ABSTRACT

GE, QIAN. Robust Image Segmentation: Applications to Autonomous Car and Foraminifera Morpho-
logy Identification. (Under the direction of Dr. Edgar Lobaton.)

Image segmentation, as one of the most crucial low-level operations in computer vision, is
often used as a pre-processing step in various high-level tasks, such as semantic segmentation,
object detection and recognition. State-of-the-art segmentation algorithms are able to produce
accurate segmentation results for some specific dataset. However, due to variations between images,
it is less likely that a single algorithm with the same parameter setting is able to segment all the
images successfully. In this dissertation, we propose several image segmentation algorithms robust
to parameter selection, changes in image conditions and qualities using tools including persistent
homology and deep neural networks.

First, we propose a new approach to capture the consensus information from a set of segmen-
tation results. The probability of a segmentation curve being present is estimated based on our
probabilistic image segmentation model. The persistent segments are extracted by applying topo-
logical persistence to the probability map. A robust segmentation is obtained with the detection of
certain segmentation curves guaranteed. The experiments demonstrate our algorithm is able to
consistently capture the curves present within the segmentation set.

Then, a new approach to robust obstacle segmentation from stereo disparity maps of outdoor
scenes is proposed. An occupancy map is first computed from the disparity map for segmentation.
Traditionally, a simple threshold is applied to segment obstacles from the occupancy map. However,
this outcome is sensitive to the choice of parameter value. In our proposed method, instead of
simple thresholding, we perform a topological persistence analysis on the constructed occupancy
map, which leads to a more robust segmentation.

To further improve the robustness of the obstacle segmentation, we propose an approach to
compute multi-valued disparity maps from stereo image pairs, because the single-valued disparity
map often suffers heavily from reflections, lack of texture and repetitive patterns of objects. The
candidate disparity values for each pixel location are selected based on the matching cost function
of the semi-global block matching algorithm. Then an aggregate occupancy map is computed from
the multi-valued disparity map for obstacle segmentation. Experiments show that our approach
can recover the correct structure of obstacles on the scene when traditional estimation approaches
based on single-valued disparity maps fail.

Finally, we study edge-based image segmentation algorithms on a microscopic fossil dataset
collected by ourselves. First, a coarse-to-fine edge detection strategy is proposed to obtain clear
edges from low quality images with vague edges. In order to produce more accurate segmentation
results, then we propose a topology-aware edge detection approach based on a novel topology-
aware evaluation metric to train an edge detection model to focus more on preserving topological

structures such as closing gaps on edges.
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CHAPTER

1

INTRODUCTION

Image segmentation is one of the most important low-level operations in computer vision. The
function of image segmentation is to cluster the image pixels into a set of groups visually distinct and
uniform with respect to some properties, such as gray level, texture or color  [Fre02]. Itis quite useful
in many applications including medical imaging  [Der16], autonomous driving [Zhal6], security
surveillance [OS15; BR1], and object detection, recognition and tracking [Gup15; Wul2]. Some
example applications are shown in Fig. 1.1. The level of segmentation depends on the region of
interest of the applications. Medical imaging aims to extract anatomical structures from radiology
images such as CT or MR images. For autonomous driving, the regions of interest are traf c signs,
obstacles and pedestrians on the road. Segmentations for security surveillance focus on human
detection in a sequence of images. Object detection, recognition and tracking require individual
objects to be separated from background rst, so the features of those objects can be extracted
properly for further processing.

A variety of algorithms have been proposed for image segmentation tasks. Grouped by their
methodology, segmentation algorithms can be mainly divided into these classes: clustering seg-
mentation approaches partition image into K clusters by using clustering algorithms, including
K-means [Dhal5] and Mean Shift [CMO02; Tao07]; edge-based algorithms [Can86; Dol06; Kon03;
Mar04] rst predict edges on the image and then get segmentation regions based on the predicted
edges; region growing approaches [SCO05; Man; Fan05 initialize regions by a set of seeds, then each
region is grown from a seed based on the similarity between nearby pixels and the current region;
superpixel-based approaches [RM03; Yan07; DY10; Vez12; Zhal0a; Zhal0b; Wan08; Zhal3; LilRPuse
superpixels as initialization of segmentation to make use of superpixel cues and reduce computa-
tional complexity; graph-based algorithms  [WL93; SM0O; Rot04; AC12; Zhal0a; FL12; Vez12; Yaol2;



Figure 1.1 Applications of image segmentation. Images are from [Arbl11; Derl6; Zhal6; BR11; Gup1l5;
Wu12].

Zhal0b] represent an image as a weighted undirected graph for which the segmentation problem
is treated as a graph partitioning problem. With the success of deep neural networks (DNNSs) in
computer vision, numerous deep learning based methods have been proposed recently. Generally
DNN-based image segmentation approaches have an encoder-decoder architecture, with an en-
coder to learn features from the image, and a decoder to up sample the feature maps as well as make
predictions. Various approaches are proposed to improve the performance by better balancing the
global and local context information  [Garl7]. For example, DeepLab [Chel6] applies fully connected
conditional random elds as a post-processing step to model the relationship between output labels
in order to gain more global information. In ParseNet  [Liul5], global and local features are merged
by concatenating feature maps at multiple scales.

One desirable property of image segmentation is robustness to noise, parameter selection,
changes in image quality and resolution. Segmentation algorithms for medical images are required
to be robust to noise, since those kind of images obtained from medical imaging sensors are often
polluted by severe noise and blurred edges [BSO09. Interactive image segmentation algorithms are
expected to be robust to user inputs [Ngul2]. In aspect of autonomous driving, the robustness of
image segmentation is crucial for safety, as the quality of images varies over time due to the change
of lighting condition and the environment.



