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RESUMO

A segmentacao da imagem consiste em atribuir um rotulo a cada pixel da imagem de
forma que os pixels pertencentes aos mesmos objetos da imagem tenham o0s mesmos
rotulos. A area segmentada de um objeto deve abranger todos os pixels ate os limites
(bordas) com os outros objetos. A regiao das bordas pode fornecer informacees uteis
para o processo de segmentacao, pois marca uma descontinuidade que pode de nir um
limite do segmento. No entanto, os metodos de segmentacao comumente sofrem para
explorar informacees da borda, consequentemente, tambem para segmentar esta regigo.
Isso ocorre principalmente devido a proximidade entre as regiees da imagem que contém
rotulos diferentes. Em vista disso, propomos investigar como levar em consideracao as in-
formacees de borda ao segmentar semanticamente um objeto da imagem. Nossa primeira
contribuicao e um segmentador de imagens baseado em grafo, chamado de interactive
dynamic programming (IDP)-expansion. Este e um metodo fracamente supervisionado
gue requer uma semente para que cada objeto seja segmentado na imagem, minimizando
posteriormente uma funcao de energia para obter os rotulos da imagem. O IDP-expansion
explora a programacao din&mica para inicializar um algoritmo de alpha-expansion sobre
superpixels para melhorar as informacees de bordas em um processo de segmentacao.
Sobre o conjunto de dados de segmentacao de Berkeley, nossos experimentos mostraram
que a IDP-expansion e 51,2% mais rapida do que a segmentacao tradicional baseada
em alpha-expansion. Embora a IDP-expansion tenha se mostrado mais rapida, ela sofre
de dois problemas: uma inicializacao por semente e obrigatoria e a falta de informacees
seméanticas. 1sso nos levou a desenvolver uma arquitetura de rede neural convolucional su-
pervisionada para explorar semanticamente as informacees de borda. Nosso novo metodo,
chamado DS-FNet, usa dois uxos integrados em uma rede convolucional ponta a ponta
para combinar segmentacao e informacees de borda com base em um mecanismo de
atencao. Para avaliar o DS-FNet, inicialmente conduzimos experimentos em conjuntos
de dados de imagem de uso geral (Pascal Context) e de trafego (Cityscapes, CamVid
e Mapillary Vistas), tendo a mean intersection over union (mloU) como metrica de re-
feréncia. O DS-FNet superou dez redes de segmentacao nos conjuntos de dados Pascal
Context, Cityscapes e CamVid. No conjunto de dados Mapillary Vistas, o DS-FNet
alcancou o segundo lugar quando comparado a cinco outros metodos. Uma segunda ro-
dada de experimentos foi realizada para avaliar a generalizacao de nosso metodo proposto
em conjuntos de dados de imagens medicas, contendo varias imagens de l&mina inteira
de biopsia renal (WSIs). Os conjuntos de dados usados para avaliar a segunda versao
de nossa rede foram HubMAP, WSI_Fiocruz e um subconjunto do conjunto de dados
Netuno, todos considerando a segmentacao de glomerulos. Depois de treinar DS-FNet
apenas sobre o conjunto de dados HUbMAP, contendo WSIs corados com acido periodico
de Schi (PAS) com apenas glomerulos nao lesados, descobrimos que nossa rede era ca-
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paz de segmentar glomerulos em WSIs corados por outros metodos (hematoxilina-eosina
(HE), acido periodico-metenamina prata (PAMS), tricromo (TRI) e prata (SIL)). Os
resultados desses ultimos experimentos mostram que nosso modelo e mais robusto do
que outros modelos baseados na arquitetura U-Net. Todos os experimentos e analises
apresentados neste trabalho demonstraram que a consideracao expl cita e adequada de
informacees de borda melhora os resultados em relacao aos metodos de segmentacao sem
borda.

Palavras-chave: segmentacao de imagens, segmentacao sema&ntica de imagens; redes
convolucionais; alpha expansion;



ABSTRACT

Image segmentation consists of assigning a label to each pixel in the image in such a way
that pixels belonging to the same objects in the image must have the same labels. The
segmented area of an object must span all pixels up to the limits (boundaries) with the
other objects. The boundary region can provide helpful information for the segmentation
process, as it marks a discontinuity that can de ne a segment limit. However, segmen-
tation methods commonly su er to explore boundary information and consequently to
segment this region. This is so mainly due to the proximity between image regions
containing di erent labels. In view of that, we propose to investigate how to take into ac-
count the boundary information when semantically segmenting an image object. Our rst
contribution is a graph-based image segmenter, called interactive dynamic programming
(IDP)-expansion. This is a weakly-supervised method that requires a seed into each ob-
ject targeted to be segmented in the image, subsequently minimizing an energy function
to obtain the image labels. IDP-expansion explores dynamic programming to initialize
an alpha expansion algorithm over superpixels to improve boundary information in a
segmentation process. Over the Berkeley segmentation data set, our experiments showed
that IDP-expansion is 51.2% faster than a traditional alpha-expansion based segmenta-
tion. Although IDP-expansion has shown to be faster, it su ers from two matters: A
mandatory seed initialization and the lack of semantic information. This further led us
to develop a supervised convolutional neural network architecture to semantically explore
boundary information. Our novel method, called DS-FNet, uses two streams integrated in
an end-to-end convolutional network to combine segmentation and boundary information
based on an attention-aware mechanism. To evaluate DS-FNet, we initially conducted
experiments on general-purpose (Pascal Context) and tra c¢ (Cityscapes, CamVid, and
Mapillary Vistas) image data sets, having the mean intersection over union (mloU) as
the reference metric. DS-FNet outperformed ten segmentation networks in the Pascal
Context, Cityscapes, and CamVid data sets. In the Mapillary Vistas data set, DS-
FNet achieved second place when compared to ve other methods. A second round of
experiments was performed to evaluate the generalization of our proposed method on
challenging medical imaging data sets, containing several kidney biopsy whole slide im-
ages (WSIs). The data sets used to evaluate the second version of our network were
HubMAP, WSI _Fiocruz, and a subset of Neptune data set, all considering glomerulus
segmentation. After training DS-FNet only over HUbMAP data set, containing periodic
acid-Schi  (PAS)-stained WSIs with only non-injured glomeruli, we found that our net-
work was capable to segment glomeruli on WSIs stained by other methods (hematoxylin-
eosin (HE), periodic acid-methenamine silver (PAMS), trichrome (TRI), and silver (SIL)).
The results of these latter experiments show that our model is more robust than other
models based on U-Net architecture. All the experiments and analyses presented in this
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work demonstrated that the explicit and adequate consideration of boundary information
improves the results over non-boundary segmentation methods.

