighbor to the query. Of course, if the tree construction has not been

stopped early there is only one data point in the leaf and this is considered the

nearest neighbor. However, this is not necessarily the exact nearest neighbor. The

real nearest neighbor could be in neighboring splitting planes (Fig. 3.6). In high

dimensional spaces the number of neighboring splitting planes to be explored can

be significantly large.

So in Philbin et al. (2007)’s randomized case while each tree is traversed the

distances to the discriminating boundaries are recorded in a single priority queue for

all trees. The most promising alternative cells are explored based on the distances
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Figure 3.6: Example of nearest neighbor search using a k-d tree. We initially
search for the nearest neighbor in the cell containing the query (green point) and pick
as nearest neighbor the closest point to the query inside the cell (red point). However,
the true nearest neighbor can be in the other side of the splitting plane (orange
points).

from the query to the splitting plane. After a certain number of cells has been

tested for better nearest neighbor candidates we stop.

Image Similarity. The similarity between two images could be directly computed

as the dot product of their respective frequency vectors. However Sivic and Zisserman

(2003) suggest an alternative to simple frequency terms, the term frequency -
inverse document frequency (tf-idf) score that is computed as follows: Each

image I is represented by a k-dimensional vector vI = (v1
I , v

2
I · · · , vkI ) of

vjI =
njI
nI︸︷︷︸
tf

· log
N

nj︸ ︷︷ ︸
idf

(3.5)

where njI the number of occurrences of visual word j in image I , nI the number of

visual words in image I , nj the number of times the visual word j occurs in the

whole image database and N the total number of images. If a visual word appears

often in an image the tf term increases but if it is too common a word and appears

too often in the database the idf term downgrades its score.

Given two vectors vI1 and vI2 representing two images I1 and I2 this similarity

is computed as:

sim(vI1, vI2) =
vI1 · vI2

||vI1|| · ||vI2||
(3.6)
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Step 3. Inverted File Index. The tf term is sparse and is wasting memory to

store it for every image in the database. So, we build a more memory efficient data

structure called an inverted file index following Sivic and Zisserman (2003). For

each visual word we save a list of the images containing it and pre-compute the idf
score of each visual word and the tf-idf score for each image in the database. To

retrieve images similar to the query only the images with common words query are

considered as potential matches. So the inverted file index is not only efficient in

memory but also in computational time since the index is traversed only for the

visual words existing in the query image.

Step 4. Spatial Verification. After computing a similarity score between the

query image and all images that share at least one visual word with the query

the k best matches are verified matching the individual SIFT features, estimate

a homography transformation with RANSAC using the feature matches. If a

certain number of inliers is found between the query and an image, then the pair is

considered a match.

A homography is a transformation model between two images. A transfor-

mation maps each pixel in one image to a corresponding location in the sec-

ond (correspondences). The type of transformation one is trying to estimate

depends on the camera motion and the object geometry. Homography estimation

assumes a mapping between two perspective projections of a planar object. In

homography straight lines are projected as straight lines although parallel lines are

not necessarily preserved.

A homography matrix estimating the transformation between two planes is a

3× 3 matrix H :

H =

h11 h12 h13

h21 h22 h23

h31 h32 h33

 (3.7)

H is 3× 3 matrix with h33 = 1. It has 8 DoF and can be estimated by at least 4

correspondences of 2D points. A homography transformation between two points is

computed according to:x′y′
z′

 = H ·

xy
1

 =

h11 h12 h13

h21 h22 h23

h31 h32 1

 ·
xy

1

 (3.8)

It is a system of linear equations that can be solved by singular value decomposi-

tion (SVD). More detailed information regarding the estimation of a homography

along with other transformations is available in Hartley and Zisserman (2003).
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Good homography estimation requires accurate point matches in both images

but which correspondences are good is determined by the estimated homography. A

solution to the problem is the RANSAC algorithm by Fischler and Bolles (1981).

RANSAC is an iterative algorithm. In each iteration a random number of corre-

spondences is drawn (4 in our case for homography), estimates the homography

transformation and then checks how many of the total correspondences are con-

sistent with the transformation (inliers). The algorithm stops when a sufficient

number of inliers exists. The final transformation is estimated from all inliers. There

are several variations of the RANSAC algorithm, here we employ the Spatially

Consistent Random Sample Consensus (SCRAMSAC, Sattler et al. (2009))

3.5.2 Matching Graph Construction and Clustering (Part I)

A crucial step in landmark discovery is the building of a matching graph (Avrithis

et al., 2010; Gammeter et al., 2009; Quack et al., 2008). In the matching graph

the nodes are representing images and the edges represent a match between images.

The matching graph is a directed graph, image I1 could be a match for image I2

but not vice versa. The graph can also have weighted edges that represent the

similarity between the two images. The matching graph is constructed by using

each image in the database as a query and retrieving all possible matches using the

image retrieval algorithm described above. Each match is used now as a follow up

query. The construction of the matching graph is usually followed by a clustering

step like hierarchical agglomerative clustering (Gammeter et al., 2009) that refines

the retrieval results and offers insights using the graph structure.

3.6 Datasets

Paris 500k. by Weyand et al. (2010) is a dataset that consists of 501356 geotagged

images, “naturally” distributed over the center of Paris. The images were collected

from Flickr and Panoramio. The collection used a geographic bounding box instead

of keyword queries. The dataset is considered challenging due to the presence of

duplicates and near-duplicates, as well as a large fraction of distractor images (images

unrelated to the task of landmark retrieval such as photos of everyday objects, pets

etc.) For more details regarding the construction and characteristics of the dataset

please see Weyand et al. (2010).
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Deep learning is a machine learning subfield that relies on a deep hierarchy of learned

representations. These representations are learned from training data with the use

of an optimization algorithm between the algorithm’s predictions and the gathered

ahead objective ground truth data. Other machine learning approaches like the one

described on the previous chapters (Chapter 5) rely on handcrafted input features

and the optimization process does not involve any ground truth information but

instead focuses on optimizing internal metrics to measure the relative quality of

different algorithms.

Deep learning has become the standard approach to many computer vision tasks.

In the following chapter we will present our novel algorithms for the tasks of

semantic segmentation on 3D point clouds and interactive object segmentation
on 2D images.

Our suggested approaches make use of many different deep learning algorithms

and components. In this chapter (Chapter 4) we will introduce the basic deep

learning concepts that are required for the tasks of semantic segmentation on 3D

point clouds and 2D images and their key differences. After, we will introduce

briefly the goals of each task and the datasets used to prove the performance gain

with our suggested approaches. For a detailed introduction on deep learning theory

and methods please see also Goodfellow et al. (2016).
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4.1 Feedforward Neural Networks

4.1.1 Perceptron

The perceptron (Rosenblatt, 1958) is a classification algorithm that decides if an

input data point belongs to a specific class or not, based on the following equation:

y = σ(

D∑
i=1

xi · wi + b) (4.1)

As it can be seen also in Fig. 4.1a it consists of the following components: (1) a D
dimensional input vector: x ∈ RD, (2) the corresponding learnable weights (for

each input entry) and bias : w ∈ RD, b ∈ R, (3) a summation function and (4) an

activation function: σ.

The inputs are multiplied with the corresponding weight values and then are

added together. A non-linear activation function is then applied to the weighted

sum producing the final output y ∈ [0, 1]. The learned weights represent the

importance of each input entry and the activation function maps the weighted sum

output to the required values for binary classification. The weights and bias are

learned during the learning phase (Sec. 4.1.3).

A perceptron can be extended from binary to multi-class classification using a

neural network (4.1b) of perceptrons/neurons with one output node per class:

yk = σ(

D∑
i=1

xi · wki + bk) (4.2)

Perceptrons can be seen as a single layer neural network also known as fully
connected layer (FC), since all of the inputs are connected to all the outputs. In

matrix form defined as:

y = σ(WTx + b) (4.3)

where x ∈ RD is the input in the form of a vector, W ∈ RD×M the learnable

weights matrix, b ∈ RM the learnable bias term and y ∈ RM the output to which

the input x has been transformed. Each yi is a perceptron unit referred to as neuron

and a set of connected neurons create a neural network.

4.1.2 Multilayer Perceptron

A single layer neural network corresponds only to generalized linear discriminants

and is thus very limited. The solution is the multilayer perceptron that is composed
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(b) A multi-class perceptron

of multiple single layers stacked on top of each other where the output of the previous

layer l − 1 is the input for the next layer l.
Multilayer perceptrons are called universal approximators because during learning

they can approximate any function fθ : y = fθ(x) which maps a D-dimensional input

x ∈ RD to a k-dimensional output y ∈ Rk. With θ we represent the parameters

of the network that we learn during the optimization process and correspond to a

good representation of the task at hand.

All layers except the input and output are called hidden layers since their values

are not observable outside of the network.

A network with L layers is represented as:

fθ(x) = fLθL(fL−1
θL−1

(· · · f1
θ1(x))) (4.4)

Fully connected layers. Each layer l is a multiple output perceptron (Eq. 4.3).

Using matrix notation:

yl = σl(zl) = σl(W l · yl−1 + bl) (4.5)

where yl−1 ∈ RDl−1

is the input to the current layer l that also corresponds to the

output of the output of previous layer l − 1, W l ∈ RDl−1×Dl

is the weight matrix

and bl ∈ RDl

is the bias vector, σl is the activation function and yl ∈ RDl

the

output of layer l.
A network that consists of only fully connected layers is called a multilayer

perceptron (MLP).

Activation functions provide the non-linearity to the whole network. Without

them the whole multilayer perceptron output would have been a linear function of

the input. A popular choice is the rectified linear unit (ReLU) introduced by Glorot

et al. (2011):

σReLU (zi) = max{0, zi} (4.6)
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The sigmoid or tanh function are other popular choices. The activation function of

the final layer L enforces the output to be represented as a probability distribution

over usually k number of classes in the case of classification.

The activation function σL is usually a softmax function given by:

σsoftmax(zi) =
exp(zi)∑
j exp(zj)

,∀j ∈ k (4.7)

All output values are between 0 and 1 and their sum equal to 1 like a proper

probability distribution p(k|x) of the class k given input x.

4.1.3 Training

In a feedforward network like MLPs we input an input vector x and produce an

output y. This is usually called the forward propagation. During training the

network fθ we need to define a loss function between the network output y and the

ground truth ỹ.

For classification tasks, it is common the use of a cross entropy loss ECE .

ECE(θ) = −
∑
k

ỹk log(yk) (4.8)

where ỹk is the ground truth class, and log(yk) is the softmax probability for class

k.

Most deep learning algorithms have some optimization procedure. Optimization

is maximizing or minimizing a function. In our case we are minimizing the loss

function.

These types of optimization processes that minimize a loss function requires the

use of prediction-ground truth pairs (training examples) and is called unsupervised
learning. The success of the learning algorithm is measured though the generaliza-
tion error between the prediction and the ground truth of unseen examples. All

algorithms presented in Part II are fully supervised.

In semi-supervised learning a small portion of the data can be used for training.

The method presented in Part III belongs to the semi-supervised methods since

only a few pixels per image have ground-truth labels.

In contrast to all the above, the algorithm presented in Part I belongs to unsu-
pervised methods where the algorithm discovers patterns in data without the use

of any ground truth information to guide the optimization process.

Gradient Descent. Given a function y = f(x) with x, y ∈ R and f ′(x) the

derivative of the function. A small change ε in the input results in a corresponding
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change in the output f(x + ε) ≈ f(x) + ε · f ′(x). We can then reduce the value

of function f(x) by moving in small steps towards the opposite direction of the

gradient f (x = ε · sign(f ′(x))).

In our deep learning case after the loss E is computed, we update the parameters

θ in the direction of the steepest descent. One update step of the parameters is

given by:

θk+1 = θk − λ∂E
∂θ

∣∣∣∣
θ=θk

(4.9)

where λ is a hyper-parameter that has to be chosen carefully. More advanced

optimization techniques like Adam automatically choose the learning rate.

Traditional gradient descent assumes the computation of the loss function is

happening overall the data points in the training set. A common problem in

machine learning is the big size of the training set. Stochastic gradient descent is

an extension of the original gradient descent algorithm where in each iteration only

one data point is used to compute the loss function. Alternative we can sample a

relatively small minibatch of examples from the training set to compute the sum of

the loss as a compromise between standard gradient descent and stochastic gradient

descent.

4.1.4 Backpropagation

Computing the gradients
∂E

∂θi
of the loss function E with respect to all parameters θ

from Eq. 4.9 requires the efficient backprogation algorithm (Rumelhart et al., 1988).

We will explain the basic back propagation steps with respect to the weighted input

zli instead of the activation output for simplicity reasons.

It is based on the chain rule of differentiation and requires two passes: the forward

and the backward. During the forward pass all neutron outputs are computed with

respect to its input: zl = σl(wl · zl−1 + bl). During the backward pass we propagate

the error from the last layer to the first one:
∂E

∂zl−1
= ((wl+1)T · ∂E

∂zl+1
)� σl′(zl).

4.2 Convolutional Neural Networks

Neural networks based on layers of fully connected layers (MLPs) have two dis-

advantages: they require a large number of parameters and are sensitive to small

shifts of the input data. These drawbacks are more prominent when we consider

a common input to most computer vision tasks: an RGB image of size 640× 460

pixels. Flattening such an image results in a 640× 460× 3 ≈ 890K input entries.
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Using a hidden layer of 1024 neutrons results in approximately 900M parameters

on a single layer. Additionally, different weights are learned and associated with

different parts of the image producing different activations for the same object

depending its position in an image.

Convolutional Neural Networks (CNNs) (Lecun, 1989) alleviate these issues

by replacing one or more layers of a network with a convolutional layer. In a

convolutional layer, instead of connecting all its units to all the units in the preceding

layer, the weighted sums are computed within a small local window. Additionally,

weights are identical regardless of the location of the pixel. Numerous architectures

appeared since Krizhevsky et al. (2012b) used CNNs to win the ImageNet Large

Scale Visual Recognition Challenge outperforming all other methods by a large

margin. His seminal work started a new era in computer vision and now CNNs are

used to solve most perception tasks. Most CNN architectures use the basic building

blocks described in this chapter.

4.2.1 The Convolutional Operator

Convolution is a mathematical operator between two functions f and g denoted

as f ∗ g. The convolution of two real multivariate functions f, g : RD → RM is

defined as:

(f ∗ g)(x) =

∫ +∞

−∞
f (y)g(x− y)dy (4.10)

It is computed as the integral of the product of two functions where one of them is

shifted and reversed. In the field of machine learning f (x) represents the input and

g(x− y) the kernel of learnable weights. The convolution represents the overlap

between function f and kernel g.

4.2.2 The Discrete Convolutional Operator

Usually in machine learning and especially in computer vision the input is not

continuous and it can only take discrete values. We can then define the discrete
convolution as:

(f ∗ g)(x) =

+∞∑
−∞

f (y)g(x− y) (4.11)

If the function f ranges over a finite set of values N (e.g., number of pixels in an

image) then the discrete convolutional operator can be represented as:
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(f ∗ g)(x) =
∑
N

f (y)g(x− y) (4.12)

In particular when the input data is two-dimensional (e.g., an image ) then we

require a two-dimensional kernel of size n×m that represents a local neighborhood

of size m×n around each pixel (x, y). Then the convolution in the two-dimensional

discretized, finite space is defined as:

(F ∗G)(x, y) =
∑
m

∑
n

F(m,n)G(x−m, y − n) (4.13)

Where F represents usually the 2D image and G the two-dimensional kernel function.

4.2.3 Convolutional Layer

The convolutional layer is a common building block of modern deep networks (CNNs)

that take as input two-dimensional images. The input of every convolutional layer

then is not a flattened vector like in a fully connected layer but a tensor ofH×W×D
where H ×W are the spatial dimensions of the 2D input and D the number of

feature channels: in the first layer usually D=3 for each of the image color channels.

The layer outputs a tensor of the same spatial dimensions H ×W as the input and

M number of output feature channels.

Yl = σl(Yl−1 ∗Wl + Bl)

= σl(Zl + Bl)
(4.14)

where Yl−1 ∈ RW×H×D the input (which is usually the output of the previous

layer), Yl ∈ RW×H×M the output of this layer, Wl ∈ RK×K×D×M the learnable

filters of kernel size K and Bl ∈ RD×M the bias. The convolutional operation is

represented with * and σ the non-linear activation function for layer l.
The x, y position in the ith ∈ {1, 2 · · ·M} output feature map Zl

i(x, y) is

computed as:

Zl
i(x, y) = (Yl−1 ∗Wl

i)(x, y)

=

D∑
d=1

K/2∑
m=−K/2

K/2∑
n=−K/2

Y l−1(x + m, y + n, d) ·Wi(m,n, d)
(4.15)
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Even though the layer is called a convolutional layer, in practice it is usually

implemented as a cross-correlation operation instead of a convolution as shown in

Eq. 4.15. The limitation of the filter kernel at the borders of an image is usually

dealt by zero-padding the image borders before applying the filter.

As it can be seen from Eq. 4.15 convolutional operations are equivariant with

respect to translation. In practice that means the convolutional operator output

is translated if the input is translated. Convolutional operators however are not

translation invariant. For a formal explanation of equivariance and invariance please

see Chapter 3.2.

A convolutional layer decreases the number of needed parameters to learn by

sharing them across the image spatial positions. However, in contrast to a fully

connected layer neuron that incorporates information from all input positions now

each convolutional layer neuron “sees” only a limited part of the input equal to

the size of its kernel K × K. This is usually referred to as the receptive field.

CNNs solve this problem by stacking multiple layers of convolutional layers each

one increasing the receptive field of each neuron further. We would like to increase

the receptive field to the size of an image. However, this requires many layers of

convolution that not only increase the number of parameters needed to learn but

also reduce the gradient values making the network more difficult to train.

4.2.4 Depthwise Separable Convolutions

Given an input feature map with input channel dimension D and output channel

dimension M and a kernel ofK×K×D the convolution process results inK×K×D
multiplications every time one of the M kernel moves and K × K × D × M
parameters.

Both the time number of parameters and computational time can be significantly

reduced with the use of Depthwise Separable Convolutions(Chollet, 2017). The

depthwise separable convolution consists of two separate operations: the depthwise

convolution and a pointwise convolution.

In the first part, the depthwise convolution D different K ×K kernels are used.

Each kernel produces one feature map and then the D feature maps are concatenated

together. The depthwise convolution step requires K ×K ×D parameters and

K ×K ×D ×H ×W multiplications.

In the second part, the pointwise convolution a 1× 1 convolutions is used that

iterates over each point, it allows interactions among the channels and transforms

the D dimensional channel to an M dimensional one. It requires D×M parameters.

Thus, the depthwise separable convolution needs K ×K ×D+D×M parameters

in total, which are much less than the K ×K ×D×M parameters needed for the
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standard convolution. It also requires D ×M ×H ×W multiplications making it

in total (K×K+M )×M×H×W compared to the (K×K×M )×D×H×W
of the standard convolution.

4.2.5 Atrous (Dilated) Convolutions

Figure 4.2: Atrous Convolutions with different atrous rates. The standard
convolution (left) represented as an atrous convolution with atrous rate equal to 1
uses a dense filter with learnable parameters in each position of the grid. Atrous
convolutions (middle, right) replace filter locations in both dimensions with zeros
based on the atrous rate. Source (Chen et al., 2018b)

In standard convolutions the size of the kernel K represents the size of the pixel’s

neighborhood information that influences the value of each pixel and is directly

connected to the receptive field of the layer. We can increase the size of the receptive

field by either increasing the size of K or by stacking multiple convolutional layers

of kernel size K. Two layers with kernel size 3× 3 have the same receptive field as

a 7× 7. However, in both case the increase of the receptive field comes at the cost

of more parameters to learn.

Chen et al. (2016) and Yu and Koltun (2016) proposed atrous convolutions in

order to increase the receptive field of the convolutional layer without increasing

the number of learnable parameters. In atrous convolutions the filter is not applied

to all neighboring points densely but instead its learnable parameters are arranged

in a sparse grid where we insert zeros among the filter elements (Fig. 4.2).
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The number of zeros inserted is defined by the atrous rate. If the atrous rate

equal to 1 the atrous convolution is equivalent to the standard convolution. If the

atrous rate is equal to 2 then the two learnable parameters are two points apart in

each direction. Since the skipped locations in the filter equal to zero an atrous filter

with kernel 7× 7 and atrous rate 3 has the same number of learnable parameters as

a 3× 3 traditional filter but it incorporates spatial context from locations as far as

a standard 7× 7 filter.

4.2.6 Pooling/Unpooling Layers

An important component of CNNs is the pooling layers. Max-pooling layers are a

common variant and have no learnable parameters. Pooling operators divide the

spatial space in block of ph × ph and in the max-pooling case take the maximum of

all the values in the region. There is a pooling operator for each separate feature

channel. The grid of blocks operates in a stride the size of pooling region’s height

and width thus reducing the spatial dimension of the input. For example, a typical

max-pooling operator of kernel size 2 and stride 2 divides the spatial dimensions

of the input tensor X ∈ RH×W×D in blocks with height and width equal to 2. It

then takes the maximum value in each 2 block and outputs a tensor with both the

spatial dimension halved Y ∈ RH/2×W/2×D

Pooling operations increase the receptive field of the network without the

use of additional parameters. Following convolutional layers require less parameters

due to the decreased spatial size. The drawback is that the output has reduced

spatial dimension. This can be useful when we would like to produce a global

representation of the whole image that through a fully connected layer can make a

decision regarding the presence or not of a class (e.g., cat) in the image. However,

when we would like to make a decision for each one of the pixels in an image (e.g.,

semantic segmentation) we would like to return the feature maps to the original

spatial size.

Unpooling layers increase the spatial dimensions of a feature map using

upsampling techniques like interpolation or nearest-neighbors.

Typical CNNs are composed by multiple layers (this is why they are called deep

models also) of convolutions stacked one after the other alternating with max-pooling

layers. This is usually called the encoder part of the network. If the task requires

the original spatial dimensions several unpooling layers follow, this is called the

decoder part of the network.
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4.3 Convolutions in 3D space
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Point Cloud

Figure 4.3: Image Grid vs Point Cloud. On the left side we see a typical
two-dimensional grid representing the pixels in an image. The relative positions of
points in such a grid are fixed. This results on fixed distances between points and
fixed neighborhoods. On the other hand, on the right side, we see a point cloud
representation as a set of points. The coordinates of each point are not located on
a fixed grid and can take any continuous value.