State-of-the-art segmentation algorithms are able to successfully capture different features
from images and produce accurate segmentation results for some speci ¢ dataset. However, it is
dif cult for a single algorithm with the same parameters to segment all the images successfully
due to variations between images. Many segmentation algorithms are sensitive to small variations
in images or changing of parameters due to the behaviors of these algorithms. Graph-cut based
approaches are sensitive to the input parameter of region numbers. Edge-based approaches are
always in uenced by blurring edges. DNN-based segmentation approaches are generally more
robust than traditional approaches because of the large training set and the powerful representation
learning capacity, but generalization of a deep learning model is still a big issue when the training set
is limited, which commonly happens in image segmentation tasks. In order to obtain the robustness,

a number of robust image segmentation algorithms have been proposed. In  [Derl6], by including
the distribution of the pixels rather than relying solely on the intensity values, an automated robust
image segmentation based on level set method is able to be robust to noise, initial conditions,
and intensity inhomogeneity. An interactive image segmentation proposed in [Ngul2] is robust
to different user inputs and different initializations by making use of both the boundary and the
regional information to nd a global optimal solution. In [Grall], a robust algorithm of low depth of
eld image segmentation is proposed, which does not need to set any parameters by hand as all as
necessary parameters are determined fully automatically or preset. The DNN-based approaches are
able to gain more robustness by including more training data under various conditions. However,
obtaining labeling data for image segmentation is always a high cost.

In this dissertation, we propose several novel algorithms for robust image segmentation, in-
cluding a robust image segmentation framework based on persistence homology, a robust obstacle
segmentation using a novel multi-valued disparity map, a topology-aware metric to measure topo-
logical difference between two edge maps and a topology-aware loss to train a topology preserving
edge detection network for edge-based image segmentation.

1.1 Contributions

In this section, we overview the contributions of this dissertation.

1. An innovative framework for robust image segmentation and its applications to consensus-
based image segmentation and obstacle detection of outdoor scenes. Fig. 1.2 illustrates the overview
of this framework:

» Propose a novel robust image segmentation framework to extract persistent regions from
region/ edge probability maps based on topological persistence, which is robust to changes in
image conditions and parameter selection.

* Propose a consensus-based image segmentation approach to extract consensus information
from an input image segmentation set by applying this framework. Experiments in Section
3.4 demonstrate that our algorithm is able to capture the curves consistently present within
the input segmentation set.



Figure 1.2 Framework of robust image segmentation based on topological persistence applied to natural
images and depth images.

< Propose an approach to robustly segment obstacle from stereo disparity maps. Experiments
in Section 4.4 demonstrate that the algorithm is able to segment each obstacle on the road
and is robust to parameter selection.

2. A novel algorithm to compute a multi-valued disparity map from stereo image pairs and its
application to obstacle detection of outdoor scenes. Fig. 1.3 shows the pipeline of the multi-valued
disparity map based obstacle detection:

* Propose an algorithm to compute the multi-valued disparity map from stereo image pairs by
selecting candidate disparity values based on a statistical analysis of the cost function of semi
global block matching [Hir08; Ope].

» Develop an obstacle detection pipeline based on the multi-valued disparity map. Experiments
in Section 5.3 demonstrate that the multi-valued disparity map is able to provide a more reli-
able occupancy map for obstacle detection than the traditional single-valued stereo disparity
map.

3. A set of novel localized topology conditions that identify structural difference between two
edge maps and a novel topology-aware loss used to train a topology-aware edge detection network.
Fig. 1.4 illustrates the overview of the topology-aware edge detection pipeline:

« Create a foraminifera dataset for study of visual species identi cation and structure segmen-
tation with over 1400 foraminifera sample images of 6 species and over 450 labeled images for
study of segmentation.

» Propose a coarse-to- ne edge detection strategy for limited computation resource. Experi-
ments in Section 6.3 demonstrate that this approach is able to obtain a clear edge map from a
low quality image with vague edges.



Figure 1.3 Pipeline of robust obstacle segmentation based on multi-valued disparity maps.

» Propose a novel topology-aware evaluation metric based on localized topology conditions to
measure the topological difference between two edge maps and indicate the regions causing
the difference, which is demonstrated by experiments in Section 7.2.6.

* Propose a topology-aware (LTA) loss to force an edge detection network to focus more on
preserving topological structures. Experiments in Section 7.2.7 and 7.2.8 demonstrate that
LTA loss is able to force the network to preserve topological structures such as closing gaps on
edges and suppressing noises.

Figure 1.4 Overview of the topology-aware edge detection.



1.2 Dissertation Outline

The remainder of this dissertation is organized as follows: Chapter 2 provides the background knowl-
edge of this dissertation, including topology data analysis, stereo vision for autonomous driving and
deep neural networks for dense prediction, followed by works related to this dissertation. Chapter 3
describes the consensus-based image segmentation algorithm by applying the robust image seg-
mentation framework. Chapter 4 gives a detailed description of the robust obstacle segmentation
algorithm for autonomous driving based on the robust image segmentation framework. Chapter 5
discusses the computation of multi-valued disparity map and the application on obstacle detection.
Chapter 6 introduces the coarse-to- ne edge detection strategy for low quality images with vague
edges. Chapter 7 describes the topology-aware evaluation metric and the topology-aware loss based
on this metric for training an edge detection network preserving topological structures. Finally,
chapter 8 concludes this dissertation and discusses the future directions.



CHAPTER

2

BACKGROUND

In this chapter, we provide a background of topology data analysis, stereo vision for autonomous
driving and deep neural networks, followed by the overview of related works.

2.1 Topological Data Analysis

Topological Data Analysis [Ede02] is a eld of study which employs tools from persistent homology
theory [EHO8]. This analysis is commonly used for the extraction of topological features from
functions or point cloud data. These features are captured in a compact visual representation
called the persistence diagram [EH10]. Persistent homology has been used for segmentation [LF07]
of natural images and clustering [Chall]. This section provides a brief overview of some of the
concepts of persistent homology in the context of image analysis. A comprehensive review of this
topic can be found in [EH10].

