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Abstract

Cartoons have a long and rich history in entertainment industry. While tra-
ditional methods to create 2D cartoons are prohibitively tedious, the use of
computers has greatly simplified and improved the efficiency in cartoon pro-
duction. Still, a majority of established software tools for cartooning use the
computer merely as a canvas. Recently, there is an increased research inter-
est in developing computer-assisted methods to simplify the tedious manual
work performed by artists, thereby allowing them to focus on creative endeav-
ours. Such works intelligently analyze artwork with computational models,
and have been applied to problems such as line drawing vectorization, in-
betweening, coloring, and animation. In this research, we mainly focus on
three areas that have not received much attention: drawing and digitizing
freeform artwork from paper medium, automatically generating shading on
2D line drawings, and semantically manipulating or animating existing car-
toon images. These areas are unified under the roof of efficient computational
cartoon techniques. We also present an application of the developed methods

for interactive 3D reconstruction of organic objects from natural images.

We first explore drawing and digitizing 2D line drawings from a paper medium.
We present a novel method that directly recognizes and vectorizes strokes
drawn on paper using everyday pens/pencils, in front of a commodity web-
cam. Compared to offline methods where the paper is scanned and then the
strokes are vectorized, our online method analyzes the entire drawing pro-
cess and captures both spatial and temporal information of the strokes similar
to a digital tablet. By this, we can reconstruct strokes as drawn by the user,
without ambiguities caused by stroke junctions, intersections, etc. Our method
may facilitate the development of various multimedia applications such as line
drawing vectorization, video scribing, and pen input interface. We discuss po-
tential future directions to scale up this work to enable usage in demanding
applications.

Second, we consider the problem of generating shading on detailed 2D line
drawings with wrinkles. Shading is a tedious process in comic/cartoon pro-
duction given the volume of contents that artists have to prepare regularly
over tight schedule. While we can automate shading with the presence of ge-
ometry, 2D artists are very unlikely to model the geometry for every single

drawing which is actually also a very tedious task. In this work, we aim to

xiii



automate shading generation by analyzing the shapes, interactions, and spa-
tial arrangement of wrinkle strokes in a clean line drawing. By this, artists can
focus more on the design rather than the tedious manual work, and experi-
ment with different shading under different light conditions. To achieve this,
we propose a novel technique that contains three key technical contributions.
First, we model five perceptual cues by exploring relevant psychological prin-
ciples to estimate the local depth profile around strokes automatically. Sec-
ond, we formulate stroke interpretation as a global optimization model that
balances different interpretations suggested by the perceptual cues and min-
imizes the discrepancy. Third, we develop a wrinkle-aware inflation method
to generate a height field surface that can support shading. We demonstrate
various styles of shading effects including 3D-like soft shading and 2D manga

style shading on a number of line drawings.

Third, we observe that a huge amount of 2D cartoon images are digitally avail-
able today. Hence, there is a significant artistic value if we can somehow re-use
this content and enable end-users to manipulate or animate these images to
create intriguing results with minimum effort. Regarding this, we undertake
the problem of modeling the hairs in a given cartoon image with consistent
layering and occlusion, so that we can produce various visual effects from just
a single image. We propose a novel 2.5D modeling approach to deal with this
problem. Given an input image, we segment the hairs of the cartoon character
into regions of hair strands. Then, we apply our novel layering metric to au-
tomatically estimate the depth ordering among the hair strands, employ our
hair completion method to fill the occluded regions, and create a 2.5D model
of the cartoon hair. By this, we can produce various visual effects, such as

windblown hair animations and local hair editing.

Finally, we present an application of the developed methods to the problem
of interactively reconstructing high-relief 3D geometry from a single photo.
We begin by constructing a 2.5D model by segmenting the image into regions,
followed by layering and completion that can handle three common cases of
occlusions. Next, users can interactively markup slope and curvature cues on
the image to guide our constrained optimization model to inflate and lift up
the image regions to 3D. Finally, we stitch and optimize the inflated layers to
produce a high-relief 3D model. Compared to previous work, we can gener-
ate high-relief geometry that can plausibly support large viewing angles, and

handle complex organic objects with varying shape profiles.

xiv



CHAPTER

Introduction

1.1 Background

Cartoons have a long and rich history in entertainment industry. Recently,
there has been an explosion of cartoons and comics in the form of feature-
length films, comic books, graphics novels, etc. Traditionally, creating 2D
cartoons is a very prohibitively tedious process, where artists have to draw,
ink, shade and color every single frame of an animated cartoon or comic book
page by hand. The use of computers has greatly improved the efficiency in
cartoon production; various software tools that mimic the traditional manual
pipeline have been developed, with numerous capabilities such as, resolution-
independent representation, stroke-based manipulation, intuitive coloring and
editing, digital compositing, in-betweening between character poses, and cre-

ating special effects, which require tedious effort in the traditional approach.

Even though there exist decades of research in cartoon production and ma-
nipulation, there is still tremendous scope for improvement. It is not difficult
to gauge that the cartooning industry would benefit better if computers could
better assist in simplifying tedious steps in the production process. This how-
ever is not a simple process since computers cannot understand higher level
semantics like humans. For example, it is very easy for humans to group a set
of pixels into semantic regions, or estimate the 3D shape of an object merely
from abstract 2D sketches. These are ill-posed problems for computers and
decades of research have been devoted to attempts in solving such problems.
On the other hand, computers have extensive computational power that can

help in solving complex problems if represented in the right way.

Most of the established digital tools in cartooning pipeline employ computers
merely as a drawing canvas to create and edit cartoon content. They have
not taken into consideration machine intelligence and the extensive compu-
tational power of modern computers to solve higher level semantic problems
that arise in cartooning. In order efficiently employ computers as tools in sim-

plifying cartoon production, they should be able to perceive and understand
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Figure 1.1: A general pipeline of the cartooning process for comics/manga and ani-
mations. The dotted orange boxes indicate the focus of works explored in this thesis.
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(a) (b) (0 (d)

Figure 1.2: Comic page pipeline [1] (a) Panel layout. (b) Crude sketch of contents.
(c) Trace a cleaned up outline copy (inking). (d) Enrich by adding shading effects such
as hatching and screening.

the semantics that humans can easily infer from images or drawings, to per-
form simplify or automatically perform the corresponding works. With this
objective, we primarily aim to explore computational methods and models
that can make use of semantic information available in cartoon content, to en-
able computers to analyze and automate certain tedious tasks in areas related
to cartooning. Regarding this, we propose three methods that can be used
to simplify certain stages in cartoon production as explained in detail in the
forthcoming paragraphs.

To design such computational tools, we first need to understand the cartoon
production pipeline and the artists” task in each stage. Figure 1.1 shows such
a typical pipeline that generally describes both comic and cartoon production
scenarios. The overall pipeline for comics and cartoons is quite similar, par-
ticularly in the initial stages. To create a comic book page, the artists follow a
sequence of steps as illustrated in Figure 1.2. This begins with sketching the
panel layout on paper. Next, artists lay out characters in the scene using crude
sketch lines to experiment with the look of each panel. After this, a traditional
artist will use the sketch as a guide to create a clean copy into a paper with
a pen. This process is usually referred to as inking and is commonly done by
laying a paper on top of the sketch on a light table. Digital artists on the other
hand, usually clean up the drawing, and scan the paper. When the drawing
is required in vector graphics format, artists use the scanned sketch as a base
layer and carefully trace a clean drawing on top of it using a stylus or mouse.

This step requires a duplication of effort but is necessary for vectorization the

3
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(a) (b) ()

Figure 1.3: Typical sketching and digitization workflow [2]. The line drawing is first
sketched on paper with a pencil (a), followed by inking with a pen to highlight the
outline (b). The pencil sketch is then erased to obtain a clean line drawing (c). This
is scanned into the computer (d) to obtain a raster image. Artists may directly work
with this or choose to vectorize by tracing over with a stylus or mouse if necessary.

line drawing. Furthermore, to enhance the appearance and better depict the
objects in the scene, comic/manga artists usually perform shading and op-
tionally coloring. Shading is primarily applied to achieve a 3D perception by
highlighting the shadows or unlit regions as shown in Figure 1.4. To achieve
this, artists traditionally lay screens on top of the clean line drawing and shape
them using pen-like utility knives. This can be mimicked digitally using layer
masks and is the most prevalent screening technique in recent times. However,
regardless of whether artists use simple gray color or pattern based screening,
the shading step remains a tedious process that has to be manually performed
for each drawing. These steps are repeated for each panel in each page to
create a complete comic book. For animation, the initial process of sketching
and digitizing drawings is similar. After the various frames are digitized and
inbetweened either manually or with software, artists then shade and color
the frames; hatching or pattern based shading is seldom used in animations.
Techniques such as onion skinning may be used to simplify coloring of mul-
tiple frames. Additionally, to keep the animation effort tractable, foreground
objects are drawn in separate transparent sheets of paper called cels; the digi-
tal equivalent of this is a layer with transparent background. The background
layer is often a panoramic static image and all the layers are composited and

rendered using a physical or virtual camera to general the final animation.

Sketching and digitizing of strokes is usually the very first step for creating
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any kind of cartoon content as discussed above. While traditional cartooning
is based on paper based physical media, the advantages of computers have
pushed more and more artists to shift to digital media. With the increasing
ubiquity of drawing tablets and digital pens/styluses, many if not all artists
have started to sketch on computers directly. These devices have many at-
tractive advantages such as the ability to capture not only the drawn strokes,
but also several important information such as pressure sensitivity, pen angle
tilt, sketching speed, timestamps for stroke samples, etc. However, drawing
on tablets is a significantly different experience for the user compared to in-
tuitive drawing on paper. For this reason, several artists prefer to first sketch
on paper and use a scanner to digitize the drawing as shown in Figure 1.3.
Since this produces a raster image, often a digital vector drawing is created
by manually tracing over the image with a stylus. Even though there are vec-
torization software that can extract strokes from the raster images, this is a
very challenging and ill posed problem does not always provide satisfactory
results. The efficiency of this step can be improved if the computer can help

to save this duplicate effort of manual tracing.

Once the clean sketches are digitized, an important artistic step in enhancing
the visual appearance of these sketches is shading. Shading can dramatically
change the atmosphere of a line drawing, and artists currently achieve this
by manually screening, hatching, or even black-inking a clean line drawing.
Figure 1.4 illustrates the visual impact that shading can have on 2D drawings.
However, this can be laborious due to the repetitive requirements of shading
in each comic book panel or each animation frame, and saving labor and re-
ducing costs is an important requirement in any industry. While such shading
process can be automated to a large extent with the presence of 3D geome-
try, artists are very unlikely to model the geometry for every single drawing.
Therefore, it would be desirable to infer certain geometry information directly
from the artists clean sketches, and help to automate the shading, and save the
artists from the tedious shading process, so that they can focus on the design.

Cartoon animations are typically created from scratch, by sketching and dig-
itizing each frame, cleaning them up, coloring and compositing. With the
huge amount of digital cartoon content available today, there is great value in
reusing this content to achieve visually pleasing animation with minimum ef-
fort. Unfortunately, this is a very challenging problem since the image is in 2D,
while one needs at least a 2.5D understanding of the image contents to animate

5
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() (d) (e)

Figure 1.4: Effect of shading. A clean line drawing (a) has been shaded in 2D manga
style using hatching patterns in (b) [3]. Note the detailed shading close to wrinkles
in the cloth. Shading can enrich flat colored drawing as in (c). Here, the artist has
manually created the grayscale shading image (d) and multiplied it with the flat color
image to obtain the final result (e) [4]. This shows that the presence of 3D geometry
can aid the shading process.
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the contents; i.e., recover the various semantic regions in the image, estimate
their relative depth orderings and complete the hidden/occluded portions of
each region so that holes do not appear when animating. However, humans
can easily perceive the relative depth of regions from a single image and fairly
estimate the shapes of objects behind occlusions. Hence, extracting such per-
ceptual information from the cartoon image will be useful for enabling the

creation of intriguing animations or manipulations with less effort.

1.2 Objectives & Contributions

Research Objectives. Our main focus in this thesis is in formulating meth-
ods that can utilize semantic information to simplify tedious steps in cartoon

production. In detail, the following are the research objectives for this thesis:

e To explore an online approach to vectorizing line drawings, that can
directly capture and vectorize strokes as and when users sketch on paper,

by analyzing the drawing process with a commodity camera.

e To automate shading generation on 2D line drawings by analyzing the
strokes in clean sketches considering their shapes, their spatial arrange-
ments and relationships to neighboring strokes and ensuring global con-
sistency of geometric features in the line drawing.

e To support animation and manipulation of cartoon content present in
a single image by extracting 2.5D information, and developing tools to

enable users to perform these actions with less effort.