Digital images are one way of representing the 3D world around us by projecting

the 3D space into the image plane. Images are a discrete and finite representation

of data where each point in the image has a spatial neighborhood based on a

two-dimensional grid space that is predefined by the digital camera sensor. The

feedforward and convolutional layers described above are well suited to model data

with an underlined grid structure (e.g., 1D vectors, 2D images etc.).

However, most sensors that provide a direct representation of the 3D space return

3D data that are not ruled by any underlying grid structure. Depth sensors return

an unstructured set of 3D points (see Fig. 4.3).

Initial works (Qi et al., 2017b) that operate on raw 3D data they have no

convolutional layers. They do not have fully connected layers either since they do

not provide permutation invariance, a critical property for 3D point clouds. Context
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from neighboring points is distributed only in the form of a global max-pooling

layer over all points:

max
xi∈Nx

{f (xi)} (4.16)

where in the case of Qi et al. (2017b) Nx is the whole point cloud.

The follow-up work of Qi et al. (2017a) replaces the global neighborhood of

Eq. 4.16 with spherical neighborhoods Ni of various radius but has not defined any

convolutional layers with learned finite kernels.

Most works that directly work with 3D data representations are focusing on

defining the neighborhood Nx for every point x. Without a support domain the

definition of a convolution in 3D space is not possible.

A general 3D point convolution at a point x ∈ R3 based on Monte-Carlo

integration with sampling the continuous space can be defined as:

(f ∗ g)(x) =

∫ +∞

−∞
f (y)g(x− y)dy ≈ 1

N

∑
xi∈Nx

f (xi)g(x− xi) (4.17)

where xi are points in the set of 3D points P representing a 3D scene P ∈ RN×3

and fi its corresponding feature from F ∈ RN×D. Nx = {x1, x2 · · · xN} defined

the neighborhood of point x.

An implementation of Eq. 4.17 can be obtained by modelling the continuous

kernel function g using multi-layer perceptrons (MLP) that are continuous function

approximators:

g(x− xi, θ) = MLP (x− xi, θ) (4.18)

The above approximation is used by many approaches (Wang et al., 2018b, 2019;

Wu et al., 2019c)

4.4 Residual Connections

Neural networks are universal function approximators. This means that they can

approximate any function given enough layers and units. The common understanding

in computer vision community was that deeper and deeper networks will result in

increased accuracy. He et al. (2016a) realized that this is true up to a certain depth

and after a certain number of layers accuracy starts to saturate and the error rate

increases both in training and test set.

He et al. (2016a) proposed residual connections as a solution. In classic neural

networks the output of a layer l is fed into the following layer l + 1. As it can be
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Figure 4.4: Residual Block. Source (Chen et al., 2018b)

seen in Fig. 4.4 in residual networks the output of a layer l is directly added to the

input of layers further away l + 2, l + 3 · · · . Another way to think it is that the

input to layer l is added to the output of layer l + 1.

Formally that means given a block of network layers {l − n, l − n + 1, l − n +

2, · · · , l} representing a function F (x) where x is the input to layer l − n then the

output of layer l is modelled by:

H(x) = F (x) + x (4.19)

This forces the block of layers to learn the residual (difference) information between

the input and the output than directly learning a desired output. According to He

et al. (2016a) it is easier to learn the residual F (x) instead of directly learning H(x).

And as an added advantage adding more layers does not hurt the performance of

the network since the layer can always default to the identity function if this is

considered the optimal route by setting the residual to zero. This way the network

is allowed to choose the number of layers to train by skipping the layers that do not

contribute to the network’s performance. Networks constructed with these types of

connections are called residual networks or ResNets.

ResNet-50 and ResNet-101 with 50 and 101 hidden layers respectively are popular

backbone architectures that have been widely adopted my many follow-up works.

The idea was successfully applied to other architectures also.

The Xception architecture used in Xception-65 (Chollet, 2017) that is part of the

DeepLabV3+ framework (Chen et al., 2018b) (Chapter 4.6.1) used in Part III of

the thesis, is similar to the ResNet architecture where the standard convolution are

replaced with depthwise separable convolutions (Chapter 4.2.4).
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4.5 Recurrent Networks
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Figure 4.5: Unrolled recurrent neural network. A recurrent neural network
that maps a sequence of input x values to a corresponding output sequence o. The
model representation shown in the figure above is called a computational graph,
where each node corresponds to a mathematical operation (left). The forward pass
of the model presented in this computational graph is described in the equations 4.20
and 4.21 (right). An RNN can be seen as a regular neural network in its unrolled
state where each time step is represented by its own node in the computational
graph.

So far we have described fully connected layers that model successfully vector data,

2D convolutional layers for image data and 3D convolutional layers that operate

on unstructured 3D point data. However, none of the above are suited to model

sequential data (e.g., time series, videos, audio).

Recurrent Neural Networks (RNNs)(Rumelhart et al., 1986) share layers across

time and are commonly used for this purpose. The input to an RNN is a sequence

of vectors of length T : x1,x2, · · · ,xT where xt ∈ RD, t ∈ {1, 2, · · · , T}.
A hidden layer at time step t:

ht = σ(Wht−1 + Uxt + b) (4.20)

where xt is the input at time step t, ht−1 the hidden state of previous time step

t − 1, W the weight matrix of the hidden-to-hidden connections, W the weight

matrix of the input-to-hidden connections and σ the activation function.
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4.6 Tasks

The output layer at time step t:

ot = σ(Vht + c) (4.21)

where V the weight matrix of the hidden-to-output connections and c the bias

term.

Some RNN versions have only a new hidden state without a new output at

every time step. In general the above equations are computed for each time step

t ∈ {1, 2, · · · , T} for an RNN that outputs a sequence of the same length as the

input.

Backpropagation through time (BPTT). RNN gradients are computed

using the Backpropagation through time algorithm. BPTT computes the forward

and backward pass in the unrolled computational graph, computing the gradients

not only backwards to the previous layers but also to the previous time steps.

Long-term dependencies. RNNs are designed to remember and use informa-

tion presented in the network in the past (the past does not refer only to time it

might actually represent a previously seen part of a sequence). However, in practice

they suffer from the vanishing gradients problem that makes it difficult to handle

”long-term dependencies” and remember information for a long period of time.

The gradient multiplication in each RNN time step results diminishes the overall

gradient value. Longer sequences yield increasingly small gradients making the

training procedure slower. Long Short-Term Memory (LSTMs) (Hochreiter and

Schmidhuber, 1997) units have been designed to correct these issues. The LSTMs

extend the RNN architecture with the use an additional hidden state. Gates add

or remove selectively information from the hidden state. The gates are composed

by point wise multiplication with a sigmoid layer where its zero to one value range

represents how much of that piece of information will be retained.

4.6 Tasks

In the following chapters we propose methods to improve on several computer vision

tasks. In the following chapters we focus on deep learning algorithm that solve the

task of semantic segmentation through fully and semi-supervised methods.

4.6.1 Semantic Segmentation (Part II)

A standard task in computer vision is semantic segmentation. Semantic segmenta-

tion can be applied in 2D images or 3D point clouds. The task consists of assigning

a semantic label to every 3D point (or pixel) in a point cloud (or image) as it can
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Semantic Segmentation

2D Image 3D Point Cloud

Figure 4.6: Semantic Segmentation on 2D image vs 3D point cloud. On
the left side the result of semantic segmentation on a 2D image input. Each pixel
is assigned to a semantic class. On the right the result of semantic segmentation
where the input is an unstructured 3D point cloud. Each 3D point is assigned to
a semantic class. The point cloud is sparse and unstructured compared to the grid
like image. The examples are from the KITTI dataset (Xie et al., 2016)

be seen in Fig. 4.6. we describe our work on the task of 3D semantic segmentation

in Part II. Possible semantic classes for indoor scenes are chair, table, sofa and

many others, or car, tree, road etc. for outdoor scenarios. In (Part III) we focus

on a variation of 2D semantic segmentation called interactive object segmentation.

Semantic Segmentation in 3D point clouds using PointNet. PointNet

is a seminal work by Qi et al. (2017b) that is used for the task of semantic

segmentation in 3D point clouds. What differentiates PointNet from previous works

is that it operates directly on unstructured raw 3D points without the need to

enforce 3D structure through a regular volumetric grid or through 2D projections,

like common approaches until then.

As it can be seen in Fig. 4.10 PointNet takes as input n points. After a series

of Multi-Layer-Perceptrons (MLP) per point, the points are mapped into a higher

dimensional space, these are called local point-features. Max-pooling is applied

to aggregate information from all the points resulting in a common global-feature

invariant to input permutations. The global-feature is then concatenated with all

the point-features. After another series of MLPs these combined features are used

to predict the m output class scores. Batch normalization is used for all layers that

use ReLU as an activation function. Dropout layers are used for the last layer.
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User

Input

Iteractive Object Segmentation

Object

Figure 4.7: Interactive Object Segmentation in 2D Images. In the task of
interactive object segmentation a human user collaborates with a computer vision
model to segment an object of interest, here the ”donut” defined by the yellow
border. The user provides feedback in the form of positive clicks and negative clicks,
mouse clicks that are on the object of interest and mouse clicks outside the object
respectively.

Semantic Segmentation in 2D images using DeepLabV3+. A success-

ful deep network architecture for semantic segmentation of 2D images that is used in

Part III of the thesis, is DeepLabV3+ (Chen et al., 2018b). The overall architecture

can be seen in image 4.8. It is based on a strong encoder-decoder network. The

encoder is a modified Xception-65(Chollet, 2017) model originally introduced for

image classification. In addition to the encoder-decoder network, the additionally

applied depth-wise separable convolutions increase the computational efficiency.

The encoder makes use of atrous spatial pyramid pooling (ASSP) that have been

introduced in DeeplabV2(Chen et al., 2016). Atrous convolutions are applied to the

feature maps with different atrous rates corresponding to different sampling rates of

the input feature map. The resulted feature maps are concatenated together, and

their dimensionality reduced by 1 × 1 convolutions. The ASSP helps to extract

information at different scales and combine it together.

The decoder is based on an output stride of 16. The encoded features are up

sampled by a factor of 4 and concatenated to the corresponding low-level features
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Figure 4.8: Overview of the DeepLabV3+ architecture. The model consist
of an encoder and a decoder. The backbone of the encoder part is a modified
Exception-65 architecture. For more details regarding the encoder part please see
Fig. 4.9. Source (Chen et al., 2018b)

from the encoder to the corresponding features with the same spatial dimensions

after their dimensionality has been reduced with 1× 1 convolutions. Another set of

3× 3 convolutions are applied and the features are up-sampled by a factor of 4 to

produce an output with the original image resolution.

We use a modified version of DeepLabV3+ as part of our approach in Part III.

Our task is interactive object segmentation is to perform foreground segmentation

where each image pixel can belong to only one out of two classes. It is either object

or background. The object class is assigned to only one object instance per image.

So DeepLabV3+ in that case outputs a distribution over two possible classes for

each image pixel. Semantic segmentation has the same output as interactive object

segmentation in images depicting only one object instance.

4.6.2 Interactive Object Segmentation (Part III)

The task is related to semantic segmentation but there are a few key differences.

The input is a 2D image where we would like to assign each pixel to a semantic class.

But in interactive object segmentation there are only two possible semantic classes:

the foreground class that is assigned to all the image pixels belonging to an object

of interest and the background class for everything else. Additionally, in interactive

object segmentation a human user collaborates with a computer vision model to

segment that object of interest. The computer vision models predicts a segmentation

mask the user corrects possible errors. The user feedback is incorporated as part of
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Figure 4.9: Overview of the modified Exception model used in
DeeplabV3+. Modifications are presented in red. Max pooling operations have
been replaced by separable convolutions (Sep Conv) with stride 2 and more layers
have been added compared to the original. Source (Chen et al., 2018b)

the input to the model and the model predicts an updated segmentation mask. The

process iterates until the user is satisfied with the result.

4.7 3D Datasets

We train and evaluate our proposed models and algorithms for the task of 3D

semantic segmentation on a number of different datasets. The datasets span a

variety of scenarios and conditions from indoor to outdoor scenes and from synthetic

to real. In contrast to Chapter 5 that presented unsupervised methodologies, the

algorithms presented for the task of 3D semantic segmentation are fully supervised

where the use of ground truth data helps optimizing our deep networks. We use

the following datasets to evaluate the semantic segmentation methods presented in

Part II.

Stanford Large-Scale 3D Indoor Spaces (S3DIS) by Armeni et al. (2016).

The S3DIS dataset consists of dense 3D point clouds captured by Matterport scanners.
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Figure 4.10: Overview PointNet semantic segmentation model. Modifi-
cations are presented in red. . The segmentation network takes n points as in-
put and transforms the features to different dimensions through a series of multi-
layer-perceptrons (local feature), and then aggregates point features by max pool-
ing (global feature). It then concatenates global and local features and outputs
per point scores. The output dimension of each layer is in brackets. Source (Qi
et al., 2017b)

It spans 271 rooms from 3 different buildings grouped into 6 large-scale indoor areas.

Each point is assigned to one of 13 semantic classes (e.g., chair, door, table, wall)

along with instance level segmentation. The dataset additionally provides normal

information but, in our experiments, we only use the point coordinates.

ScanNet by Dai et al. (2017). The ScanNet benchmark dataset contains a wide

variety of 3D reconstructed indoor scenes representing different rooms styles and

layouts. It consists of more than 1500 scans of rooms. For semantic segmentation,

we predict and evaluate on the 20 semantic classes used in the benchmark. In all

experiments we follow the public training, validation, and test split containing 1201,

312 and 100 scans, respectively.

Virtual KITTI by Gaidon et al. (2016). The Virtual KITTI dataset is a photo-

realistic synthetic dataset that imitates the real world KITTI dataset (Geiger et al.,
2013). The rendered virtual worlds were generated by computer graphics along with

detailed annotations for many different tasks. The dataset contains labels for object

detecting, tracking, dense depth and semantic instance annotations. We use the

dataset for semantic segmentation of 3D outdoor point clouds by projecting the

annotated depth and semantics into the 3D space to obtain semantically labeled

point cloud representations that imitates the LiDAR data of KITTI dataset.
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4.8 2D Datasets

We train our proposed method for the task of interactive object segmentation

solely on PASCAL VOC12 training set (Everingham et al., 2012) described below.

Since our method can adapt to different datasets on-the-fly during test time we

evaluate our method in numerous datasets that differ from the training dataset

of PASCAL VOC12 in various degrees. From the small distribution shifts of the

PASCAL VOC12 validation set to the significant domain change of the medical

images of DRIONS-DB (Carmona et al., 2008). We briefly describe the datasets in

the following section. With train we refer to a dataset used only for training and

with test to a dataset used only for testing. Please note that the hyper parameter

tuning was performed on a dataset separate from both train and testing datasets,

ADE20K. We use the following datasets for the experiments presented in Part III.

PASCAL VOC12 TRAIN (Train) by (Everingham et al., 2012). We pre-

train the model parameters only on PASCAL VOC12 augmented with the Semantic

Boundaries Dataset (SBD) (Hariharan et al., 2011). The training set consists of

10582 images with 24125 segmented instances of 20 object classes.

PASCAL VOC12 VAL (Test) by (Everingham et al., 2012). We test our

method on PASCAL VOC12 validations set.

GrabCut (Test) by (Rother et al., 2004b). The Grabcut datasets contains 49

images with segmentation masks. Each image depicts a single foreground object.

Berkeley (Test) by (McGuinness and O’Connor, 2010). The Berkeley datasets

consists of a 100 images with a single foreground object.

YouTube - VOS (Test) by (Xu et al., 2018a) is a large video object segmentation

dataset. In our experiments we use the test set of the 2019 challenge. We select

the first frame of each video clip with its ground truth resulting with 1169 object

instances. Each image is downscaled to 855 480 maximal resolution.

Microsoft Common Objects in Context (COCO) (Test) by (Lin et al.,
2014) is a large segmentation dataset with 80 object classes. 20 of those overlap

with the ones in the PASCAL VOC12 dataset and are thus seen during training.

The other 60 are unseen. We sample 10 objects per class from the validation set and

separately report results for seen (200 objects) and unseen classes (600 objects) as

in (Majumder and Yao, 2019; Xu et al., 2016). We also study how image sequence

adaptation behaves on longer sequences of 100 objects for each unseen class (named

COCO unseen 6k).

DAVIS16 (Test) by (Perazzi et al., 2016) contains 50 high-resolution videos

(30 sequence reserved usually for training and 20 for testing). In our set up we
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make use of all sequences out of which we sample 10% of the frames uniformly at

random as in (Jang and Kim, 2019; Li et al., 2018b). We note that the standard

evaluation protocol of DAVIS16 favors adaptive methods, as the same objects appear

repeatedly in the test sequence since the dataset was usually used to evaluate Video

Object Segmentation (VOS) methods. For each sequence in DAVIS16 dataset only a

single object is annotated with ground truth even though other objects are present.

Rooftop Aerial by (Sun et al., 2014) is a dataset of 65 aerial images with

segmented rooftops of buildings.

DRIONS-DB by (Carmona et al., 2008) is a dataset of 110 retinal images with

a segmentation of the optic disc of the eye fundus. We use the masks of the first

expert.

ADE20k by (Zhou et al., 2016) We optimize the hyperparameters for all adaptation

methods on a subset of the ADE20k dataset. Hence, the hyperparameters are

optimized for adapting from PASCAL VOC12 to ADE20k, which is distinct from

the distribution shifts and domain changes we evaluate on.
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Efficient spanning tree construction

and update for graph based clustering
algorithms.
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5
Incremental Object Discovery in Time-Varying

Image Collections

In this chapter, we address the problem of object discovery in time - varying, large -

scale image collections. A core part of our approach is a novel Limited Horizon

Minimum Spanning Tree (LH-MST) structure that closely approximates the Min-

imum Spanning Tree at a small fraction of the latter’s computational cost. Our

proposed tree structure can be created in a local neighborhood of the matching

graph during image retrieval and can be efficiently updated whenever the image

database is extended. We show how the LH-MST can be used within both single -

link hierarchical agglomerative clustering and the Iconoid Shift framework for object

discovery in image collections, resulting in significant efficiency gains and making

both approaches capable of incremental clustering with online updates. We evaluate

our approach on a dataset of 500k images from the city of Paris and compare its

results to the batch version of both clustering algorithms.

5.1 Introduction

Social media platforms have become favorite storage and sharing sites for all kinds

of images. A large part of those images are touristic photos, resulting in a dense

image coverage of famous monuments and landmarks up to the scale of entire

cities (Avrithis et al., 2010; Gammeter et al., 2009). This has created a call for

computer vision algorithms that can perform efficient object discovery (Philbin and

Zisserman, 2008; Quack et al., 2008; Weyand and Leibe, 2011), clustering, and

matching in image collections for applications such as large-scale 3D reconstruction

(Agarwal et al., 2009; Frahm et al., 2010; Li et al., 2008), scene summarization
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(Simon et al., 2007), automatic image annotation (Gammeter et al., 2009), or visual

search (Avrithis et al., 2010; Zheng et al., 2009).

However, the content of large - scale image repositories is never static. Millions

of images are added to such repositories each day, while others are withdrawn or

deleted. Current object discovery algorithms (Avrithis et al., 2010; Philbin and

Zisserman, 2008; Quack et al., 2008; Weyand and Leibe, 2011; Zheng et al., 2009)

do not yet address this issue. They typically operate in a static setting, making

it necessary to re-run the entire clustering process whenever the underlying image

database changes, even though only a small part of the clusters may be affected by

the changes. Image retrieval and recognition web services using those algorithms

waste thousands of core hours of computation because of this.

Even leading providers of visual search engines such as Google are bound to rebuild

the clustering from scratch every week [personal communication] due to changes in

the image database. Currently this problem of dynamic database changes is not

well researched in the community despite its large effect on practical applications.

In this chapter, we address the image clustering and object discovery problem in

an incremental setting. We propose a novel clustering method that allows for efficient

reuse of the stored data. A key idea of this paper is that many clustering methods

can be efficiently implemented with the help of a spanning tree. In order to enable

incremental clustering, we therefore propose efficient techniques for incrementally

constructing and updating the spanning tree. Because of the incremental updates,

information about unaffected clusters can be preserved and only those clusters need

to be recomputed that contain updated parts of the spanning tree.

At the core of our approach is a novel Limited Horizon Minimum Spanning

Tree (LH-MST) data structure that closely approximates a Minimum Spanning

Tree (MST), while being significantly faster to construct and to update whenever

new images are added to the matching graph. The LH-MST can be used in any object

discovery approach that operates on spanning trees, such as single-link clustering

(Gammeter et al., 2009; Quack et al., 2008; Zheng et al., 2009) or Iconoid-Shift

mode estimation (Weyand and Leibe, 2011, 2013). In contrast to a regular MST

that always requires the full matching graph to be known a priori, an LH-MST can

be computed starting from a local seed, making it suitable for local exploration of a

matching graph through Query Expansion (Chum et al., 2007). We experimentally

verify that in realistic use cases, the differences to a regular MST are minimal,

making our algorithm an efficient alternative for parallel and distributed clustering

applications.

We demonstrate our approach’s practical feasibility for large-scale incremental

object discovery by applying it to the Iconoid Shift (IS) object discovery approach

(Weyand and Leibe, 2011, 2013). As our results will show, replacing the MST by
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an LH-MST translates to a 5-fold improvement in runtime already during batch

operation. In addition, we experimentally show that IS with LH-MST achieves

stable incremental clustering results even when the image database is extended by

a significant fraction.
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Contributions. In detail, the work presented in this chapter makes the following

contributions:

1. We propose a novel LH-MST spanning tree structure, which approximates

the MST and which can be incrementally updated very efficiently.

2. We show how this tree structure can be used for efficient approximative single-

link clustering and how it can be incorporated into the Iconoid Shift approach

(Weyand and Leibe, 2011) for large-scale object discovery in image collections.

3. We verify experimentally that the resulting IS using LH-MST (or LH-IS)

approach achieves very similar results as the offline version of IS, while being

both considerably faster and capable of online updates of a significant fraction

of the image database.

5.2 Related Work

Object discovery approaches aim at finding clusters of images showing the same

object or landmark building in large image collections. The standard procedure for

this is to apply local feature based matching techniques (Philbin et al., 2007) to build

up a matching graph of images and to then subdivide the connected components

of this matching graph into image clusters. A large range of clustering methods

have been proposed for this step, including single-link hierarchical agglomerative

clustering (Gammeter et al., 2009; Quack et al., 2008; Zheng et al., 2009), spectral

clustering (Heath et al., 2010; Kim et al., 2008; Philbin and Zisserman, 2008),

eigenvector centrality (Jing and Baluja, 2008), spherical k-means (Simon et al.,
2007), Kernel Vector Quantization (Avrithis et al., 2010) and Medoid Shift mode

estimation (Weyand and Leibe, 2011, 2013). Because of the large size of the datasets

to be mined, runtime efficiency and ease of parallelization are a prime concern.