2.1.1 Simplicial Complexes

A point cloud can be described by homology which operates on  Simplicial Complexes . Let X =
X1,Xo,...,X, be asetof sample points of a space. A k-simplex is ak -dimensional convex combination
of its k + 1 vertices, which can be written as

= convfXxg,Xq,..., X G, (2.1)

where convfxy,...,X,gis the convex hull of n vertices. Simplex has special names for the rst few
dimensions: a 0-simplex is a vertex, a 1-simplex is an edge and a 2-simplex is a triangle. Fig. 2.1 (d)



shows an example of those simplices. A face of a k-simplex, which is a (k-1)-simplex, is the convex
hull of a non-empty subset of the vertices of the k-simplex. Thena  simplicial complex is de ned by
a nite collection of simplices if faces of each simplex are also included in the collection.

To build the complexes of a point cloud, one can place a ball on each vertex and then construct
simplices based on their pairwise distance relative to the radius of the ball.  Vietoris-Rips complex
[Hau95], which is computationally ef cient, can be used for the construction. The simplices of
Vietoris-Rips complex with parameter , denoted as V R , are formed as follows: for each subset
S2X ,forma =2-ball around each vertexin S, andinclude S as a simplex of dimension jSj if all the
ballsin S have pairwise intersections. That is, any subset S2 X isasimplexin VR if and only if
d(xj,x;) ,8x%,x;28S.

2.1.2 Persistent Homology

Figure 2.1 Persistent homology. (a) Two spaces M and M, (images of letter D and B) with sample point
cloud. (b) Sample point cloud X, and X, corresponding to letter D and B. (c) Corresponding persistence
diagram of connected components (red points) and holes (blue points). (d) Examples of simplex. (e) Filtra-
tion on point cloud X ;.

Persistent homology [EH10] is the main tool of the topological data analysis. The de nition of
homology is motivated by the observation that two shapes can be distinguished by their holes. For
example, as shown in Fig. 2.1, letter D has only one holes while letter B has two. Then letters D and
B can be distiguished by the number of holes. Homology of a topological space can be summarized
using the Betti numbers , which are the ranks of topological invariants called homology groups . The
n-th Betti number, |, is the number of n-dimensional holes on a topological surface. For example,

o is the number of connected components, 4 isthe number of holesand , is the number of voids



of the surface. One may ndascale to make the constructed simplicial complex of the same type
of the structure invariant. However, the proper value of is not xed for all the cases.

Persistent homology theory computes a sequence of simplicial complex of a space at multiple
scales , which is called lItration , to detect more persistent features over a wide range of scale
and then is more likely to explore the true features of the data. A Itration fS gcan be obtained by
increasing in arange of interest and it satis es the following property:

S, S whenever 1 o (2.2)

1 2

Persistent homology computes the values of  for which topological features appear ( br'f) and
disappear (dr‘f) during a ltration, referred to as the  birth and death values of the k -th feature in
dimension n (e.g., connected components if n = 0 and holes in the space if n = 1). We will focus on
connected components in order to characterize persistence regions in image segmentation. This
information is encoded into a multiset of points (br'j , dr']‘), called a persistence diagram [CS07. Each
point is referred to as a persistence interval with corresponding length equal to dr'f br'f. Fig. 2.1
(c) shows two persistence diagrams for n = 0 and 1. Algorithms for the ef cient computation of
persistent homology can be found in  [Ede02; ZC04.

An example of a sampled data X , ltration S, and persistence diagram is shown in Fig .2.1. Two
sample point clouds X ; and X, in (a) are sampled from two spaces, letter D and B, respectively. The
corresponding persistence diagrams for connected components and holes are shown in (c). The
Itration on pointcloud X ; is illustrated in (e). Space M4 can be described as having one connected
component and one hole, meaning g=1and ;= 1.0nthe otherhand, M, can be described as a
spacewith g=1and ;= 2.These features are correctly represented by the persistence diagramsin
(c). Although there are some other features shown in the diagrams, those features are distinguished
from the persistent features based on the persistence interval.

In our segmentation framework, the probability map is the probability of regions or edges. The
desired segments from the probability map should be the regions with high probability values or
the regions enclosed by edges with high probability values. One way to obtain those regions is to
apply a threshold to the probability map and all the connected components in the upper level set of
the probability map are regarded as the segmentation result. We can get reasonable segmentations
if we tune the threshold for each image. However, this threshold value cannot be the same for all
the images due to variations between images. Also, the single threshold may introduce some noise
which is a small perturbation in the probability map. Since persistence homology is used to extract
persistence features of the data, we borrow the concept of it to extract persistence regions which
describe the probability map as our segmentation result. The noise caused by small perturbation
in probability map is removed from the segmentation because those regions have low persistence
interval.

As mentioned before, persistent homology computes a sequence of simplicial complexes at
multiple scales, which is called a Itration. For our probability map, the Itration is computed by
generating a set of upper level sets of the probability map from high threshold to low threshold



value. The topological feature we focus on is the connected component in each upper level set. The
birth time is de ned as the threshold value at which the connected component rst appears during
Itration and the death time is de ned as the threshold value at which the connected component
merges with other connected component born before it during ltration. In the persistence diagram,
we apply a threshold to only choose the connected components with high persistence interval to
avoid small perturbations of the probability map. The size of each connected component is varying
during lItration. To construct our segmentation, the largest set of points which is associated with

its death time is selected as the segmentation result.

One fundamental property of persistence diagram is stability = [CS07. That is, small changes in

the point cloud imply only small changes in the diagram. Take 1-D function as example, let f and g
be two functions, D (f ) and D (g) be the corresponding persistence diagrams. The stability can be
represented as

dg(D(f).D@)) kf gk, (2.3)

where dg is the bottleneck distance and k kis the L; -norm. Fig. 2.2 illustrates the stability of
persistence diagram for two 1-D functions. More details about stability of persistence diagram can
be found in [CS07.

Figure 2.2 Stability of persistence diagram [CSO07. Left: two functions closed to each other. Right: the
persistence diagram of both functions and the bijection between them.