Contributions. A detailed background study on research related to problems
and applications in cartooning along with analysis on related subproblems is
tirst presented. We then develop three main novel methods that can improve
the efficiency of cartoon production in certain stages of the pipeline as detailed
below.

As a first contribution, we present a novel pen interface that can vectorize
strokes drawn with everyday pens/pencils on a paper by analyzing the draw-
ing process with a camera. Vectorization methods that are used to digitize
the strokes drawn on paper are almost always offline methods. By offline, we
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mean that the vectorization is carried out on a completed line drawing which
is scanned into a raster image. Due to this, the problem of recovering strokes
becomes ill-posed and ambiguous especially due to rasterization artifacts and
junctions in the drawing, resulting in long strokes to be broken into multiple
short segments that affect editability. Online methods such as drawing on a
tablet capture the entire drawing process including temporal information of
strokes, and do not face these problems; however, such a method does not
exist for paper based drawings. This forces artists to manually trace the paper
drawings using a mouse/stylus and a digital tablet. In this work, we experi-
ment with an online method to vectorize clean line drawings drawn on paper.
The primary advantage of our method is that it allows users to draw on paper
with everyday pens/pencils and does not have an additional step of tracing
to digitize the strokes. Our method observes the entire drawing process us-
ing a fixed camera (commodity webcam in our experiments), and analyzes
the drawn strokes capturing both spatial and temporal information. This is
challenging particularly due to occlusions caused by the hand and pens while
drawing, and we propose methods to handle these problems. By this, we can
avoid various ambiguities, enhance the vectorization quality, and recover the
stroke drawing order as in the case of a digital tablet, but without the need for
expensive hardware. This type of online method could potentially be applied
in the very first step of cartooning where artists clean up their initial sketches.
It can also been used in other multimedia applications, such as pen input in-
terface or video scribing where the stroke drawing process can be rendered to

produce interesting visual effects.

Our second contribution lies in the automatic shading of line drawings by es-
timating depth suggested by 2D lines and partial 3D reconstruction. The main
challenge in shading 2D line drawings is the lack of 3D geometric information
of the underlying shapes; this problem is particularly highly challenging in the
presence of multiple wrinkle strokes in a drawing. We propose an automatic
shading generation method that works by first analyzing the strokes in the
drawing to recover their depth profiles, and guide an inflation method to lift
the 2D line drawing into 3D. We model five perceptual cues: Tjunctions, con-
vexity, proximity, continuity and regularity gestalts to estimate the local depth
profile around strokes. Since some perceptual cues could suggest conflicting
information, we then formulate stroke interpretation as a global optimization

model that simultaneously balances different interpretations suggested by the
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perceptual cues and minimizes the interpretation discrepancy. Different from
existing methods, our method is completely automatic, although users could
provide their input if necessary. Further, we develop a wrinkle-aware inflation
method to generate a 3D surface guided by the result of the previous step.
This works in two steps where we first propagate the sparse depth profiles
recovered across each stroke to the interior of the line drawing, followed by
reconstructing the surface that matches these depth profiles. Compared to ex-
isting inflation methods, our method particularly focuses on interior strokes
and therefore produces more detailed geometry that can generate perceptu-
ally valid and visually pleasing shading. Furthermore, our inflation method
can reconstruct two different types of shadings: soft shading that imbues a
3D-like feel, and manga/cel shading that retains the 2D feel of the drawing.
We explain these shading styles in detail and demonstrate our method on a
number of input line drawings. This method could be potentially applied
in the shading stage of cartoon production or in visually enhancing existing
cartoons.

Our third contribution is in the 2.5D modeling of hairs in a single cartoon
image with goal of animating or manipulating the hair strands. By infer-
ring the relative depth orderings among various hair strands, and completing
the occluded portions of the hair, we are able to generate wind blown hair
animations and support local hair editing, given just a single image as in-
put. Inspired by the ability of humans to easily perceive the depth ordering
among adjacent regions, we propose a novel layering metric that can analyze
Tunctions and overlapping area among adjacent regions to accurately esti-
mate the depth orderings. These two cues complement each other and when
combined are able to automatically infer the depth orderings for a wide vari-
ety of occlusion scenarios. After that, we apply our completion method to fill
the occluded portions of each hair; this is necessary since holes could show
up otherwise in the occluded hairs when animated. By this, we are able to
generate a complete 2.5D model of the cartoon hair that can be animated or
manipulated to generate various visual effects, e.g., we develop a simplified
fluid simulation model to produce wind blown hair animations on a still car-
toon character which is very common in cartoons. Our method is largely
automatic and retains the 2D look and feel of the original image when ani-
mated. It has a huge potential in realizing the artistic value of existing cartoon

content in static images by easily reusing them for creating visually intriguing
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results.

Our fourth contribution extends the planar 2.5D model from the previous
work into 3D using an interactive inflation approach. This results in a high-
relief 3D model, that can depict a large range of depth within each layer, from
just a single image of complex objects. We demonstrate results on a wide range
of natural images, and discuss several future applications for the cartooning

pipeline.
To summarize we make the following contributions in this thesis:

e We present a novel attempt in designing an online vectorization method
that interactively recognizes and vectorizes hand-drawn strokes on paper

in front of a commodity camera.

e We make the first attempt in modeling perceptual cues from Gestalt psy-
chology with the goal of recovering a globally consistent 3D shape from
a single 2D line drawing. We apply this to the problem of automatically

shading cartoon line drawings.

e We propose a 2.5D modeling framework to animate the hairs in a cartoon
image, where we develop a novel layering metric to estimate the depth
ordering among adjacent regions, and completion method to fill in the
occluded hair strands. Our method is largely automatic and enables
animating or manipulating the content of existing cartoon images with

minimum user input.

e We extend our previous work on 2.5D modeling to interactively support
non-planar 2.5D layers, that enable high-relief 3D reconstruction of a

wide range of organic objects from single input images.

1.3 Organization

The rest of the thesis is organized as follows. We first provide a detailed
review of various computational models and methods developed by the re-
search community to simplify cartoon/comic production in Chapter 2, while
particularly focusing on works related to our applications. In Chapter 3, we
present our novel camera-based vectorization method that can directly vector-

ize strokes drawn on paper in front of a commodity camera. In Chapter 4, we
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propose our Gestalt psychology based 2D line drawing analysis framework
that can automatically reconstruct a proxy 3D geometry to support shading.
In Chapter 5, we describe our 2.5D cartoon hair modeling framework that can
animate the hair of a cartoon character from just a single image as input. In
Chapter 6, we present an application where our developed techniques are inte-
grated to provide interactive high-relief reconstruction of organic objects from
a single image or photo. Finally, Chapter 7 concludes the thesis and points out
a few research directions for future work.

11






CHAPTER

Related Work

In this chapter, we first provide some broad background on the traditional car-
tooning pipeline. Next, we discuss how computer-assisted cartooning meth-
ods have helped to simplify various steps in the traditional pipeline, and sur-
vey some prominent previous works in this domain. After that, we focus more

closely on related works specific to the problems considered in this research.

2.1 Traditional Cartooning

Cartooning is the process of creating cartoon images or videos, which are
two-dimensional illustrations with non-realistic or semi-realistic visual ap-
pearance. The artists who create cartoons are called cartoonists, and may
work with various formats such as animation, comic strips and graphics nov-
els (see Figure 2.1). Regardless of the format in which artists choose to work,
the overall workflow is by and large the same. In this section, we survey the

traditional way of creating cartoons.

Traditional 2D cartooning mainly consists of the following stages [5, 6, 7].

Storyboarding. Traditional cartooning begins with a storyboard which is a
form of pre-visualization and looks like a comic strip containing the script
for cartoon in the form of crude sketches or images. For cartoon animations,
the storyboard maybe complex and include animatics, which are simplified
pictures/videos synced with the completed soundtrack. This allows animators
to iterate and refine the script before delving into the expensive and time
consuming final animation. For comics, storyboards are seldom used. They
are usually relatively simple, containing rough sketches of characters, page

layout, and speech-balloon placement.

Drawing. Drawings are primarly carried out in papers using black/colored
pencils. For cartoon animation, only keyframes which are enough to con-
vey the major actions are drawn by the lead animator. Once approved, these
sketchy pencil drawings are cleaned up into clean line drawings, which would

be used to generate the inbetween frames. For comics, the characters, scene and

13
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Figure 2.1: Cartoons in various formats. Top left: “Bugs Bunny : The Wabbit who
came to Supper (1942)”, an animated cartoon (in public domain); Bottom left: “PhD
Comics”, a comic strip (©© Jorge Cham); Right: “Superman: War of the Worlds”, a
graphic novel ((© DC Comics).

speech balloons are all sketched on paper, and cleaned up directly during ink-
ing.

Inbetweening. Inbetweening is an important step exclusive to cartoon anima-
tions. Recall that only keyframes are drawn initially; the goal of inbetweening
is to fill in the frames in between the keyframes. This is one of the most tedious
stages in traditional cartooning and is performed manually. This step needs
careful attention to ensure seamless and smooth motion in the final animation,

and is often carried out by less-experienced artists/animators.

Ink-and-Paint. Inking is the process of refining the outlines of the pencil
drawings with black ink (usually India ink), while Painting is the act of adding
color to drawings on paper or cels. These two processes are collectively known
as ink-and-paint. For cartoon animation, the cleaned up line drawings are first
inked and transferred to cels, which are transparent sheets of plastic, followed
by painting with acrylics on the backside of the cels (so that the ink lines are
visible). There are usually different cels for characters and backgrounds which
can be composited to create the scene. For comics, inking is often just carried
out on top of the pencil drawings which are later erased, or using a light table
where a new sheet of paper is placed on top of the pencil drawing and traced
over. This is followed by coloring with watercolor, acrylics, or various other

14
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forms of paints.

Shading. To represent various 3D-like characteristics such as depth, shape
and lighting of objects in a 2D drawing, artists use shading. For comics, artists
use a wide variety of texture patterns such as hatching, cross-hatching and
screentones (manga style) to achieve this, while considering the 3D shape of
objects and rough location of the light source. Patterns are seldom used in
animations, and artists utilize gray/dark shades of colors, to indicate shading
regions. This is a difficult step that has to be repeated for each frame while

maintaining consistency to prevent visual artifacts across frames.

Lettering. Lettering is exclusive to comics, and is the process of creating
speech-balloons and the text within them. Traditionally, lettering is done by
hand using two drawing instruments called the T-square and the Ames letter-
ing guide. A T-square is an instrument used primarily as a guide for drawing
horizontal lines on a draft table, while an Ames lettering guide is a plastic
instrument that allows a letterer to draw rows of guide lines within which let-
ters are written. Using these, letters are physically written on paper using nib
pens or brushes with India ink using fonts that best match the mood of the
comic. Careful attention is given to the placement of the bubbles to prevent

occlusions of important foreground element.

Camera work & Animation. Animations are filmed using a rostrum camera,
which consists of a movable lower platform on which the article to be filmed
is placed, and an upper platform which contains a camera and can be moved
to create effects such as camera pan. Once the entire drawing sequence has
been transferred to cels, they are composited on top of each other, with the
background cel at the bottom of the stack. The cels are pinned to the camera’s
lower platform to hold them in place and a piece of glass is lowered on top
of them keep them flat. The camera then photographs the frame, and this

process is repeated manually for each frame in the sequence.

2.2 Computer-assisted Cartooning

Computers are a versatile tool for creating art, and have revolutionized 2D
hand-drawn cartooning. The use of computers as a standard art tool is com-
mon these days due to the extraordinary flexibility offered by digital tools,
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over traditional methods in various stages of the pipeline such as inking, col-

oring, image representation, storage, inbetweening and animation.

Computed-assisted cartooning methods first began in the early 1970s when
Burtnyk and Wein developed systems for automating time consuming tasks
in keyframing and animation [8, 9, 10]. In the late 1980s [11], several new
digital features started replacing traditional cel-based methods such as simple
region-based filling methods for coloring, use of scanners to transfer pencil
drawings and background images into the computer, digital compositing to
overlay digital layers instead of cels etc. Since then, research on computer-
assisted methods for cartooning has been very popular. Even though most
of the underlying mechanisms have benefited from the advent of digital tech-
nology, the overall workflow is pretty similar to the traditional pipeline. We
now survey each step in the computational pipeline along with the related re-
search works. Here, we would like to particularly give a detailed overview of
sketching and digitizing, and shading line drawings along with related sub-
problems which are the main focus of our applications in Chapters 3 & 4.
Additionally, we also discuss the problem of generating 2.5D models from 2D
cartoon content which is one of the problems considered in Chapters 4 & 5
with interesting applications.