In this work, we focus on two classes of object discovery algorithms that have

proven their worth in large-scale applications: single-link clustering (Gammeter

et al., 2009; Quack et al., 2008; Zheng et al., 2009) and Iconoid Shift (Weyand

and Leibe, 2011, 2013). Single-link clustering is directly related to the Minimum

Spanning Tree (MST). Given the MST of a graph, the corresponding single-link

clusters can be obtained by cutting all MST edges above a chosen distance threshold

(Rohlf, 1973). Iconoid Shift (Weyand and Leibe, 2011) uses Medoid Shift mode
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estimation with a special kernel in order to find images that have a locally maximal

mutual homography overlap with their neighbors. Those images often correspond

to central, iconic views of a landmark building, and the overlapping images under

the kernel form the resulting cluster. In order to be able to apply the Medoid Shift

formalism, the used distance measure needs to fulfill the triangle inequality. Since

this is usually not the case for local-feature based matching scores, IS defines a

transitive pairwise image distance measure that is computed over the edges of an

MST. In practice, the MST construction step is responsible for a significant fraction

of both clustering algorithms’ runtime.

As shown in (Chin and Houck, 1978; Spira and Pan, 1975), the MST of a graph

with N nodes can be updated in O(N) when a new node is added to the graph,

which is simultaneously the lower bound for an exact update. This may not seem

like much, but the key issue here is that such an exact update requires the full

matching graph to be available on a single machine. For practical object discovery in

large-scale image databases, even individual connected components of the matching

graph may get so large that processing them on a single computing node becomes

inefficient (in our experiments with 500k images, the largest connected component

comprises > 50k images). We therefore aim at an approximation of the MST that

can be locally grown from a seed image, such that computation can be distributed

over a computing cluster.

5.3 Clustering Methods for Object Discovery

In this work we are primarily interested in performing efficient object discovery

in large image collections. To that end, we propose a novel tree structure which

can speed-up MST based clustering algorithms and has the additional benefit of

allowing incremental database updates without the need of rebuilding the entire

database. In the following we will review two such clustering algorithms which rely

on the creation of an MST. In the remainder of the paper we will then show that

these algorithms benefit from our proposed MST approximation.

5.3.1 Single-Link Agglomerative Clustering

Single-Link Agglomerative Clustering is a widely used clustering method especially

in the landmark discovery community (Gammeter et al., 2009; Quack et al., 2008;

Zheng et al., 2009). It offers the advantage of creating clusters without any

assumptions on their shape and the number of clusters. One of its drawbacks is

that it is prone to long chain-like clusters that require rigorous post-processing in
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order to achieve competitive results. Additionally, it does not allow for incremental

database updates, requiring a full re-computation after adding nodes.

Single-Link clustering can be performed in a bottom-up fashion with each image

starting as an individual cluster. Then the two closest clusters are iteratively joined

until either the whole database is represented by a single cluster or a cut-off threshold

θ on the between-cluster distance d(A,B) is reached. This cluster distance is defined

as d(A,B) = mina∈A,b∈B d(a, b).

An efficient O(N2) implementation of Single-Link clustering can be obtained by

first building the full matching graph and then computing its MST. Removing all

edges above a certain threshold θ generates clusters of connected components. This

dependency on the MST creation makes it an ideal candidate for MST approximation

experiments.

5.3.2 Iconoid Shift

Iconoid Shift (IS) discovers landmark objects in image collections by searching for

so-called iconic images. Starting from a set of seed images (typically obtained by

Geometric MinHash (Chum and Matas, 2010)), IS first builds up local matching

graphs G by recursively applying image retrieval (Chum et al., 2007; Philbin et al.,
2007) with the seed image r as a query. The edges between images i and j are

weighted by a distance measure dovl(i, j) that quantifies the overlap region between

the two directly connected images. In addition to those direct distances, IS proposes

a transitive overlap distance tovl(i, j) that propagates content overlaps between

images that are not directly connected via homography chains. The algorithm adds

nodes to G as long as the transitive distance to the root node r is below a cut-off

point β (the so-called kernel radius). As a result of this local exploration, each seed

image is connected to a set of similar images via the graph structure G.

On this graph, IS first builds up an MST and then computes the transitive

distances tovl(i, j) between all pairs of nodes (i, j) in G by propagating homography

overlaps via the MST. It then uses the Medoid Shift (MS) algorithm (Sheikh et al.,
2007) to find the modes of the density implicitly defined by the transitive overlap

distance, which correspond to the iconic images. Medoid Shift is a generalization

of the Mean Shift mode estimation algorithm (Comaniciu and Meer, 2002) that

operates on graphs. In each iteration, it computes the medoid of the graph nodes

under its kernel (defined by the pairwise image distances) and then shifts the kernel

window to this medoid. Whenever such a shift happens, the local matching graph

is extended using the medoid as a new seed and the MST is recomputed. It iterates

until convergence (see Algorithm 1).
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dovl(i, k, j1)) = 0.78

dovl(i, k, j2)) = 0.71
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Figure 5.1: Transitive overlap distance

Transitive overlap distance (tovl): The transitive overlap distance forms

an important part of calculating the overlap over paths in the graph. It defines

a distance for a pair of images (i,k) which are not directly connected in G, only

through a path j of nodes. All directly connected images in G have corresponding

homographies and bounding boxes enclosing the matching feature points. As shown

in Figure 5.1, the transitive overlap distance between images i and k through images

j1 or j2 is computed by projecting the matching bounding box from images i (blue

box) and k (red box) to their common neighbor j1 or j2. The overlap region between

these two projections is found by intersecting the boxes (green box in j1 and j2)

and back-projecting them to images i and k. Then the transitive overlap distance

tovl(i, k, j) is defined as 1 minus the minimum overlap of the projected boxes divided

by the image area (see (Weyand and Leibe, 2011)).

Figure 5.1 also shows that the path j influences the final distance between i and

k, i.e. the overlap via j1 is much larger than via j2. There are as many distances as

paths from i to k. The choice of the spanning tree can therefore crucially influence

the behavior of IS.

Caveats. The use of MS in a distance graph G requires the edge weights to form

a metric. However due to the limited repeatability of the features used for image

retrieval, the graph G may contain cycles which violate the triangular inequality

for dovl in G, i.e. dovl(i, k) 6≤ dovl(i, j) + dovl(j, k). Although dovl is symmetric,

the retrieval system is not. As such, it is not possible to use MS directly on G (at

this point G is not fully connected). The spanning tree construction is necessary

in order to circumvent this problem. By computing the MST on G, all potentially

inconsistent cycles are removed, before the fully-connected, consistent graph G′ is
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Algorithm 1: Iconoid Shift Steps
Require: photo collection C, seed image s

while s shifts to a new mode do
Step 1. Build graph G around s that connects similar images via distance dovl.
→ Edge weights are not a metric.
Step 2. Create minimum spanning tree T of G to remove cycles.
Step 3. Construct fully connected G′ from T by replacing missing edges with tovl.
→ Edge weights are now a metric.
Step 4. Perform Medoid Shift in G′. Mode m is now the new s.

constructed by connecting nodes via transitive connections tovl (see Algorithm 1).

Through the definition of tovl (see (Weyand and Leibe, 2011)), the resulting graph

fulfills the triangular inequality, making it possible to perform an iteration of MS.

When the mode shifts to a new node, the retrieval has to be performed again, as

new nodes might now be within reach of the kernel distance, while others might

drop out. This means that the MST has to be recomputed on the new local

neighborhood. Although this new neighborhood is usually smaller than the full

connected component, this step can still incur heavy computation. An efficient

alternative to the MST creation can therefore result in significant speed-ups.

In summary, we see that, as for single-link clustering, the expensive calculation of

the MST (O(N2) in the number of tree nodes N ) is a major bottleneck of IS and it

restricts its usability as an online algorithm.

5.4 Limited Horizon Minimum Spanning Tree

In this section we introduce a novel tree structure called Limited Horizon
Minimum Spanning Tree (LH-MST). This tree structure (Section 5.4.1) is

built during image retrieval (e.g. in Step 1 in Algorithm 1). It is considerably faster

to compute than the regular MST (Section 5.4.1.1) and allows to incrementally add

new nodes to an initial dataset instead of rebuilding the whole database when new

imagery is available.

5.4.1 Offline Construction of LH-MST

Algorithm 2 shows the creation of our Limited Horizon Minimum Span-
ning Tree (LH-MST). The algorithm is based on the priority queue qupdate,

which contains tuples of edges and their corresponding edge cost dovl. The edges

are directed from a parent node p to a child node n and the queue is sorted by the

edge cost in ascending order. As before, we start with a seed, the root image r. The

priority queue is initialized by a directed edge from p = r to n = r with weight
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Algorithm 2: Compute LH-MST
Require: root r, priority queue qupdate
qupdate = ∅
push(qupdate, {edge(r, r),dovl(r, r)})
while qupdate 6= ∅ do

edge(p, n) = pop(qupdate)
if n /∈ spanning tree T then
add(edge(p, n)) to T ;
children = retrieve(n)
for c ∈ children do

if φ(tovl(r, c)) < θ then
push(qupdate, {edge(n, c),dovl(n, c)})

return T

Algorithm 3: Incremental Update LH-MST- Addition
Require: root r, priority queue qupdate
Require: spanning tree T
qupdate = ∅
for edge(p, n) ∈ T do
push(qupdate, {edge(p, n),dovl(p, n)})

while qupdate 6= ∅ do
edge(p, n) = pop(qupdate)
if n /∈ T then
add(edge(p, n)) to T
children = retrieve(n)
for c ∈ children do

if φ(tovl(r, c)) > θ then
push(qupdate, {edge(n, c),dovl(n, c)})

return T

equal to one. As long as the priority queue contains elements, we remove the first

tuple {edge(p, n), dovl(p, n)} from qupdate and perform image retrieval on image n.

Newly retrieved images c are added to the qupdate (as {edge(n, c), dovl(n, c)}) if

they are within kernel distance to the root node and do not create cycles. A few

iterations of the algorithm are visualized in Figure 5.2.

LH-MST is an MST approximation constructed in a greedy way. After iteration

k the resulting spanning tree contains at most k nodes and has a maximal depth

of k. The resulting spanning tree would be equivalent to the MST if the retrieval

system were symmetric.

61



5 Incremental Object Discovery in Time-Varying Image Collections

Figure 5.2: Three Steps of the Limited Horizon Minimum Spanning Tree. LH-MST

k: The current tree (solid lines) contains k nodes, the update set new node candi-
dates with their corresponding weights (dashed lines). LH-MST k+1: the node
with the minimal distance to any existing tree node (green line) is added to the
tree; redundant edges are removed; the retrieval system finds new image candidates
(within kernel distance) and adds them to update setk+1.

Figure 5.3: The incremental update of the LH-MST can result in slightly different
trees. The red node belongs to set M , all other nodes to set N . In batch mode
(middle), the red node would be retrieved during tree-construction with cost “2”.
The incremental update (right) starts with a pre-existing tree resulting in a slightly
different path.

5.4.1.1 Complexity Analysis.

A major advantage of using LH-MST over MST to enforce the triangular inequality

in G is speed. The LH-MST is constructed during retrieval and causes negligible

maintenance overhead during the update. Step 2 of the IS pipeline (see Algorithm

1) is not needed anymore. Saving the overhead for the MST construction (O(N2))

makes the proposed method significantly faster.
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5.4 Limited Horizon Minimum Spanning Tree

In contrast, one might suggest to use the basic IS algorithm as is and only replace

the MST creation by a faster approximate MST algorithm (Karger et al., 1995).

The resulting speed-up would be limited, as any faster MST algorithm still needs to

build a full image graph first (not a spanning tree) and then compute the MST as a

separate step.

5.4.2 Incremental Update of LH-MST

Performing any kind of clustering on databases with hundreds of thousands of

images is very time consuming. Although we are able to speed up the tree creation,

it might well happen that the image database has already been outdated before the

clustering finished. Instead of collecting new data and re-running the clustering, the

LH-MST is able to perform incremental updates. In this section we will describe

the update procedure; Section 5.5.3 will then experimentally show its validity.

Algorithm 3 shows the incremental update of an LH-MST. The algorithm extends

an already existing spanning tree LH-MST (N) consisting of N nodes with a set of

new nodes M to create the spanning tree LH-MST (N+M). The update procedure

is similar to the initial construction of an LH-MST. Instead of starting from the

root node r, we start with a complete tree built based on set N , and fill the priority

queue with edges from this initial tree. The retrieval is performed in the order of

the priority queue, but only retrieves images from the new set M . This adds new

edges to the existing tree from N to M . As such, the resulting trees might slightly

differ, as shown in Figure 5.3.

5.4.2.1 Complexity Analysis

We consider the worst case scenario (in terms of complexity) of a fully connected

retrieval graph, where each node upon retrieval returns all other nodes in the

connected component. As complexity we consider the number of distance measure

computations between nodes. Our full database has N elements.

Offline Version considers the construction of an LH-MST consisting of N nodes

(including the seed s). In iteration k=1, there is only one node already in the

LH-MST, the seed s and N -1 nodes to be considered for addition. Thus, N -1

distance computations between node pairs are needed. Each iteration of adding a

node to the tree reduces the number of distance computations by one, resulting in a

complexity of

comploffline = 1 + 2 + 3 + 4 + · · · + N − 1 (5.1)

=
(N) · (N − 1)

2
(5.2)
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Online Update considers a pre-existing LH-MST with an initial set of nodes N1

and updates the initial tree with a new set of nodes N2, where N1 +N2 = N . In

iteration k=1 there are N1 ·N2 distances computed between all the N1 nodes of the

initial spanning tree and all the N2 nodes of the update set in order to pick a new

edge to add in the spanning tree. Similar to the offline update, in each iteration

elements from N2 will be added to the tree resulting in a decrement of distance

computations:

complupdate = N1 ·N2 +
(N2) · (N2 − 1)

2
(5.3)

As expected, the complexity of the offline version is larger than the complexity of

incrementally updating the existing initial tree with the additional nodes by

comploffline − complupdate =
(N1) · (N1 − 1)

2
, (5.4)

which is the number of distance computations to create the spanning tree with the

initial set of nodes N1. Note that this analysis includes the effort for retrieval and

distance computations. Without considering retrieval, the remaining effort of node

addition is in O(1).

5.5 Experiments

In this paper we propose to replace MST by LH-MST in order to speed up compu-

tation and allow for efficient online updates. We will now use LH-MST to perform

Single-Link Agglomerative clustering and Iconoid Shift as follows.

Limited Horizon Single-Link Clustering (LH-SL). In the tree construc-

tion we replace MST by LH-MST.

Limited Horizon Iconoid Shift (LH-IS). We replace steps 1 and 2 in

Algorithm 1 by creating the tree T ′ directly.

LH-MST is one instance of many possible spanning tree alternatives that would

also allow for fast creation and online updates. The alternatives could also be

constructed during the retrieval step (similar to LH-MST) and thus would be faster

than the original MST. We will show the advantages of LH-MST over several

of such spanning tree baselines: BFT - Breadth First Spanning Tree (siblings

with higher priority in queue), DFT - Depth First Spanning Tree (children

with higher priority in queue), RAND - Random Spanning Tree (random order

priority queue), SPT - Shortest Path Spanning Tree (queue sorted by shortest

path to initial medoid).
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5.5 Experiments

All experiments are performed on the full 500k images of the Paris dataset

(Weyand et al., 2010) collected from Flickr and Panoramio.

5.5.1 Evaluation of Single - Link Clustering

In Single -Link Clustering changing the cut-off threshold θ affects the number of

resulting clusters starting from one cluster for the whole database to individual

clusters for each element. Replacing the MST creation with LH-MST will likely

result in a slightly different tree structure and therefore in different clusters. To

assess the magnitude of this difference we compare the resulting trees by their

edit-distance Ed as a function of θ:

Ed(S, T ) = 1
2(|{(i, j)|(i, j) ∈ S ∧ (i, j) 6∈ T}|
+|{(i, j)|(i, j) 6∈ S ∧ (i, j) ∈ T}|)

where T is the MST and S is the candidate tree. First the two full trees are

compared based on the number of edges that need to be removed/added to convert

the approximation (LH-MST) back into MST. We then keep track of the tree

differences when changing θ.

Figure 5.4 shows the percentage of changed edges in the alternative trees (BFS, DFS,

RAN, LH-MST) compared to the MST when varying θ. The LH-MST is the closest

to the MST by a large margin.

While this result shows that the approximation does not deviate by more than

0.027 percent for the original MST, it should be noted that the performed comparison

is still slightly too strict. From a practical point of view, the underlying tree structure

is irrelevant as long as the same images are clustered together by both methods.

5.5.2 Evaluation of Offline LH-IS

After using LH-MST for the case of Agglomerative Clustering, we now show its

validity of performing Iconoid Shift with LH-MST called LH-IS. We compare our

results to the ones of Weyand and Leibe (2011). In the following, we introduce the

general setup and evaluation measures used for the evaluation.

Seeds. We use the seeds provided by Weyand and Leibe (2011): A seed group

S with geometric min-hash (Chum et al., 2007) using 5 min-Hash sketches of size

2 returns a total 10487 images. Duplicates are removed resulting in a set of 477

images. Empirically this limited number of seeds offers a good coverage of the

database.
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Figure 5.4: Evaluation of trees alternative to MST for Single-Link Clus-
tering. The cumulative histogram of image distances in the cases of disagreeing
tree edges.

τ |M|↑ |MA|↑ |MO|↓ |MU |↓ |K| ↓ Rank ↓ |Ssup| DB cover
avg. avg.

IS 324 - - - 90 - 380.42 73249

LH-IS 321 282 28 4 87 18.71 380.43 70762

BFT-IS 396 150 213 14 153 172.6 1146.27 73886

DFT-IS 365 137 136 87 154 75.0 331.65 68023

SPT-IS 256 88 148 12 220 132.39 1334.86 61828

RAN-IS 346 194 135 15 99 61.29 981.7 70414

Table 5.1: Performance of the LH-MST compared to several baseline tree when they
are replacing MST in the IS framework.

Medoid Shift kernel. We used a hinge kernel for the MS with a cut-off threshold

of 0.9, which means that we allow images with at least 10% overlap to the support

set of the Iconoid.

Evaluation measures glossary. In the following we compare various evaluation

measures to the “ground truth”, the set of medoids MMST originating from the

original (offline) version of IS. In Section 5.5.3 we compare to the online version and

use the sets MLH−IS as “ground truth”.
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(a) 2 iterations of MST (Weyand and Leibe, 2011)
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(b) 2 iterations of LH-MST

Figure 5.5: Example iterations of IS using (a) MST and (b) LH-MST. Both
algorithms are initialized with the same seed image (green border) that depicts the
Eiffel Tower and Cleopatra’s Needle but they converge to different medoids (red bor-
der). The MST’s final cluster (5.5a) shows only one of the landmarks (Eiffel Tower)
depicted in the seed image. As it can be seen, the final medoid of LH-MST (5.5b)
does not belong to the support set of the final medoid of MST and visa versa. This
is one of the rare cases where medoids cannot be matched (see Table 5.1, column
MU ).
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τ potential spanning tree are:

τ ∈ { MST, LH-MST, BFT, DFT, RAN, SPT }
Mτ the set of medoids resulting from method τ
MA the set of medoids common between ground truth and method τ .

MO the set of medoids of method τ that do not match the medoid selected

in the ground truth. Still, the medoids are members of the ground

truth cluster. How close they are to the ground truth is expressed by

the Rank.

MU the set of medoids of method τ that are not even part of any ground

truth cluster.

K the set of seeds for which the MS is stuck in initialization.

Ssup the cardinality of the final clusters

Rank the smallest relative position (rank) that the medoids of method τ
achieve in all ground truth clusters. The smaller the value of Rd is, the

closer the result is to the optimum.

DB
Cover

the size of the database explored

Table 5.2: Glossary: Evaluation Measures

LH-MST |M| |MA| |MO| |MU | |S| Rank |Ssup| DB cover

Split

100 - 321 - - - 87 - 416 70762

S1 90 10 327.33 ± 1.89 263.0 ± 8.83 53.67 ± 8.96 3.67 ± 1.89 90.0 ± 2.16 79.93 ± 74.43 424.04 ± 32.72 61716

S1 70 30 327.0 ± 7.79 264.0 ± 22.73 56.67 ± 25.62 2.67 ± 1.7 86.33 ± 0.94 36.13 ± 19.29 435.14 ± 28.13 69689

S1 50 50 325.33 ± 2.49 234.0 ± 6.53 85.67 ± 9.84 2.0 ± 0.0 91.0 ± 1.41 81.1 ± 57.32 445.94 ± 65.38 68570

S2 70 30 340.33 ± 2.49 212.0 ± 21.65 116.0 ± 19.6 5.0 ± 2.16 87.33 ± 10.87 32.4 ± 8.36 423.41 ± 31.73 69659

S2 50 50 338.0 ± 4.32 180.33 ± 12.5 144.0 ± 14.31 4.0 ± 1.41 83.33 ± 3.86 153.12 ± 107.98 390.75 ± 23.2 67246

S1 90 - 329.67 ± 0.47 252.33 ± 1.25 65.0 ± 1.41 4.0 ± 2.16 90.0 ± 2.16 178.53 ± 4.38 365.61 ± 24.18 55583

S1 70 - 352.33 ± 12.5 170.33 ± 15.8 128.0 ± 16.97 5.67 ± 2.49 126.0 ± 35.39 100.29 ± 53.06 277.42 ± 13.65 45980

S1 50 - 347.33 ± 4.64 84.33 ± 5.79 184.33 ± 12.68 4.67 ± 2.05 135.0 ± 5.72 192.81 ± 43.39 176.64 ± 22.28 31321

Table 5.3: Online LH-MST vs offline LH-MST. Performance of the online
version of the LH-MST compared to the offline version of the LH-MST.

5.5.2.1 Results of Offline LH-MST

Table 5.1 summarizes the results of our evaluation of using different spanning trees in

place of the MST. As it can be seen, using LH-IS provides the closest approximation

of IS. The majority of clusters are represented with the same medoid (87% or 282

medoids). In 28 cases the algorithm converges to a different medoid which is part

of the same cluster. Figures 5.7 (e-f) and 5.8 (e-f) show exemplary samples of the

result of LH-IS and IS. Most picked medoids are the same, in case of divergence the

images are still similar. This is also expressed by the low rank difference of 18.71.