Keywords: image segmentation; image semantic segmentation; convolutional network;
alpha expansion;
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Given an image, the semantic segmentation task consists in subdividing this image
into regions or objects associated with a semantic class. This task plays an essential role in
image analyzing and understanding. Many computer vision applications are based on se-
mantic segmentation. For example, autonomous driving (SISTU; LEANG; YOGAMANI,
2019; TSENG; JAN, 2018), robot navigation (ZHANG et al., 2018), industrial inspec-
tion (TAO et al., 2018), remote sensing (MAGGIORI et al., 2017; KEMKER; SALVAG-
GIO; KANAN, 2018), agriculture (SANTOS et al., 2020; MILIOTO; LOTTES; STACH-
NISS, 2018), fashion (ZHANG et al., 2020a), and medical imaging analysis (BAKAS et
al., 2017; JIANG et al., 2018).

Semantic segmentation of images with many details, such as holes, hollows, ne-
grained borders, is challenging in many aspects (GONZALEZ; WOOQODS et al., 2002).
Segmentation of this kind of images is expected to accomplish a set of sub-tasks including
location, classi cation, and also have to precisely determine the boundaries of the objects
in the image. The levels of detail required for the segmentation depends on each speci ¢
problem. For instance, Figure 1.1 illustrates a tra c scene used in autonomous driving
systems. In that case, it is preferable that the segmentation focuses on those semantic
classes directly related to the problem, e.g the road, vehicles, sidewalks, people, signs,

1
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(@) An example of a tra ¢ image (b) Ground-truth mask of the image segmenta-
tion.

Figure 1.1 Example of semantic segmentation considering labels in the context of autonomous
drive. Each color is associated with a semantic class. Adapted from Cityscapes data
set (CORDTS et al., 2016).

which usually su er from segmentation problems as they appear to be tiny in the image
while far away from the camera.

Another relevant aspect to the segmentation task is the degree of supervision required
by the methods. In this regard, we can broadly separate the several existing solutions
into weakly-supervised (KOMODAKIS; TZIRITAS; PARAGIOS, 2008; BOYKOQV; VEK-
SLER; ZABIH, 2001) and supervised (LONG; SHELHAMER; DARRELL, 2015; RON-
NEBERGER; FISCHER; BROX, 2015; POUDEL; LIWICKI; CIPOLLA, 2019; CHEN
et al., 2017a, 2017b, 2018; YU; KOLTUN; FUNKHOUSER, 2017) methods. Weakly-
supervised methods commonly use a set of low-quality labels or labels with a high degree
of abstraction. The labels are relatively easy to obtain, as per instance tags assigned to
the objects present in the scene, or some hints such as label annotations for small set of
pixels. Supervised methods on the other hand are based on dense annotations where all
the pixels have to be labeled with the correspondent semantic class.

We can also distinguish semantic segmentation methods according to the paradigm be-
hind the algorithms. Classical methods are based on intensity pixel values. Those meth-
ods explore this characteristic with the goal of obtaining object segmentation from discon-
tinuities and similarities present in the image. Threshold (AL-AMRI; KALYANKAR et
al., 2010), region growing (ADAMS; BISCHOF, 1994), and energy-based (KOMODAKIS;
TZIRITAS; PARAGIOS, 2008; BOYKOV; VEKSLER; ZABIH, 2001) are examples of
segmentation algorithms based on morphological information extracted directly from the
pixel intensities. More recently, with the advent of the deep learning, methods based on
convolutional neural networks (CNN) have become prominent for semantic segmentation.
CNN-based methods consist of a set of learnable parameters grouped in an adequate ar-
chitecture. After an iterative data-driven process of adjustment of the parameters, the
models are capable of assigning segments to an input image. In other words, semantic
segmentation turned to be a pixel-wise classi cation problem. Two main works in this
direction can be highlighted, as they are the basis for most of the posterior methods:
fully convolutional network (FCN) (LONG; SHELHAMER; DARRELL, 2015) and U-
Net (RONNEBERGER; FISCHER; BROX, 2015). The former is based on a CNN for
image classi cation where the nal dense layers are substituted by a pixel-wise classi -
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cation layer, followed by up-sampling and interpolation adjustments. The U-Net is an
encoder-decoder model where each decoder block is designed to reuse features from the
encoders so that to combine high- and low-level features.