2.21 Sketching & Digitizing Line Drawings

In this section, we focus on the sketching and digitization of line drawings
so that they can be processed on a computer. The primary aspect to consider
in sketching a drawing is the file format or representation used to describe
the drawing. Hence, we first briefly highlight the two most commonly used
representations while discussing the advantages of each. Next, we consider
ways to digitize a line drawing, particularly as vector graphics that can be
easily manipulated.

Line Drawing Representations

There are two major kinds of representations upon which almost all two-
dimensional graphics is built—raster and vector graphics, which are illus-

trated in Figure 2.2.
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Figure 2.2: Raster and vector graphics. Left: raster graphics are composed of a grid
of pixels with no encoded geometric relationship, hence they are scale dependent and
not easily manipulatable; Right: vector graphics are composed of geometric primitives
such as Bézier curves (control points shown in red), allowing them to be intuitively
manipulated and rendered at any resolution without loss of detail.

Raster graphics are the most common form of image representation, where an
image is approximated using a rectangular grid of pixels, each representing
a different color. Raster graphics are capable of representing extremely rich
detail, and are the most commonly used format for storing natural digital
images, e.g., captured by cameras and scanners. However, while they are
convenient for global image manipulations, localized editing of lines or shapes
based on geometric and semantic constraints is tedious, since raster images

contain no pixel-to-pixel geometric correspondence.

Vector graphics on the other hand, represent content using a combination of
mathematical primitives such as points, lines and curves, which can support
intuitive editing based on their underlying geometry, but are rather limited
in representation detail particularly when it comes to colors and textures.
This paves way for interesting properties such as minimal file size, resolution-
independence, and easy and intuitive editing. Given two different kinds of
representations, there arises a need to convert from one to another. Convert-
ing vector graphics into raster graphics is simply a matter of sampling the
vector image based on the desired resolution, whereas the inverse problem
of converting raster graphics to vector graphics is much more difficult, and
is commonly known as vectorization. Vectorization is particularly important
and relevant to digital cartooning to convert the scanned pencil drawings into
an editable digital representation. Recent advances in raster-to-vector conver-
sion [12, 13], and richer representation capabilities [14] are slowly making vec-
tor graphics as the primary choice for artists. We discuss about line drawing
vectorization in detail in the forthcoming paragraphs.
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Line Drawing Vectorization

Once the paper based drawings are scanned, they are converted into raster im-
ages where there is no geometric information of the lines as discussed above.
Hence, they cannot be further edited intuitively, for example, one cannot mod-
ify the individual strokes in a raster image and working with pixels is not fea-
sible. Vectorization of line drawings is therefore an important preprocessing
step in cartooning. For example, manga (Japanese comics) artists tradition-
ally create their cartoon drawings on paper with pencils, and then scan and

vectorize their drawings for further digital processing and editing.

Early methods for line drawing vectorization can only deal with rather simple
drawings such as technical layout plans and maps, where they approximate
the drawings with straight line segments [15] or employ morphological oper-
ations such as thinning [16] and skeletonization [17, 18] to extract the pixel-
wide contours. Hilaire and Tombre [19] also attempted to fit line segments and
arcs in a least-squares sense to images of technical drawings. As such, these
methods are generally incapable of handling freehand drawings, because such
drawings are usually composed of large number of strokes with higher-order

primitives such as curves.

Several research works have been proposed to handle the vectorization of
higher-order primitives. Among them, Chang et al. [20] studied piecewise fit-
ting of Bezier curves for vectorizing cartoon images. Bao et al. [13] proposed
to trace near-constant-width lines in line drawings by estimating a dense ori-
entation field that guides the tracing direction. Noris et al. [12] reconstructed
robust centerlines in topologically-complex line drawings in the presence of
certain junction ambiguities. Very recently, Favreau et al. [21] proposed an al-
gorithm that explicitly optimizes between fidelity and simplicity of the curves
used for vectorization, thereby yielding minimal number of curves for easy
editability. Some works that estimate temporal information and tracing direc-
tions of strokes [22, 23] and extract curves to trace contours with connectivity

and orientation [24, 25] may also be used in vectorizing line-drawings.

While recent methods mentioned above and commercial software like Adobe
lustrator [26] and WinTopo [27] could produce reasonable vectorized lines
given in line drawing images, they often cause fragmentation and/or stroke

distortion problems especially near line junctions due to various stroke recog-

18



CHAPTER 2. RELATED WORK

nition issues. Moreover, none of them could faithfully reconstruct strokes with
spatio-temporal coherence following how the artist creates a drawing, because
they are offline methods and simply do not have access to the stroke-continuity

information.

Pen Interface

Another relevant research area for line drawing vectorization is the develop-
ment of pen interfaces to capture and reconstruct pen strokes in an environ-
ment that mimics how people use pens and papers, see [28] for a related
survey. Generally, there are two major approaches:

Sensor-based approach develops pen interfaces [29, 30] by using a combination
of specially-designed hardware which often involve pens and paper. The most
common and largely succesful pen interface is the graphics tablet. The device
consists of a flat input surface on which artist can draw using the pen sty-
lus. The drawn results are usually displayed on the computer monitor, but
recently some expensive graphics tablets come with a screen on the drawing
surface for better usability. Even though there are many other special sensor
based solutions; for example, Anoto Digital pens [31] require special paper
with invisible non-repeating dotted patterns which can be recognized by the
pen’s special ball-point tip which is augmented with an infrared camera. The
non-repeating patterns recognized by the pen over time allow the device to
infer the spatial and temporal information of strokes written with normal ink.
Another product, the Wacom Inkling [32] uses sonar-like technology; the pen
emits an inaudible pulse of sound, which is picked up by two microphones
on the receiver unit which is clipped on top of a sheet of normal paper to be
used. The receiver can then use this data to infer the exact location of the pen
in the paper-space. In general these methods require hardware support such
as special paper with invisible dot pattern, camera-augmented pens, capacitive
touch sensor, infrared camera, etc. This approach has not found widespread
adoption mainly due to the need for special hardware devices which can be
expensive. Graphics tablets are the only widespread sensor based devices,
still, many artists prefer drawing on paper since the physical experience of
drawing with a graphite pencil on paper is different from using a smooth
tipped stylus on a smooth tablet surface. Tablets that come without a screen

also have a difficult learning curve since one has to draw while looking at the
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monitor rather than the tablet. Hence, artists often draw on paper first, and
use tablets to sketch over the scanned paper drawings.

Camera-based approach captures video frames of the pen writing /drawing pro-
cess through a camera, and attempts to either localize or track the pen tip in
each frame to obtain the pen-tip trajectory and stroke. Lin et al. [33] and
Tang et al. [34] proposed various video-analysis schemes to recover the spatio-
temporal grouping of strokes in Chinese characters. They first extract strokes
by thinning/skeletonizing the final video frame of the completed drawing,
and then infer the stroke continuity by analyzing the evolution of strokes over
time. However, their method does not track the pen tip and attempts to in-
fer stroke connectivity by analyzing the relevant pixels in the stroke skeleton
throughout the video. Hence, the method is highly sensitive to shadow and
noise, and requires tedious fine-tuning before the operation. Since the occlu-
sion problem (e.g. hand occluding the paper) is not handled, the analysis
is performed offline, and there is no interactive feedback. Munich and Per-
ona [35, 36] captured handwriting strokes by analyzing visual input from a
conventional camera. The method was later extended to support handwriting
recognition by Wienecke et al. [37]. They used a correlation-based template
matching method to detect the pen tip. Hence, the method cannot handle
planar rotations and perspective distortions. Pen-paper contact is estimated
based on a simple local analysis of intensity, which can be easily affected by
shadow or neighboring strokes. Since it assumes a small image region that
confines the handwriting strokes, occlusions are handled with a fixed-size
mask. More recently, Seok et al. [38] assumed a specific conical-shaped col-
ored pen, and tracked the pen tip by simple color detection and geometric
cues. While robust to orientation and illumination changes, this method re-
stricts the color and shape of the pen tip. Though the method is online, it
cannot handle the occlusion problem because it assumes that the handwrit-
ing strokes are unidirectional, and the hand and pen body would move away
without hiding the drawn strokes in a fixed time. This assumption does not
hold for freehand drawings since the user’s hand may move around and oc-
clude previous strokes. Moreover, [38] does not consider temporal informa-
tion to disambiguate strokes to support meaningful stroke-based editing, and

assumes specific color and shape constraints to detect the pen tip.

Some of the problems with previous offline and online approaches that are
identified in this section, are handled by our proposed method which is ex-
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plained in detail in Chapter 3. Our method experiments with a camera based
line drawing digitization method, and is more general and can overcome a
number of problems and assumptions taken by existing methods: it considers
hand and pen occlusions over the paper; it can retain stroke continuity and
drawing order; it is stable for local cluttering caused by neighboring strokes; it
is an online method capable of delivering interactive feedback; and it has the

potential for enabling meaningful stroke-based editing.

2.2.2 Comic Layout & Lettering

The first step in creating a comic or manga page is the panel layout design
followed by speech balloon placement. Artists take various factors into ac-
count when designing the layout. First, the size of each panel corresponds to
the importance of content. Cao et al. [39] proposed a probabilistic generative
model to generate various comic page layouts from a set of images annotated
with the desired importance. Second, a simple grid like layout is seldom used
since it does not clearly indicate the correct flow among various panels that
readers must follow; artists therefore prefer an irregular grid with staggered
panels. Again, Cao et al. [40] proposed a probalistic model to generate panel
layouts and speech balloon placements that effectively guide the attention of
viewers across the page as desired by the artist. Note also that digital fonts
have greatly simplified the lettering process by allowing artists to use hun-
dreds of readily available fonts, and obviated the need for physical methods
that were used traditionally.

2.2.3 Inbetweening

Inbetweening is a tedious manual process in the traditional cartoon animation
pipeline where the character poses in between the keyframes are manually
drawn to ensure seamless motions in the animation, and has been an impor-
tant problem considered for automating with digital methods. The first step in
computational inbetweening is digitizing the line drawing, and vectorizing it
in case a paper based medium was used in the drawing of the keyframes. This
is typically done using any of the procedures described in the previous para-

graphs. After that, the main challenge is establishing correspondence among
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strokes in the presence of occlusions and topological changes, since 3D infor-
mation is not present in the drawings [5]. Earliest methods for inbetweening
proposed linear interpolation between known correspondence points in each
keyframe [8, 10]. Such methods fail in the presence of topological changes in
the drawing, and look unnatural due to simple linear interpolation. Moreover,
they require tedious manual intervention to specify correspondences since the
topological changes are not handled in the formulation. Recent methods such
as [41, 12] first analyze the raster image to determine chains of strokes, and the
relationships among them. Based on this, they carry out linear or higher-order
interpolation among corresponding strokes in each keyframe. Often, logarith-
mic spiral curves, a visually pleasing curve found in nature, are preferred
since they neither cut short smooth rotations like linear interpolation nor con-
tain inflection points like higher order interpolation curves. Such methods
have been applied successfully to tight inbetweening where line drawing does
not change drastically from one keyframe to another.

Inspite of these advances, many animators prefer to draw each frame, includ-
ing keyframes and inbetweens manually since it allows complete freedom in
expressing the desired motions. This has been a long standing problem since
the procedure is laborious even when performed on a computer. Recently,
[42] attempted to address this issue. When artists draw a new frame, their
method computes the global similarity between past and current drawings
to predict what the users might want to draw in the current frame, thereby

saving tedious manual effort.

2.24 Coloring

After inbetweening, the clean line drawings are digitally colored. Earlier, this
was carefully done with simple flood fill based methods [7]. Flood filling
based coloring however requires special care especially in freehand draw-
ings. In particular, even small gaps in the contour will cause the colors to
leak outside the desired region. Moreover, floodfilling can be tedious in the
presence of hatching patterns or sketchy lines in the drawing since this will
cause a large number of small closed regions in the drawing. Recent meth-
ods are capable of fast and easy coloring using simple user-based scribbles
that are propagated across intensity-continuous [43] and texture continuous

regions [44] while addressing the above problems. Furthermore, coloring of
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multiple frames in one pass is made possible by using techniques such as
onion-skinning, or propagating color information by establishing frame-to-

frame correspondence [45, 46].