In 4 cases the medoid does not have a direct correspondence, i.e. the medoid is not

part of the support set of MST. Such an example is shown in Figure 5.5.
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⇒ ⇒ ⇒

⇒ ⇒ ⇒

⇒ ⇒

⇒ ⇒

Figure 5.6: Examples of IS shift sequences (series of medoids until convergence)
using LH-MST.

Interestingly, the second most similar result to IS is achieved by RAN-IS, confirm-

ing that in principle any tree could perform well as long as it is not biased towards

certain nodes. An important property of ’good’ spanning trees is to allow IS to shift

away from its initial seed. SPT-IS is performing worst with almost half of its initial

seeds unable to shift to a better medoid. It is unsuitable by design as it is biased

towards the root by keeping the edges that minimize the distance to the root.
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Initial Seed
LH-IS* LH-IS* LH-IS* LH-IS IS
50/50 70/30 90/10 100 100

(a) (b) (c) (d) (e) (f)

Figure 5.7: Here the figure shows various example medoids resulting from different
splits (Scenario 1). In some cases the medoids are different, but visually very similar
images are selected (e.g. Mona Lisa in LH-IS, 70/30 split).

Summary. Compared to the original IS, LH-IS converges to exactly the same

medoids in most cases (87% of the clusters); 97% of the medoids depict the same

object with only minor viewpoint/color changes. For the result in Table 5.1, the

runtime of IS using LH-MST (∼1 day) is 5 times faster than using MST (∼5 days).

LH-MST is therefore not only a suitable alternative in terms of quality but is also

considerably faster than MST.

5.5.3 Evaluation of online LH-MST

As has been shown in the previous section, LH-MST is suitable for performing IS.

Besides the speed advantage in an offline setting, LH-MST also offers the ability to

be used with online updates of the image database (Section 5.4.2).
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Initial Seed
LH-IS* LH-IS* LH-IS* LH-IS IS
50/50 70/30 90/10 100 100

(a) (b) (c) (d) (e) (f)

Figure 5.8: Here we shows additional example medoids resulting from different splits
(Scenario 1).

In the following, we compare the online version of LH-IS with the offline/batch

version and with the original IS. For each experiment, we split the dataset into

initial set and update set. After performing IS using LH-MST on this initial set, we

add the remaining data via online update. All experiments are repeated 3 times to

account for different random splits. To keep the results comparable, we enforce the

seed images to be contained in the initial set. Two basic scenarios are considered:

Scenario 1. The split is performed randomly. This scenario mirrors real world

setting.
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Scenario 2. First, the dataset is split randomly. Second, images that represent

medoids in offline LH-IS are shifted into the update set. As such no seed has

converged to the “ground truth” cluster prior to the update. This setting gives

further insights into the ability of our online version to perform useful shifts during

the update step.

Comparison of online LH-IS to the batch LH-IS. (Table 5.3 ) Table

5.3 compares offline LH-IS to various settings of online LH-IS. For both scenarios,

we report results using different ratios of images in the initial and update set (from

50/50 to 90/10).

As it can be seen from Table 5.3 the online version of LH-IS offers comparable

results to the offline version. As expected, the selected medoids are closer with a

smaller update set. Even in the case of a 50/50 split, many of the resulting medoids

agree with offline LH-IS. Note that such a set-up is quite unrealistic considering

the drastic change of the database (doubles in size). Yet, in Scenario 1 on average

still 234 of the medoids agree with the offline LH-IS compared to 84 if no update is

performed. For Scenario 2, although none of the correct medoids were in the initial

database (MA = 0), more than 2/3 of them are recovered through the update (in the

70/30 split) confirming that our update step is able to add meaningful connections

in the graph and to also shift medoids to their rightful place.

Comparison of online LH-IS to the original IS. (Table 5.1) We eval-

uated above the performance of online LH-IS compared to the offline/batch version

LH-IS (Table 5.3). Additionally, we showed that the performance of batch LH-IS

is very similar to the original IS (Weyand and Leibe, 2011) (Table 5.1). Here we

will directly compare the online LH-IS to the original IS rather than offline LH-IS.

The experiments show that the agreement of medoids between online and offline

LH-IS (Table 5.3) is slightly better than between online LH-IS and the original IS

(Table 5.4). At the same time, the difference in Rank shows an opposing trend:

Even though more medoids disagree, the rank difference is smaller. This indicates

that disagreeing medoids are closer to each other and more likely to depict a similar

view of the same iconoid.

Qualitative Results. In Figures 5.7 and 5.8 we show and compare various exam-

ple medoid images resulting from performing online LH-IS on different splits (Sce-

nario 1), offline LH-IS and original IS. All three methods agree on the medoid in

most cases. In the cases of disagreement (e.g., in Fig. 5.7: 4th-row where all online

versions result to a different medoid, 2nd-row Mona Lisa in LH-IS, 70/30 split) the

chosen medoids are similar in appearance and viewpoint. The overlap distance of

all proposed methods is based only on the region overlap and disregards differences
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e.g., in color (due to the used SIFT features) like in the Mona Lisa example. The

example medoid in the second row of Figure 5.8, showing the complete Arc de

Triomphe is a more favorable choice to many applications, than ones depicting a

small detail.

Figure 5.9 shows instances where the algorithms disagree in the selection of the

exact medoid while showing the same object. Figure 5.10 finally shows some of the

rare cases where the medoids show different object instances. As can be observed,

in these cases the medoids of both algorithms are rather unspecific. The clusters are

still valid since they contain similar to the medoid images as seen from the cluster

members in Figure 5.11 of the top left medoid of Figure 5.10.

Summary. In the realistic scenario of a random initialization of 90% and an

update of 10% using online LH-IS, 82% of the medoids are exactly the same as in

offline LH-IS; 77% when compared to IS; 98% of the clusters depict the same object.

The runtime of the LH-IS update is ∼3 hours, 8 times faster than re-computing

LH-MST from scratch; 40 times faster than rerunning the original IS algorithm.

5.6 Conclusion

In this chapter we introduced the Limited Horizon Minimum Spanning Tree

(LH-MST), an approximation of the well-known Minimum Spanning Tree (MST).

In contrast to the MST, the LH-MST can be constructed much faster and has

the additional property of allowing online updates of the tree structure, even for

large changes in the image database. Yet various experiments have shown that

this approximation is very close to the original algorithm. Our novel LH-MST can

potentially be used in many algorithms which involve a costly Minimum Spanning

Tree (MST) calculation. Finally, we demonstrated its applicability for two distinct

methods of landmark discovery in large datasets: Single-Link Agglomerative and

Iconoid Shift clustering.

MST |M| |MA| |MO| |MU | |S| Rank |Ssup| DB cover

Split

100 - 324 - - - 90 - 380.42 73249

S1 90 10 327.33 ± 1.89 248.33 ± 3.86 59.67 ± 5.44 3.67 ± 1.89 90.0 ± 2.16 42.69 ± 11.11 424.04 ± 32.72 61716

S1 70 30 327.0 ± 7.79 246.0 ± 18.83 64.0 ± 19.3 2.33 ± 1.25 86.33 ± 0.94 34.33 ± 10.6 435.14 ± 28.13 69689

S1 50 50 325.33 ± 2.49 220.0 ± 5.72 92.33 ± 8.73 1.67 ± 0.47 91.0 ± 1.41 42.52 ± 28.95 445.94 ± 65.38 68570

S2 70 30 340.33 ± 2.49 212.67 ± 15.84 112.67 ± 13.3 4.67 ± 2.49 87.33 ± 10.87 44.2 ± 15.47 423.41 ± 31.73 69659

S2 50 50 338.0 ± 4.32 169.67 ± 9.29 149.0 ± 13.59 3.33 ± 1.25 83.33 ± 3.86 123.41 ± 82.06 390.75 ± 23.2 67246

S1 90 - 329.67 ± 0.47 240.33 ± 3.77 68.67 ± 4.64 4.0 ± 2.16 90.0 ± 2.16 37.76 ± 10.39 365.61 ± 24.18 55583

S1 70 - 352.33 ± 12.5 169.67 ± 15.33 120.67 ± 13.91 5.67 ± 2.49 126.0 ± 35.39 38.15 ± 13.88 277.42 ± 13.65 45980

S1 50 - 347.33 ± 4.64 80.33 ± 6.24 184.0 ± 13.06 4.0 ± 2.16 135.0 ± 5.72 116.68 ± 69.14 176.64 ± 22.28 31321

Table 5.4: Performance of the online version of the LH-MST compared to the offline
version of the original IS algorithm that uses an MST.
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LH-IS IS LH-IS IS

Figure 5.9: Cluster centers of offline LH-IS and original IS (Weyand and
Leibe, 2011). Examples of cluster centers where LH-MST converges to a different
medoid than IS. As it can be seen the quality of the result is the rather the same.
In most situations there is only minor color or camera pose differences.

Acknowledgements. We thank Tobias Weyand for his invaluable input regard-

ing the IS framework. This work is supported by the Google Faculty Research

Award.
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LH-IS IS LH-IS IS

Figure 5.10: Cluster centers of offline LH-IS and original IS (Weyand and
Leibe, 2011). Examples of cluster centers where LH-MST converges to a different
medoid than IS but the object depicted in the image is very different.
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Figure 5.11: Example of cluster members of top left LH-MST medoid in Figure 5.10.
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6
Exploring Spatial Context for 3D Semantic

Segmentation of Point Clouds

Deep learning approaches have made tremendous progress in the field of semantic

segmentation over the past few years. However, most current approaches operate in

the 2D image space. Direct semantic segmentation of unstructured 3D point clouds

is still an open research problem. The recently proposed PointNet architecture

presents an interesting step ahead in that it can operate on unstructured point

clouds, achieving encouraging segmentation results. However, it subdivides the

input points into a grid of blocks and processes each such block individually. In

this chapter, we investigate the question how such an architecture can be extended

to incorporate larger-scale spatial context. We build upon PointNet and propose

two extensions that enlarge the receptive field over the 3D scene. We evaluate the

proposed strategies on challenging indoor and outdoor datasets and show improved

results in both scenarios.

6.1 Introduction

Semantic segmentation is an important capability for intelligent vehicles, such as

autonomous cars or mobile robots. Identifying the semantic meaning of the observed

3D structure around the vehicle is a prerequisite for solving subsequent tasks such

as navigation or reconstruction (Engelmann et al., 2016, 2017). Consequently, the

problem has attracted a lot of attention, and notable successes have been achieved

0This chapter is based on Kontogianni* et al. (2017) originally published at ICCVW’17
and is joint work together with Francis Engelmann. It includes my ideas on recurrent
consolidation units applied to grid neighborhoods and Francis Engelmann’s ideas on multi-
scale input blocks and sequential consolidation units.
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Input-Level Context Output-Level Context

Figure 6.1: We explore mechanisms to extend the spatial context for semantic seg-
mentation of 3D point clouds.

with the help of deep learning techniques. However, most state-of-the-art semantic

segmentation approaches operate on 2D images, which naturally lend themselves to

processing with Convolutional Neural Networks (CNNs) (Chen et al., 2017; Long

et al., 2015; Noh et al., 2015; Wu et al., 2016).

Processing unstructured 3D point clouds, such as those obtained from LiDAR or

stereo sensors, is a much harder problem, and it is only recently that first successful

deep learning approaches have been proposed for this task (Huang and You, 2016;

Maturana and Scherer, 2015; Qi et al., 2017b; Yi et al., 2016). Such point clouds

can be obtained from LiDAR sensors mounted on top of a recording vehicle or

they can be obtained from visual SLAM approaches operating on the vehicle’s

cameras (Kasyanov et al., 2017). Finding approaches that can directly operate on

point cloud data is highly desirable, since it avoids costly preprocessing and format

conversion steps. However, the question what the best network architecture is to

process unstructured 3D point clouds is still largely open.

In this work, we take inspiration from the recent PointNet work by Qi et al.
(2017b), which currently defines the state of the art in 3D semantic segmentation.

PointNet learns a higher dimensional spatial feature representation for each 3D

point and then aggregates all the points within a small 3D volume (typically an

occupancy grid cell) in order to bring in some form of 3D neighborhood context.

However, this neighborhood context is very restricted, as each grid cell is processed

independently.
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6.2 Related Work

In this paper, we investigate possible mechanisms to incorporate context into a

point cloud processing architecture. We focus on spatial context, which has been

identified as being very important for semantic segmentation (Mottaghi et al., 2014;

Pohlen et al., 2017). We introduce two mechanisms to add spatial context to an

existing PointNet. The first mechanism incorporates neighborhood information by

processing input data from multiple scales or multiple adjacent regions together

(input-level context). The second mechanism operates on the estimated point

descriptors and aims at consolidating them by exchanging information over a larger

spatial neighborhood (output-level context). For both mechanisms, we explore

several possible realizations and compare them experimentally. As our results show,

both mechanisms improve semantic segmentation quality.

Contributions. The key contributions of our work can be summarized as follows:

1. We present two mechanisms that can be used to incorporate spatial context

into semantic 3D point cloud segmentation.

2. We show how these mechanisms can be incorporated into the PointNet pipeline.

3. We verify experimentally that our proposed extensions achieve improved

results on challenging indoor and outdoor datasets.

6.2 Related Work

Unstructured Point Clouds. A varied number of sensors and setups exist

which help to obtain unstructured point clouds: areal data from airborne laser

scanners, laser scanners mounted on dynamic setups in a push-broom configuration

(Maddern et al., 2017), rotating lasers e.g., Velodyne (Geiger et al., 2013), or

static lasers (Hackel et al., 2017). Additionally, indoor spaces can be scanned using

devices such as the Microsoft Kinect (Silberman et al., 2012) or Matterport cameras

(Armeni et al., 2016). All these devices produce point clouds of different quality

and density. We apply our method to indoor data from (Armeni et al., 2016) and

to synthetic urban outdoor data from (Gaidon et al., 2016).

Traditional Methods. Hackel et al. (2016) use traditional random forest classi-

fiers with 3D features (without color). Their method is based on eigenvalues and

eigenvectors of covariance tensors created by the nearest neighbors of the points.

Their main contribution is an efficient approximate nearest neighbors computation

at different scales. Munoz et al. (2008) follow a similar approach but replace the ran-

dom forest classifier with an associative Markov network. Random forest classifiers

are also used in Zhang et al. (2015) to classify data from 2D images and 3D point
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6 Exploring Spatial Context for 3D Semantic Segmentation of Point Clouds

clouds, which they later fuse. Similarly, Xu et al. (2013) fuse camera and LiDAR

sensor data. Xiong et al. (2011a) propose a sequential parsing procedure that

learns the spatial relationships of objects. Lai et al. (2014) introduce a hierarchical

sparse coding technique for learning features from synthetic data. Vosselman (2013)

combines multiple segmentation and post-processing methods to achieve useful point

cloud segmentations.

Deep-learning Methods. In a deep learning context, point clouds can be

represented in a regular volumetric grid in order to apply 3D convolutions (Huang

and You, 2016; Maturana and Scherer, 2015). Alternatively, 3D points can be

mapped to a 2D representation followed by 2D convolutions (Qi et al., 2016). In

Boulch et al. (2017), the authors are performing 2D convolutions in 2D snapshots

of a 3D point cloud and then project the labels back to 3D space. In Ondruska

et al. (2016) a deep learning framework learns semantic segmentation by tracking

point clouds. Yi et al. (2016) use spectral CNNs on 3D models represented as shape

graphs for shape part segmentation. Recent methods operate directly on raw point

clouds with KD-trees (Klokov and Lempitsky, 2017) or fully convolutional layers

(Qi et al., 2017b).

6.3 Method

In this section we start by reviewing the PointNet model (Qi et al., 2017b), then

we introduce our mechanisms of extending context and finish by describing our two

exemplary architectures.

6.3.1 PointNet

PointNet (Qi et al., 2017b) is a deep neural network that, when used for semantic

segmentation, takes as input a point cloud and outputs the per point semantic class

labels. First, it splits a point cloud into 3D blocks, then it takes N points inside a

block and after a series of Multi-Layer-Perceptrons (MLP) per point, the points are

mapped into a higher dimensional space D′, these are called local point-features.

Max-pooling is applied to aggregate information from all the points resulting in

a common global feature invariant to input permutations. The global feature is

then concatenated with all the point-features. After another series of MLPs these

combined features are used to predict the M output class scores. Figure 6.2 shows

a simplified model.

Caveats. The global features in PointNet summarize the context of a single block

(block-feature), as a result the aggregated information is passed only among points
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Figure 6.2: Simplified PointNet Architecture. In this work, we build upon
the PointNet architecture for semantic segmentation. In short, it computes a global
feature which summarizes a set of input points. Specifically, the network takes
N points as input, applies a series of multi-layer-perceptrons transformations and
aggregates the point features by max pooling them into a global feature. Global and
local features are concatenated and the per point class scores are returned. (MLP):
Multi-Layer-Perception, (M): Max-Pool, (S): Vertical Stack, (C): Concatenate. See
text and Qi et al. (2017b) for more details.

inside the same block.

Context outside a block is equally important and could help make more informed

class label predictions. Therefore, we introduce two mechanisms to add context:

input-level context – which operates directly on the input point clouds – and

output-level context – which consolidates the output from the input-level

context.
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Figure 6.3: Architecture with multi-scale input blocks and consolidation
units (MS-CU). The network takes as input three blocks from multiple scales, each
one containing N D-dimensional points. Separately, for each scale, it learns a block-
feature similarly to the PointNet mechanism. The concatenated block-features are
appended to the input-features and then transformed by a sequence of consolidation
units (see Section 6.3.3). The network outputs per point scores. Shaded fields
represent block-features.
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Figure 6.4: Architecture with grid input blocks and a recurrent consolida-
tion unit (GB-RCU). The network takes as input four blocks from a grid struc-
ture, each one containing N D-dimensional points. It then learns the block-features
using the same MLP weights for each block. All block-features are passed through
a recurrent consolidation unit (see Section 6.3.3) which shares the spatial context
among all blocks and returns updated block-features. The updated block-features
are appended to the input-features together with the original block-features and
used to compute the output per point scores. Shaded fields represent block-features.
Some skip-connections are omitted for clarity.

6.3.2 Input-Level Context

In this straightforward addition, we increase the context of the network by considering

a group of blocks simultaneously instead of one individual block at a time as done

in PointNet. Context is shared among all blocks in a group. These groups of

blocks are selected either from the same position but at multiple different scales

(Multi-Scale Blocks, see Figure 6.3, left) or from neighboring cells in a regular

grid (Grid Blocks, see Figure 6.4, left). For each input block, we compute a

block-feature using the mechanism from PointNet. For the multi-scale version,

we train a block-descriptor for each scale individually to obtain scale-dependent

block-features. In the case of grid blocks, all block features are computed by a

shared single-scale block-descriptor. In the end, both approaches output a set of

block-features corresponding to the input blocks.

6.3.3 Output-Level Context

At this stage, we further consolidate the block-features obtained from the previous

stage. Here, we differ between two consolidation approaches:

Consolidation Units (CU) consume a set of point features, transform them

into a higher dimensional space using MLPs and apply max-pooling to generate a
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common block-feature which is again concatenated with each of the high dimensional

input features (see Figure 6.3, blue box). This procedure is similar to the block-

feature mechanism of PointNet. The key point is that CUs can be chained together

into a sequence CUs forming a deeper network. The intuition behind this setup is

as follows: In the beginning each point sees only its own features. After appending

the block-features, each point is additionally informed about the features of its

neighboring points. By applying CUs multiple times, this shared knowledge is

reinforced.

Recurrent Consolidation Units (RCU) are the second type of context

consolidation we employ. RCUs take as input a sequence of block-features originating

from spatially nearby blocks and return a sequence of corresponding updated block-

features. The core idea is to create block-features that take into consideration

neighboring blocks as well. In more detail, RCUs are implemented as RNNs,

specifically GRUs (Cho et al., 2014), which are a simpler variation of standard

LSTMs (Hochreiter and Schmidhuber, 1997). GRUs have the capability to learn long

range dependencies. That range can either be over time (as in speech recognition)

or over space as in our case. The cells of the unrolled GRU are connected in an

unsynchronized many-to-many fashion (see Figure 6.4, blue box). This means that

the updated block-features are returned only after the GRU has seen the whole

input sequence of block-features. Intuitively, GRU retain relevant information about

the scene in their internal memory and update it according to new observations.

We use this memory mechanism to consolidate and share the information across all

input blocks. For example, the decision about whether a point belongs to a chair

is changed if the network remembers that it has seen a table further down in the

room.

In the following, we describe two exemplary architectures which combine the

previously introduced components. For those, we provide a detailed evaluation and

report improved results in Section 8.4.

6.3.4 Multi-Scale (MS) Architecture

The full MS architecture is displayed in Figure 6.3. The learned block-features

from the multi-scale blocks, (see Section 6.3.2) are concatenated into one multi-
scale block-feature. This multi-scale block-feature is further concatenated

with the transformed input point-features and passed through a series of CUs (see

Section 6.3.3). Applying a final MLP results in output scores for each input point.

Specific for this architecture is the sampling procedure to select the positions of

the multi-scale blocks: We randomly pick a D-dimensional point from the input

point cloud as the center of the blocks and we group together N randomly selected
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points that fall within a specified radius. This procedure is repeated at the same

point for multiple radii.

6.3.5 Grid (G) Architecture

Figure 6.4 shows the pipeline of the architecture with grid input blocks. It consists

of the following components: The input level context is a group of four blocks from a

2x2 grid-neighborhood (see Section 6.3.2) is fed into a series of MLPs that transform

the point features, with weights shared among all blocks. These block-features are

passed to an RCU that updates the individual block-features with common context

from all neighboring blocks. The updated block-features are then concatenated with

the original block-features. They are then used, along with the local features, for

class predictions. After a series of fully connected layers the output of class scores

is computed for each point.

6.4 Experiments

For experimental evaluation, we compare our two architectures with PointNet (Qi

et al., 2017b), the current state-of-the-art semantic segmentation method directly

operating on point clouds. We produce quantitative results for our models and

the baseline on two challenging datasets: Stanford Large-Scale 3D Indoor Spaces
(S3DIS) (Armeni et al., 2016) and on Virtual KITTI (vKITTI) (Gaidon et al.,
2016). Additionally, we provide qualitative results on point clouds obtained from a

Velodyne HDL-64E LiDAR scanner from the KITTI dataset (Geiger et al., 2013).