An essential point for image segmentation is to locate the object boundaries, i.e. the
contours that delimit the objects in the image. Accurately nding these limits is partic-
ularly di cult, depending on both semantic information and local discontinuities present
in the image. The boundaries can provide important information about object character-
istics and contribute to improve the segmentation. Despite that, existing segmentation
methods rarely make use of boundary information explicitly. Although object contours
may be encoded by the feature extractors of the methods, most of the models are not
encouraged to directly rely on boundary information. Indeed, as the object contours are
minor content of the image, these models can be biased to neglect this information. In
this sense, classic methods based on energy (KOMODAKIS; TZIRITAS; PARAGIOS,
2008; BOYKOV; VEKSLER; ZABIH, 2001) combine information from discontinuities in
the pixel intensities with a probability estimation of a pixel to belong to a given class.
In both cases, the discontinuity information alone is not su cient to correctly delimit se-
mantic objects in the image. Additional iterations are thus demanded by the optimization
algorithms in order to get the minimum energy value.

Looking at deep learning-based works, some methods provide mechanisms that man-
age to yield satisfactory object contours. This is the case of FCN-based (CHEN et al.,
20173, 2017b; YU; KOLTUN; FUNKHOUSER, 2017; ZHAO et al., 2017) models where
skip connections linking low- and high-level features are used to re ne the segmentation
results. However, as the experiments in the present thesis evidence, explicitly incorpo-
rating object boundaries information in such models can lead to even better results.

Our work explores the use of boundary information for the semantic segmentation task
by weakly-supervised and supervised methods. In this sense, we rst devoted our research
to model the object boundaries using image partitioning. This has lead us to develop
iterative dynamic programming (IDP)-expansion, an alpha-expansion-based method for
iterative segmentation, which provides remarkable improvements in the algorithm’s con-
vergence time. The next step was to model the boundary information in a convolutional
network. Our dual stream fusion network (DS-FNet) architecture explicitly handle with
the boundary information by means of a dedicated branch that runs complementary to
the segmentation branch. We present here evidences that this methodology is capable of
enhancing state-of-the-art segmentation results at a manageable, well-worth increase in
the model parameters.

1.1 MOTIVATION

Segmenting an image is one of the main challenges in computer vision. Segmentation
methods exploit several characteristics that describe the object to be segmented. In
general, these characteristics do not explicitly include boundary information, despite the
object boundary is an important visual feature for identifying objects in the images.

In this work we explore the usage of boundary information for semantic segmentation
aiming at three main questions: (1) Do image boundaries, when explicitly considered,
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improve results in this task? (2) How do we design a semantic segmentation network
that combines semantic and boundary information?  (3) Can boundary information
leads to a more robust semantic network?

To answer, we investigate di erent segmentation approaches, including classic energy-
based methods, as well as learning-based models. From our ndings, we propose DS-FNet,
an end-to-end CNN-based architecture that encompasses object boundary information
complementary to the semantic segmentation. We conducted a series of experiments to
support our conclusions about the advantages of using the proposed approach.

1.2 GOALS

1.2.1 General goal

The main goal of this work is to study the impact of using boundary information by
semantic segmentation methods, as well as to propose a new model capable of exploiting
this information to improve the semantic segmentation.

1.2.2 Specific goals

The speci ¢ goals of this thesis are:

e Explore a graph-based model that considers boundary information for the weakly-
supervised segmentation task;

e Explore a CNN-based method for semantic segmentation that explicitly uses bound-
ary information.

1.3 CONTRIBUTIONS

Our contributions are related to weakly-supervised and supervised segmentation tasks.
Our IDP-expansion method, a weakly-supervised method, exploits image limits using su-
perpixels to improve the runtime of an alpha-expansion algorithm. The main contribution
of the IDP-expansion method is a new way to initialize an alpha-expansion using super-
pixels. The results, obtained with the IDP-expansion, are in the article (FONTINELE
et al., 2020):

1. FONTINELE, J.; MENDONCA, M.; RUIZ, M.; PAPA, J.; OLIVEIRA, L. Faster
-expansion via dynamic programming and image partitioning. In: 2020 Interna-
tional Joint Conference on Neural Networks (IJCNN), pp. 1{8, 2020.

In the supervised segmentation task, our DS-FNet method merged semantic infor-
mation from both the objects and the boundaries of these objects to improve the seg-
mentation result. The main contribution of DS-FNet is the use of attention mechanisms
to combine the features of semantic segmentation and semantic boundary detection. In
addition, we developed a new data augmentation strategy to reduce data imbalance,
so-called integral crop.
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Our ndings were submitted to Computer Vision and Image Understanding magazine
(currently in the second round of review):

1. FONTINELE, J.; LEFUNDES, G.; OLIVEIRA, L. \Attention-based fusion of
semantic boundary and non-boundary information to improve semantic segmenta-
tion.” arXiv preprint arXiv:2108.02840 (2021).

During the Phd, the following collaborations resulted in publications:

1. JADER, G.; FONTINELE, J.; RUIZ, M.; ABDALLA, K., PITHON, M.; OLIVEIRA,
L.; Deep instance segmentation of teeth in panoramic X-ray images. In: 31st SIB-
GRAPI Conference on Graphics, Patterns and Images (SIBGRAPI), pp. 400{407,
2018.

2. RUIZ, M.; FONTINELE, J.; PERRONE, R.; SANTOS, M.; OLIVEIRA, L. A
Tool for Building Multi-purpose and Multi-pose Synthetic Data Sets. In: ECCO-
MAS thematic conference on computational vision and medical image processing,
Lecture Notes in Computational Vision and Biomechanics, pp. 401{410, 2019.