2.2.5 Shading

Shading is usually considered as part of the coloring step, however, we treat
it separately since its requirements are quite different from coloring. In detail,
while coloring can be completely carried out with the information present in
the 2D line drawing, shading requires an understanding of the 3D shape of the
object and the rough location of the light source; such semantic information
is not available readily in 2D drawings. This makes computational shading a
very challenging problem, and very few attempts have been made at directly

solving this issue.

Currently, artists simply use digital brushes to perform shading by imagining
the position of the light source and the 3D shape of the object of interest. Dif-
ferent styles of shading such as soft shading where the shading is represented
with gradients to provide a realistic 3D-like shading, or 2D cartoon shading
discrete gray colors or manga screentone patterns are used are very common.
Artists have to carefully consider the requirements of each shading style and
manually repeat them for each drawing while maintaining a consistent look
and feel. Also, there is no easy way to experiment with different shading

styles.

While we can automate shading with the presence of geometry, artists are
very unlikely to model the geometry for every single drawing. Hence, the
key to automatic shading is to somehow obtain a depth value along each
line as well as the interior of the objects bounded by these lines. In general,
there are two approaches to achieving this: depth assignment where users can
markup some cues to assign the depth to the 2D drawing, or depth inference
where the computer can automatically infer the depth among various regions
in the drawing by extracting perceptual information from the drawing and
interpret this to estimate the depth. The problem of making use of this depth
to reconstruct partial 3D geometry is also a related problem.
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Depth Assignment

Depth assignment refers to manually assigning depth to 2D content. The
direct approach asks users to manually assign depth values to segmented
groups of pixels [47, 48]. This however requires tedious, trial based input es-
pecially for complex input; humans are better at estimating the relative depth
orderings among neighboring regions, and this can be modeled by consider-
ing depth equalities and inequalities [49, 50, 51]. Such methods often provide
an interface for users to markup depth inequalities for neighboring regions.
These previous methods however do not consider the depth within each re-
gion, and can only be applied on simple cartoons without complex wrinkles,
or detail strokes. Due to the amount of manual input, it may be impractical
to apply them to cartoons with complex interior strokes, or a large number of
regions. Hence, depth inference methods that extract and use perceptual in-
formation from drawings with minimal to no effort from the users are usually

preferred.

Line Drawing Interpretation

Line drawing interpretation has gained much interest from both physiological
perceptual studies and computer vision researches for decades. To interpret
lines, both local features (properties of lines) and global features (interactions
among lines) have been explored. In particular, 3D surface properties such
as principal curvatures [52, 53, 54] and local depth/orientation discontinu-
ities induced by lines [55, 56] have been extensively studied from a geometric
perspective. By exploring the Gestalt psychology [57, 58], researches have
also been conducted in interpreting higher-level semantics of lines by con-
sidering human perception. Such a higher-level understanding of lines has
brought in a wide range of applications, e.g., curve completion [59], local lay-
ering [60, 61, 62], and line drawing simplification [63, 64].

However, applications of such perceptual understanding to problems in car-
toon production is generally lacking. In our work, we also aim at interpreting
lines guided by Gestalt psychology. But different from existing applications,
we estimate the geometry of surfaces illustrated in 2D line drawings espe-
cially considering the wrinkle strokes, by analyzing and combining various

perceptual cues so that the tedious shading process can be automated.
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Depth Inference

Automatically inferring depth from natural images is a classical problem in
computer vision. Several approaches that exploit photographic cues in natural
images for estimating depth such as texture [65], shading [66, 67], and lens
focus [68, 49], have been developed. As such, these methods are not applicable
to cartoons since these assumptions about natural image properties do not
hold for hand-drawn cartoons reliably. For example, shading in cartoons can
be crude and physically incorrect, there may be hatching patterns instead of
shadows to convey lighting, and so on. Textures are also largely absent in

most cartoons, hence, feature-based approaches are hard to apply.

However, cartoons generally have well defined contours, and hence well-
defined T-junctions, which are points where three curves from the boundaries
of neighboring regions appear to intersect due to occlusion. From the amodal
completion law in Gestalt psychology [58], it is known that when a curve stops
on another curve, thus creating a T-junction, our perception tends to interpret
the interrupted curve as the boundary of some object undergoing occlusion.
There are some previous works which exploits T-junctions, but they mainly
focus on natural images [69, 70]. Other approaches attempt to learn depth
cues from images using a supervised approach and require extensive datasets
for machine learning [71, 72], and cannot be directly applied to cartoon im-
ages. Recent work by Palou and Salembier [60] employed T-junctions along
with convexity cues to resolve layering in natural images, but their results
show only a few number of segmented regions, and the method deals with
basic T-junction cases only (please refer to Chapter 5 for details on more com-
plex junctions). Liu et al. [61] attempted to estimate depth ordering among
regions of a cartoon video sequence by exploiting T-junctions and temporal
information from nearby frames. They first identify 3-valence corner points
as Tunctions, and aggregate them from multiple frames to remove noisy or
incorrect identifications. To ensure temporally consistent depth labeling for
image regions, they assign similar depths to regions based on the depth as-
signed in previous frames using a graph-cut formulation. Their approach
however is not sufficient for static 2D input where there is no temporal in-
formation to guide the depth estimation. This is particularly common when
T-unctions are ill-defined or occur on the interior of regions where the extent

of lower and higher regions is not clear. Also, there are often interior strokes
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in line drawing which do not contain any Tunctions, hence there is a need
for formulating methods that go beyond T-junctions.

We have identified several perceptual cues in Gestalt psychology that have not
been sufficiently explored. In Chapter 4, we explore and model many of these
gestalts including convexity, proximity, continuity, and regularity along with
T-junctions. We analyze cartoon line drawings using these cues to reliably
estimate depths depicted by the 2D lines. We perform a global optimization
to ensure consistent interpretation of all these gestalts. Once this depth in-
formation is available for each line in the drawing, it can be used to guide a
3D reconstruction method that can estimate some partial 3D information of

objects in the drawing to support shading.

Estimating 3D Geometry from 2D Lines

Extensive researches have been done in reconstructing 3D or pseudo-3D ge-
ometry from an image. Rather than attempting to be exhaustive, we discuss
those tailored for line drawings. To construct a 3D geometry from a line draw-
ing, various works have been developed to construct objects or architectural
structures from industrial or architectural line drawings by making strong as-
sumptions on the input drawings and the shapes being constructed [73, 74].
Due to the strong assumptions, these methods generally are inapplicable to
arbitrary drawings as seen in cartoons. To handle arbitrary line drawings as
inputs, existing geometry reconstruction methods can be roughly classified
into inflation methods and normal field estimation methods.

Inflation methods aim at reconstructing 3D geometry in an input drawing by
lifting up each object region from 2D to 3D. To reconstruct detailed structures
on an object region, user-specified constraints within each region the draw-
ing may be adopted [75, 51, 76, 77, 78]. While these interactive methods can
produce good results given sufficient user-specified constraints, they require
tedious manual inputs, especially to handle crowded wrinkle strokes that are
commonly seen in cartoons. Besides user-specified constraints, attempts have
been made to automatically reconstruct surface geometry from line drawings
by analyzing T-junctions among the boundary lines [79]. However, the analy-
sis of interior strokes is generally lacking. Although some researches tried to
handle interior strokes by region subdivision, the recovered geometry is still
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unsatisfactory due to the lack of semantic understanding of interior strokes.
In contrast, our method presented in Chapter 4 estimates partial geometry in-
formation by analyzing the semantics of all the strokes based on their shapes,
spatial layout and interaction in the line drawing. Our inflation method can
recover a delicate geometry even if the line drawing contains complex wrin-
kle strokes, and support the generation of shading to significantly reduce the

manual effort.

Normal field estimation methods aim at reconstructing an image-space normal
field over the input drawing using various image-space features, e.g. domi-
nant curvatures of strokes [80], user-marked normals [81], 3D normals along
isophotes [82], hatching strokes [83], and cross-sectional curvature lines [84,
85]. While most of these methods can well reconstruct the overall shape from
the drawing, they are generally unable to handle interior strokes that indicate
wrinkles or folds. To handle interior strokes, Johnston [80] proposed to incor-
porate manual specification to indicate the sign of normals along each stroke
whenever needed. Bui et al. [83] proposed to estimate local geometry along
each stroke based on nearby hatching strokes. In short summary, all existing
methods adopt only simple local features (e.g., curvature) to estimate local
geometry, and need additional manual specifications (e.g., label and hatching
strokes) to achieve good results. In comparison, our method analyzes not only
local stroke properties, but also global interactions among the strokes (folding
and squeezing). Therefore, we are able to achieve a better detailed geometry

that can support shading results even for drawings with complex wrinkles.

2.2.6 Animation

Digital software has completely replaced use of physical medium such as cels
in compositing the final animation. Each foreground object can be stored in
separate layers, and colored and composited over their respective backgrounds
with simple alpha blending techniques. Moreover, pan and zoom operations
which required physical movement of the rostrum camera become trivially
possible with equivalent software-based operations. The final output can be a
digital video file in standard formats (MP4, WMV, QuickTime, Flash etc.), or
rendered onto cinematic films. This is done for each scene until the entire film
is complete. Note also that there are several other related research areas such

as deformation, physically-based animation, etc. We do not go into the details
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of these areas as they are not related to the works presented in this thesis.

2.2.7 2.5D Modeling

So far, we have surveyed several key areas in the computational cartooning
pipeline, while particularly detailing the key focus of the projects presented
in this thesis. As we stated in the introduction, most cartoon animations are
typically created from scratch. On the other hand, there is a huge amount
of digital cartoon content readily and easily (e.g., cartoon images) available
today. Hence, there is artistic potential in enabling users to reuse this con-
tent to achieve visually pleasing still-image animation or manipulation with
minimum effort. The key to reusing such 2D cartoon content is in identifying
various parts or regions in the image and estimating the relative depths so
that we may have a model to support semantic editing. It is also necessary to

retain the artistic style depicted in the original 2D content.

2.5D graphics create complex scenes by layering 2D graphics at different depths
(see Figure 2.3). They have attracted great interests in a wide range of areas
due to their simplicity and elegance for delivering 2D-like art forms for ap-
plications in cartoon design and manipulation, generating parallax effects in
still images, desktop publishing design etc. Usually 2D meshes (planar) are
used to represent different layers, where each layer is arranged in a scene in
2.5D i.e. stacked at different depth levels to produce visual perceptions such

as occlusion, proximity, and depth in general.

Recent research has focused on the problem of creating 2.5D models to sup-
port various visual effects, as well as enrich the modeling techniques to allow
for richer representations. Rivers et al. [86] combined 2D vector drawings in
different views to create a 2.5D model that can be rotated arbitrarily. To handle
these problems, the authors propose using linear interpolation in 2D for the
strokes” shape, and 3D coordinates for their position and depth ordering. Mc-
Cann and Pollard [87] generalized the layering concept by enabling 2D graph-
ics to partially occlude one another, or even with themselves by local layering.
While global layering just requires a list to store the ordering, they propose a
list-graph data structure to handle local layering, where a graph containing a
list at each node is used to store the layer ordering at that local region among
the overlapping layers. Yeh et al. [88] enriched 2.5D modeling with assorted
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Figure 2.3: Examples of 2.5D models. Planar layers are stacked on top of each other
at different depths (figure on the left taken from [86]).

effects by considering 2D graphics with both front and back sides. By this,
they supported several novel operations such as rolling, twisting and folding
that exposed the back side of the 2.5D model, and greatly improved the ability
illustrate rich graphics.

While the above works generally focus on creating 2.5D models from scratch,
the key to reusing existing 2D contents is in extracting the 2.5D information
from images and videos to reconstruct models, which is the focus on our work
in Chapter 5. The primary subproblems involved in recovering the 2.5D infor-
mation from an image involves decomposing the foreground into regions i.e.
segmentation, inferring depth ordering among them i.e. layering, and com-
pleting the occluded layers so that holes do not show up when manipulated.

The upcoming sections discuss previous works for each of these subproblems.