We will now describe these datasets in more detail.

Stanford Large Scale 3D Indoor Scenes. This dataset is composed of 6

different large scale indoor areas, mainly conference rooms, personal offices and

open spaces. It contains dense 3D point clouds scanned using a Matterport camera.

Each point is labeled with one of the 13 semantic classes listed in Table 7.4. Using

the reference implementation of PointNet, we were able to reproduce the results

reported by Qi et al. (2017b), see Table 6.4. Throughout the paper, we follow the

same evaluation protocol used in Qi et al. (2017b), which is a 6-fold cross validation

over all the areas.

Virtual KITTI. Due to the lack of semantically annotated large-scale outdoor

datasets, we rely on the photo-realistic synthetic vKITTI dataset which closely

mimics the real-world KITTI dataset. It consists of 5 different monocular video

sequences in urban settings, fully annotated with depth and pixel-level semantic

labels. In total there are 13 semantic class, listed in Table 6.2. For our purposes,
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we project the given 2D depth into 3D space to obtain semantically annotated 3D

point clouds. Conveniently, this procedure results in point clouds that resemble the

varying density of real-world point clouds obtained by Velodyne LiDAR scanners

(see Figure 6.5). For test and training, we split the original sequences into 6 non-

overlapping subsequences. The final train-test sets are created by choosing point

clouds from each subsequence at regular time-intervals. For evaluation, we also

follow the 6-fold cross validation protocol.

6.4.1 Evaluation Measures

As in Qi et al. (2017b), we evaluate on the intersection over union (IoU), the average

per class accuracy and overall accuracy. Intersection over union is computed as:

IoU =
TP

TP + FP + FN
(6.1)

where TP is the number of true positives, FP the number of false positives and FN

the number of false negatives.

6.4.2 Quantitative Results

In this section, we analyze the effectiveness of the input-block schemes and the

consolidation units exemplary on the two previously introduced models. As in-

put features, we differentiate between geometry (XYZ) and geometry with color

(XYZ+RGB).

Geometry with Color. (Table 6.4, Table 6.1) First, we compare the grid-

blocks in combination with a recurrent consolidation block (G+RCU) to the original

Synthetic Point Cloud Real - World Point Cloud

Figure 6.5: We train our network on synthetic point clouds generated from vKITTI
(Gaidon et al., 2016) (left) and apply it onto real-world Velodyne LiDAR point
clouds (right). The structure and the varying density are comparable.
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PointNet. Using the same evaluation setup as described in Qi et al. (2017b) we

are able to show improved results over PointNet, see Table 6.4 and Table 6.1. This

proves our hypothesis that RCU are able to convey context among blocks and thus

improving results. During training, each room is split into blocks of 1x1 m on

the ground plane. Each block extends over the whole room height. Neighboring

blocks are overlapping by 0.5 meters in both directions. We select four blocks

simultaneously from a 2x2 grid-neighborhood (see Figure 6.4, left). Each block

contains 4096 points. The unrolled GRU is 8 cells long (4 input, 4 output). Its

memory size is 64. During testing, the room is split into non-overlapping blocks

and evaluated on all 2x2 groups of blocks. Each block is evaluated only once.

Next, we take a look at the multi-scale input block with consolidation units

(MS-CU) model. To build the multi-scale blocks, we follow the process described

in Section 6.3.4. As radii, we choose [0.25, 0.5, 1.0] m. As distance metric we

choose the Chebyshev -distance which generates axis-aligned rectangular blocks.

The middle scale block is equal to the PointNet block regarding shape and size.

By using sampling (necessary for the multi-scale block construction), we diverge

from the previous training procedure, so we re-run all experiments under these new

conditions.

We validate the influence of each of the architecture’s components by adding

them one-by-one to our pipeline and evaluating after each step, see Table 6.4 and

Table 6.1. First, we only consider the input-level context i.e., the multi-scale block

feature (MS) as input to our pipeline while skipping the consolidation units. This

shows some performance benefits over PointNet but not as much as one would

expect considering the enlarged input context. Next, we take only single-scale input

blocks and add one consolidation unit (SS+CU(1)). The results show that the CU

outperforms the MS input blocks. It also shows that CUs provide a simple technique

to boost the network’s performance. Finally, we combine both the MS blocks and

the CU while appending another CU to the network (MS+CC(2)). This full model

is depicted in Figure 6.3.

Geometry only. (Table 6.2, 6.3) Until now, each input point was described

by a 9-dimensional feature vector [X, Y, Z,R,G,B,X ′, Y ′, Z ′] where [X, Y, Z] are

the spatial coordinates of a point, [R,G,B] its color and [X ′, Y ′, Z ′] the normalized

coordinated based on the size of the environment, see Qi et al. (2017b) for further

details. Without doubt, color is a very strong input feature in the context of

semantic segmentation. In this section, we pose the question what will happen if no

color information is available like it is the case with point clouds obtained from laser

scanners. To simulate the missing colors, we simply discard the color information
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from the input feature and re-run the experiments. Table 6.2 and 6.3 show the

obtained results. See caption for discussion of the results.

6.4.3 Qualitative Results

We present qualitative results of our models applied to indoor scenarios in Figure 6.8

and outdoor results in Figure 6.9 along with a short discussion. Additionally, we

applied our pre-trained geometry-only model (vKITTI) to real-world laser data.

The results are shown in Figure 6.7 and Figure 6.6.

 Tree  Grass  Topiary  Ground  Obstacle  Unknown

Ground truth
Labels: top

Our prediction
Labels: below

 Terrain  Tree  Vegetation  GuardRail  TrafficSign  TrafficLight

Figure 6.6: Qualitative results on 3DRMS’17 Challenge. We trained our
model on vKITTI point clouds without color and applied it to the 3DRMS laser
data. Training and test datasets do not have the same semantic labels. Despite
that, common classes like trees are successfully segmented and plausible ones are
given otherwise (e.g., terrain instead of grass, guardrail instead of obstacle).
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Figure 6.7: Qualitative results on laser point clouds. Dataset: Velodyne HDL-64E laser scans from KITTI Raw
(Geiger et al., 2013). We trained our model on vKITTI point clouds without color and applied it on real-world laser
point clouds. So far, only classes like road, building and car give reasonable results.
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*PointNet (Qi et al., 2017b) 43.5 81.5 86.7 64.8 29.4 16.3 39.1 48.1 52.5 42.5 5.4 37.6 30.4 31.4
*MS 44.4 82.2 86.9 64.2 33.8 22.8 43.3 52.0 51.0 38.6 9.2 36.1 23.6 33.7
*MS + RCU 45.5 83.6 86.9 67.5 40.5 17.1 37.0 48.8 53.9 42.3 6.8 39.7 32.8 34.2
*SS + CU(1) 45.9 88.6 92.6 66.3 36.2 23.6 47.1 51.2 50.2 36.9 12.6 33.7 22.7 35.3
*MS + CU(2) 47.8 88.6 95.8 67.3 36.9 24.9 48.6 52.3 51.9 45.1 10.6 36.8 24.7 37.5

PointNet (Qi et al., 2017b) 47.6 88.0 88.7 69.3 42.4 23.1 47.5 51.6 54.1 42.0 9.6 38.2 29.4 35.2
G + RCU 49.7 90.3 92.1 67.9 44.7 24.2 52.3 51.2 58.1 47.4 6.9 39.0 30.0 41.9

Table 6.1: IoU per semantic class. S3DIS dataset with XYZ-RGB input features. We compare our models
with different components against the original PointNet baseline. By adding different components, we can see an
improvement of mean IoU. We obtain state-of-the-art results in mean IoU and all individual class IoU. Entries marked
with * use random sampling for input block selection instead of discrete positions on a regular grid.
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*PointNet (Qi et al., 2017b) 40.0 84.0 87.2 57.9 37.0 19.6 29.3 35.3 51.6 42.4 11.6 26.4 12.5 25.5
*MS + CU(2) 43.0 86.5 94.9 58.8 37.7 25.6 28.8 36.7 47.2 46.1 18.7 30.0 16.8 31.2
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*PointNet (Qi et al., 2017b) 17.9 32.9 76.4 11.9 17.7 49.9 3.6 2.8 3.7 3.5 0.7 1.5 25.1 3.4
*MS + CU(2) 26.4 38.9 87.1 14.6 44.0 58.4 12.4 9.4 10.6 5.3 2.2 3.6 43.0 13.3

Table 6.2: IoU per semantic class. S3DIS and vKITTI datasets both with XYZ input features (no color).
Our methods not only outperform PointNet consistently on two datasets, the improvements in mean IoU are also more
considerable when no color is available. This suggests that our network architectures are able to learn improved geometric
features and are more robust to varying point densities as they occur in the outdoor vKITTI dataset.
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6.5 Conclusion

In this work, we investigated the question how to incorporate spatial context into a

neural network architecture for 3D semantic segmentation. Building upon PointNet,

we proposed two extension (Input-level context and Output-level context) which

we successfully applied onto indoor and outdoor datasets. Still, numerous other

combinations remain possible. The full exploration of the design space is left for

future work.

mean overall avg. class

IoU accuracy accuracy

S3DIS Dataset (Armeni et al., 2016) – no RGB

*PointNet (Qi et al., 2017b) 40.0 72.1 52.9

*MS + CU(2) 43.0 75.4 55.2

vKITTI Dataset (Gaidon et al., 2016) – no RGB

*PointNet (Qi et al., 2017b) 17.9 63.3 29.9

*MS + CU(2) 26.4 73.2 40.9

Table 6.3: S3DIS and vKITTI datasets with only XYZ input features,
without RGB. We show improved results on indoor (S3DIS) and outdoor (vKITTI)
datasets. Our presented mechanisms are even more important when no color is
available.
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S3DIS Dataset (Armeni et al., 2016) mean overall avg. class

XYZ-RGB IoU accuracy accuracy

*PointNet (Qi et al., 2017b) 43.5 75.0 55.5

*MS 44.4 75.5 57.6

*MS + RCU 45.5 77.2 57.2

*SS + CU(1) 45.9 77.8 57.7

*MS + CU(2) 47.8 79.2 59.7

PointNet (Qi et al., 2017b) 47.6 78.5 66.2

G + RCU 49.7 81.1 66.4

Table 6.4: S3DIS Dataset with XYZ-RGB input features. Comparison of
different context expansion techniques on input- and output-level (see Sections 6.3.2–
6.3.3). MS: Multi-Scale, SS: Single-Scale, G: Grid, CU: Consolidation Unit, RCU:
Recurrent Consolidation Unit. Entries marked with * use random sampling for input
block selection instead of discrete positions on a regular grid.
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 Ceiling  Floor  Wall  Beam  Column  Window  Door  Table

 Chair  Sofa  Bookcase  Board  Clutter

Input PointNet
Ours

G-RCU
Ours
MS-CU(2)

Ground
Truth

Figure 6.8: Indoor qualitative results. Dataset: S3DIS (Armeni et al., 2016)
with XYZ-RGB input features. From left to right: input point cloud, baseline
method PointNet (Qi et al., 2017b), our results using the G-RCU model (see Fig-
ure 6.4), our results using the MS-CU(2) model (see Figure 6.3), ground truth se-
mantic labels. Our models produce more consistent and less noisy labels.
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 Terrain  Tree  Vegetation  Building  Road  Car  Truck  Van

 GuardRail  TrafficSign  TrafficLight  Pole  Misc

PointNet

(Qi et al., 2017b)

Ours

MS-CU(2)
Ground Truth

Figure 6.9: Outdoor qualitative results. Dataset: Virtual KITTI (Gaidon et al.,
2016). Results were obtained using only XYZ coordinates as input, no color infor-
mation was used. Left: baseline method PointNet. Center: our results using the
MS-CU model as illustrated in Figure 6.3. Right: ground truth semantic labels.
The outputs of our method are less fragmented (cars, houses) and finer structures
like street lights and poles are recognized better.
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7
Know What Your Neighbors Do: 3D Semantic

Segmentation of Point Clouds

In this chapter, we present a deep learning architecture which addresses the problem

of 3D semantic segmentation of unstructured point clouds. Compared to previous

work, we introduce new grouping techniques which define point neighborhoods

Figure 7.1: Our deep learning framework takes as input an unordered 3D point
cloud (left) and predicts a semantic label for each point in the point cloud (right).
The main components of our approach are the definition of point neighborhoods in
different feature spaces and the introduction of loss functions which help to refine
the learned feature spaces. We apply our method to large scale indoor- and outdoor-
scenes.
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in the initial world space and the learned feature space. Neighborhoods are im-

portant as they allow to compute local or global point features depending on the

spatial extend of the neighborhood. Point neighborhoods can be compared the

filter size in traditional convolutions in the 2D image domain. Additionally, we

incorporate dedicated loss functions to further structure the learned point feature

space: the pairwise distance loss and the centroid loss. We show how to apply

these mechanisms to the task of 3D semantic segmentation of point clouds and

report state-of-the-art performance on indoor and outdoor datasets.

7.1 Introduction

In the field of 3D scene understanding, semantic segmentation of 3D point clouds

becomes increasingly relevant. Point cloud analysis has found its application in

indoor scene understanding and more recently has become an essential component

for autonomous driving. This is due to the increasing availability and affordability

of 3D sensors such as LiDAR or the Matterport scanner. The data obtained from

these sensors comes mainly in the form of unstructured point clouds.

The point cloud representation is challenging for multiple reasons: there is no

inherent order (such as pixel neighborhoods in 2D images), they are generally

sparse in 3D space and the point density varies with the distance to the sensor.

Moreover, the number of points in a cloud can easily exceed the number of pixels in

a high-resolution image by multiple orders of magnitude. All these properties make

it difficult to process point clouds directly using traditional convolutional networks

(CNN) which have shown to be extremely effective in the 2D image domain (Chen

et al., 2017; Long et al., 2015; Noh et al., 2015; Wu et al., 2016). Recently, a lot

of effort was put into extending the successes from 2D scene understanding into

the 3D world (Klokov and Lempitsky, 2017; Kontogianni et al., 2017; Landrieu

and Simonovsky, 2018; Qi et al., 2016, 2017a,b,c; Simonovsky and Komodakis,

2017; Tchapmi et al., 2017). In this work, we aim to further narrowing down the

gap between 2D and 3D semantic scene understanding. The trivial approach of

applying CNNs in the 3D space is by pre-processing the point cloud into a voxel

representation in order to apply 3D convolutions (Qi et al., 2016). However, by

doing so, we introduce discretization artifacts (especially for thin structures) and

loose geometric information such as point density. Methods directly operating on

the point cloud representation (e.g.,. (Qi et al., 2017a,b)) produce promising results.

However, in these methods, the point neighborhoods over which point features are

aggregated are either global (Qi et al., 2017b) or defined in a static coarse-to-fine

approach (Qi et al., 2017a). In this work, we propose to define neighborhoods in
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an adaptive manner that is firstly sensitive to the local geometry by using KMeans

clustering on the input point cloud features in the world space and secondly defining

dynamic neighborhoods in the learned feature space using k neatest neighbors

(KNN). Next is the observation that a well-structured feature space is essential for

learning on point clouds. Thus, we add dedicated loss functions which help shaping

the feature space at multiple locations in the network.

We showcase the effectiveness of our approach on the task of semantic segmentation

of 3D point clouds. We present a comprehensive ablation study evaluating all

introduced mechanisms. We apply our method in different scenarios: indoor data

from the Stanford 3D Indoor Scene dataset (Armeni et al., 2016) and outdoor data

from the Virtual KITTI 3D dataset (Gaidon et al., 2016; Kontogianni et al., 2017).

Our method outperforms the current state-of-the art on these datasets. The paper

is structured as follows: we start by giving on overview of current related work in

Section 8.2. Our method is presented in Section 8.3 followed by implementation

details in Section 7.4. Finally, we evaluate our approach in Section 7.5.

7.1.1 Contributions

In summary, our contributions are as follows:

· We introduce a deep learning architecture for end-to-end 3D semantic segmen-

tation of point clouds.

· We present a novel and intuitive feature network to learn strong features.

· We define two grouping techniques based on neighborhoods from KNNs and

KMeans.

· Furthermore, dedicated loss functions help shaping the feature space.

· In a thorough evaluation, we analyze the contribution of each component

and are able to present state-of-the art result on 3D semantic segmentation

benchmarks.

7.2 Related Work

Before the introduction of deep learning methods, there have been numerous tradi-

tional approaches (Hackel et al., 2016; Lai et al., 2014; Munoz et al., 2008; Xiong

et al., 2011a) applied to the task of semantically labelling 3D point clouds. Since
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7 KnowWhat Your Neighbors Do: 3D Semantic Segmentation of Point Clouds

then, methods relying on deep learning can be roughly split into two groups: meth-

ods that impose structure on the unstructured 3D point cloud (by voxelization or

projection) followed by standard convolutions, and methods that operate directly

on the 3D point clouds:

7.2.1 Voxelized Methods.

Up until recently, the standard method to perform semantic segmentation of 3D

data involved voxelization. Voxelization approaches transform the unstructured 3D

point clouds into regular volumetric 3D grids (voxels). By doing so, 3D convolutions

can be directly applied on the voxels (Maturana and Scherer, 2015; Wu et al., 2015).

Alternatively, projection approaches map the 3D points into 2D images as seen

by virtual cameras. Then, 2D convolutions are applied on the projections (Boulch

et al., 2017; Qi et al., 2016). These methods suffer from major disadvantages: the

mapping from a sparse representation to a dense one leads to an increased memory

footprint. Moreover, the fixed grid resolution results in discretization artifacts and

loss of information.

7.2.2 Point Cloud Methods.

A new set of methods started with the work of PointNet (Qi et al., 2017b). PointNet

operates directly on 3D points. The key idea is the extraction of point features

through a sequence of MLPs processing the points individually (point features)

followed by a max-pooling operation that describes the points globally (global

features). Point- and global-representations are fused (concatenation + MLP)

before making the final label predictions. Many methods followed the PointNet

paradigm to operate directly on point clouds. Where PointNet partitions the space

into cuboidal blocks of arbitrary fixed size, others use octrees (Tatarchenko et al.,
2017) or kd-trees (Klokov and Lempitsky, 2017) to partition the space in a more

meaningful way. Furthermore, PointNet does not take into consideration the local

geometry and surface information. Clustering has been used in many classical

approaches as a way of imposing structure, mostly as a pre-processing step (Xiong

et al., 2011a,b). So, Qi et al. (2017a) and Klokov and Lempitsky (2017) were

introduced trying to apply hierarchical grouping of the points and incorporate local

structure information. The former used farthest point sampling and the latter

kd-trees. Simonovsky and Komodakis (2017) generalize the convolution operator on

a spatial neighborhood. Taking it further from local neighborhoods, Landrieu and

Simonovsky (2018) organizes the points into super-points of homogeneous elements

and defines relationships between them with the use of graph neural networks on
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the so-called super-point graph. Kontogianni et al. (2017) also use cuboidal blocks,

which act as super-points and updates their respective global features based on the

surrounding blocks in space or scale using GRUs.

We now compare our method to the recent PointNet++ (Qi et al., 2017a) which is

an hierarchical extension of the original PointNet (Qi et al., 2017b). PointNet (PN)

globally aggregates point features using max-pooling. PN++ forms local groups (or

neighborhoods) based on the metric world space and collapses each group onto a

single representative point. This technique is repeated to increase the receptive field

in each iteration. In our work, we follow a similar approach by iterative applications

of the feature-space neighborhoods (NF -modules, introduced later): In every NF
iteration, each point is updated with the aggregated feature information from its

KNN. Repeating this procedure allows the information to flow over many points,

one hop per iteration. Unlike (Qi et al., 2017a), we build the neighborhood based

on the feature space, this allows the network to learn the grouping. In PN++,

neighborhoods are statically defined by a metric distance.

7.2.3 Feature Networks.

In a first step of our network, we learn strong features using a dedicated feature

network. The idea of extracting initial strong features is prominent in the field:

In (Qi et al., 2017c), features are learned in 2D image space using CNN for the

task of 2.5 semantic segmentation. For the problem of object detection, VoxelNet

(Zhou and Tuzel, 2018) uses a cascade of PointNet like architectures named Voxel
Feature Encoding to obtain a more meaningful representation.

7.3 Our Approach

In the following subsections, we describe the main components of our network.

Starting from the initial point features (e.g.,. position and color), we learn more

powerful feature representations. This step is handled by the Feature Network,

a novel architecture described in Section 7.3.1. Next, we define two kinds of

neighborhoods (Section 7.3.2.1) within the point cloud, one defined on the learned

feature space (NF ) and one on the input world space (NW ). Based on these

groupings, we learn regional descriptors which we use to inform the feature points

about their neighborhood. Finally, we further enforce structure on the learned

feature space by defining two dedicated loss functions (Section 7.3.3.1).
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7.3.1 Feature Network

In this section, we describe our simple yet powerful feature network, a novel base

architecture for feature point learning. The goal of this component is to transform

input features - such as position and color - into stronger learned features. It can

be seen as the distillation of important elements from previous works, in particular

PointNet (Qi et al., 2017b) and Consolidation Units (Kontogianni et al., 2017).

A schematic visualization is shown in Figure 7.2.

The network is built from a sequence of feature blocks. Feature blocks can

be seen as layers which can be stacked to arbitrary depth. Each feature block

performs the following tasks: Starting from a set of N point, each with feature

dimension F , it produces refined point features by passing the incoming features F
through a multi-layer-perceptron (MLP). Then, a global representation is computed

by aggregating all point features using max-pooling. This global feature is again

passed through an MLP. Finally, after vertically stacking the global feature N times,

it is concatenated with the point features. This is in line with the popular PointNet

architecture.

In addition to the feature blocks, we introduce pathway connections which allow

the individual feature blocks to consult features from previous layers. We distinguish

between the point features (local point pathway) and global features (global pathway).

Inspired by DenseNet (Huang et al., 2017) and ResNet (He et al., 2016b), these

features can be combined either by concatenation or summation. Our findings

are that concatenation gives slightly inferior results over addition with the cost of

a higher memory footprint. At the same time, increasing the number of feature

blocks in the network is even more important. Thus, in the interest of scalability, in

our final feature network we use additive features with 17 features blocks. Finally,

the feature network provides us with strong features required for the following

components. Our experiments on different number of feature blocks and aggregation

functions are summarized in Table 7.6.