One example of extraction persistence connected components forimage segmentation is shown
in Fig. 2.3. The image in (a) is a function f :R?! [0,1]. Thisimage has one connected component
which is a circle. Given a threshold value 2 [0,1], we compute the upper levelset S =f 11  ,1].
Some of them are shown in (b). In (c), there is a single cluster in the diagram for which its death time
is much greater than its birth time (i.e., the point is furthest away from the diagonal). There is also
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Figure 2.3 Persistence Analysis of 2D probability image. (a) Original grayscale image, (b) images after
thresholding, and (c) persistence diagram. Each point in the diagram corresponds to clusters that are
born and die at speci c threshold values. Points near the diagonal are sensitive to small variations of the
original image.

one cluster near the diagonal which only exists for a short persistence interval. The thresholded
images illustrate that the small cluster is formed around = 0.25 and merges with a larger cluster
soon after. Then for this image, there is only one persistence region can be extracted which is the
circle shown in the middle of the image.

2.2 Stereo Vision

Stereo vision is the extraction of 3D information from stereo images, which is similar to the biological
process stereopsis. In stereo vision, features in two or more images taken at the same time from
separated stereo cameras are matched with the corresponding features in the other images, and the
differences are analyzed to yield depth information [BK13].

Our data for obstacle segmentation are captured by two cameras mounted on a car (left and right
cameras). In practice, stereo imaging involves the following steps when using two cameras: First, the
intrinsic and extrinsic parameters of stereo cameras are estimated through the camera calibration
process. By using those camera parameters, undistorted and recti ed images are obtained through
undistortion and recti cation process, respectively. The undistortion refers to removing radial
and tangential lens distortion from the image while recti cation adjusts the angles and distances
between cameras. Then by nding corresponding points in the left and right images, a disparity map
is computed by the differences in x-coordinates on the image planes of the same feature viewed in
the left and right cameras. Finally, the distance information can be transformed from disparity map
by triangulation. An example of the stereo imaging is shown in Fig. 2.4.

In this section, we start from the setup of the stereo vision for autonomous driving with two
cameras. Then give a brief introduction of camera calibration and image recti cation, followed by
disparity map computation.

11



Figure 2.4 Stereo vision with two cameras.

2.2.1 Data Collection

The stereo setup used in our lab is shown in Fig. 2.5. It contains two cameras and a trigger circuit
to synchronize the cameras. The cameras are xed on a board and can be mounted on a car like
Fig. 2.5 (b). The angle of cameras can be adjusted but remains unchanged during recording after
calibration. The captured data are stored in a computer which connects two cameras through USB
cables. To obtain some types of groundtruth, a laser scanner is also included for some setups such
as KITTI dataset [Geil2; Geil3; Fril3].
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Figure 2.5 Stereo setup in our lab. (a) Camera used for data capture. (b) The stereo setup mounted on a car.
(c) Stereo setup with two cameras and a trigger circuit.

2.2.2 Camera Calibration

The raw stereo pairs captured by stereo cameras are distorted and unrecti ed. The undistorted and
recti ed pairs which align properly between left and right images used for disparity computation
are obtained through undistortion and recti cation process, which require the camera parameters
estimated from the calibration process. The aim of camera calibration is to estimate the relative
location and orientation of the camera as well as camera intrinsic parameters. In this section, we
introduce intrinsic and extrinsic parameters of cameras followed by the camera calibration process.

2.2.2.1 Lens Distortions

In practice, it is impossible to nd a lens that introduces no distortions. There are two main lens
distortions [BK13]. One is radial distortions, which arises as a result of the shape of lens. Another
one is tangential distortions, which arises from assembly process of the camera as a whole.

Radial distortions are often noticeably observed in the location of pixels near the edge of the
imager, as for some lenses, rays farther from the center of the lens are bent more than those closer
in. The radial distortions can be modeled as

Xcorrected=X(l+klr2+k2r4+k3r6) (2.4)

YCorrectedzY(l+klr2+k2r4+k3r6) (2.5)
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where r is the distance from optical center of the imager, k;,i = 1,2,3, are the distortion parameters
needed to be estimated through calibration, x and y are the original location of the distorted point
inraw image and Xcorrected @Nd Yeorrecteg are the undistorted location of the point  [BK13].

Tangential distortion is resulting from the lens not being exactly parallel to the imaging plane. It
can be modeled as

Xcorrected=X+[2ply+p2(r2+2X2)] (2.6)
YCorrectedzy+[p1(r2+2y2)+2pzx] (2.7)

where p; and p, are distortion parameters [BK13].
Thus, there are ve parameters kj,k,,k3,p; and p, required for image undistortion, which are
referred to as nonlinear intrinsic parameters.

2.2.2.2 Linear Intrinsic Parameters

Without distortion, the transformation from 2D image space to 3D physical world space is a projec-
tive mapping. Let [u,v,1]" representa 2D pointinimage space and [X,Y,Z,1] represent a 3D point
in physical world. Then the mapping can be written as

01 0X1
%, Ve

ze@A=KRTIE ¢ (2.8)
1

where K isthe 3 3intrinsic matrix which contains linear intrinsic parameters, 3 3rotation matrix
R and 3 1translation vector T contain the extrinsic parameters.

The linear intrinsic parameters required for recti cation are: focal length F, scale factors s, and
sy (pixel to real world distance), and principal point (U, Vo). The intrinsic matrix K can be written as

0 1
X 0 Uo

K = @0 y Vok (2.9)
0 0 1

where ,=Fs and | =Fs,.

2.2.2.3 Extrinsic Parameters

The extrinsic parameters R and T denote the relative rotation and translation between the camera
coordinates and the world coordinates.
Let , and berotationanglesof x ,y andz axes ofworld coordinates. Then the rotation

14



matrix can be writtenas R=R,( )Ry( )R.( ), where

0 1 0 1 0
1 0 0 cos 0 sin cos sin 0
Ry ( )=%D cos sin %,Ry( )=% 0 1 0 g,RZ( )=% sin cos Og.
0 sin cos sin 0 cos 0 0 1

(2.10)

The translation vector T is the offset between the origin of the two coordinate systems and can
be computedby T =o0riginyorig Origincamera-

2.2.2.4 Stereo Calibration

The stereo calibration is the process of estimating the intrinsic and extrinsic parameters of both
cameras as well as the geometrical relationship between the two cameras in space, which is done
through basic geometrical equations. The equations used depend on the chosen calibrating objects,
such as chessboard or circle pattern.