Segmentation

Segmentation is a classic research area in computer vision with huge volumes
of research works. Precise segmentation of cartoon images to decompose
them into meaningful regions is a difficult problem. Common unsupervised
approaches include watersheds [89], superpixels [90] and graph-based meth-
ods [91]. These can result in over-segmentation and often require region merg-
ing techniques. While unsupervised methods are attractive due to lack of need

for user input, in most cases the segmentation quality is not acceptable for car-
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toon images since important structural details especially near boundaries are
often omitted due to various reasons ranging from image noise, non-uniform
shading of colors, gaps in contours, decorative lines which do not represent re-
gion boundaries etc. Moreover, even though edge information provides strong
hints for decomposition, extracted edges often contain gaps and are difficult to
join reliably. Hence, there is a need for application-specific design of segmen-
tation methods that can exploit domain knowledge and assumptions about
the input cartoon images.

Unsupervised segmentation methods for cartoons include [92] that decom-
poses cartoons with homogeneous colors and well-defined contours; they ex-
tracted contours using the Laplacian of Gaussian filter, and performed connected-
component analysis to decompose the image. However, the above assump-
tions of color homogeneity and strong contours do not always hold for car-
toons of other styles, often leading to problems. To alleviate this, Zhang et
al. [93] proposed an approach combining floodfilling, morphological opera-
tions and region merging. This however still needs tuning of user defined
parameters to achieve optimal results.

On the other hand, supervised segmentation techniques that accept scribbles
as user input to mark foreground and background regions have been designed
to segment cartoons, and offer far more flexibility and control. Sykora et
al. [43] designed a scribble based coloring framework that uses graph cut to
segment and produce region masks based on user defined scribbles. They first
preprocess the image using a Laplacian of Gaussian filter to enhance the con-
tours, and formulate the segmentation as a multi-way cut on a graph whose
nodes and edges represent image pixels and their 4-connected neighbors re-
spectively. The primary advantage of this method is the ease of segmentation
even in the presence of strong shading or textures. Our segmentation method
in the 2.5D modeling framework is supervised with minimum user input,
since our animation and manipulation applications demand a high quality

segmentation.

Depth Ordering

After segmentation, the next step in 2.5D modeling is to recover the depth or-
dering among the various regions. These methods can be either manual depth
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assignment as discussed in Section 2.2.5, or automatic depth inference as in
Section 2.2.5. We propose a novel layering metric based on Gestalt psychology
to automatically infer the relative depth orderings among adjacent regions.

Layer Completion

The next step in 2.5D modeling requires the completion of each region in the
model since holes show up otherwise when animated. Completing missing
regions in images and videos, also known as inpainting, is a long-standing
problem in computer vision with applications in object removal, restoration
of old films/photographs, etc. Several works have been proposed to deal
with this problem for natural images based on structural cues [94], textu-
ral cues [95, 96] and a combination of both [97, 98]. The main challenge for
cartoon layer completion lies with the extreme differences in appearance be-
tween cartoon images and natural images. For example, cartoon images have
minimal texture, strong contours, physically-incorrect geometry etc., whereas
natural images contain strong textures, no contours and physically correct ge-
ometrical structures. This prohibits the direct use of the above techniques that

are designed exclusively for natural images.

There is limited previous work that deals with layer completion for cartoons;
one prominent work that explicitly addresses this problem for cartoon videos
is by Zhang et al. [99], where the region in each frame is warped and aligned
to consecutive frames where the occlusion is assumed to have reduced. More
recently, Sykora et al. [78] completed occluded layers in single images by prop-
agating the manually assigned depth ordering from the boundary using a dif-
fusion process. This is achieved by initializing a value of 1 in the pixels of the
occluded layer boundary, and 0 in the occluding layer boundary. These values
are then diffused to the neighboring pixels as in [100], and pixels with a value
less than 0.5 are thresholded to obtain the completed region. While this works
well for their application where the 2.5D model remains static, this method
does not consider other kinds of occlusions, for e.g., a single object broken
into two by a common occluder. Layer completion for cartoon images remains
an application-specific and open research problem. In our work, we propose
a completion method that can handle three common cases of occlusions seen

in cartoon hair which is the focus of our application.
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CHAPTER

Line Drawing Vectorization with

Commodity Camera

Vectorization of line drawings is an important pre-processing procedure in
cartooning. Most of the existing methods are offline, and accept raster images
of completed line drawings as input to generate a vectorized representation.
Due to this, they do not have access to stroke-continuity information and hence
result in broken or incorrectly merged strokes. In this chapter, we present a
novel approach to the problem of clean line drawing vectorization. Rather
than designing complex offline methods that work on completed drawings,
we present a simple and efficient online approach, to recognize and vectorize

strokes drawn on paper in front of a commodity webcam.

3.1 Introduction

The acquisition and vectorization of hand-drawn strokes on paper are bene-
ficial to a wide range of multimedia applications: from handwriting recogni-
tion to cartoon production, video scribing and sketch-based modeling. This
bridges the gap between paper and digital representations, and facilitates the
development of computational methods for editing and interaction.

In cartooning, vectorization is an important preprocessing procedure, where
hand-drawn paper drawings are converted to vector graphics based digital
representations for further processing with computer software. In general,
there are four major approaches for recognizing and vectorizing paper-based

line drawings according to the kind of inputs being processed:

e Manual approach involves manual effort of tracing individual strokes in a
scanned input image. While being accurate and flexible, this approach

can be extremely tedious subject to the complexity of the drawing.

*This author was the primary contributor of this work [101], who conceived the research
idea, performed literature survey, carried out the implementation, and conducted the experi-
ments.

33



CHAPTER 3. LINE DRAWING VECTORIZATION WITH CAMERA

o Image-based approach [13, 12] takes a scanned image of a completed draw-
ing as an input, and attempts to automatically analyze the drawing con-
tours to infer the stroke geometry and produce the vector representation.
Major challenges of this approach are the image noise and the ambigui-
ties in reconstructing the strokes due to image resolution and line junc-
tions.

o Sensor-based approach [29, 32] employs hardware devices to track the pen
trajectory on paper to detect the pen strokes. This approach, however,
requires specially-designed devices that are not common, e.g., sensors in

the ballpoint tip of a pen, special patterns printed on paper, etc.

o Camera-based approach [36, 38] captures the video of the drawing pro-
cess, and recognizes strokes on paper by tracking and analyzing the
pen-tip trajectory by computer-vision methods. The two main advan-
tages of this approach are 1) the use of original writing instruments, i.e.,
pens/pencils, so involving no learning overhead in practice, and 2) the
availability of temporal information from the captured video.

Our goal in this work is to develop an interactive camera-based method to cap-
ture and vectorize hand-drawn strokes on paper through a commodity low-
cost webcam that captures at 480p/720p resolution and 30 frames/second. By
this, we can faithfully vectorize drawn strokes with improved stroke conti-
nuity, and also recover the temporal information and drawing order of the
strokes. With the emergence of recent ubiquitous devices like the Google
Glass [102], camera-based approach could be particularly useful to help rec-
ognize hand-drawn inputs in front of the embedded camera, and to facilitate

the development of pen input interface.

Previous methods for vectorizing hand-drawn strokes either exist as online/offline
approaches, which are constrained by the stroke length, size, and direction, or
strictly offline methods, which process the scanned images of the final draw-
ings. To the best of our knowledge, this is the first attempt of developing an

online camera-based method to acquire and vectorize freehand line drawings.

However, such a problem is very challenging since we need to robustly track
the tip of the pen in the video, accurately model the pen-paper contacts, han-
dle the pen-paper as well as hand-paper occlusion, and complete the entire
computation with interactive performance. To address these issues, we pro-
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Figure 3.1: Top row: four line drawings on paper, revealing four common stroke
recognition ambiguities: (a) spatial adjacency, (b) junction ambiguities, (c) multiple-
stroke intersection, and (d) self-intersection. Existing vectorization methods may mis-
recognize the original strokes as strokes of some other drawing continuity or break
the original strokes into several shorter strokes at the junctions and intersections.
Bottom row: our method can faithfully recognize and vectorize these strokes even in
the presence of the ambiguities; color-coding is used to indicate individual recognized
strokes.

pose the following novel techniques, which are the major technical contribu-

tions of this work:

o First, we identify three distinctive features, i.e., variance, color, and shape,
and integrate them to robustly locate the tip of pen/pencil while quickly
rejecting negative samples. By this, we can obtain the trajectory of the

pen-tip across the video frames as a function of time.

e Second, we model the pen-paper contact implicitly by analyzing the
zero-crossings of the Laplacian of Gaussian filter response along the pen-
tip trajectory, and extracting an appropriate subset of it to estimate the
potential region of the drawn strokes.

o Lastly, we combine the spatio-temporal information to reconstruct strokes
while preserving the stroke continuity and drawing order even in the

presence of recognition ambiguities.

Our method has several advantages over existing offline vectorization meth-
ods, which work only with completed drawings. First, it is online, so it can
capture and produce vectorized strokes with real-time feedback. Second, it
involves only everyday pens/pencils and a simple camera rather than special-
ized pen/paper hardware. Third, our online method enables the capture of
strokes with temporal information and drawing order, thus facilitating the
development of various multimedia applications, and could potentially be
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Input (i) Localizing the pen tip (ii) Recognizing strokes
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Figure 3.2: Overview of our stroke recognition and vectorization method. From left
to right: our input is a video stream and a simple pen-tip template; (i) potential
patches are searched in video frames to localize the pen tip and track its trajectory; (ii)
Laplacian of Gaussian filter response helps extract stroke points to estimate the actual
drawn stroke; hand and pen occlusions are also tracked; and (iii) lastly, spatio-temporal
grouping is performed to identify individual strokes (color coded).

integrated with camera-based interaction device such as the Google Glass.
Lastly, by using temporal information, we can effectively avoid various stroke
recognition ambiguities that are common in existing vectorization methods,
see Figure 3.1: spatial adjacency, junction ambiguities, multiple-stroke inter-
section, and self-intersection, see also [12]. From the results shown in Fig-
ure 3.1, we can see our method can avoid these recognition ambiguities and
faithfully recover each stroke natural to the actual stroke drawn by the user

while preserving the stroke continuity in the vectorization.

3.2 Overview

Figure 3.2 overviews our method with a running example. Our system setup
includes a drawing space with a sheet of paper fixed on a desk, an every-
day pen/pencil for drawing, a commodity webcam that oversees the draw-
ing space from the top, and a desktop computer that processes the webcam’s
video stream and performs our method to recognize and vectorize the draw-
ing strokes. In summary, our method consists of the following three major
steps:

i) Localizing the pen tip.
Extracting discriminable features around the pen tip for efficient, rotation-

invariant, and illumination-invariant per-frame detection of pen tip (Sec-
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tion 3.3.2); Pruning the search space by corner detection to accelerate the
performance (Section 3.3.3); and Classifying the extracted feature vectors
using a cascaded approach to quickly identify and track the pen tip over
time to obtain a meaningful pen-tip trajectory (Section 3.3.3).

ii) Reconstructing Strokes.

Extracting a subset of points along the pen-tip trajectory to estimate the
footprint of the drawn strokes by analyzing the edge profile along the tra-
jectory (Section 3.4.1); and Resolving occlusion problem caused by user’s
hand and pen over the paper (Section 3.4.2).

iii) Spatio-temporal Grouping.

Grouping the extracted points into a stroke by considering stroke connec-
tivity, spatial proximity and temporal proximity information (Section 3.5);
and Vectorizing the clustered stroke by fitting a cubic spline over the

grouped points, and outputting the final result in SVG vector format.

Note that lighting is important in our method since it is primarily camera
based. If the environment is too dark, then our technique may fail to accu-
rately track the pen tip, and analyze the paper in the video frames. Therefore,
we assume that the drawing space is well lit, and the lighting conditions do
not vary significantly throughout the drawing process. In our implementa-
tion, the above computation takes only ~0.072 sec. per video frame, showing
that our method can support online stroke recognition and vectorization at
interactive speed. However, since some drawn strokes may be occluded fully
or partially by user’s hand or pen, we can only reconstruct their unoccluded
parts during the online computation. Our method keeps tracking the hand
and pen locations (see Section 3.4.2) to determine if the occlusion has been
removed, and then reconstructs and renders the previously-occluded strokes
once they become visible and can be detected by our method. Hence, in a

single video frame, our method may recover more than one stroke at a time.
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3.3 Localizing the pen tip

3.3.1 Initialization

Our input consists of a video stream of the pen drawing process and a pen-tip
template. To prepare a new pen-tip template, which is just an offline one-
time step, it only takes a few seconds to mark a 60 x 60 image region on a
frame of the video stream to enclose the pen tip. Here we only assume the
pen is placed over the paper, on which the drawing would be done, and place
no restrictions on the pen orientation as our method can later automatically

normalize the template input to a canonical form that is rotation-invariant.