3. ARAUJO, P.; FONTINELE, J.; OLIVEIRA, L. Multi-perspective object detec-
tion for remote criminal analysis using drones. In: IEEE Geoscience and Remote
Sensing Letters, pp. 1283{1286, 2019.

4. NEVES, G.; RUIZ, M.; FONTINELE, J.; OLIVEIRA, L. Rotated object detec-
tion with forward-looking sonar in underwater applications. In: Elsevier Expert
Systems with Applications, no. 140, pp. 112870, 2020.

5. ARAUJO, P.; MENDONCA, M.; FONTINELE, J.; OLIVEIRA, L. \Towards
autonomous investigation of crime scene by using drones.” Sensors & Transducers
234, no. 6; pp. 30{36, 2019.

1.4 CHAPTER MAP

The remainder of this thesis is divided as follows:

e Chapter 2 provides a brief introduction to the semantic segmentation task, ad-
dressing the basic segmentation types and main methods.

e Chapter 3 presents the DP-expansion method, our proposal in weakly-supervised
semantic segmentation. In this chapter, we explain the DP-expansion method,
evaluation experiments and the limitations of the method.

e Chapter 4 presents the DS-FNet network, our proposal for supervised semantic
segmentation. In this chapter, we detail the proposed architecture, the motivation
for the network design, and describes the methodology used to validate our DS-FNet
network. We assess the network performance, including experiments in four public
data sets for semantic segmentation.
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e Chapter 5 is dedicated to a case study where DS-FNet is evaluated in medical
imaging segmentation.

e Chapter 6 draws the conclusions and discussions related to the results of the
previous chapters. We also present proposals for future investigations based on our
ndings.
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In this chapter we present the theoretical background to support our research. We
start by introducing a formal de nition for semantic segmentation. Next, we discuss
semantic segmentation in the perspective of weakly-supervised and supervised learning
methods. The last parts present the essential components of a semantic segmenter, as
well as the metrics commonly used to evaluate the methods.

2.1 IMAGE SEMANTIC SEGMENTATION

Image semantic segmentation is the task of partitioning an image into non-intersecting
regions, where each region is associated to a label corresponding to a semantic class.
Formally, we de ne this task as follows.

De nition 2.1.1 (Image semantic segmentation). Let P be the set of all pixels of the
image | and L a set of labels, image semantic segmentation consists in assigning to each
pixel p2 P a label | 2 L, where L is nite.
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L

(a) Weakly-supervised (b) Supervised

Figure 2.1 Comparison between data set annotations for two types of semantic segmentation
methods: (a) weakly-supervised { only a few pixels (the colored lines) are labeled; (b) supervised
{ every pixel receives a label.

De ning the number and into which semantic classes an image must be divided is not a
deterministic task; it essentially depends on the perception. Despite di erent persons may
disagree with respect to the segmentation of the same image, it is common methodology
in automatic segmentation to rely on user-annotated data sets. However, there can be
annotations with di erent levels of detail. For example, annotations can be sparse, i.e.
only a subset of the pixels is labeled, or dense, where all the pixels are assigned to a label.
We can then use these di erences in the data set annotations to broadly distinguish two
main types of semantic segmentation, as follows.

« Weakly-supervised segmentation refers to the task of learning to segment poorly-
annotated images. Labels are given just as hints of which pixels belong to a certain
semantic class. In Figure 2.1(a), for example, the annotations consist in only a few
lines indicating the location of the objects (sky, trees, grass and elephant).

e Supervised segmentation requires the annotation of all image pixels. Complete
information about the shape of the objects is provided, as in Figure 2.1(b).

2.2 SEMANTIC SEGMENTERS
2.2.1 Classic methods

Classic image segmentation techniques explore pixel intensities to identify discontinuities
in the image. These discontinuities ultimately represent frontiers among distinct objects,
or even among their sub-parts. Following we discuss some of these techniques.

Threshold-based One of the simplest and most computationally e cient ways to divide
an image into segments is applying a threshold (OTSU, 1979). The principle is to set
a rule for de ning a global threshold, which the goal is to separate the image pixels
according to their intensities.
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21

Figure 2.2 FCN, developed in the scope of the work in (LONG; SHELHAMER; DARRELL,
2015), adapted from a VGG (SIMONYAN; ZISSERMAN, 2014) classi cation network (SI-
MONYAN; ZISSERMAN, 2014). The blocks C;, C,, C3, C4, Cs represent the convolutional
stages just as they are present in the VGG network. The blocks F1, F», F3 represent the fully
connected layers that have been replaced by convolutional layer with a kernel of 1z1. The block
named pixelwise prediction represents a upsampling layer used to return the convoluted image
to the size of the output matrix. (LONG; SHELHAMER; DARRELL, 2015). Image taken from
(LONG; SHELHAMER; DARRELL, 2015).

Region-based This approach tries to solve the problem of nding the boundaries be-
tween regions of the image. Regional-based methods, such as region-growing (ADAMS;
BISCHOF, 1994), explore the discontinuities between pixel intensities to nd these bound-
aries.

Energy-based These methods perform a minimization of an energy function. In this case,
the image segmentation is generally modeled as a graph-cut problem. Algorithms like
alpha and alpha-beta expansion can be used to seek a near-optimal solution (BOYKOV;
VEKSLER; ZABIH, 2001) (refer to Figure 3.1 and more discussion about this topic in
Chapter 3).

2.2.2 Deep-learning methods

As occurred in many research areas, computer vision has also bene ted by the potential
of deep learning techniques in solving complex tasks. In the case of image segmentation,
convolutional networks are the primary solution. These networks comprise a series of
convolutional Iters, which the parameters can be learned from the data. Following,
we discuss FCN and U-Net, the two main models that are the basis for most of the
convolutional networks used in semantic segmentation.