The detailed description of estimation intrinsic and extrinsic parameters can be found in [BK13].
Generally speaking, rst, a set of snapshots of the calibrating object in different distances and angles
are taken by stereo cameras. Then nd the calibrating object in each snapshot to construct a new
equation. And the equation can be solved by a well-posed equation system formed by using at least
a predetermined number of snapshots.

Then the rotation and translation between two cameras are computed as

R=R (R)" (2.11)
T=T, RT, (2.12)

where R, R;, T, and T, are the rotation and translation parameters of the left and right cameras.

By using those parameters, we can project the image planes of the two cameras so that they
reside in the exact same plane, with image rows perfectly aligned into a frontal parallel con guration.
An example of a recti ed image pair is shown in Fig. 2.4 (b) and (c).

2.2.3 Disparity Map Computation

Given two images of stereo pair with rows aligned after recti cation, that is, the stereo correspon-
dences are on the same row of two images, the disparity is measuredas d = x; X,,where x; and X,
are x coordinates of the stereo correspondence in left and right images.

The crucial step for disparity map computation is nding the correspondence in properly aligned
stereo pairs. One of the ef cient algorithms is called Semi-Global Matching (SGM) [Hir08]. This
method is based on the idea of pixelwise matching of mutual information and approximating a
global, 2D smoothness constraint by combining many 1D constraints. More details can be found
in [Hir08]. Another commonly used algorithm is OpenCV [Ope] implementation of Semi-Global
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Matching (SGBM), which is modi ed from SGM by matching blocks instead of individual pixels. One
example of disparity map computed from SGBM is shown in Fig. 2.4 (d). In our work of multi-valued
disparity map, we select candidate disparity values based on a statistical analysis of the matching
cost function of SGBM to provide more robust disparity computation.

2.3 Deep Neural Networks

Deep Neural Networks (DNNSs) are a family of machine learning algorithms with powerful rep-
resentation learning capacity. The most signi cant difference between DNN and other machine
learning algorithms is that the DNN is able to learn how to extract abstract representations from
raw data through a large training set. Thus, it requires less human effort on feature engineering
than traditional machine learning algorithms, which makes it a powerful tool to model complicated
data such as images and natural language data. The dense prediction in computer vision is a task of
making pixel-wise predictions on input images. Some examples are image segmentation, depth
estimation and edge detection. In this section, we will brie y overview deep learning concepts
related to dense prediction tasks. A more comprehensive introduction of deep learning can be found
in [Goo16].

2.3.1 Neural Networks

The basic idea of neural networks is to approximate some function by solving an optimization
problem. A neural network can be generally written as

y=f&x;!), (2.13)

where X and y are the input and output respectively, and ! is a set of trainable parameters. Those
trainable parameters are often learned by gradient based optimization algorithms through back
propagation [Rum88] to minimize some loss function. A typical neural network consists of one
input layer, one output layer and one or more hidden layers in between, each of which followed by
nonlinear activation functions. DNNs are referred to neural networks with more than one hidden
layers. In most cases, deeper neural networks are able to approximate a function with a smaller
number of parameters than shallow ones because of their nonlinearities. Thus, DNNs are heavily
used in computer vision tasks, which are required to model complicated nonlinear relationships
between input and output. In this subsection, we overview some commonly used layers, including
fully connected layers, convolutional layers, pooling layers, transposed convolutional layers and
dilated convolutional layers.

2.3.1.1 Fully Connected Layers

In fully connected layers, each pair of input and output units is connected. Fig. 2.6 (a) illustrates the
structure of a fully connected layer. Let y; and x; be the i -th outputand j-th input unit respectively,
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Figure 2.6 Neural network layers. Blue color indicates the input and white color indicates the output. (a)
Fully connected layer. (b) Convolutional layer. (c) Transposed convolutional layer. (d) Max pooling. (e)
Global average pooling.

and wij be the weight of edge connecting y; and x;, then a fully connected layer with M output and
N input units can be written as

X :
yi=  xj! i, fori=1,...,M. (2.14)
j

Because of the fully connectedness between input and output, fully connected layers are often
prone to over tting the training data. Thus, fully connected layers do not directly take the raw image
data as input for most of the time. Instead, they are usually used as the last few layers of a neural
network to classify features extracted by previous layers, because those features have a much lower
dimension than the raw image data. Also, the fully connectedness disregards the local structure
from the input, which makes fully connected layers less desirable in dense prediction.

2.3.1.2 Convolutional Layers

Convolutional layers are often used to process grid-like data, such as images. Instead of connecting
all the pairs of input and output units, convolutional layers connect input and output sparsely. That
is, each location of output is only computed from a small portion (usually a small patch around that
location for 2D data) of the input. Fig. 2.6 (b) illustrates the structure of a convolutional layer. Let
y(i,j)and x (i, j) be the 2D input and output units at location (i, j) respectively,and ! (m,n)be the
weight apply to the patch withsize M N at (m,n), then the output y(i,j) of a convolutional layer
can be written as
(I
y(i,j)= x@i+m,j+n) (m,n), (2.15)
m n
where ! (m,n),form =1,...,M and n = 1,...,N is called the kernel function. Equation 2.15 is
similar to the convolution operation without kernel ipping, which is actually a correlation. This is
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why it is called the convolutional layer. The kernel function can be thought of as a feature extractor
in image processing, like the edge detector. Then a feature map containing the features extracted
from the entire input can be obtained by applying the same kernel on each location of the input.
That is, the kernel function is independent on the location (i, j). In practice, to learn a set of different
features from the input, usually more than one kernels are applied to obtained several feature maps,
then both input and output data are usually 3D data with an additional channel dimension (number
of features), so each kernel is extended to 3D as well. If the number of input channels and output
channels are C;,, and C,; respectively, and the kernel sizeis k k (k is usually an odd number to
center the kernel on a pixel of input), then the number of parametersis C;j, k k Cgy,t.Note
that the number of parameters does not depend on the spatial size of input and output. Thus it
is possible to use arbitrary size of input for a trained convolutional layer. Besides kernel size and
number of feature maps, there are two other hyper-parameters, stride and padding size, which
control the spatial size of the output feature maps. The stride is the number of pixels to slide the
kernel. When stride is 1, the kernel moves one pixel at a time, while strideis 2, the kernel slides 2
pixels at a time, which results feature maps with a smaller spatial size. Padding on border of input
data is used to compensate the boundary pixels discarded by convolution operation in order to
prevent the size of feature maps from being smaller and smaller as the number of convolutional
layers increasing. For example, to retain the spatial size of input when usinga k Kk kernel, the
padding size should be k 1. In practice, zero-padding is commonly used. However, for some image
generation tasks, mirror-padding is preferred.