In detail, when extracting the pen-tip template, we also need a foreground-
background segmentation [103] on the video frame to obtain a background-
subtracted binary image, assuming that the pen is not part of the initial scene.
Here we set a high adaptation time period in the background model to avoid
too-early merging of foreground into the background.

3.3.2 Feature Extraction

Given a patch, which could be a pen-tip template or a 60 x 60 region in a video
frame, we next need to extract distinctive features in the patch for supporting
the pen-tip localization. The set of features we carefully selected in this work
are background confidence, intensity variance, color, and shape. These features are
simple-to-compute and yet discriminative to help identify the pen tip under

rotation, illumination variation, and mild perspective distortions.

i) Background Confidence (B;). By applying foreground-background segmen-
tation [103] on every video frame (including the one for the pen-tip tem-
plate and also the video frames of the drawing process), we can obtain
a background-subtracted binary image M whose background pixels take
zero values. Hence, given a patch in M, we can count the number of back-
ground pixels in it, and compute the patch’s background confidence (5;),
i.e., the ratio of the number of background pixels to the total number of
pixels in the patch.
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Figure 3.3: Rotation-invariant shape feature. Given a binary patch extracted around
a detected corner point in a video frame, we compute (a) the center of mass (red)
of the largest foreground blob, rotate and normalize the patch into (b) a canonical
shape representation, and then use (c) a Euclidean distance transform of the contour
to compute the Chamfer distance.

ii)

iii)

Intensity Variance (¢?). The second feature we employed is the statisti-
cal variance of pixel grayscale values. This feature helps to measure the
uniformity of pixel intensities in a patch. Moreover, after we obtain the
pen-tip template, we pre-compute its intensity variance, say ¢2, and define
low and high intensity variance thresholds 0.502 and 1.502, respectively,
to support the fast cascaded classifier later on.

Color (C;). Third, we use the CIELab color-space to compute the color
feature of a patch. We quantize the color by computing a normalized
2D histogram with 8 x 8 bins for each of the 3 channels, and flatten the

histogram as a 192-dimensional color feature vector. By this, we can com-

()

pute the color feature vector of the pen tip template, say v, ’, as well as

©
1
we can further compute the color dissimilarity measure between them by

the color feature vector of any patch in a video frame, say v;’. Hence,

Euclidean distance: C; = ||vt(c) — ZJEC) |-

Shape (S;). Lastly, we compute the shape feature of a patch by devising
an efficient rotation-invariant method. Note that from the video frames,
since we create candidate patches to be centered at detected corner points
(Section 3.3.3), we can be certain that the pen tip (if any) would always
appear at the center of a patch. Hence, for each patch, we compute the

shape dissimilarity as follows:

(a) Find the largest connected foreground blob in the given patch, and

compute its center of mass, see the red dot in Figure 3.3(a);

(b) Compute its offset angle, say 6, from the positive x-axis in the image
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space in clockwise direction, see again Figure 3.3(a);

(c) Rotate the patch image about its center (pen tip, if any) by —0 in
order to normalize the patch to a canonical representation, see Fig-
ure 3.3(b);

(d) Lastly, compute shape dissimilarity measure S; for a given patch
against the shape of the pen-tip template using Chamfer distance:
S; = Y1er DTi(x)/|T|, where DT; is the Euclidean distance trans-
form of the i" patch, T is the set of contour points in the pen-tip
template.

3.3.3 Feature Classification

Pruning the search space

In typical object localization, a sliding window is often used to go over a
given video frame and extract all possible patches (potentially hundreds of
thousands) for feature matching. Clearly, this approach is infeasible to deal
with a large search space for interactive applications, so we prune the search
space by two key observations in our problem:

o First, we assume a fixed camera and paper. This is a reasonable assump-
tion in most camera-based methods. Given that, we assume that the
pen-tip relatively retains its scale while drawing, so we only consider

patches of the same size as the pen-tip template.

e Second, since the pen tip is always a sharp corner, we perform corner
detection [104], which is a very fast process, to extract fixed-size patches
around detected corners to accelerate the search for the pen tip.

By these, we can reduce the cardinality of the search space to the number
of corners detected in each video frame and greatly accelerate the pen-tip

localization.

Cascaded Classifier

Given the set of patches {s;} extracted from the pruning method above, we

exploit the four features described in the previous subsection, and devise a
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Figure 3.4: Detecting drawn strokes: (a) captured pen-tip trajectory in green; (b)
thresholded L o G filter response reveals the drawn stroke; stroke points (red) are fur-
ther extracted by using (c) level-sets defined around the detected stroke.

fast cascaded approach to further classify patches in {s;}. Note that this is a
lazy approach in applying the features, so that we do not need to compute all
the four features for every patch in {s;}.

e In the first step, we compute the background confidence score of each

candidate patch in {s;}, and discard those outside the threshold [0.55;, 1.58;],

where B; is the background confidence of the template.

e In the second step, we compute the intensity variance of the remain-
ing patches, and filter out those with intensity variance outside the pre-
scribed threshold range [0.502, 1.502]. The above features enable us to
quickly reject almost all irrelevant patches that are not similar to the
pen-tip template.

e In the third step, we compute the color dissimilarity measure C; of each
remaining patch using the color feature vectors of the patch and the pen-
tip template. By this, we can filter and retain only the patches whose C;
is less than a threshold T, which is set to be 0.3 in all our experiments.

e The last step is similar to the third step, but now we compute the shape
dissimilarity of the remaining patches, to retain only the patches with §;
less than a threshold Ts, which is again set to be 0.3 in all our experi-

ments.

Since the fast cascaded filtering process above may still retain more than one
patch in the end, we may need to further compute the average value of color
and shape dissimilarity measures for each remaining patch, and select the one
with the smallest average to locate the pen-tip patch.

3.3.4 Tracking

There may also be scenarios where the pen tip is not detected by the cascaded

classifier above, e.g., missing the pen tip in the corner detection, and severe
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180°

Figure 3.5: Occlusion detection: (a) thresholding skin color in the hue-saturation
space; (b) a sample frame from the video; and (c) masks obtained for the pen (gray
circle) and for the hand (white).

visual interference such as noise, shadow, and clutter. Hence, in addition
to per-frame detection, we also employ the detected pen-tip location in the
previous video frame to perform short-term tracking of the pen tip using the
Lucas-Kanade optical flow method [105]. By this, we can improve the pen-
tip localization, and avoid breaking the pen-tip trajectory due to the above

mentioned reasons.

In detail, we initialize the tracker by each detected pen-tip location from the
cascade classifier, and continue the short-term tracking until the cascade clas-

sifier finds a subsequent detection, at which time the tracker is reinitialized.

By combining feature-based detection and optical-flow based tracking, we can
obtain a smooth trajectory of the pen-tip, say T, over the drawing space as a
function of time (e.g., see Figure 3.4(a)):

T = {(pll tl)l (PZ; tZ)/- cey (Pn/ t?’l) | Pi S Rzlt € R} ’

where p; = (x;,y;) denotes a spatial coordinate, and t; a monotonically-
increasing timestamp (frame index).

3.4 Reconstructing Strokes

3.4.1 Detecting Stroke Points

Once we capture the pen-tip trajectory across the video frames, our next step is
to determine the set of stroke points on the paper, say S (see Figure 3.4(a)). In
detail, we determine S by analyzing the response of the Laplacian of Gaussian
(Lo G) filter over the video frames. The Lo G filter corresponds to how the
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Figure 3.6: Stroke intensity profile. Top: intensity profile across a stroke (perpendic-
ular to stroke direction). Bottom: first and second derivatives of the intensity profile,
respectively. The maxima of the second derivative corresponds to the centerline of the
stroke.

human visual system observes sudden changes in contrast and downplays
subtle differences [106]. Mathematically, it is represented by the curvature, or

the second derivative of the image intensity, see Figure 3.4(c).

The intensity profile of strokes in clean line drawings is generally in the form
of a parabolic profile (see Figure 3.6(top)), and the maxima of the filter re-
sponse corresponds to the centerline of edges, or in our case, the centerline of
the drawn strokes (see Figure 3.6(bottom)). From each frame, say F, we derive
a new image £ = max(0, Lo G(F)) by applying the Lo G filter on F, where we
have clamped the negative filter response to zero. Next, we scale the image to
the range [0,255]. After that, since there are often some unwanted responses
caused by noise, we further threshold £ by setting pixels < 15 (chosen empir-
ically for our setup) to 0 to remove noise and weak responses, and obtain a set
of edge pixels over the video frame, say {q}. Next, we can define a level-sets
around the edge pixels in £ using a distance transform with the Euclidean dis-
tance metric: D(x) = min, [[x — q||, where x is each pixel in the video frame.
The stroke points can be arbitrarily spaced based on the speed of the drawn
stroke; hence we first resample them to ensure that the stroke points in the
entire pen-tip trajectory are equally spaced; in practice the spacing is set to be

unit distance. By this, we can extract a set of stroke points S as a subset of the
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trajectory T lying close to the drawn strokes within a threshold:

S ={(piti) ID(pi) < TV(pi,ti) € T} ,

where T defines the maximum level set below which points are on the drawn
strokes; in practice, it is set to be 2.0.

3.4.2 Handling Occlusions

In the previous subsection, we presented an analysis method to obtain stroke
points on the paper based on the Lo G filter response. However, it is important
to note that not all edges in the filtered image £ actually correspond to the
drawn strokes. Typically, the user’s hand and pen inside the video frames may
occlude some of the drawn strokes, and affect the edge profile and the stroke
point analysis. Hence, to obtain meaningful strokes points, we continuously
track the positions of pen and hand in the video stream, and perform the
stroke point analysis (Section 3.4.1) only on the non-occluded image region.
In other words, we postpone the stroke point analysis until the occlusion is

clear. In detail, we estimate the pen and hand occluding regions as follows:

e By the pen-tip localization method in Section 3.3, we can always locate
the pen tip over the video frames. Hence, we can approximate the pen
occluding region by a small circular region around the pen tip (radius
equal to the size of the pen-tip template), see the gray circle in Fig-
ure 3.5(¢).

e To estimate the hand occluding regions, we first convert the colors in
each frame to the HSV color space. Then, we perform a pixel-level classi-
fication based on [107] to determine the skin color, and generate an initial
mask of the hand. Note that the V channel is ignored in the computation
to account for illumination invariance. By further applying morphologi-
cal post-processing operations such as erosion and closing, we can obtain
a clean mask of the user’s hand as shown in Figure 3.5(c). Note also that
we experimented our method with three users of different skin colors,
and obtained the following threshold ranges in the classification model
for hand tracking: 0 < hue < 10° and 0.08 < saturation < 0.59, see
Figure 3.5(a). Other methods that combine color and texture features of
human skin [108] may also be used here.
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3.5 Spatio-temporal Grouping

Given a set of strokes points S obtained from the previous stage, our next
task is to group them and form meaningful drawing strokes that are spatio-
temporally coherent. To do so, we first need to remove redundant points with
exactly the same spatial coordinates. Note that redundant points could be
produced if the pen tip stays on the same image location for more than one

video frame.

Three criteria are important in combining the stroke points to form longer

strokes:

i) Edge Connectivity. This criterion explores the presence/absence of an
actual stroke on paper between (p;,t;) and (pj, t;). Recall that we used
the Lo G filter response to retain only a subset of the pen-tip trajectory
that corresponds to drawn strokes in Section 3.4.1, moreover, we have the
temporal information to determine the ordering of stroke points. Hence,
this criteria is already satisfied since stroke points which are not part of
the drawn strokes on paper are removed, and those that are close to each
other spatially and temporally represent actual connected drawn strokes

on paper.

ii) Spatial Proximity. The second criterion explores the spatial closeness
between (p;, t;) and (pj, t;) since we should not group stroke points that
are too far away from each other. To satisfy this criterion, we can measure
the Euclidean distance between the two stroke points, and ensure that far

away stroke points do not form a continuous stroke.

iii) Temporal Proximity. The third criterion is similar to the second one, but
it explores the temporal proximity between (p;, t;) and (p;, t;), since we do
not want to merge temporally non-continuous stroke points into a single
stroke. Note that this is the most important criterion in reconstructing

strokes that are free of the various ambiguities highlighted in Figure 3.1.