102



7.3
O
u
r
A
p
p
roach

 Σ M
LP

 (2
56

, 1
28

)    Σ
 Pooling   

 M
LP

 (1
28

, 6
4)

   

N x F N x 128

N
 x

 1
92

1 x 128

Point Features
Global
Feature

FB 1 Feature Block 2 (FB 2) FB 3 FB 4

Global pathway

Local point pathway

Figure 7.2: The Feature Network. In a first step, our model learns strong features using a feature network consisting
of multiple feature blocks (FBs). Above, we illustrate such an example feature network with four feature blocks. Feature
Block 2 (FB 2) shows the mechanism of feature blocks in detail. We refer the reader to Section 7.3.1 for further details
and our motivation for the architecture.

kNN on Feature Space

 M
LP

 (1
28

, F
)   

1 x F
 Pooling   

K x FK x F

N x F x K

N x N

N x F

kNN
Tensor

Similarity Matrix

Input
Features

N x F

Figure 7.3: Feature space neighborhood NF . We use kNN in the feature space to compute the feature space
neighborhood NF (x) of a point x ∈ RF . Example for k = 3. Based on this neighborhood, the features of a point
(shown in blue) are updated ( left). Architecture for learning point features over a set of N points based on NF . The
feature learning is shown exemplarily for one point in the set and is identical for the others. Further details are in the
text ( right).103



7 KnowWhat Your Neighbors Do: 3D Semantic Segmentation of Point Clouds

7.3.2 Neighborhoods

We employ two different grouping mechanism to define the neighborhoods over the

point cloud: (1) the feature space neighborhood NF is obtained by computing the

k nearest neighbors (kNN) for each point in the learned feature space, and (2) the

world space neighborhood NW is obtained by clustering points using K-means in

the world space. In this context, the world space corresponds to the features of the

input point cloud, such as position and color. In the following, we explain the two

neighborhoods in more detail and show how they are used to update each point

feature.

7.3.2.1 Feature space neighborhood NF
From the set of N input features of dimensionality F , we compute an N × N
similarity matrix based on the pairwise distance between all the feature points

xi (See Figure 7.3). For each point, we select the k nearest neighbors to construct

the kNN tensor. Each slice in the tensor corresponds to an NF (xi) neighborhood of

feature point xi. Next, we learn a new feature representation of this neighborhood

using an MLP and we generate the updated feature of point i by applying max-

pooling. This procedure is the same for each input feature and can be efficiently

implemented using convolutions. In the following chapters, we will refer to this

architecture as an NF -Module.

As such, an NF -module updates the local feature of a point based on its neighbor-

hood in the feature space. By concatenating multiple NF -modules, we can increase

the receptive field of the operation, one hop at a time, which is comparable to

applying multiple convolutions in an image space.

7.3.2.2 World space neighborhood NW
Unlike kNN, k-Means assigns a variable number of points to a neighborhood. K-

Means clustering is an iterative method, it alternatively assigns points to the nearest

mean which represents the cluster center. Then it recomputes the means based on

the assigned points. When applied to the world space, k-Means can be seen as a

pooling operation which reduces the input space and increases the receptive field

by capturing long-range dependencies. Additionally, we are offered a feature point

representative per cluster by averaging over all cluster members in the feature space.

We now describe the corresponding NW -Module: We perform k-means clustering

in the world space and represent each cluster by the average over all feature points

in the cluster. Next, we concatenate this average to all the feature points within
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WorldSpace Feature Space Feature Space Training LabelsClusters from
Feature Space

Pairwise Loss Centroid Loss

Figure 7.4: Left: The pairwise distance loss Lpair minimizes the distance in the
feature space between points of the same semantic class. It increases the distance
between points from different classes. Right: The centroid loss Lcent minimizes the
distance between features and their corresponding centroids, shown as crosses. The
feature space is sketched as a 2D embedding. The point colors in the feature space
represent training labels. To demonstrate the quality of our embedding, we further
show clustering results (dashed lines) and their projection into world space (middle).
See Section 7.3.3.2 for details.

the same cluster. We then again apply max-pooling which produces a regional

descriptor for this cluster. A visualization is shown in Figure 7.5.

7.3.3 Loss Functions

In this section, we define the loss function L minimized during the training of our

network. The classification loss Lclass at the end of our network is realized as the

cross entropy between predicted per-class probabilities and one-hot encoded ground

truth semantic labels. Beside the classification loss, we introduce two additional

losses Lpair and Lcent which further help to shape the feature space. The final loss

is computed as L = Lclass + Lpair + Lcent.

7.3.3.1 Pairwise Similarity Loss Lpair
So far, we assumed that points from the same semantic class are likely to be nearby

in the feature space. The pairwise similarity loss, described in this section, ex-

plicitly enforces this assumption. Similar to Chopra et al. (2005), we notice that

semantic similarity can be measured directly as a distance in the feature space.

By minimizing pairwise distances, we can learn an embedding where two points

sampled from the same object produce nearby points in the feature space. And,

equivalently, two points originating from different objects have a large pairwise dis-

tance in the feature space. This goal is illustrated with a 2D embedding in Figure 7.4.
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All we need is a pairwise distance matrix, which we already compute in the NF -

Module (Sec. 3.2). Hence, the distance loss is a natural extension of our network

and comes at almost no additional memory cost. For a pair of points (i, j) with

features xi and xj , the loss is defined as follows:

`i,j =

{
max(||xi − xj|| − τnear, 0) if Ci = Cj
max(τfar − ||xi − xj||, 0) if Ci 6= Cj (7.1)

where τnear and τfar are threshold values and Ci is the semantic class of point i.
Finally, the loss Lpair is computed as the sum over all pairwise losses `i,j .

7.3.3.2 Centroid Loss Lcent
This loss reduces the within-class distance by minimizing the distance between point

features xi and a corresponding representative feature xi (centroid). It makes the

features in the feature space more compact. During training, the representative

feature can be computed as the mean feature over all points from the same semantic

class. An illustration is shown in Figure 7.4. We define the centroid loss as the sum

over all (xi, xi) pairs:

Lcent =
∑
i∈N
||xi − xi|| (7.2)

where N is the total number of points. As distance measure || · ||, we found the

Cosine distance to be more effective than the L1 or L2 distance measures.
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Components oAcc mAcc mIoU

Feature Network (FN) (Sec. 7.3.1) 82.43 56.96 47.25

NF *3 (Section 7.3.2.1) 81.70 55.14 47.37

NF *3 + Lpair (Section 7.3.3.1) 82.51 58.20 49.41

FN + NF *3 + Lpair 83.84 58.29 50.56

FN + NF *3 + NW + Lpair (Section 7.3.2.2) 84.31 59.18 50.95

FN + NF *3 + NW + Lpair + Lcent (Section 7.3.3.2) 84.19 60.59 51.56

Table 7.1: Ablation study highlighting the contribution of the individual compo-
nents of our pipeline. The reported numbers are obtained by training on our vali-
dation set.

7.4 Implementation Details

In this section, we describe the integration of the aforementioned components into a

deep learning architecture. The architecture of our model is depicted in Figure 7.5.

We start by learning strong features using our Feature Network (Section 7.3.1)

producing F -dimensional features. See Table 7.6 for an evaluation and discussion

on the architecture. We then feed these features into three stacked NF modules.

Then, the NW module computes regional descriptors for each cluster (based on

world space with descriptors form the feature space). We concatenate the regional

descriptors to its corresponding feature points of the second and third NF -Module.

The concatenated features are passed through another MLP after which we compute

the centroid loss. Finally, we reduce the feature points to the dimensions corre-

sponding to the number of semantic classes in our datasets. The pairwise distance

loss is computed in the beginning in the network. This informs the networks as

early as possible which points should have similar features. This provides early

layers a stronger signal of what should be learned and simplifies propagating as the

gradient is passed through fewer layers (Harley et al., 2017).

Position of the embedding loss. Although the distance loss could be

appended at each point where a similarity matrix is computed, we found it most

effective to add it to the second NF -module. An ablation study is provided in

Table 7.1 and shows the contribution of each component in the performance.

108



7.5 Evaluation

S3DIS (Armeni et al., 2016): 6-fold CV oAcc mAcc mIoU

PointNet (Qi et al., 2017b) 78.62 - 47.71

G + RCU (Kontogianni et al., 2017) 81.1 66.4 49.7

SPG (Landrieu and Simonovsky, 2018) 82.90 64.45 54.06

DGCNN † (Wang et al., 2019) 84.1 - 56.1

PointNet++ (Qi et al., 2017a) 81.03 67.05 54.49

RSN (Huang et al., 2018) - 66.45 56.47

Ours 83.95 67.77 58.27

Table 7.2: Stanford Large-Scale 3D Indoor Spaces. 6-fold cross validation
results. We can present state-of-the-art results in the more difficult CV and slightly
inferior results on Area 5. Entries marked with † are unpublished concurrent work.

7.5 Evaluation

In this section, we quantitatively evaluate our model, and we show qualitative results

of our approach over previous methods. We evaluate our method on multiple datasets:

two indoor- and one outdoor dataset showing the versatility of our approach. For

each dataset, we report the overall accuracy (oAcc), the mean class accuracy (mAcc)

and the mean class intersection-over-union (mIoU).

7.5.1 Indoor Datasets

We evaluate our model on the Stanford Large-Scale 3D Indoor Spaces (S3DIS)

dataset (Armeni et al., 2016) and the ScanNet dataset (Dai et al., 2017). Both

datasets have recently become popular to evaluate 3D semantic segmentation

methods. The S3DIS dataset consists of 6 different indoor areas, totaling to 272

rooms. Each point is labeled as one of 13 semantic classes as shown in Figure 7.6.

The ScanNet dataset contains 1523 RGB-D scans labeled with 20 different semantic

classes.

7.5.2 Outdoor Dataset

We apply our approach to the vKITTI3D dataset, a large-scale outdoor data set

in an autonomous driving setting. Introduced in Kontogianni et al. (2017), this

dataset is an adaptation of the synthetic Virtual KITTI dataset (Gaidon et al.,
2016) for the task of semantic segmentation of 3D point clouds. It is split in 5

different sequences containing 13 semantic classes listed in Figure 7.7.
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S3DIS (Armeni et al., 2016): Area 5 oAcc mAcc mIoU

PointNet (Qi et al., 2017b) - 48.98 41.09

MS + CU(2) ‡ (Kontogianni et al., 2017) - 52.11 43.02

G + RCU ‡ (Kontogianni et al., 2017) - 54.06 45.14

SEGCloud (Tchapmi et al., 2017) - 57.35 48.92

SPG (Landrieu and Simonovsky, 2018) 85.14 61.75 54.67
Ours 84.15 59.10 52.17

Table 7.3: Stanford Large-Scale 3D Indoor Spaces. Area 5 results. We can
present competitive results on Area 5. Entries marked with ‡ are scores obtained
from authors.

7.5.3 Training Details

For the experiments on the S3DIS dataset, we follow a similar training procedure as

(Qi et al., 2017b) i.e. we split the rooms in cuboidal blocks of 1m2 on the ground

plane. From each block we randomly sample 4096 points. During testing, we predict

class labels for all points. Additionally, we add translation augmentation to the block

positions. Each point is represented by a 9D feature vector [x, y, z, r, g, b, x′, y′, z′]
consisting of the position [x, y, z], color [r, g, b] and normalized coordinates [x′, y′, z′]
as in (Qi et al., 2017b). The hyperparameters of our method are set as follows: For

the kNN clustering, we set k = 30 and use the L1 distance measure. For K-means,

we dynamically set K = bN/52c where N is the number of points per block. We

report scores on a 6-fold cross validation across all areas in Table 7.2 along with

the detailed scores of per class IoU in Table 7.4. Additionally, we provide scores

for Area 5 in Table 7.3 to compare ourself to (Tchapmi et al., 2017) and (Landrieu

and Simonovsky, 2018).

On the ScanNet dataset (Dai et al., 2017), we use the reference implementation

of PointNet++ to train and evaluate our model. This approach allows us to focus

on the comparison of the models while abstracting from the training procedures.

All hyperparameters remain the same. The results are shown in Table 7.5
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PointNet (Qi et al., 2017b) 47.6 88.0 88.7 69.3 42.4 23.1 47.5 51.6 54.1 42.0 9.6 38.2 29.4 35.2
MS+CU(2) (Kontogianni et al., 2017) 47.8 88.6 95.8 67.3 36.9 24.9 48.6 52.3 51.9 45.1 10.6 36.8 24.7 37.5

SegCloud(Tchapmi et al., 2017) 48.9 90.1 96.1 69.9 0.0 18.4 38.4 23.1 75.9 70.4 58.4 40.9 13.0 42.0
G+RCU (Kontogianni et al., 2017) 49.7 90.3 92.1 67.9 44.7 24.2 52.3 51.2 58.1 47.4 6.9 39.0 30.0 41.9

SPG (Landrieu and Simonovsky, 2018) 54.1 92.2 95.0 72.0 33.5 15.0 46.5 60.9 65.1 69.5 56.8 38.2 6.9 51.3
Ours 58.3 92.1 90.4 78.5 37.8 35.7 51.2 65.4 64.0 61.6 25.6 51.6 49.9 53.7

Table 7.4: IoU per semantic class on the S3DIS dataset. We compare our model against the original PointNet and
other recent methods. On average our method outperforms the current state-of-the-art by a large margin, specifically
on bookcase and board while being slightly worse on beam and sofa.

111



7 KnowWhat Your Neighbors Do: 3D Semantic Segmentation of Point Clouds

ScanNet (Dai et al., 2017) oAcc mAcc

PointNet++ (Qi et al., 2017a) 71.40 24.51

Our method 75.53 25.39

Table 7.5: ScanNet. Overall point accuracy (oAcc), mean semantic class accuracy
(mAcc), mean Intersection-over-Union (mIoU). ScanNet dataset using the official
training and test split from (Dai et al., 2017), scores are shown on a per-point basis
as computed by the PN++ reference implementation. To train on our hardware, we
set the batch size to 32 and number of points to 1024.

On the VKITTI3D dataset, we follow again the same training procedure as on the

S3DIS dataset. The scenes are split into blocks of 9m2 on the ground plane. Since

the dataset is much sparser, we set the number of points sampled per block to N =

256. Training on a 6-fold cross validation is performed as in (Kontogianni et al.,
2017). We use the same input features as in the indoor dataset and additionally, we

analyze how well our method performs if we take into consideration only geometric

features (xyz-position) while leaving out color information. This is an interesting

experiment, as color is not always imminently available e.g.,. point clouds from

laser scanners. We show quantitative results in Table 7.7. Qualitative results are

shown in Figure 7.7.

7.6 Conclusions

In this work, we presented a deep learning architecture for 3D semantic segmentation

of point clouds. We provide a novel feature learning network that can easily be added

into new and existing networks. More importantly, we present two approaches of

incorporating neighborhood information from the feature space and from the world

space. We also introduce the pairwise distance loss function and the centroid loss

function in the context of 3D semantic segmentation. In a thoroughly evaluation, we

analyze the contributions of each presented component and are able to outperform

the current state-of-the art on current popular datasets. As our results show, at this

stage it makes sense to further explore the design space in the field of 3D semantic

segmentation.
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# Layers Fusion mIoU

3 additive 42.15

12 additive 44.46

17 additive 45.15
17 concat. 44.23

12 concat. 43.35

3 concat. 41.73

Table 7.6: Study on the feature network. We evaluate the number of layers and
compare feature fusion using concatenation or addition. Deeper networks perform
better, in general feature addition is slightly stronger while also less memory de-
manding than concatenation.

VKITTI3D (Kontogianni et al., 2017): 6-fold CV oAcc mAcc mIoU

PointNet (Qi et al., 2017b) from (Kontogianni et al., 2017) 63.3 29.9 17.9

MS+CU(2) (Kontogianni et al., 2017) 73.2 40.9 26.4

Ours 78.19 56.43 33.36

Ours ( + color) 79.69 57.59 35.59

Table 7.7: Virtual KITTI 3D. Comparison of our method to previous methods.
We outperform the state-of-the-art by a large margin. The upper part of the tables
shows results trained on position only. In the lower part, we additionally trained
with color. As it shows, geometric features alone are already quite powerful. By
adding color, we can further improve the scores.
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 Ceiling  Floor  Wall  Beam  Column  Window  Door  Table

 Chair  Sofa  Bookcase  Board  Clutter

Input PointNet Ours Ground Truth

Figure 7.6: Qualitative results on S3DIS dataset. We show three example
rooms. Our method compared to PointNet (Qi et al., 2017b) provides segmentations
of objects with reduced noise and clear boundaries. As pointed out in the quanti-
tative results section (see Table 7.4), our method performs quite well in challenging
objects like board and bookcase.
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7.6 Conclusions

 Terrain  Tree  Vegetation  Building  Road  Car  Truck  Van

 GuardRail  TrafficSign  TrafficLight  Pole  Misc

Ours (No Color) Ours (Color) Ground Truth RGB

Figure 7.7: Qualitative results on VKITTI3D dataset. In general, color is an
important attribute to distinguish between shapes that have similar structure e.g.,.
terrain and road. The last row shows a failure case, during training our model was
not able to differentiate between van and truck, and between terrain and road.
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8
Continuous Adaptation for Interactive Object

Segmentation by Learning from Corrections

In interactive object segmentation a user collaborates with a computer vision model

to segment an object. Recent works employ convolutional neural networks for this

task: Given an image and a set of corrections made by the user as input, they output

a segmentation mask. These approaches achieve strong performance by training on

large datasets, but they keep the model parameters unchanged at test time. Instead,

we recognize that user corrections can serve as sparse training examples and we

propose a method that capitalizes on that idea to update the model parameters

on-the-fly to the data at hand. Our approach enables the adaptation to a particular

object and its background, to distributions shifts in a test set, to specific object

classes, and even to large domain changes, where the imaging modality changes

between training and testing. We perform extensive experiments on 8 diverse

datasets and show: Compared to a model with frozen parameters, our method

reduces the required corrections (i) by 9%-30% when distribution shifts are small

between training and testing; (ii) by 12%-44% when specializing to a specific class;

(iii) and by 60% and 77% when we completely change domain between training and

testing.

8.1 Introduction

In interactive object segmentation a human collaborates with a computer vision

model to segment an object of interest (Benenson et al., 2019; Boykov and Jolly,

2001; Rother et al., 2004a; Xu et al., 2016). The process iteratively alternates

between the user providing corrections on the current segmentation and the model

refining the segmentation based on these corrections. The objective of the model
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Figure 8.1: Example results for a frozen model (top) and our adaptive
methods (bottom). A frozen model performs poorly when foreground and back-
ground share similar appearance (left), when it is used to segment new object classes
absent in the training set (center, donut class), or when the model is tested on a
different image domain (aerial) than it is trained on (consumer) (right). By using
corrections to adapt the model parameters to a specific test image, or to the test
image sequence, our method substantially improves segmentation quality. The input
is four corrections in all cases shown.

is to infer an accurate segmentation mask from as few user corrections as possible

(typically point clicks (Bearman et al., 2016; Chen et al., 2018a) or strokes (Gulshan

et al., 2010; Rother et al., 2004a) on mislabeled pixels). This enables fast and

accurate object segmentation, which is indispensable for image editing (Adobe,

2018) and collecting ground-truth segmentation masks at scale (Benenson et al.,
2019).

Current state-of-the-art methods train a convolutional neural network (CNN)

which takes an image and user corrections as input and predicts a foreground / back-

ground segmentation (Benard and Gygli, 2017; Benenson et al., 2019; Jang and

Kim, 2019; Li et al., 2018b; Liew et al., 2017; Mahadevan et al., 2018; Xu et al.,
2016). At test time, the model parameters are frozen and corrections are only used

as additional input to guide the model predictions. But in fact, user corrections

directly specify the ground-truth labelling of the corrected pixels. In this paper we

capitalize on this observation: we treat user corrections as training examples to

adapt our model on-the-fly. We use these user corrections in two ways: (1) in single
image adaptation we iteratively adapt model parameters to one specific object in

an image, given the corrections produced while segmenting that object; (2) in image
sequence adaptation we adapt model parameters to a sequence of images with an

online method, given the set of corrections produced on these images. Each of

these leads to distinct advantages over using a frozen model:
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8.1 Introduction

During single image adaptation our model learns the specific appearance of the

current object instance and the surrounding background. This allows the model

to adapt even to subtle differences between foreground and background for that

specific example. This is necessary when the object to be segmented has similar

color to the background (Fig. 8.1, 1st column), has blurry object boundaries, or low

contrast. In addition, a frozen model can sometimes ignore the user corrections and

overrule them in its next prediction. We avoid this undesired behavior by updating

the model parameters until its predictions respect the user corrections.

During image sequence adaptation we continuously adapt the model to a se-

quence of segmentation tasks. Through this, the model parameters are optimized to

the image and class distribution in these tasks, which may consist of different types

of images or a set of new classes which are unseen during training. An important

case of this is specializing the model for segmenting objects of a single class. This is

useful for collecting many examples in high-precision domains, such as pedestrians
for self-driving car applications. Fig. 8.1, middle column shows an example of

specializing to the single, unseen class donut. Furthermore, an important property

of image sequence adaptation is that it enables us to handle large domain changes,

where the imaging modality changes dramatically between training and testing. We

demonstrate this by training on consumer photos while testing on medical and aerial

images (Fig. 8.1, right column).

Naturally, single image adaptation and image sequence adaptation can be used

jointly, leading to a method that combines their advantages.

In summary: Our innovative idea of treating user corrections as training examples

allows to update the parameters of an interactive segmentation model at test
time. To update the parameters, we propose a practical online adaptation method.

Our method operates on sparse corrections, balances adaptation vs. retaining old

knowledge and can be applied to any CNN-based interactive segmentation model.

We perform extensive experiments on 8 diverse datasets and show: Compared to

a model with frozen parameters, our method reduces the required corrections (i)

by 9%-30% when distribution shifts are small between training and testing; (ii) by

12%-44% when specializing to a specific class; (iii) and by 60% and 77% when we

completely change domain between training and testing. (iv) Finally, we evaluate

on four standard datasets where distribution shifts between training and testing are

minimal. Nevertheless, our method did set a new state-of-the-art on all of them,

when it was initially released (Kontogianni et al., 2019).
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8.2 Related Work

Interactive Object Segmentation. Traditional methods approach interactive

segmentation via energy minimization on a graph defined over pixels (Bai and Sapiro,

2009; Boykov and Jolly, 2001; Gulshan et al., 2010; Price et al., 2010; Rother et al.,
2004a). User inputs are used to create an image-specific appearance model based

on low-level features (e.g. color), which is then used to predict foreground and

background probabilities. A pairwise smoothness term between neighboring pixels

encourages regular segmentation outputs. Hence these classical methods are based

on a weak appearance model which is specialized to one specific image.