Compared with fully connected layers, convolutional layers have a smaller number of parameters
because of the sparse connection between input and output. Also, its local connectivity retains the
local structure of the input, which is desired in dense prediction tasks.

2.3.1.3 Pooling Layers

The pooling layer is a special type of layer as it does not have trainable parameters. Each location of
the output is a summary statistic of presence of features within a neighborhood in the input. Note
that the pooling operation is applied on each feature map individually. Thus both the input and
output feature maps have the same number of channels. Similar to the convolutional layer, the
kernel size is referred to the size of the neighborhood and stride is the number of pixels to slide
the kernel. Two pooling layers are commonly used in practice, including max pooling and global
average pooling [Lin14]. Fig. 2.6 (d) and (e) illustrate the max pooling and the global average pooling.
The max pooling picks the most activated feature within the neighborhood. It is usually applied
after a convolutional layer with kernel size 2 and stride 2 to decrease the spatial size of the feature
maps in order to reduce the computational complexity and progressively increase the receptive eld

of features. Also, this operation provides the local translation invariance of feature maps. However,
as it only picks one feature out of a set of features, it discards detailed local context information
which is crucial for dense prediction. The global average pooling layer  [Lin14] outputs the average
of each input feature map. It is often applied after the last convolutional layer to produce a xed
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size of features for the following fully connected layers.

2.3.1.4 Transposed Convolutional Layers

In dense prediction or image generation tasks, the algorithms usually involves up sampling of
feature maps to a higher resolution. Several interpolation methods, such as nearest neighbor inter-
polation and bi-linear interpolation, can be used. Instead of up sampling through these manually
parameter picking methods, transposed convolution operation is designed for learning optimal up
sampling parameters to gain more powerful representations. Transposed convolutional layers are
also called deconvolutional layers or fractionally-strided convolution layers. However, the name
"deconvolutional” layer is not preferred because deconvolution is already de ned as the inverse
of convolution [DV16]. The transposed convolution operation can be thought of as the inverse
direction of the convolution operation. Note that it is not the inverse operation of the convolution,

it only recovers the shape of initial input of a convolutional layer instead of the values. While convo-
lution is a many-to-one operation as shown in Fig. 2.6 (b), transposed convolution is a one-to-many
operation as shown in Fig. 2.6 (¢). If the input and output feature maps of a convolutional layer are
unrolled into vectors, then the convolution operation on entire feature map can be represented as a
matrix multiplication with a non-square matrix ~ C constructed by the kernel, and the transposed
convolution operation from output to input can be again represented as a matrix multiplication
with a matrix CT if the same kernel is used. This is how the name transposed convolution comes
from. A more detailed explanation can be foundin  [DV16].

As the transposed convolution also involves weighted summation of input pixels, it can be
always implemented as its equivalent convolution operation. Thus, transposed convolutional layers
have the same set of hyper-parameters as convolutional layers, except the stride s, which controls
the number of zeros inserting between two neighboring input pixels. When s = 1, the transposed
convolution operation is the same as a convolution operationwith  s=1. When s> 1, itis equivalent
to a convolution operation with s < 1. This is how the name fractionally-strided convolution comes
from [DV16].

2.3.1.5 Dilated Convolutional Layers

As mentioned in Section 1, global context information is crucial for dense prediction to resolve the
local ambiguities. Increasing the receptive eld of features by progressively applying max pooling
layers after convolutional layers is one way to gather more global context. However, this produces
low resolution feature maps which discards detailed local context containing in input and requires
more transposed convolutional layers to up sample feature maps to the original resolution. The
dilated convolutional layer [Chel6], which is able to expand the receptive eld while retaining the
resolution of feature maps, is proposed to resolve this issue. Dilated convolutional layers are also
called atrous convolutional layers. A dilated convolutional layer is similar to a convolutional layer,
except that the kernel is expanded in width and height by inserting zeros between neighboring
elements and the number of zeros is controlled by a dilated rate | . Fig. 2.7 illustrates the kernels with
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Figure 2.7 Dilated 2D kernels with | =1,2,3.

different values of |.Let! (m,n)be akernel with original size K K, then the dilated convolutional
layer can be written as

XX
y(@,j)= @i+ m,j+1 n) (m,n). (2.16)
m n
The dilated convolutional layer is the same as the regular convolutional layer when | = 1. Asl

increasing, the number of parameters and the output resolution (with proper padding) are kept
the same, but the receptive eld gets larger. When properly stacked, the receptive eld can be
exponentially increased without loss of resolution  [YK15]. One issue of dilated convolutional layers
is when | gets larger, the number of valid weights (weights applied to features instead of padding
regions) gets smaller, which leads to parameter inef cient or even degenerates the layer to a regular
convolutional layer with smaller kernels [Chel7].