To group the stroke points based on these criteria, we adopt the agglomerative
hierarchical clustering approach. In detail, we assign each stroke point to a
separate cluster initially, and iteratively combine clusters to form a hierarchy
using the single linkage function give by: min;c 4 jcp d (i,j) where A and B are
clusters and d is the Euclidean distance. We finally form flat clusters using a
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Figure 3.7: System setup from two different views.

cutoff threshold which is set to be 1.5~2 in practice. Once we examine and
group each pair of temporally-consecutive points to form longer strokes, we
then vectorize each of them by cubic spline fitting.

3.6 Results and Evaluation

3.6.1 Implementation

We implement and run our method on a desktop computer with a 3.2GHz
Intel i7 CPU, 12 GB memory, and 64-bit Windows 7. We employ the Logitech
C615 webcam to capture video streams at 480p/720p and 30 frames/sec. See
Figure 3.7: the webcam is fixed at ~45cm above the drawing space opposite to

the user at an evaluation angle of ~60 degree and a field-of-view of 74 degree.

Estimating the homography transformation between the webcam view and
paper is a one-time process: During the system initialization, we first iden-
tify the largest white blob in the image, and then use Hough line transform
to extract straight lines around the blob’s boundary edges. After that, we
compute line intersections to obtain the paper corners, show them to the user
for confirmation, and then estimate the homography matrix by assuming the
paper dimension. We implement our software in Python 2.7, and use the fol-
lowing library APIs: OpenCV [109], NumPy, and SciPy [110] for vision-based
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Table 3.1: Evaluation of performance: average time taken to complete the various
stages in our method.

Average Time (seconds)

Stage Method CueeraAH Herro WorLp
1 Pen-tip localization 0.035 0.035s
2a Detecting stroke points 0.012s 0.012s
2b Handling occlusions 0.009s 0.008s
3 Spatio-temporal grouping  0.012s 0.012s

methods and numerical computation.

3.6.2 Evaluation: Performance

First, we perform an experiment to evaluate the performance of our method
in delivering interactive online computation. To do so, we measure the time
taken (in sec.) to process each video frame (resolution 720p) for each stage in
the pipeline (see again Figure 3.2). Two drawing cases, CHEETAH and HELLO-
WORLD (see Figure 3.10), with totally 7680 and 3150 frames, respectively, are
used here. The average processing time taken by each stage is reported in
Table 3.1. From the performance results, we see that the entire computation
consistently takes around 0.07-0.08 sec. per frame, showing that it can attain

interactive performance.

3.6.3 Evaluation: Accuracy

Second, we evaluate the accuracy of our results by comparing them with
the actual strokes drawn on paper, as well as with the vectorization results
produced from the commercial tool WinTopo Professional [27] (with the de-
fault option One-Touch Vectorization in our experiments). The six line drawings
shown in Figure 3.10 are used in our evaluation and the following four criteria
are used:

i) Number of Strokes. First, we compare the total number of actual strokes
drawn on paper against the total number of strokes vectorized by our method,
and also by WinTopo, see Table 3.2. From the results, we can see that our on-
line method is able to accurately recognize all the user-drawn strokes without
missing any stroke. In sharp contrast, WinTopo produces a lot more strokes
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. # actual # reconstructed overlap avg.
drawing - ...
strokes ours WinTopo % deviation

CAT 44 44 74 88.77 1.568
GIRL 24 24 43 88.50 1.520
HELLO-WORLD 6 6 30 94.89 1.215
OLD-MAN 42 42 50 86.29 2.957
DUCK 17 17 35 87.34 2.135
CHEETAH 25 25 42 83.66 1.994

Table 3.2: Evaluation of accuracy: the number of reconstructed strokes, overlap per-
centage, and average deviation.

than the actual number of strokes drawn by user due to its deficiency in re-

solving various stroke recognition ambiguities, see again Figure 3.1.

ii) Overlap Percentage. Second, we evaluate how close our vectorization re-
sults are to the actual drawing. Here we first scan the paper drawing and use
a simple binary segmentation to extract the actual strokes. Then, we transform
and overlay our vectorized strokes onto the scanned image (through the recov-
ered homography) and compute the overlap percentage: |A N B|/|B|, where
A and B are sets of pixels covered by the scanned strokes and the vectorized
strokes, respectively. Note that this measure aims to see how the vectorized
strokes (actually one-pixel-wide lines) are contained within the actual strokes

in the scanned image space.

From Table 3.2, we can see that our method can attain very high overlap per-
centage, but not yet perfect, because: 1) the homography recovered for com-
puting the overlap percentage is not perfect, and 2) we use a discrete set of
stroke points (captured in each frame) to reconstruct a stroke by spline-fitting.
Since WinTopo vectorizes strokes by binary-thinning the scanned images, its
vectorized results can always perfectly overlap with the original strokes. How-
ever, from Figure 3.10, we can still see how similar our vectorization results

are with respect to the scanned drawings.

iii) Average Deviation. Third, we quantitatively measure the deviation of our
reconstructed strokes from the scanned drawings in pixel units. Like overlap

measure, this is done in the image space of the scanned drawings.

Let P and Q be the set of pixels belonging to the scanned strokes and our
reconstructed strokes (1-pixel wide), respectively. We compute the average de-
viation between them as dev(P, Q) = Y, comin||g; — p;|/|Q|, where p; is the
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Figure 3.8: Our method supports a variety of pens and pencils. Top row: differ-
ent pen-tip templates; middle row: actual strokes drawn on paper; and bottom row:
corresponding strokes recognized by our method with the pen/pencil.

pixel in P that is the nearest to ¢; in the image space. From the results shown
on the rightmost column of Table 3.2, we can see that the average deviation
is consistently around 1 to 2 pixels, indicating that our results are sufficiently
close to the original strokes. Note that the resolution of the scanned images
used in this experiment is 877 x 637 pixels.

iv) Visual Comparison. Lastly, we randomly colorize the recognized strokes
for both our results and WinTopo, and perform a visual comparison. Two com-
parison examples are shown in Figure 3.9. From the zoomed views shown in
the figure, we can clearly see that WinTopo suffers from stroke recognition
ambiguities, and tends to break strokes at junctions, thereby producing exces-
sive strokes. In contrast, our method, which employs temporal information,
can accurately reconstruct the long strokes while retaining the original stroke

continuity and avoiding various stroke recognition ambiguities.

3.6.4 Evaluation: Occlusion Detection

Next, we explore and illustrate how occlusion detection helps to improve the
stroke recognition. A typical case is presented in Figure 3.11. During the draw-
ing process, hand and pen occlusions could seriously interfere the stroke point
analysis process described in Section 3.4.1. See the drawing in Figure 3.11(a)
and the resulting L o G response in Figure 3.11(b). If we analyze this response
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Figure 3.9: Visual comparison of stroke reconstruction results: our method (left) and
WinTopo (right).

and extract the stroke points around the pen-tip trajectory at this moment
(video frame #84), the analysis result would be error-prone.

Hence, we detect and track the hand and pen occlusion regions over the video
frames, see Figure 3.11(c), and postpone the stroke point analysis and extrac-
tion till the occlusion is clear, see Figure 3.11(d). By this mechanism, we can

improve the extraction quality while attaining full automation.

3.6.5 Evaluation: Vectorization Results

Figure 3.10 presents the vectorization results generated by our method and
compares them side by side with scanned images of the original drawings.
Notice the individual reconstructed strokes (each randomly-colored). They are
free of the various stroke recognition ambiguities we mentioned in Section 3.1
(see also Figure 3.1); in addition, they can correspond nicely to the actual
strokes drawn by the user. This demonstrates one key advantage of our online

method in improving the stroke recognition quality.

Furthermore, we develop a video-scribing application, which renders the vec-
torized strokes on a virtual paper according to their spatio-temporal orders
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Frame: 84 Frame: 94

Pen occlusion

~ Hand occlusion
C

Figure 3.11: Example of how occlusion could interfere the analysis of stroke points:
(a) notice a number of stroke points are occluded by the hand and the pen-tip at the
moment; (b) Lo G response affected by the occlusion; attempting to recognize stroke
points in the presence of occlusion is error-prone; (c) occlusion mask computed by our
method; and (d) valid L o G response of the stroke after the occlusion is clear.

- |
- E Y

Figure 3.12: Video scribing. Our method enables us to easily re-render the vectorized
strokes, which have temporal information, and produce a video scribing effect. The
drawing video is spatio-temporal coherent with the original drawing by the user but
goes without the pen and the user’s hand.

52



CHAPTER 3. LINE DRAWING VECTORIZATION WITH CAMERA

but without the pen and user’s hand, see Figure 3.12 for image snapshots.
By this, we can simulate and visualize the actual drawing process, and create

visually-pleasing animation effects.

3.6.6 Variety of Pens and Pencils

Our method can support a variety of pens and pencils. To include a new
pen/pencil to stroke recognition, the user may present picture of the pen tip
in front of the camera, and then apply our interface to crop the picture and
create a pen-tip template. After that, our method can employ the pen-tip
template to automatically locate the pen-tip trajectory. Figure 3.8 shows a
simple example where the top, middle and bottom rows in the figure show the
pen-tip templates, scanned image of a drawn stroke, the vectorization results,

respectively.

3.7 Summary

This chapter has presented a novel interactive camera-based method to cap-
ture and vectorize freehand line drawings on paper. There are three key con-
tributions in this work. First, we propose a robust spatio-temporal tracking
technique that can efficiently localize and track the pen tip in video frames.
This technique combines the strength of a fast-cascade classifier with discrim-
inable features and optical-flow tracking (which is less accurate) to achieve
high performance and accuracy. Second, we extract stroke points in the video
frames by considering not only the edge profiles around the estimated pen-tip
trajectory but also the hand and pen occlusion to improve the stroke recog-
nition accuracy. Lastly, we employ clustering to produce meaningful strokes
that are spatio-temporally coherent with the actual strokes drawn by the users.
As for the evaluation, we perform a number of experiments to examine dif-
ferent aspects of our method: computation performance, accuracy against ac-
tual drawings and an offline commercial tool for vectorization, as well as pen
and hand occlusion. In the end, we use the method to produce assorted vec-
torization results of clean line drawings, as well as apply it to produce the

video-scribing animation effect with some of our results.
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Limitations

Our technique has certain limitations that we are worth discussing for future
investigations. First, we assume that the paper is fixed in the drawing space
to considerably simplify the problem. However, it is common for artists to
rotate the paper for convenience when drawing. To support this, we need a
procedure to estimate the paper orientation in each video frame to support
further analysis by our method. Second, our current method can only sup-
port clean strokes, and is hence potentially applicable to the cleaning up or
inking stage. Sketchy strokes that are crowded and drawn in close proximity,
are common in the initial stages of cartooning when the artist is still experi-
menting with the design. However, since our method estimates the pen-paper
contact by analyzing the pencil marks (or ink trail) on paper, this becomes un-
reliable when strokes are densely crowded. Third, there are some corner cases
where our technique can fail, e.g., drawing a stroke so fast that it hinders the
pen tip tracking, drawing light strokes that are too dull to stand out from the
paper, and occluding the pen tip thereby preventing its tracking. Lastly, while
our method resolves several ambiguities faced by offline vectorization meth-
ods with reasonable accuracy in vectorization, this can be further improved
for demanding applications. A hybrid approach using both offline and online
techniques can help with the above two problems. Such an approach has been
recently explored for decomposing paintings into editable layers by analyz-
ing the video of the painting process in an offline step [111]. However, our
problem is more challenging due to need for accurate stroke correspondence
between online and offline estimations, as well as dealing with occlusions,
and is worth investigating in future. Such a hybrid approach can also help to
improve the efficiency of complex offline vectorization algorithms. Detailed
solutions that can potentially address these limitations are discussed in Chap-
ter 7.
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CHAPTER 4

Globally Consistent Wrinkle-Aware
Shading of Line Drawings

4.1 Introduction

Shading can dramatically change the atmosphere and style of a 2D drawing,
and is an important step in both comics and animation production. Once the
line drawing is digitized and/or vectorized, for e.g., using the technique pre-
sented in Chapter 3, the next step in the cartooning pipeline is to shade the
drawing. Artists currently achieve this by imagining the 3D shape of the ob-
ject being depicted and the light source location, and manually drawing the
shading regions, followed by coloring them, or laying screentones based on
the desired visual style. While such process can be automated with the pres-
ence of geometry, artists are very unlikely to model the geometry for every
single drawing. Therefore, it would be desirable to infer certain geometry in-
formation directly from the artists’ clean line drawing, automate the shading,
and save the artists from the tedious shading process, so that they can focus

on the design.