FCN This method is an adaptation of the VGG network (SIMONYAN; ZISSERMAN,
2014) for semantic segmentation. FCN was proposed by (LONG; SHELHAMER; DAR-
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32x upsampled
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Figure 2.3 Versions of the three network models: FCN-32s, FCN-16s and FCN-8s. Version
FCN-32 does not use skip-connection. FCN-16s and FCN-8s use skip-connection in blocks 3
and 4 of the VGG, respectively. Image taken from (LONG; SHELHAMER; DARRELL, 2015).

RELL, 2015) as the rst segmentation network capable of being trained in an end-to-end
fashion. This means that, for each training iteration, the model takes an image as in-
put and produces a segmentation result without passing through a pipeline of methods.
The network explores the spatial correspondence and the translational invariance present
in convolutional networks. In a classi cation network, such as VGG, convolution and
pooling operations maintain a certain degree of spatial correspondence between the input
image and the output features. To keep this correspondence in the FCN, the authors
replaced the full-connected layers by 2D convolutions with a 1 1 kernel. Figure 2.2
shows the basic architecture of the FCN. The 1 1 convolutional layers (F1, F», and F3)
in FCN correspond to the fully-connected layers of the original VGG network.

Another essential element present in the FCN are the skip-connections. This mecha-
nism allows for combining low- and high-level features at the deeper layers of the network
in order to improve the segmentation result. Figure 2.3 compares three FCN models:
FCN-32s, without skip-connections; FCN-16s, with one skip-connection; and FCN-8s,
with two skip-connections. FCN represented an important advance in the use of convolu-
tional networks for semantic segmentation. Many innovations introduced by this method
are present in several other convolutional networks, such as found in (ZHAO et al., 2017;
CHEN et al., 2017a, 2017b)

U-Net is one of the rst network for image segmentation based on an encoder-decoder
architecture. This structure is composed by a contraction step (encoder) and an expan-
sion step (decoder). The former can be based on a regular deep-learning classi cation
network, such as FCN. The expansion stage uses successive blocks to combine features
from di erent layers. Each block consists of an upsampling operation, followed by 3 3



2.3 ESSENTIAL COMPONENTS OF DEEP-LEARNING-BASED SEMANTIC SEGMENTERS 11

1 64 64
128 64 64 2
input
im;ge > > > output
. segmentation
tile gl g8
gl 3 5[ map
x| x|
N E gl 8
5| B8 =] 2
x| < x<§
vliels
] ) B 1
256 128
»
2 b
~LE ZE 8
¥ o256 o6 512 256 '
> > % ':H:U =» conv 3x3, RelLU
© =1 y
B 3" ia S copy and crop
512 512 1024 512
=l 3 Il-i-a § max pool 2x2
o L ¥ >
g 2y 024 4 3 B 4 up-conv 2x2
¢l [ e [ e
& & =» conv 1x1
(] o™

Figure 2.4 U-Net encoder-decoder architecture. The remarkable characteristic of this network
topology is the skip-connections between the steps of the encoder (left) and the decoder (right).
Image taken from (RONNEBERGER; FISCHER; BROX, 2015).

convolutions and activation functions. Figure 2.4 illustrates the original U-Net topology
using a VGG net as encoder (RONNEBERGER; FISCHER; BROX, 2015).

2.3 ESSENTIAL COMPONENTS OF DEEP-LEARNING-BASED SEMANTIC SEG-
MENTERS

Here, we detail the usual elements found in the two types of networks, such as: upsampling
layers, features pyramid module, and the most common loss functions typically used to
train networks for semantic segmentation.

Upsampling strategies are present in all segmentation networks, as it is necessary to
predict an output with the same size as the input image. These strategies are present
either at the end of the network, such as in the FCN-based architectures. In U-Net-based
architectures, the upsampling strategies are present in the internal layers, speci cally in
the decoder blocks. Upsampling strategies use several methods to recompose the size
of the input. Some of these strategies are the nearest neighbor, bi-linear interpolation,
and transpose convolution. The nearest neighbors strategy works by setting the value



12 FUNDAMENTALS OF SEMANTIC SEGMENTATION

11 2 2 10 12 17 20
1 2 i>1 1.2 2 10 20 15 17 22 25
3 4 33 4 4 30 40 25 27 32 35
maziz 3 3 4 4 U 303237 40
Output: 4 x 4 Output: 4 x 4
(a) Nearest neighbor (b) Bi-linear interpolation
0 O 01 0O 0 1
01 01 =010 + 23|+ 0] 2 0 3/= 04 6
23 23 * )
Input Kernel 4 6 6 9 411219

(c) Transpose convolution

Figure 2.5 Examples of upsampling strategies applied to semantic segmentation networks.

of an unknown pixel by using the value of the nearest pixel. Bi-linear interpolation
applies a linear interpolation in two directions as per taking a weighted average of the
nearest neighbors to produce the output. Transpose convolution uses a learned kernel
that behaves as by weighting the value of each element of the input; then, the output
is de ned by considering the region neighboring of the input value. Figure 2.5 shows
examples of these operationsona?2 2inputand 3 3 output.