2.3.2 Fully Convolutional Networks

As discussed above, for image data, usually rst a few layers are convolutional layers to learn the
features from the data, these are then followed by one or more fully connected layers to make
predictions. This works well in single or sparse prediction tasks. However, for the case of dense
prediction, one can use a fully connected layer to directly make predictions for all the pixels but
lose the local structure retained through the convolutional layers, or use a small fully connected
layer to apply on a small patch of feature maps to make a prediction for each pixel one by one
which introduces a large amount of unnecessary repetitive computation. To overcome this, the fully
convolution network (FCN) [Lon14] replaces fully connected layers with convolutional layers with
kernels covering the entire input nodes. By doing this, this layer is able to accept an input of arbitrary
size. If the input has the same size as before, the output will remain the same. If the input has a
larger spatial size, the output will have a larger size as well and each output feature only depends on
the input covered by the original size of fully connected weights.
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Figure 2.8 Encoder-decoder architecture for dense prediction.

2.3.3 FCN based Dense Prediction

The FCN based dense prediction generally has an encoder-decoder architecture [Vei09] and some-
times has a middle part in between, as shown in Fig. 2.8. The encoder consists of several convolu-
tional layers followed by max pooling layers, and is used to extract features from the input image
and down sample the resolution of feature maps to limit the computatinal complexity. The decoder
consists of corresponding number of transposed convolutional layers to up sample the feature
maps to the original resolution. The lower resolution feature maps received by the decoder do not
contain detailed local context information due to max pooling. Skip connections [Lon14] between
the encoder and the decoder are used in some applications to directly provide original detailed local
information to decoder. To further balance the local and global information, the middle part can

also consist of several dilated convolutional layers with carefully designed architectures, including
sequentially stacking [YK15), Atrous Spatial Pyramid Pooling (ASPP) [Chel7] and denseASPP[Yan1§].
In our work of topology-aware edge detection, instead of designing a new network architecture, we
propose a new loss function to quantify the topological difference between the predicted edge map
and the edge label.

2.4 Related Works

In this section, we overview previous works related to our work, including consensus-based image
segmentation, outdoor scene image segmentation for obstacle detection, disparity map computa-
tion, edge detection and class imbalance in dense detection tasks.
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2.4.1 Consensus Image Segmentation

Consensus image segmentation makes use of the consensus information of a set of segmentations
to obtain a better performance. In  [NN13], the segmentation set is generated by many runs of a
randomized segmentation algorithm. The closed contours are then obtained by combining those
segmentation through consensus region merging. In  [Ozalg], a consensus segmentation algorithm
applied on remotely sensed images is introduced, using a stochastic optimization algorithm based
on the Filtered Stochastic BOEM (Best One Element Move) method. Also, it gives a way to estimate
the optimum number of the clusters in segmentation. An unsupervised approach of consensus
segmentation based on the graph cuts using the consensus inferred from hierarchical segmentation
ensembles for partitioning images into foreground and background regions is presented in [Kim14].
In [Frall], the segmentation set is used for computing a superpixel image, which is used to generate
consensus clustering. In [TS14], the authors propose a bi-clustering framework and perspective for
reaching consensus in grouping problems, which can be used in consensus image segmentation. In
[Mey13], a cluster ensemble is used to determine the number of clusters in a group of data, which
can be used to estimate the number of regions in the segmentation.

2.4.2 Outdoor Scene Image Segmentation

Outdoor scene image segmentation is a crucial step of scene understanding for autonomous driving
or other related tasks. Besides color information, depth information is often utilized as stereo
cameras and LIDARSs are usually mounted on cars.

In [Chel0b], Chen et al. segment the stereo disparity map by employing a depth slicing technique
and then, accurately mark the object boundaries using a region growing method to improve on-road
obstacle segmentation. Another region growing technique for vehicle detection is suggested by
Kormann et al. [Kor10]. In the rst step, vehicles, modeled as cuboids, are detected using mean
shift clustering of planar segments. Then, a UV-disparity map [Korl10] is computed to generate
hypotheses for vehicle appearance and disappearance.

Wang et al. present a method for robust obstacle detection and free space calculation based on
ef cient disparity map computation and G-disparity [Wan14b]. The obstacles are detected using
UV-disparity maps and splines are used for the road model. In  [LA12], Lefebvre et al. perform vehicle
detection by applying mean shift segmentation directly on the 3D point cloud estimated from the
dense disparity maps computed from a stereo pair.

Erbs et al., in [Erb11], compute dynamic stixels from stereo disparity map and use the Dynamic
Stixel World representation for ef cient and compact one-dimensional modeling of real world 3D
road scenes. Optimal segmentation is performed by means of dynamic programming. In [Erb13],
this group presents another method for traf ¢ scene understanding and driver assistance system
by incorporating a Bayesian segmentation approach. The stixel representation of images adds
robustness to their algorithms and thus, their method works pretty well even in adverse weather
conditions.
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A dense disparity map based on-road obstacle detection is presented as a constrained opti-
mization problemin [Mil07]. The depth image here, is segmented based on surface orientation. In
[GBO#g], two new obstacle detection algorithms based on disparity map segmentation for applica-
tions in intelligent vehicle systems are presented. The rst algorithm assumes that the obstacles are
located almost parallel to the image plane and directly segments them using a robust model tting
method applied to the quantised disparity space. The second method employs some morphological
operations, followed by a robust model tting technique to separate the ground regions.

Lee etal., in [Leelld]), perform vehicle detection using a road feature and disparity histogram.
Road features are extracted from v-disparity maps and localized obstacles are divided into multiple
obstacles using a disparity histogram and remerged using four criteria parameters - the obstacle size,
distance, angle between the divided obstacles, and the difference of disparity values. In  [Leellb],
they present another stereo-vision based obstacle detection approach using UV-disparity map and
bird's-eye view mapping.

Recently, map-based segmentation and navigation techniques for autonomous vehicles are also
gaining popularity. In  [Mar14], Martinez et al. propose a mapping algorithm based on probabilistic
and heuristic methods to classify and predict the areas around an autonomous robot. Another path
planning method for mobile robots is presented in  [Chel0a]. This paper employs an enhanced
dynamic Delaunay Triangulation approach and a GPS tail technique for robot navigation. In [Pos1]],
Posada et al. present a robust method of oor-obstacle segmentation for mobile robot navigation.
The method relies on fusing opinions of multiple heterogeneous classi ers generated from different
segmentation schemes like graph cut and region growing to improve the overall classi cation rate.