Recent methods rely on Convolutional Neural Networks (CNNs) to interactively

produce a segmentation mask (Agustsson et al., 2019; Benard and Gygli, 2017;

Chen et al., 2018a; Hu et al., 2019; Jang and Kim, 2019; Li et al., 2018b; Liew

et al., 2017; Mahadevan et al., 2018; Xu et al., 2016). These methods take the

image and user corrections (transformed into a guidance map) as input and map

them to foreground and background probabilities. This mapping is optimized over a

training dataset and remains frozen at test time. Hence these models have a strong

appearance model but it is not optimized for the test image or dataset at hand.

Our method combines the advantages of traditional and recent approaches: We

use a CNN to learn a strong initial appearance model from a training set. During

segmentation of a new test image, we adapt the model to it. It thus learns an

appearance model specifically for that image. Furthermore, we also continuously

adapt the model to the new image and class distribution of the test set, which may

be significantly different from the one the model is originally trained on.

Gradient Descent at test time. Several methods iteratively minimize a loss

at test time. The concurrent work of Sun et al. (2019) uses self-supervision to adapt

the feature extractor of a multi-tasking model to the test distribution. Instead,

we directly adapt the full model by minimizing the task loss. Others iteratively

update the inputs of a model (Gatys et al., 2016; Gygli et al., 2017; Jang and Kim,

2019), e.g. for style transfer (Gatys et al., 2016). In the domain of interactive

segmentation, Jang and Kim (2019) update the guidance map which encodes the

user corrections and is input to the model. Sofiiuk et al. (2020) made this idea more

computationally efficient by updating intermediate feature activations, rather than

the guidance maps. Instead, our method updates the model parameters, making it

more general and allowing it to adapt to individual images as well as sequences.

In-domain Fine-Tuning. In other applications it is common practice to fine-

tune on in-domain data when transferring a model to a new domain (Caelles et al.,
2017; Papadopoulos et al., 2016; Voigtlaender and Leibe, 2017; Zhou et al., 2017c).
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For example, when supervision for the first frame of a test video is available (Caelles

et al., 2017; Perazzi et al., 2016; Voigtlaender and Leibe, 2017), or after annotating

a subset of an image dataset (Papadopoulos et al., 2016; Zhou et al., 2017c). In

interactive segmentation the only existing attempt is Acuna et al. (2018), which

performs polygon annotation (Acuna et al., 2018; Castrejón et al., 2017; Ling et al.,
2019). However, it does not consider adapting to a particular image; their process

to fine-tune on a dataset involves 3 different models, so they do it only a few times

per dataset; they cannot directly train on user corrections, only on complete masks

from previous images; finally, they require a bounding box on the object as input.

Few-shot and Continual Learning. Our method automatically adapts to

distribution shifts and domain changes. It performs domain adaptation from limited

supervision, similar to few-shot learning (Finn et al., 2017; Qi et al., 2018; Ravi and

Larochelle, 2016; Snell et al., 2017). It also relates to continual learning (Farquhar

and Gal, 2018; Rebuffi et al., 2017), except that the output label space of the classifier

is fixed. As in other works, our method needs to balance between preserving existing

knowledge and adapting to new data. This is often done by fine-tuning on new tasks

while discouraging large changes in the network parameters, either by penalizing

changes to important parameters (Aljundi et al., 2018, 2019; Kirkpatrick et al.,
2017; Zenke et al., 2017) or changing predictions of the model on old tasks (Li and

Hoiem, 2017; Michieli and Zanuttigh, 2019; Shmelkov et al., 2017). Alternatively,

some training data of the old task is kept, and the model is trained on a mixture of

the old and new task data (Belouadah and Popescu, 2019; Rebuffi et al., 2017).

8.3 Method

We adopt a typical interactive object segmentation process (Benenson et al., 2019;

Boykov and Jolly, 2001; Jang and Kim, 2019; Li et al., 2018b; Mahadevan et al.,
2018; Xu et al., 2016): the model is given an image and makes an initial fore-

ground / background prediction for every pixel. The prediction is then overlaid on

the image and presented to the user, who is asked to make a correction. The user

clicks on a single pixel to mark that it was incorrectly predicted to be foreground

instead of background or vice versa. The model then updates the predicted seg-

mentation based on all corrections received so far. This process iterates until the

segmentation reaches a desired quality level.

We start by describing the model we build on (Sec. 8.3.1). Then, we describe

our core contribution: treating user corrections as training examples to adapt the

model on-the-fly at test-time (Sec. 8.3.2). Lastly, we describe how we simulate user

corrections to train and test our method (Sec. 8.3.3).
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8.3.1 Interactive Segmentation Model

As the basis of our approach, we use a strong re-implementation of Mahadevan et al.
(2018), an interactive segmentation model based on a convolutional neural network.

The model takes an RGB image and the user corrections as input and produces a

segmentation mask. As in Benenson et al. (2019) we encode the position of user

corrections by placing binary disks into a guidance map. This map has the same

resolution as the image and consists of two channels (one channel for foreground

and one for background corrections). The guidance map is concatenated with the

RGB image to form a 5-channel map x which is provided as input to the network.

We use DeepLabV3+ (Chen et al., 2018c) as our network architecture, which has

demonstrated good performance on semantic segmentation. However, we note that

our method does not depend on a specific architecture and can be used with others

as well.

For training the model we need a training dataset D with ground-truth object

segmentations, as well as user corrections which we simulate as in Mahadevan et al.
(2018) (Sec. 8.3.3). We train the model using the cross-entropy loss over all pixels

in an image:

LCE(x,y; θ) =
1

|y|{−y log f(x; θ)− (1− y) log(1− f(x; θ))} (8.1)

where x is the 5-channel input defined above (image plus guidance maps), y ∈
{0, 1}H×W are the pixel labels of the ground-truth object segmentations, and f(x; θ)

represents the mapping of the convolutional network parameterized by θ. | · | denotes

the l1 norm.

We produce the initial parameters θ∗ of the segmentation model by minimizing∑
(xi,yi)∈D LCE(xi,yi; θ) over the training set using stochastic gradient descent.

8.3.2 Learning from Corrections at Test-Time

Previous interactive object segmentation methods do not treat corrections as training

examples. Thus, the model parameters remain unchanged/frozen at test time

(Benard and Gygli, 2017; Benenson et al., 2019; Jang and Kim, 2019; Li et al.,
2018b; Mahadevan et al., 2018; Xu et al., 2016) and corrections are only used as

inputs to guide the predictions. Instead, we treat corrections as ground-truth labels

to adapt the model at test time. We achieve this by minimizing the generalized

cross-entropy loss over the corrected pixels:

LGCE(x, c; θ) =
1[c 6=−1]T

|1[c 6=−1]|

{
− c log f(x; θ)− (1− c) log(1− f(x; θ)

}
(8.2)
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Figure 8.2: Corrections as training examples. For learning the initial model
parameters, full supervision is available, allowing to compute a loss over all the
pixels in the image. At test time, the user provides sparse supervision in the form
of corrections. We use these to adapt the model parameters.

where 1 is an indicator function and c is a vector of values {1, 0,−1}, indicating

what pixels were corrected to what label. Pixels that were corrected to be positive

are set to 1 and negative pixels to 0. The remaining ones are set to −1, so that

they are ignored in the loss. As there are very few corrections available at test time,

this loss is computed over a sparse set of pixels. This is in contrast to the initial

training which had supervision at every pixel (Sec. 8.3.1). We illustrate the contrast

between the two forms of supervision in Fig. 8.2.

Dealing with label sparsity. In practice, corrections c are extremely sparse

and consist of just a handful of scattered points (Fig. 8.3). Hence, they offer limited

information on the spatial extent of objects and special care needs to be taken to

make this form of supervision useful in practice. As our model is initially trained

with full supervision, it has learned strong shape priors. Thus, we propose two

auxiliary losses to prevent forgetting these priors as the model is adapted. First, we

regularize the model by treating the initial mask prediction p as ground-truth and

making it a target in the cross-entropy loss, i.e., LCE(x,p; θ). This prevents the

model from focusing only on the user corrections while forgetting the initially good

predictions on pixels for which no corrections were given.

Second, inspired by methods for class-incremental learning (Aljundi et al., 2018;

Kirkpatrick et al., 2017; Zenke et al., 2017), we minimize unnecessary changes to

the network parameters to prevent it from forgetting crucial patterns learned on

the initial training set. Specifically, we add a cost for changing important network

parameters:

LF(θ) = ΩT (θ − θ∗)�2 (8.3)

where θ∗ are the initial model parameters, θ are the updated parameters and Ω
is the importance of each parameter. (·)�2 is the element-wise square (Hadamard

square). Intuitively, this loss penalizes changing the network parameters away from
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their initial values, where the penalty is higher for important parameters. We

compute Ω using Memory-Aware Synapses (MAS) (Aljundi et al., 2018), which

estimates importance based on how much changes to the parameters affect the

prediction of the model.

Combined loss. Our full method uses a linear combination of the above losses:

LADAPT(x,p, c; θ) = λLGCE(x, c; θ) + (1− λ)LGCE(x,p; θ) + γLF(θ) (8.4)

where λ balances the importance of the user corrections vs. the predicted mask and

γ defines the strength of parameter regularization. Next, we introduce single image
adaptation and image sequence adaptation, which both minimize Eq. (8.4). Their

difference lies in how the model parameters θ are updated: individually for each

object or over a sequence.

8.3.2.1 Adapting to a single image.

We adapt the segmentation model to a particular object in an image by training

on the click corrections. We start from the segmentation model with parameters

θ∗ fit to the initial training set (Sec. 8.3.1). Then we update them by running

several gradient descent steps to minimize our combined loss Eq. (8.4) every time

the user makes a correction (Algo. in supp. material). We choose the learning rate

and the number of update steps such that the updated model adheres to the user

corrections. This effectively turns corrections into constraints. This process results

in a segmentation mask p, predicted using the updated parameters θ.

Adapting the model to the current test image brings two core advantages. First,

it learns about the specific appearance of the object and background in the current

image. Hence corrections have a larger impact and can also improve the segmentation

of distant image regions which have similar appearance. The model can also adapt

to low-level photometric properties of this image, such as overall illumination, blur,

and noise, which results in better segmentation in general. Second, our adaptation

step makes the corrections effectively hard constraints, so the model will preserve

the corrected labeling in later iterations too.

This adaptation is done for each object separately, and the updated θ is discarded

once an object is segmented.

8.3.2.2 Adapting to an image sequence.

Here we describe how to continuously adapt the segmentation model to a sequence

of test images using an online algorithm. Again, we start from the model parameters

θ∗ fit to the initial training set (Sec. 8.3.1). When the first test image arrives,
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we perform interactive segmentation using these initial parameters. Then, after

segmenting each image It = (xt, ct), the model parameters are updated to θt+1 by

doing a single gradient descent step to minimize Eq. (8.4) for that image. Thereby

we subsample the corrections in the guidance maps to avoid trivial solutions (predict

the corrections given the corrections themselves, see supp. material). The updated

model parameters are used to segment the next image It+1.

Through the method described above our model adapts to the whole test image

sequence, but does so gradually, as objects are segmented in sequence. As a

consequence, this process is fast, does not require storing a growing number of

images, and can be used in a online setting. In this fashion it can adapt to changing

appearance properties, adapt to unseen classes, and specialize to one particular

class. It can even adapt to radically different image domains as we demonstrate in

Sec. 8.4.3.

8.3.2.3 Combined adaptation.

For a test image It, we segment the object using single image adaptation (Algo. in

supp. material). After segmenting a test image, we gather all corrections provided

for that image and apply a image sequence adaptation step to update the model

parameters from θt to θt+1. At the next image, the image adaptation process will

thus start from parameters θt+1 better suited for the test sequence. This combination

allows to leverage the distinct advantages of the two types of adaptation.

8.3.3 Simulating user corrections

To train and test our method we rely on simulated user corrections, as is common

practice (Benard and Gygli, 2017; Jang and Kim, 2019; Li et al., 2018b; Liew et al.,
2017; Mahadevan et al., 2018; Xu et al., 2016).

Test-time corrections. When interactively segmenting an object, the user clicks

on a mistake in the predicted segmentation. To simulate this, we follow Benard and

Gygli (2017); Mahadevan et al. (2018); Xu et al. (2016), which assume that the

user clicks on the largest error region. We obtain this error region by comparing the

model predictions with the ground-truth and select its center pixel.

Train-time corrections. Ideally one wants to train with the same user model

that is used at test-time. To make this computationally feasible, we train the model

in two stages as in Mahadevan et al. (2018). First, we sample corrections using

ground-truth segmentations (Benard and Gygli, 2017; Jang and Kim, 2019; Li et al.,
2018b; Liew et al., 2017; Xu et al., 2016). Positive user corrections are sampled

uniformly at random on the object. Negative user corrections are sampled according
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to three strategies: (1) uniformly at random from pixels around the object, (2)

uniformly at random on other objects, and (3) uniformly around the object. We use

these corrections to train the model until convergence. Then, we continue training

by iteratively sampling corrections following Mahadevan et al. (2018). For each

image we keep a set of user corrections c. Given c we predict a segmentation mask,

simulate the next user correction (as done at test time), and add it to c. Based

on this additional correction, we predict a new segmentation mask and minimize

the loss (Eq. (8.1)). Initially, c corresponds to the corrections simulated in the first

stage, and over time more user corrections are added. As we want the model to

work well even with few user corrections, we thus periodically reset c to the initial

clicks (Mahadevan et al., 2018).

8.4 Experiments

We extensively evaluate our single image adaptation and image sequence adaptation

methods on several standard datasets as well as on aerial and medical images. These

correspond to increasingly challenging adaptation scenarios.

Adaptation scenarios. We first consider distribution shift, where the training

and test image sets come from the same general domain, consumer photos, but differ

in their image and object statistics (Sec. 8.4.1). This includes differences in image

complexity, object size distribution, and when the test set contains object classes

absent during training. Then, we consider a class specialization scenario, where

a sequence of objects of a single class has to be iteratively segmented (Sec. 8.4.2).

Finally we test how our method handles large domain changes where the imaging

modality changes between training and testing. We demonstrate this by going from

consumer photos to aerial and medical images (Sec. 8.4.3).

Model Details. We use a strong re-implementation of Mahadevan et al. (2018)

as our interactive segmentation model (Sec. 8.3.1). We pre-train its parameters on

PASCAL VOC12 (Everingham et al., 2012) augmented with SBD (Hariharan et al.,
2011) (10582 images with 24125 segmented instances of 20 object classes). As a

baseline, we use this model as in Mahadevan et al. (2018), i.e. without updating

its parameters at test time. We call this the frozen model. This baseline already

achieves state-of-the-art results on the PASCAL VOC12 validation set, simply by

increasing the encoder resolution compared to Mahadevan et al. (2018) (3.44 clicks).

This shows that using a fixed set of model parameters works well when the train

and test distributions match. We evaluate our proposed method by adapting the

parameters of that same model at test time using single image adaptation (IA),

image sequence adaptation (SA), and their combination (IA + SA).
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Evaluation metrics. We use two standard metrics (Benard and Gygli, 2017;

Benenson et al., 2019; Jang and Kim, 2019; Li et al., 2018b; Liew et al., 2017;

Mahadevan et al., 2018; Xu et al., 2016): (1) IoU@k, the average intersection-

over-union between the ground-truth and predicted segmentation masks, given k
corrections per image, and (2) clicks@q%, the average number of corrections

needed to reach an IoU of q% on every image (thresholded at 20 clicks). We always

report mean performance over 10 runs (standard deviation is negligible at ≈ 0.01

for clicks@q%).

Hyperparameter selection. We optimize the hyperparameters for both adap-

tation methods on a subset of the ADE20k dataset (Zhou et al., 2017b, 2018).

Hence, the hyperparameters are optimized for adapting from PASCAL VOC12

to ADE20k, which is distinct from the distribution shifts and domain changes we

evaluate on.
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Table 8.1: Adapting to distribution shifts. Mean number of clicks required to attain a particular mIoU score on
Berkeley, YouTube-VOS and COCO datasets (Lower is better). Both of our adaptive methods, single image adapta-
tion (IA) and image sequence adaptation (SA) improve over the model that keeps the weights frozen at test time.

Berkeley YouTube -VOS COCO
(McGuinness and O’Connor, 2010) (Xu et al., 2018a) (Lin et al., 2014)

seen unseen unseen 6k

Method clicks@90% clicks@85% clicks@85%

Frozen model (Mahadevan et al., 2018) 5.4 7.9 10.0 11.9 13.2

IA 4.9 7.0 9.1 10.7 10.6

SA 5.3 6.9 9.7 10.6 10.0

IA+SA 4.9 6.7 9.1 9.9 9.3

∆ over frozen model 8.5% 15.2% 9.0% 16.8% 29.5%

130



8.4 Experiments

8.4.1 Adapting to distribution shift

We test how well we can adapt the model which is trained on PASCAL VOC12 to

other consumer photos datasets.

Datasets. We test on: (1) Berkeley (McGuinness and O’Connor, 2010), 100

images with a single foreground object. (2) YouTube -VOS (Xu et al., 2018a), a

large video object segmentation dataset. We use the test set of the 2019 challenge,

where we take the first frame with ground truth (1169 objects, downscaled to

855× 480 maximal resolution). (3) COCO (Lin et al., 2014), a large segmentation

dataset with 80 object classes. 20 of those overlap with the ones in the PASCAL

VOC12 dataset and are thus seen during training. The other 60 are unseen. We

sample 10 objects per class from the validation set and separately report results for

seen (200 objects) and unseen classes (600 objects) as in (Majumder and Yao, 2019;

Xu et al., 2016). We also study how image sequence adaptation behaves on longer

sequences of 100 objects for each unseen class (named COCO unseen 6k).

Results. We report our results in Tab. 8.1 and Fig. 8.4. Both types of adaptation

improve performance on all tested datasets. On the first few user corrections

single image adaptation (IA) performs similarly to the frozen model as it is

initialized with the same parameters. But as more corrections are provided, it uses

these more effectively to adapt its appearance model to a specific image. Thus,

it performs particularly well in the high-click regime, which is most useful for

objects that are challenging to segment (e.g., due to low illumination, Fig. 8.3), or

when very accurate masks are desired.

During image sequence adaptation (SA), the model adapts to the test image

distribution and thus learns to produce good segmentation masks given just a few

clicks (Fig. 8.4a). As a result, SA outperforms using a frozen model on all datasets

with distribution shifts (Tab. 8.1). By adapting from images to the video frames of

YouTube -VOS, SA reduces the clicks needed to reach 85% IoU by 15%. Importantly,

we find that our method adapts fast, making a real difference after just a few images,

and then keeps on improving even as the test sequence becomes thousands of images

long (Fig. 8.4b). This translates to a large improvement given a fixed budget of 4

clicks per object: on the COCO unseen 6k split it achieves 69% IoU compared to

the 57% of the frozen model (Fig. 8.4a).

Generally, the curves for image sequence adaptation grow faster in the low click

regime than the single image adaptation ones, but then exhibit stronger diminishing

returns in the higher click regime (Fig. 8.4a). Hence, combining the two compounds

their advantages leading to a method that considerably improves over the frozen

model on the full range of number of corrections and sequence lengths (Fig. 8.4a).

Compared to the frozen model, our combined method significantly reduces the
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Initial model IA+SA (combined) Ground truth

Frozen SA + IA GT
k=1 k=1

k=10 k=4

k=5 k=4

Figure 8.3: Qualitative results of the frozen model and our model with combined
adaptation. Red circles are negative clicks and green ones are positive. The red
area shows the pixels that turned to background and the green the ones turned to
foreground with the latest clicks. Our method produces accurate masks with fewer
clicks k.

number of clicks needed to reach the target accuracy on all datasets: from a 9%

reduction on Berkeley and COCO seen, to a 30% reduction on COCO unseen 6k.

8.4.2 Adapting to a specific class

When a user segments objects of a single class at test-time, image sequence adap-

tation naturally specializes its appearance model to that class. We evaluate this

phenomenon on 4 COCO classes. We form 4 test image sequences, each focusing

on a single class, containing objects of varied appearance. The classes are selected

based on how they perform using image sequence adaptation compared to the frozen

model from Sec. 8.4.1. We selected the following classes, with increasing order of

132



8.4 Experiments

difficulty for image sequence adaptation: (1) donut (2540 objects) (2) bench (3500)

(3) umbrella (3979) and (4) bed (1450).

Results. Tab. 8.2, Fig. 8.4c present results. The class specialization brought by

our image sequence adaptation (SA) leads to good masks from very few clicks. For

example, on the donut class it reduces clicks@85% by 39% compared to the frozen

model and by 44% when combined with single image adaptation (Tab. 8.2). Given

just 2 clicks, SA reaches 66% IoU for that class, compared to 25% IoU for the frozen

model (Fig. 8.4c). The results for the other classes follow a similar pattern, showing

that image sequence adaptation learns an effective appearance model for a single

class.
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(a) Average IoU@k for varying k on the COCO unseen 6k split. Both forms of
adaptation lead to a significant improvement over the frozen model.
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(b) IoU@4 clicks as a function of the number of images processed. Image sequence
adaptation quickly improves over the model with frozen weights.

0 5 10 15 20
Number of clicks

0.0

0.2

0.4

0.6

0.8

1.0

M
e
a
n
 I
o
U

Frozen model

Image Adaptation (IA)

Sequence Adaptation (SA)

IA+SA

(c) IoU@k for varying k when specializing to donuts. SA offers large improvements
by learning an appearance model specifically for that class.

Figure 8.4: Results adapting to distribution shifts (a,b) and to a specific
class (c).
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(a) DRIONS-DB dataset.
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(b) Rooftop Aerial dataset.