Feature pyramid module dual stream fusion network (DS-FNet) uses feature pyramids
to explore broader receptive elds. Bare this in mind, we introduce here two modules
of feature pyramid applied in semantic segmentation networks. The rst network to use
pyramid features was Deeplab (CHEN et al., 2017a) and PSPNet (ZHAO et al., 2017).
Deeplab (CHEN et al., 2017a) introduced dilated convolutions for semantic segmentation.
A dilated convolution, also called atrous convolution, can display k spaces between the
cells of the convolutional kernel, as shown in Figure 2.7 (HOLSCHNEIDER et al., 1990).
Figure 2.7(b) shows an example of a convolutional kernel with dilation (blue squares) and
the result after the application of the convolutional Iter (green squares). Using dilated
convolutions allows the network to explore a broad context of features without increasing
the number of parameters. As for the representation of the global context, (CHEN et al.,
2017a) presented the atrous spatial pyramid pooling (ASPP) module which consists of
four parallel atrous convolutional layers with di erent dilation rates.

PSPNet (ZHAO et al., 2017) proposes a pyramid pooling module (PPM) based on
operations of global average pooling to aggregate contexts from di erent scales. (ZHAO et
al., 2017) considers that the use of global average pooling operations can improve targeting
results. Figure 2.6 shows the PSPNet architecture. (ZHAO et al., 2017) also changed the
ResNet network (HE et al., 2016), which was used as the basis for its architecture, replaced
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Figure 2.6 PSPNet network architecture proposed by (ZHAO et al., 2017). Image taken from
(ZHAO et al., 2017)
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(a) convolution (b) convolution dilated

Figure 2.7 Representation of a convolution and a convolution dilated . Image taken from
(DUMOULIN; VISIN, 2016).

the normal convolutional layer by dilated convolutional layer. Resource pyramids, such as
the ASPP and PPM modules, are needed to e ectively embed the global context for the
resources. The primary motivation is related to the problem of convolutional networks
having a smaller empirical receptive eld than the theoretical one. Hence these networks
included the modules ASPP and PPM in the segmentation networks.

Loss functions The main loss function used in semantic segmentation is binary cross
entropy (bce), given by:

L(Y:Y)gce = (Ylog(Y)+ (2 Y)log(l Y)); (LI

where Y represents the ground truth mask and Y is the predicted mask.
When the classes present in the training samples are unbalanced, we can also use the
weighted binary cross-entropy, given by
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L(Y:Y)ewce = ( Ylog(Y)+( )@ Y)log(l Y)); (LI

where is a constant to regulate the data set imabalance. To focus on hard-to-classify
examples, (LIN et al., 2017) create a focal loss, de ne as

C .
(1Y) log(Y); ify =1

(X )(Y) log(l Y); otherwise (LI

L(Y; Y )Focal =

Another type of loss used in semantic segmentation is based on evaluation metrics.
They are the dice-loss and loU-loss, respectively given by

2YY +1
YY
L(Y;Y)IOU =1 W: (I_.__I]II

In general, losses based on evaluation metrics are usually combined with other types of
loss functions. For example, a common combination is to use binary cross-entropy (bce)
with dice loss, getting a compound loss like

LOY;Y)oomse = Lece(V;Y) (1 Dlaice(Y;Y) (I
2.4 EVALUATION METRICS

The performance of a segmentation model is evaluated by di erent types of metrics. The
main ones are dice-score and mean-intersection over union (loU). These metrics use
information from a standard confusion matrix comprised of the number of: true positives
(TP), true negatives (TN), false positives (FP), and false negatives (FN), to calculate
the di erence between the segmentation provided by the ground truth and the prediction
masks.

loU considers the overlap between the predicted and the ground-truth masks divided
by the union of the two masks. The dice measure is twice the overlap between the
predicted and the ground-truth masks divided by the total of pixels in both masks.
Figure 2.8 depicts both geometric representations of the operations performed by these
two metrics. Considering the information from the confusion matrix, we can de ne both
metrics, dice score and loU, respectively as

2 Y \Yj _ 2TP

dice(Y;Y) = iYj+jYj 2TP +FP TEN

(LI

Y\Y TP _
YLY TP +FP+FN’

loU(Y;Y) = (LI
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Figure 2.8 Visual representation of dice and loU evaluation metrics.

2.5 CLOSURE

In this chapter, we presented some important concepts that ground our work. Next
chapter addresses our contribution to the weakly-supervised problem using a classical
approach based on the optimization of an energy function using alpha-expansion.
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In this chapter, we present our iterative dynamic programming (IDP)-expansion
method. This method is a modi cation of the alpha-expansion algorithm that works on
graphs. Here the semantic segmentation problem is discussed as a multi-label problem in
graphs. The remaining of this chapter addresses the related methods, our methodology
for evaluating the IDP-expansion, and the results obtained after applying the proposed
method in an interactive segmentation problem.
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3.1 MULTI-LABEL PIXELWISE PROBLEM MODELED IN GRAPHS

The goal of multi-labeling is to determine a label for each pixel in the image, which
is encoded in a graph node. Multi-label assignment in graphs is commonly applied
in computer vision tasks such as image restoration (GREIG; PORTEOUS; SEHEULT,
1989; NIEUWENHUIS; CREMERS, 2013; GORELICK; BOYKOV; VEKSLER, 2017)
and segmentation (BOYKOV; KOLMOGOROQV, 2004; KHATTAB et al., 2014; GORE-
LICK; BOYKOV; VEKSLER, 2017; BAXTER et al., 2017; ISACK et al., 2018; LIU et
al., 2019). Assigning multi-labels to images is usually an NP-hard problem (BOYKOQOV;
VEKSLER; ZABIH, 2001), where the runtime can increase regarding the number of image
pixels.