Some other papers on traf ¢ scene analysis and obstacle detection have incorporated tech-
nigues like watershed segmentation [Vei09], connected component analysis [Khal3], plane- tting
and edge based segmentations [Li04]. Literature has also addressed several surveys on intelligent
transportation systems [ST13; Had14).

2.4.2.1 Disparity Map Computation

A disparity map is used to estimate the distance of each pixel away from cameras in stereo images
. It usually has a lower accuracy estimation than the depth map captured by LIDARS, but is less
expensive.

In [Hir08], Hirschmuller presents a classical method for disparity map computation. A pixelwise,
mutual information based matching cost is used for matching between stereo pairs. This method
is able to perform a fast pathwise optimization from all directions. In [Hgil10], disparity map is
estimated by applying aniconic Kalman Iter and known ego-motion. Itis able to reduce the variance
of disparity of each pixel and increase the density of the disparity map. In ~ [HK13], to improve the
robustness of the correspondence matching, Hermann and Klette introduce an iterative semi-global
matching algorithm. The search space for disparity is iteratively reduced by using a pre-evaluated
disparity prior. In order to improve fusion of disparity information, Wang et al. in [Wan14a] propose
a post-aggregation method based on the Dempster-Shafer Theory (DST). Recently, Luo etal. in
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[Luo16] propose an ef cient deep-learning based stereo matching method, which is able to provide
high accurate disparity maps in less than a second of GPU computation.

2.4.3 Edge Detection

One of our works is edge-based segmentation, which makes use of edge clues to help with segmen-
tation. So we also overview edge detection algorithms here. Many studies have been carried in the
past 50 years in edge detection, contour prediction and edge-based segmentation. In early days,
widely used model-based edge detectors, such as the Canny detector [Can86] and the Sobel detector
[Kit83], only depend on the local gradient of color or texture in images. As they treat both object
boundaries and texture edges with no difference, data driven and learning-based methods are more
desirable in scenario of semantic region segmentation. Dollar et al. in [Dol06] train a Probabilistic
Boosting Tree using a large number of generic edge features at multiple scales, which is able to
detect speci c object boundaries. Sketch Tokensin [Lim13] groups edge patches into sub-classes
based on the edge shape and treat the edge detection as a multi-class classi cation task. In  [DZ15],
structured edge detection is proposed to predict labels of multiple pixels simultaneously.

Recently, with the recent success of deep neural network (DNN) in computer vision, numer-
ous DNN-based methods have been proposed [Berl5b; Liul7; XT17; Xul7; Zhul8], signi cantly
pushing the eld forward. In  [Shel§, inspired by the Sketch Tokens, edge patches are grouped into
sub-classes, and a CNN is trained by sharing positive loss among the edge sub-classes. Bertasius
et al. in [Berl5b] and [Berl15a] use object-level cues from pre-trained image classi cation CNNs to
improve the contour detection. Holistically-nested edge detection  [XT17], achieves the state-of-the-
art image-to-image edge detection performance via a novel holistically-nested architecture. Liu et
al.[Liul7] fully exploit and utilize the multiscale and multilevel features from pre-trained convolu-
tional networks to further improve the performance. However, most methods still rely on pixel-level
losses, failing to encode high-level geometry and topology information. Several studies have been
performed to explore this issue [BH16; RM17; Qul8; Mos18]. For example, StripNet [Qul8] segments
long and continuous strip patterns by rst considering the segmentation as a boundary-regression
problem, then applying the topological constraints on the predicted boundaries. Also, Mosinska
et al.[Mos18] propose a topology-aware loss to implicitly impose the topological constraints on
predicted edges by minimizing the distance of high-level features between the prediction and the
ground truth labeling.

2.4.4 Class Imbalance in Dense Predictions

Dense prediction tasks such as edge detection and object detection always face class imbalance
during training as only a small part of training samples are positive. Class-balanced cross-entropy
loss function proposed in  [XT17] and class-balanced sampling discussed in [Ban17] are commonly
used in edge detection tasks. For object detection tasks, hard example mining is used to select
the hardest negative samples for class-balanced training [Shrl6; Girl5]. Besides class-balanced
sampling approaches, focal loss proposed in [Lin17] reshaped the loss function by adding a factor
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to cross-entropy loss to make the training more focus on hard misclassi ed samples. Our localized
topology-aware loss is similar to class-balanced cross-entropy loss and focal loss in weighting the
loss for different pixels. However, the proposed topology-aware loss puts higher weights on pixels
causing topology difference to train the model focusing on preserving the topological structure of
edges.

25



CHAPTER

3

CONSENSUS-BASED IMAGE
SEGMENTATION VIA TOPOLOGICAL
PERSISTENCE

As mentioned in Section 1, state-of-the-art segmentation algorithms are able to successfully capture
different features from images. However, itis dif cult for a single algorithm with the same parameters
to segment all the images successfully due to variations between images. One feature that may be
observed is that when comparing the segmentation results from different algorithms with different
parameters, the desired boundaries are detected more consistently than other boundaries. One
example is shown in Fig. 3.1 (b). The four segmentations are generated by four different algorithms.
The boundary of the swan is detected in all the results with a small perturbation from each other and
the undesired edges are detected randomly such as the edges within the water area. Thus, extracting
consistent detections of a set of segmentations can give a better estimation of correct segmentation.
In this chapter, a new approach to capture the consensus segmentation information from a set of
segmentations generated by varying parameters of different segmentation algorithms is proposed.
Fig. 3.1 illustrates the proposed approach. First, an input image segmentation set is generated
by varying parameters of four algorithms. Then, the probability of a segmentation curve present
around a location x is estimated based on an image segmentation model and a probability map
is constructed. By thresholding the probability map, a set of upper level sets of the probability
map, which corresponds to the Itration for the topological persistence analysis, is generated. The
persistent segments are then extracted by applying topological persistence to the probability map.
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