Figure 8.5: Results for adapting to domain change. For each dataset, we
show the average IoU@k for varying number of user clicks k (left in 8.5a, 8.5b) and
the number of clicks to reach the target IoU as a function of the number of images
processed (right in 8.5a and 8.5b). Single image adaptation provides a consistent
improvement over the test sequences. Instead, image sequence adaptation adapts
its appearance model to the new domain gradually, improving with every image
processed (right in 8.5a and 8.5b).
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Table 8.2: Class specialization. We test segmenting objects of only one specific
class. Our adaptive methods outperforms the frozen model on all tested classes.
Naturally, gains are larger for image sequence adaptation, as it can adapt to the
class over time.

clicks @ 85% IoU
Donut Bench Umbrella Bed

Frozen model (Mahadevan et al., 2018) 11.6 15.1 13.1 6.8

IA (Ours) 9.2 14.1 11.9 5.5

SA (Ours) 7.1 14.0 11.1 5.5

IA+SA (Ours) 6.5 13.3 10.2 5.0
∆ over frozen model 44.0% 11.9% 22.1% 26.5%
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Table 8.3: Domain change results. We evaluate our model on 2 datasets that
belong to different domains: aerial (Rooftop) and medical (DRIONS-DB). Both
types of adaptation (IA and SA) outperform the frozen model on both datasets.

DRIONS-DB Rooftop
(Carmona et al., 2008) (Sun et al., 2014)

Method clicks@90% IoU clicks@80% IoU

Frozen model 13.3 8.9

(Mahadevan et al., 2018)

IA (Ours) 11.4 6.3

SA (Ours) 3.6 3.6

IA+SA (Ours) 3.1 3.6
∆ over frozen

model

76.7% 59.6%
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8 Continuous Adaptation for Interactive Object Segmentation

8.4.3 Adapting to domain changes

We test our method’s ability of adapting to domain changes by training on consumer

photos (PASCAL VOC12) and evaluating on aerial and medical imagery.

Datasets. We explore two test datasets: (1) Rooftop Aerial (Sun et al., 2014), a

dataset of 65 aerial images with segmented rooftops and (2) DRIONS-DB (Carmona

et al., 2008), a dataset of 110 retinal images with a segmentation of the optic disc of

the eye fundus. (we use the masks of the first expert). Importantly, the initial model

parameters θ∗ were optimized for the PASCAL VOC12 dataset, which consists of

consumer photos. Hence, we explore truly large domain changes here.

Results. Both our forms of adaptation significantly improve over the frozen model

(Tab. 8.3, Fig. 8.5). Single image adaptation can only adapt to a limited extent, as it

independently adapts to each object instance, always starting from the same initial

model parameters θ∗. Nonetheless, it offers a significant improvement, reducing

the number of clicks needed to reach the desired IoU by 14%-29%. Image sequence

adaptation (SA) shows extremely strong performance, as its adaptation effects

accumulate over the duration of the test sequence. It reduces the needed user

input by 60% for the Rooftop Aerial dataset and by over 70% for DRIONS-DB.

When combining the two types of adaptation, the reduction increases to 77% for

the DRIONS-DB dataset (Tab. 8.3). Importantly, our method adapts fast: on

DRIONS-DB clicks@90% drops quickly and converges to just 2 corrections, as the

length of the test sequence increases (Fig. 8.5a). In contrast, the frozen model

performs poorly on both datasets. On the Rooftop Aerial dataset, it needs even

more clicks than there are points in the ground truth polygons (8.9 vs. 5.1). This

shows that even a state-of-the-art model like (Mahadevan et al., 2018) fails to

generalize to truly different domains and highlights the importance of adaptation.

To summarize: We show that our method can bridge large domain changes

spanning varied datasets and sequence lengths. With just a single gradient descent

step per image, our image sequence adaptation successfully addresses a major

shortcoming of neural networks, for the case of interactive segmentation: Their poor

generalization to changing distributions (Alcorn et al., 2019; Recht et al., 2018).
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Table 8.4: The focus of our work is handling distribution shifts and domain changes between training and testing
(Tab. 8.1, 8.2 & 8.3). For completeness, we also compare our method against existing interactive segmentation models
on standard datasets, where the distribution mismatch between training and testing is small. At the time of initially
releasing our work (Kontogianni et al., 2019), our method outperformed all previous state-of-the-art models on all
datasets, including methods that developed specialized network architectures in order to predict at full resolution (Jang
and Kim, 2019; Li et al., 2018b) (see text). Later, F-BRS (Sofiiuk et al., 2020) (CVPR 2020) achieved even better
results.

VOC12 GrabCut Berkeley DAVIS
(Everingham et al., 2012) (Rother et al., 2004a) (McGuinness and O’Connor, 2010) (Perazzi et al., 2016)

validation 10% of frames

Method clicks@85% clicks@90% clicks@90% clicks@85%

iFCN w/ GraphCut (Xu

et al., 2016)

6.88 6.04 8.65 -

RIS (Liew et al., 2017) 5.12 5.00 6.03 -

TSLFN (Hu et al., 2019) 4.58 3.76 6.49 -

VOS-Wild (Benard and

Gygli, 2017)

5.6 3.8 - -

ITIS (Mahadevan et al.,
2018)

3.80 5.60 - -

CAG (Majumder and Yao,

2019)

3.62 3.58 5.60 -

Latent Diversity (Li et al.,
2018b)

- 4.79 - 5.95

BRS (Jang and Kim, 2019) - 3.60 5.08 5.58

F-BRS (Sofiiuk et al., 2020)

(Concurrent Work)

- 2.72 4.57 5.04

IA+SA combined (Ours) 3.18 3.07 4.94 5.16
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8.4.4 Comparison to Previous Methods

While the main focus of our work is tackling challenging adaptation scenarios, we

also compare our method against state-of-the-art interactive segmentation methods

on standard datasets. These datasets are typically similar to PASCAL VOC12,

hence have a small distribution mismatch between training and testing.

Datasets. (1) Berkeley, introduced in Sec. 8.4.1 (2) GrabCut (Rother et al.,
2004a), 49 images with segmentation masks. (3) DAVIS16 (Perazzi et al., 2016),

50 high-resolution videos out of which we sample 10% of the frames uniformly at

random as in (Jang and Kim, 2019; Li et al., 2018b) (We note that the standard

evaluation protocol of DAVIS16 favors adaptive methods, as the same objects appear

repeatedly in the test sequence.) and (4) PASCAL VOC12 validation, with 1449

images.

Results. Tab. 8.4 shows results. Our adaptation method achieves strong results: At

the time of initially releasing our work (Kontogianni et al., 2019), it outperformed all

previous state-of-the-art methods on all datasets (it was later overtaken by (Sofiiuk

et al., 2020)). It brings improvements even when the previous methods (which have

frozen model parameters) already offers strong performance and need less than 4

clicks on average (PASCAL VOC12, GrabCut). The improvement on PASCAL

VOC12 further shows that our method helps even when the training and testing

distributions match exactly (the frozen model needs 3.44 clicks).

Importantly, we find that our method outperforms (Jang and Kim, 2019; Li et al.,
2018b), even though we use a standard segmentation backbone (Chen et al., 2018c)

which predicts at 1
4 of the input resolution. Instead (Jang and Kim, 2019; Li et al.,

2018b) propose specialized network architectures in order to predict at full image

resolution, which is crucial for their good performance (Jang and Kim, 2019). We

note that our adaptation method is orthogonal to these architectural optimizations

and can be combined with them easily.

8.4.5 Ablation Study

We ablate the benefit of treating corrections as training examples (on COCO unseen

6k). For this, we selectively remove them from the loss (Eq. (8.4)). For single image

adaptation, this leads to a parameter update that makes the model more confident

in its current prediction, but this does not improve the segmentation masks. Instead,

training on corrections improves clicks@85% from 13.2 to 10.6. For image sequence

adaptation, switching off the corrections corresponds to treating the predicted mask

as ground-truth and updating the model with it. This approach implicitly contains

corrections in the mask and thus improves clicks@85% from 13.2 for the frozen
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model to 11.9. Explicitly using correction offers an additional gain of almost 2 clicks,

down to 10. This shows that treating user corrections as training examples is key to

our method: They are necessary for single image adaptation and highly beneficial

for image sequence adaptation.

8.4.6 Subsampling for image sequence adaptation

We subsample the corrections in the guidance maps to avoid trivial solutions. If

all corrections were used equally in the loss and guidance maps, the model could

eventually degrade to predict the corrections given the corrections themselves.

Specifically, it could degrade to only use the information in the guidance maps as its

prediction, without relying on image appearance. We avoid this by subsampling the

clicks given to the network as guidance but using all clicks to compute the adaptation

loss (Eq. (4)). This forces the network to rely on appearance for propagating the

corrections to the rest of the image, where the loss is sparsely evaluated at the pixel

locations which were corrected.

8.4.7 Robustness to image order

Since our image sequence adaptation (SA) and combined adaptation (IA+SA)

methods are processing images sequentially, we tested our method’s sensitivity to

the image order. We repeated all our experiments 10 times by randomizing the

image order and computed the variance of the results. We found the variance to

be minimal (≤ 0.01 standard deviation) verifying that our adaptation methods are

not sensitive to the order in which the images are processed. Hence, we only report

averages to improve readability.

8.4.8 Adaptation speed

While our method updates the parameters at test time, it remains fast enough for

interactive usage. For the model used throughout our paper a parameter update

step takes 0.16 s (Nvidia V100 GPU, mixed-precision training, Berkeley dataset).

Image sequence adaptation only needs a single update step, done after an object

is segmented (Sec. 8.3.2.2). Thus, the adaptation overhead is negligible here. For

single image adaptation we used 10 update steps, for a total time of 1.6 s. We

chose this number of steps based on hyperparameter search (see supp. material).

In practice, fewer update steps can be used to increase speed, as they quickly

show diminishing returns (Fig. 8.6). In practice, we recommend using 3 update

steps, reducing adaptation time to 0.5 s, with a negligible effect on the number of
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Figure 8.6: Iterations vs. relative improvement over a frozen model, averaged over
all 8 datasets.

corrections required (average difference of less than 1%, over all datasets).

To increase speed further, the following optimizations are possible: (1) Using a

faster backbone, e.g., with a ResNet-50 (He et al., 2015), the time for an update

step reduces to 0.06 s; (2) Using faster accelerators such as Google Cloud TPUs; (3)

Employing a fixed feature extractor and only updating a light-weight segmentation

head (Li et al., 2018b).

8.4.9 Adaptation parameters

Our adaptation methods use Adam optimizer Kingma and Ba (2015) with learning

rate of 10−6 and batch size 1. For single image adaptation we do 10 SGD steps

and regularize with λ = 1 and γ = 1. For image sequence adaptation we do a 1

SGD step and use λ = 0.5 and γ = 2. For the DRIONS-DB dataset we use a larger

learning rate of 10−5.

8.4.10 Model details

We use DeeplabV3+ Chen et al. (2018c) with Xception-65 Chollet (2017) as our

backbone architecture (pre-trained on ImageNet Deng et al. (2009) and PASCAL

VOC12 Everingham et al. (2012)). We extend this model with 2 extra channels

for the guidance maps and train it for interactive segmentation model using SGD

with momentum and an initial learning rate 0.0002 with polynomial decay. We use
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a batch size of 2, and atrous rates {12, 24, 36}. We use in input image resolution

of 513 × 513 and an output stride of 8 for the encoder and 4 for the decoder,

respectively. For generating corrections, we sample at most 5 foreground and 5

background corrections for stage one of training (see Sec. 3.3 in the main paper).

Corrections are encoded with disks of radius 3.

8.5 Comparison on the COCO dataset

We have showed that all our adaptation methods are exhibiting substantial im-

provement compared to the frozen model in many datasets including the COCO

dataset. The improvement is especially large on the unseen classes of COCO (16.8%

improvement, Table 1 in the main paper) and on adaptation to a particular unseen

class (44% improvement for the donut class, Table 2 in the main paper), two cases

where adaptation is particularly useful.

While we outperform all existing methods on PASCAL VOC12, GrabCut, Berkeley

and DAVIS16, some existing works report better clicks@q% than us on COCO.

e.g. Li et al. (2018b) reports 7.86 compared to 9.69 for our method. We however

note that these results are not directly comparable. 10 instances are sampled per

class to form a test set and the selected instances have not been made available

by previous works. But how the selection is done is crucial, as segmenting smaller

objects is more challenging. If we ignore objects smaller than 80 × 80 pixels as

in Benenson et al. (2019), for example, our IA+SA improves from 9.9 to 5.4 (4.5

clicks less). Optimizing the architecture to better handle small objects is however

not the focus of our work, as our adaptation methods work with any network

architecture and can hence be combined with architectural improvements easily.

8.6 Additional Qualitative Results

We show additional results for our two adaptation methods compared to the frozen

model in Fig. 8.7.

8.7 Conclusion

We propose to treat user corrections as sparse training examples and introduce a

novel method that capitalizes on that idea to update the model parameters on-

the-fly at test time. Our extensive evaluation on 8 datasets shows the benefits of

our method. When distribution shifts between training and testing are small, our

methods offers gains of 9%-30%. When specializing to a specific class, our gains are

143



8 Continuous Adaptation for Interactive Object Segmentation

Frozen model (53.8%) Image adaptation (91.3%) Sequence adaptation (88.3%) Ground truth

(a) Rooftop Aerial dataset Sun et al. (2014)
Frozen model (37.8%) Image adaptation (91.7%) Sequence adaptation (91.2%) Ground truth

(b) COCO dataset Lin et al. (2014)

(c) GrabCut Rother et al. (2004a)

Figure 8.7: Additional results. For each image we show results for our two
adaptation methods and the frozen model for the same number of user corrections
(IoU@5 is given in parenthesis). When the frozen model is applied to classes that
are unseen during training, it sometimes produces segmentation masks that span
multiple objects (8.7a & 8.7b) or do not respect object boundaries (8.7c). Single
image adaptation handles such cases much better, by adapting the model parameters
to that specific object and its background. This allows it to correctly segment objects
even when the foreground and background have similar appearance (8.7b). Image
sequence adaptation optimizes the model parameters for the test sequence. This
allows it to produce good masks from very few clicks, and additional clicks are only
necessary required close to the object to refine the exact boundary (8.7a & 8.7c).
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12%-44%. For large domain changes, where the imaging modality changes between

training and testing, it reduces the required number of user corrections by 60% and

77%.
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9
Conclusion

In this thesis, we have presented solutions for multiple computer vision problems:

object discovery in large-scale and time-varying image databases, semantic seg-

mentation on 3D point clouds, and interactive object segmentation. While these

tasks seem varied and diverse in scope, they all serve towards taking advantage of

the vast amounts of available data that come in many different formats to solve

computer vision problems while tackling the arising challenges. In this final chapter

of the thesis, we summarize the individual contributions and discuss potential future

research directions.

9.1 Discussion of Contributions

In Chapter 5, we focused on the problem of image clustering and object discovery

in an incremental setting where landmarks are discovered in large-scale image

collections that change over time. Most algorithms focus on static datasets and are

not easily applicable to real-world scenarios where image collections are extended

daily with new images.

Algorithms for object discovery need to scale to an ever-growing size of image

collections (e.g., social media platforms have access to billions of images) and

they need to quickly adapt to new incoming images without re-running the object

discovery algorithm from scratch. Even an efficient object discovery algorithm that

scales linearly with the number of images in the database can still be infeasible in

practice, if a re-run is required on a daily basis. In particular such a re-run can last

days or even weeks for just a mere 5% change∗ in the database.

Many object discovery algorithms rely on image clustering methods that can be

efficiently implemented using a minimum spanning tree. However, typical landmark
∗the percentage could still refer to millions of images

147



9 Conclusion

discovery algorithms that operate in a static setting have to re-run the entire

clustering process whenever the image database changes – even though only a small

part of the clusters may be affected by the newly added images.

We addressed these issues by proposing a novel spanning tree structure called

LH-MST, which approximates Minimum Spanning Trees. Our proposed tree struc-

ture can be created in a local neighborhood of the matching graph during image

retrieval and can be efficiently updated whenever the image database is extended.

So LH-MST can be constructed much faster and has the additional property of

allowing online updates of the tree structure. Our novel LH-MST can potentially

be used in many algorithms which involve a costly Minimum Spanning Tree (MST)

computation. We demonstrated its applicability for two distinct methods of land-

mark discovery in large datasets: Single-Link Agglomerative Clustering and Iconoid

Shift mode estimation. We experimentally verified that in various use cases, ranging

from realistic to extreme scenarios (where a large portion of the existing database

has been updated) the difference between our approximated MST and a regular

MST is minimal (0.03% difference in edit distance). More importantly, it reduces

the computation time from 5 days to 3 hours (on the 500k images of the Paris

dataset (Weyand et al., 2010)). Thus, our algorithm offers an efficient alternative

for parallel and distributed clustering applications.

In the second part of this thesis (Chapters 6 and 7), we have tackled the task

of semantic segmentation on 3D point clouds. We proposed various mechanisms

that define and utilize long range as well as local dependencies on unstructured 3D

point clouds. Specifically, in Chapter 6 we extended the PointNet architecture that

splits a 3D scene into individual blocks of restricted volume and operates on them

independently to take into consideration non-local dependencies. We introduced

novel recurrent and sequential consolidation units that operate on multi-scale and

grid neighborhoods. Our proposed mechanisms lead to enlarged receptive fields

and can capture long range dependencies. We showed increased performance on

the task of semantic segmentation on 3D point clouds over previous approaches in

multiple challenging indoor and outdoor datasets. In Chapter 7, we expanded on

the initial idea of point neighborhoods but now from the perspective of defining and

encoding local- instead of global-structure. We introduced two grouping techniques

which define point neighborhoods both in the Euclidean and the learned feature

space based on K-Means and k-NN respectively. Additionally, we reshaped the

feature space and thus the neighborhoods with dedicated loss functions. While

previous works cannot exploit the local structure and treat 3D points individually or

collectively together, we learn local features that are commonly shared among similar

local structures as in the well-established 2D convolutions. As our experiments

showed, our suggested improvements boosted the performance of deep learning
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models that operate directly on raw point clouds as we were able to outperform the

state-of-the-art (at the time) on several popular datasets.

Finally, in Part III we proposed a new interactive object segmentation method for

images. Standard approaches train on large datasets but keep the model parameters

unchanged during test time. This way they can achieve good performances as long

as the training and testing data distributions are similar or identical. However,

this is not the case for real-life applications where the distribution almost always

changes between training and testing while neural networks do not generalize well to

new distributions. In our approach, we used the user corrections as sparse training

examples and updated the model parameters on-the-fly during test time. This way

our proposed method could not only adapt to the particular distribution of a specific

image but also to new object classes introduced during test time. Our approach

can even handle large domain changes as proven in our extensive experiments on 8

different datasets, where we outperform the previous state-of-the-art baseline by up

to 77%.

9.2 Perspectives

9.2.1 Perspectives on Object Discovery.

Incremental object discovery. The physical world around us changes con-

tinuously and so does its digital representations. Most computer vision approaches

though continuously treat it as static. Supervised techniques mostly assume a fixed

number of object classes that are all available during training and testing. Unsuper-

vised methods like clustering are bound to rebuild the clusters from scratch every

time new images become available. However, this is not applicable to real-world

applications. Millions of images and videos are uploaded daily on social media.

Models for image retrieval and recognition have to scale with an ever-increasing

number of images and adapt to new incoming images showing previously unseen

objects. Only recently, a few works have been published on the topic of incremental

learning for image retrieval (Chen et al., 2020; Wu et al., 2019a), however they

focus on fine-grained image retrieval where object categories are added over time

and do not extend to landmark recognition like our work presented in Chapter 5. We

believe future approaches should focus on the image clustering and object discovery

problem in an incremental setting in order to provide solutions for real-world use

cases.

Furthermore, continuous learning is a general problem where the field of lifelong
learning tries to tackle the issue of learning across tasks and data. Lifelong learning
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mostly focuses on image classification where each classification task is learned one

after another. These tasks might include different datasets or labels learned in a

sequential manner. The general assumption is that the training data for all the

tasks are not available all the time. Still, learning under an open world setting

without constraints is a new topic that receives increasing attention in the computer

vision community and is a step towards more general practical pipelines.

The setups discussed in this thesis, as well as the setting of life-long learning, the

applications and developed algorithms focus on ever growing image collections or

extended tasks. However, specifically in the light of recent data protection laws and

privacy concerns, it might be useful to consider the opposite scenario as well: users

of such internet based services and social media platforms might want to delete

or restrict some of their contributions. In particular they might want to entirely

remove images from the database. This is a topic not yet explored, which consists in

developing efficient and robust algorithms that incorporate deletions of data, while

so far only the addition of new data was considered.

The long tail. Social media community photos contain millions of images de-

picting hundreds of thousands of classes. However, in general and for landmarks

in particular, these image collections are highly imbalanced. There are thousands,

if not millions of images depicting the Eifel Tower making it easily discoverable

by landmark recognition algorithms but there are only a few instances available on

lesser-known landmarks. An additional challenge is that these image collections

contain predominately photos of other object categories besides landmarks (for

example images of cats) that increase the scale of the problem and act as distractors.

New large-scale datasets (Weyand et al., 2020), catered to real-life applications

hopefully help to kickstart a new interest in these under-represented but very practi-

cal computer vision problems that have widespread implications for many computer

vision applications.

9.2.2 Perspectives on 3D Data.

Semi-supervised learning. Deep learning algorithms that focus on popular

tasks like image classification and semantic segmentation, require large amounts of

labelled data to be trained effectively in a supervised manner. Acquiring such data

is labor-intensive and time-consuming. Compared to 2D images, these difficulties are

even more pronounced when we need to obtain per point labels on 3D point clouds

or video sequences. In this case, the amount of data to be labelled grows significantly.

Efficient semi-supervised algorithms such as interactive object segmentation can

help to reduce the required human annotation effort. These algorithms can be
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combined with adaptation techniques from the fields of life-long learning as in

our work (presented in Part III of this thesis). Then it becomes possible to label

datasets from challenging domains like the medical imaging were training examples

are limited and require contributions from experts. Similar techniques can be useful

on 3D and video data where labelled examples for training are equally limited and

challenging to obtain.

Dynamic point clouds and actions. 3D data is becoming increasingly pop-

ular as input in many computer vision problems. 3D input is used for 3D scene

understanding and in particular with the popular tasks of 3D semantic (instance)

segmentation and 3D object detection. However, these tasks are performed on static

3D scenes. Yet, in most real-life scenarios 3D scenes are dynamic, ranging from rigid

object movements like furniture or driving cars to non-rigid movements by humans.

On one hand, this leads to new and varied number of low level tasks on 3D motion

analysis; for example registration of 3D point clouds (Wang and Solomon, 2019a,b)

and 3D scene flow (Liu et al., 2019; Niemeyer et al., 2019; Puy et al., 2020; Rempe

et al., 2020). On the other hand, these scenes enable interactions with objects in a

3D environment. While the first set of tasks started recently to get some attention,

the second set is still a largely under explored field. One of the reason for the lack

of such approaches is the limited availability of fitting datasets.
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