One of the main algorithms for multi-labeling problems is the so-called alpha-expansion
(BOYKOV; VEKSLER; ZABIH, 2001), which presents linear complexity with respect to
the number of pixels, and has shown to be very e cient in practical applications (NIEUWEN-
HUIS; CREMERS, 2013). The alpha-expansion algorithm works iteratively, performing
an expansion move for each label, i.e., expansion goes toward a local optimum by em-
ploying a maximum- ow strategy that takes O(n?) operations, where n is the number of
pixels.

For alpha-expansion-based algorithms, the closeness to the optimal solution is given
by the distance 2kE(f ), where  is the global minimum, k is a constant that depends
on pixel values, and E(f ) is the minimum energy of the graph (BOYKOV; VEKSLER,;
ZABIH, 2001). From this rule, alpha-expansion strongly depends on the initial con-
ditions, which allows for improving the algorithm by changing its initialization. For
instance, Lempitsky et al. (LEMPITSKY; ROTH, 2010) consider di erent ways to ini-
tialize the alpha-expansion. The goal is to generate sub-optimal solutions, which are later
combined through fusion moves in order to obtain a labeling procedure with lower en-
ergy. Felzenszwalb and Veksler (FELZENSZWALDB; VEKSLER, 2010) use an expansion
algorithm to optimize a speci c energy function. Depending on the strategy adopted for
initialization (if starting from a constant or a random labeling), the expansion algorithm
eventually falls into a local minima.

Other extensions of alpha-expansion algorithm have been proposed in (VEKSLER,
2012; KHATTAB et al., 2014; ISACK, 2016). Veksler (VEKSLER, 2012) applies dy-
namic programming as part of an alpha-expansion strategy, thus replacing the very used
maximum- ow algorithm. Dynamic programming is used to solve multi-label problems
through geometric constraints as an optimization algorithm. Khatab et al. (KHATTAB
et al., 2014) modify the GrabCut (ROTHER; KOLMOGOROQV; BLAKE, 2004) algorithm
in order to initialize segmentation without human intervention for multi-label problems.
Similarly to alpha-expansion, the method addresses multi-label segmentation as a set
of binary problems by iteratively minimizing an energy function. Isack et al. (ISACK,
2016) tackle a multi-label segmentation problem by using hedgehog shapes to constraint
an interactive segmentation. Final optimization is done by a modi ed alpha-expansion
algorithm based on the shape prior.

We propose an approximate algorithm by exploring dynamic programming and parti-
tioned images. The goal is to de ne the granularity of label assignment in each iteration of
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the algorithm. Di erently from (FELZENSZWALB,; VEKSLER, 2010) and (VEKSLER,
2012), our method initializes the alpha-expansion via dynamic programming, rather than
changing its standard algorithm. To make the runtime execution of dynamic program-
ming viable, we adopted an image partitioning strategy. By doing so, we introduce an
extension of the alpha-expansion algorithm that improves the runtime of iterative multi-
label segmentation, while a close approximate solution is provided. To achieve this goal,
we explored a new way to initialize an alpha-expansion via dynamic programming and lo-
cal clustering of pixels, thus achieving the reduction of the the runtime of alpha-expansion
moves.

3.2 BACKGROUND

Greig et al (GREIG; PORTEOUS; SEHEULT, 1989) demonstrated that a cut on a graph
could be used in binary image restoration, thus introducing the graph-cut for image
processing. This problem was modelled by using the maximum estimate a posteriori of
a markov random eld (MRF) to minimize an energy function, E(l), de ned as

X >
E)= InPr(I,j1°) + f(p;0); (LI
p2P p;a2N
where P is set of pixels, N is the set of neighboring pixels, and is a real-valued constant.
The function P r(l,j1°) represents the conditional probability given a pixel intensity value,
I, belongs to one of the classes in the binary image segmentation problem, 1° denotes
label intensity, and the function, f(:;:), is given by

1 ifl,6El,

f(p;q) = . ;
(P:9) 0 if 1, =14

(LI
and represents a relation of the neighborhood between the pixels p and g in the image
grid.

The pixels clustering problem can be modelled as a minimal cut problem, whereas
a minimum cut problem with two labels can be modelled, in turn, as a maximum ow
(FORD; FULKERSON, 1956). The solution to this problem can be obtained in poly-
nomial time by maximum ow algorithms, e.g., the algorithms proposed in (FORD;
FULKERSON, 1956), (BOYKOV; KOLMOGOROQV, 2004), and the push-relabel algo-
rithm (GOLDBERG; TARJAN, 1988).

3.2.1 Image multi-labeling

Image multi-labeling consists in de ning labels for each pixel in such a way that minimizes
an energy function. There are a set of P image pixels and a set of L labels, where each
pixel p 2 P is assigned to a label | 2 L. If jLj =k, for k = 2, we have a binary problem.
An energy function can be de ned as

X X
EF)= Dpf)+  Ve(Fify); (CI0

p2pP (rg)2N
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(a) Array of pix- (b) Graph for maximum- ow (c) Cut in graph
els.

Figure 3.1 Representation of a pixel array (a) in a graph, where the energy function is min-
imized to obtain each label (b). Each terminal t, represents a label after a cut in the graph,
where the image is segmented (c).

wheref, denotes the relation between a label and each image pix@&,(f,) is the data
function that depends on the di erence betweer, (pixel value p) and I, (label pixel
value). Vi4(f,;fg) is the attenuation function that depends on the relationship between
neighbors inN , and must satisfy the constraints:

Viq(0;0) + Vig(1;1)  Viq(0;1) + Viq(1;0): (3.4

From D(f,) and Viq(f:; f4), Potts Models (NIEUWENHUIS; CREMERS, 2013) are
used following (GREIG; PORTEOUS; SEHEULT, 1989). Boykovet al. (BOYKOV;
VEKSLER; ZABIH, 2001) show that it is possible to transform a multi-label problem
into a multiple-cut problem (NP-hard) (DAHLHAUS et al., 1994), so that approximate
algorithms are required to solve this task.

3.2.2 Graph representation

Let be G = (V;E) a graph, whereV de nes the set of vertices ancE the set of edges. The
vertices are divided into two groups: Typea that represents each pixep 2 P, and type+t
that represents each label 2 L . Each edge is comprised of two setstflinks and n-links.
t-links are the set of edges that de nes the connection of each typevertex for each
type-t vertex. n-links represent the relationship between the neighbors of vertices type-
n. The neighborhoodN , in case of 2D images, may have 4 or 8 neighbors. Regarding
the energy functionE, n-links depict the attenuation function, while t-links represent the
data function. Figure 3.1(a) shows an example of a 33 array of RGB pixels, considering
three segmentation classes, and Figure 3.1(b) depicts its graph representation. In Figure
3.1(b), the n-links are the strong lines between unmarked vertices (typ®:, and the t-
links are edges with edges leaving ity, t, and t; (type-t) and arriving in the type-n
vertices. Figure 3.1(c) depicts how the nodes are labeled as segments after optimization.
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Algorithm 1  alpha-expansion
1: Setm arbitrary labels for eachl 2 L

2: repeat

3 mp = E(m) . Calculate the energy for the current state
4 for all 2L do

5: Calculate a minimum -expansionh via Graph-cut

6: m = E(rh)

7 if m<mp then

8: mp= m

9: end if

10: end for
12 until m>mp

Algorithm 2 IDP-expansion
1: Get superpixelsS of the imagel
2: DP-TopDown(jSj, S, 0, 0) . See Alg. 3
3: Calculate an alpha-expansion move

3.3 INTERACTIVE SEGMENTATION WITH IDP-EXPANSION
3.3.1 alpha-expansion

The original alpha-expansion algorithm solves sub-problems with= 2, by successively
using a maximum- ow optimizer. The algorithm converges, when the energy of the
current iteration is higher than the one in the previous iteration. For each iteration, the
algorithm divides the set of pixels into alpha and non-alpha, labeling several vertices in
each iteration (Alg. 1). A remarkable characteristic of this algorithm is its sensitivity to
initialization (NIEUWENHUIS; CREMERS, 2013). Di erent ways of assigning arbitrary
labels before the iterations are prone to change the nal resulte., the obtained energy
and consequently the runtime. We exploit such a condition as a pathway to reduce the
overall runtime of an alpha-expansion-based segmentation. For that, we apply dynamic
programming as a way to initialize the alpha-expansion algorithm.

3.3.2 IDP-expansion

Our IDP-expansion method modi es the original alpha-expansion in order to make vi-
able the initialization via dynamic programming (see Alg. 2). From the experiments, we
observed that application of dynamic programming to label the pixels directly is imprac-
tical in terms of runtime. We solved this issue by labeling image partitions instead of
pixels, i.e., the vertices of the graph are assigned to groups of pixels instead of each pixel
individually.

Image partitioning In principle, there are no constraints about which strategy could
be adopted to provide image partitioning. This is because the nal result of the seg-
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Algorithm 3 DP-TopDown
1: function DP-TopDown (ns;S;v;level)

2 if Solution r9t for the sub-problemv;level then

3 return r . r is a sub-solution in the tablet
4: else

5: forall 12L do

6: u Label S[ns] as the labell

7 Calculate e= D(u) + DP-TopDown(jSj 1,S, level + 1)
8: if eis the minimum energythen

9: min = e

10: minl = |

11: end if

12: end for

13: Label S[ns] with the label minl

14: Save int: ns, level, and e

15: end if
16: end function

mentation via IDP-expansion is not a ected by the initial conditions, but only the time
spent by the algorithm to converge. Bare that in mind, we evaluated di erent strategies
of image partitioning in order to identify the one that provides the best gain regarding
computational e ciency. Tests included three main strategies for image partitioning:
Over-segmentation methods divide the image into segments that are quite variable in
both size and shape, depending on the image content. Usually, the generated segments
present boundaries with high correspondence to the contours of the objects in the image,
and the number of segments is highly variable. The following methods were evaluated:
EAMS (MEER; GEORGESCU, 2001), ISEC (MENDONCA; OLIVEIRA, 2018) and FH
(FELZENSZWALB; HUTTENLOCHER, 2004). On the other hand, superpixel meth-
ods provide strict control over the number of generated segments. The results generally
pursue a compromise between correspondence to the object contours and uniformity in
shape and size of the segments. The evaluated methods in this partitioning class were:
SLIC (ACHANTA et al., 2012) and LSC (LI; CHEN, 2015). Lastly, an image content-
agnostic, grid partition  strategy was included. The goal was to verify if the additional
computational e ort required by image content-aware partitioning methods, like over-
segmentation and superpixel, justify their usage, or if just using the simplest possible
partitioning method would be more bene cial.

Figure 3.3 shows an ablation study over the overall runtime spent by IDP-expansion,
when using the di erent methods for image partitioning (including tests for di erent
hyperparameters, when available). As can be seen, although at rst glance it could be
expected that using content-aware methods would be favorable, the results reveal that
the grid-like partitioning with 50 partitions (grid 50, in Fig. 3.3) is the best option.
Hence we followed with this solution in IDP-expansion. Figure 3.2 illustrates examples
of each one of the aforementioned image partitioning strategies.