Early methods for geometric modeling of line drawings [112, 56, 113, 55, 114,
115] seem to be applicable for our need. However, these methods are designed
mainly for line drawings of rigid polyhedral shapes in orthographic view.
In our case, arbitrary 2D drawings generally depict freeform objects with no

guarantee on the physical correctness.

On the other hand, sketch-based modeling methods [116, 117, 118] may be
usable, but they are too demanding for our shading purpose as they aim to
create a complete 3D geometry, requiring much user annotation. Note that
traditional 2D cartooning is a highly labor intensive process with a very tight
schedule. An approximate view-dependent proxy geometry would be suffi-

*This author was the primary contributor who conceived the research idea, performed
literature survey, carried out the implementation, and conducted the experiments. This work
is in collaboration with a research group in The Chinese University of Hong Kong.
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Figure 4.1: Even with just a few strokes, line drawings can illustrate nontrivial
geometric features that are (perceptually) not difficult to recognize.

interpret

i , or

dent bulge

Figure 4.2: Ambiguity in interpreting the two wrinkle strokes shown on the left.
Locally, we may interpret the region inbetween the strokes as a dent (mid) or as a
bulge (right). Note that white and black colors indicate near and far, respectively.

cient to support the shading, similar to [78]. However, their method considers
mainly the region contour, while we need to consider interior strokes, which
depict intra-region bulges and dents around wrinkle strokes in complex draw-

ings, so that we can compute and generate the shading.

Besides, some methods aim to recover normal field [80, 84, 85] or proxy ge-
ometry [75, 76] from line drawings; however, they are not very successful in
analyzing the semantics of interior strokes, e.g., see the wrinkle strokes in
Figure 4.1. As their interpretation of strokes is either user-driven or handled
locally without a global consideration, the inferred local geometry may not
be consistent over the drawing. In particular, we may have ambiguities in the
local interpretation, see Figure 4.2. Such crowded wrinkle strokes are not rare
in complex 2D drawings, unfortunately.
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To automate shading production on line drawings with wrinkles, we develop
a series of computational methods, as summarized in the following novel tech-

nical components:

e First, we adopt and model five different perceptual cues, including T-
junction, convexity, continuity, proximity, and regularity, to interpret the
local geometric meaning of wrinkle strokes by exploring relevant psy-
chological principles. These cues analyze not only stroke shapes and
connections but also their spatial arrangement and interaction in line

drawings.

e Second, we formulate a global optimization to the stroke interpretation
problem, aiming at maximizing the fulfilment of local interpretations
and minimizing the inconsistencies across interpretations over the draw-
ing.

e Third, we present a wrinkle-aware inflation method to estimate the par-
tial geometry and produce shading on the input line drawing. Our in-
flation method can help generate two commonly-used shading styles:
soft shading, which imbues a 3D-like feel, and 2D shading, which is
commonly seen in traditional cartoon and manga (see Figure 4.3 and
Figure 4.4).

To demonstrate the applicability and effectiveness of our method, we show
various shading results on different kinds of line drawings, and conduct dif-

ferent experiments to evaluate and compare against state-of-the-art methods.

4.2 QOverview

Our Goal

The input to our method is a set of strokes (including both interior and bound-
ary strokes) in a vectorized clean line drawing, e.g., see Figure 4.3(a). These
strokes are purposely drawn by hand to illustrate various geometric features
such as bulge, dent, and silhouette, while each of the strokes is simply given

as a 2D polyline, without any label that indicates the geometric features.

Given such input, our goal in this work is to analyze wrinkle strokes in line
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(a) Input Line Drawing (b) Stroke Analysis (c) Wrinkle-aware Inflation & Shading

Figure 4.3: Overview. Our method takes a 2D line drawing as input (a), and analyzes
various perceptual cues to estimate local geometric information around each stroke (b).
After that, we combine these local cues via an optimization model to maximize the
satisfaction over the local inference and to obtain a globally-consistent stroke interpre-
tation. Lastly, we perform wrinkle-aware inflation to generate a proxy geometry that
can be used to generate shading (c).

drawings, including how they spatially interact with one another, so that we
can estimate a partial geometry information to automate the creation of vari-

ous shading styles on line drawings.

The Challenges

To produce shading with wrinkles, we at least need to roughly locate where
to shade and how much to shade. To support such computation, we have to
estimate certain local geometry information around the strokes, even if we do
not require physical correctness. This is a challenging problem as we are given
only a single static line drawing without temporal information, as opposed to
an animated sequence of drawings or a set of video frames in Zhang et al. [99]
and Liu et al.’s work [61]). Our input strokes are simply 2D polylines without
labels and user annotations. To resolve this, we can consider the following

subproblem:s:

First, we have to estimate the local geometry around each stroke, specifically, i)
what is the local gradient around the stroke, ii) whether the stroke is occluding
or non-occluding, and iii) any specific geometric feature around the stroke,
e.g., Tjunction, etc. To support the analysis, T-junctions can help to estimate
the local geometry [61, 62], but Tjunctions are insufficient for resolving the
problem, since most of them are around the object boundary, while wrinkles
in line drawings often occur in the interior, see Figure 4.1 (left).
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Figure 4.4: Common shading styles. 3D-like soft shading makes use of gradients and
soft shadows (left) [119], while 2D-flat shading (e.g., as in manga) has hard shading
region boundaries. Also note how the shading region seldom crosses over strokes.

Second, we need to integrate local geometry information estimated from in-
dividual strokes, so that local stroke interpretation can be spatially consistent
with one another for generating a partial geometry to support the shading. If
we consider only local cues around individual strokes, the estimated geometry

may be ambiguous and/or featureless.

Lastly, we need to consider the shading style characteristics. In general, there

are two types of shading (see Figure 4.4):

e Soft shading resembles 3D shading and is created with color gradients.
Such a style has a smooth transition from dark to light across the shad-
ing region and provides a nice 3D perception; it is however harder to

create manually in 2D space since the shading involves gradients.

e 2D shading seen in traditional cartoon and manga is different from con-
ventional 3D shading. Here, the shading region has hard boundary, with
solid color or texture and usually does not go across the strokes in the

drawing.
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Our Approach

We approach the above subproblems through a novel three-stage computation

pipeline as shown in Figure 4.3.

Given an input 2D line drawing (Figure 4.3a), our method analyzes not only
T-unctions but also several other perceptual cues by consulting relevant prin-
ciples from Gestalt psychology. These include cues on individual strokes (con-
vexity), as well as cues on pairs and groups of strokes (proximity, continuity,

and regularity).

Next, to obtain a globally-consistent stroke interpretation over the perceptual
cues, we formulate a novel optimization model to combine and balance the
local stroke inference results (Figure 4.3b). Here, we define energy functions
to quantify individual cues, and integrate them into a global energy function,

so that we can maximize the perceptual consistency over the drawing.

Lastly, to produce shading, we develop a wrinkle-aware inflation method
to estimate a partial geometry by constructing a mesh and estimating its
z-coordinates (a height field) from the local depth profiles inferred around
strokes (Figure 4.3c). We design our inflation framework such that the recon-
structed mesh will satisfy the shading characteristics of the desired shading
style, i.e., 3D-like soft shading or 2D flat shading as mentioned above.

4.3 Inferring Stroke Gradients

4.3.1 Simplified Stroke Model for Wrinkles

We consider two kinds of strokes in our input: bound- p
en

ary and interior. For boundary strokes, which enclose the
object in drawing, we employ straightforward boundary
conditions to model their geometric behavior, see Sec- Left side
tion 4.4. For interior strokes (each denoted as s;), we use
a simplified stroke model to describe their depth pro- Right side
tiles. Note that like freeform 2D drawings, this model
is not for physical correctness, but for estimating per-

start
ceptual information, so that we can later estimate partial
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(a) Ridge/Valley (b) Suggestive Contour (c) Occluding Contour

Figure 4.5: These cross-sectional views illustrate transitions across depth profiles in
the simplified stroke model, where the green dot refers to a point on the stroke. In this
model, when |k;| is small, the stroke is interpreted as a ridge or valley, and when |x;|
increases, the local depth profile gradually transits to a suggestive contour, and then
to an occluding contour with local depth discontinuity.

geometry for generating shading.

On a wrinkled surface, different surface regions are deformed to different ex-
tent. So, a line drawing can have ridge/valley strokes, suggestive strokes, as
well as occluding strokes (see Figure 4.5), depending on the amount of depth
difference, or gradient, across the stroke. Our simplified stroke model con-
siders a smooth transition across these depth profiles, and employs a signed
value, denoted as x; € [—1,+1] (for stroke s;), to describe the transition. In
particular, the sign of «; can indicate the gradient direction, or equivalently
which side of the stroke is higher or lower in the depth profile while its mag-
nitude can indicate the relative amount of depth difference. We also define the
orientation reference (left and right sides) of each stroke by traveling along the
stroke from its start to end point (see inset figure); here, x; is said to be positive
if the left side of the stroke is higher, and vice versa.

Next, we explore five different perceptual cues to obtain local hints about «;
(Section 4.3.2), and then formulate an optimization model to combine these

local hints to infer a globally-consistent stroke interpretation (Sections 4.3.3).

61



CHAPTER 4. GLOBALLY CONSISTENT WRINKLE-AWARE SHADING OF
LINE DRAWINGS

\ lower side
TN

higher side

Figure 4.6: Perceptual Cue: T-junction.

4.3.2 Perceptual Cues
T-junction

A T-unction is formed when an endpoint of a stroke lies on another stroke.
Perceptually, this suggests a local occlusion, see the amodal completion law [58]:
we tend to interpret the interrupted curve as the boundary of some object
undergoing an occlusion, i.e., the side next to the interrupted curve is lower

than the side next to the other curve, see Figure 4.6.

We explored two metrics for T-junction based on the junction angles: [61]
and [62]. We adopt the latter one since we found it to be more robust for

our case in experiments. In detail, we compute the T-junction cue as:

1 T T
T, = 5| l@modm) — Z —[(Bmod m) — 5| |, (1)
where « and B are the junction angles (see again Figure 4.6) and mod is the
modulus operator. The range of T; is [—1,+1]: a value close to zero indicates
a weak T-junction (e.g., when a ~ ), while a value close to +1 (or -1) indicates
a strong T-junction with the side on angle a (or B) being higher than the other.

Note that for strokes that do not associate with any T-junction, T; is zero.

Convexity

Convex shapes could be perceptually associated to figure or foreground re-
gions in Gestalt psychology [120]. Several works have employed this cue to
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lower

higher

(b)

Figure 4.7: (a) Inflections give rise to ambiguity in perceiving the depth across a
stroke. (b) Perceptual Cue: Convexity.

separate figure and ground [121] and to estimate local layering [80, 60]. For the
case of wrinkles, see Figure 4.7, when a stroke bends towards one of its sides,
this suggests the presence of a local bulge in the associated convex region.
Hence, the bulge side of the stroke would be higher than the other. However,
if the stroke contains an inflection (see Fig. 4.7(a)), ambiguity could arise in
the result.

From these observations, we quantify the convexity cue based on the deviation
(signed area) of a stroke (s;) from the straight line (L;) that joins s;’s endpoints
(see again the above inset figure):

Vi = clamp( A;/(aAo) , [-1,+1] ), (42)

where A; is the signed area of s; deviated from L;, Ay is the area of a semicircle
with L; as diameter, a is a parameter set to be 0.5 in all our experiments,
and clamp(value, [min, max]) is a function that truncates the given value in the
range [min, max|. Using this formulation, strokes with inflections receive small
|Vi|, while convex strokes with single-sided bending receive large |V;|. Again,

positive V; indicates that the left side of the stroke is higher, and vice versa.

Continuity

The Gestalt principle of good continuation [122, 58] suggests that human
tends to perceive a curve as continuing along its established direction. Hence,
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continuous strokes non-continuous strokes
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AN A I

case 1: A,B (higher) & C,D (lower)
case 2: A,B (lower) & C,D (higher)

Figure 4.8: Perceptual Cue: Continuity.

strokes that appear to continue from each other are often perceptually seen
as a single stroke, see Figure 4.8; in other words, they would appear to have
similar depth profiles or gradients.

To estimate the continuity for a pair of strokes s; and s;, we first find a pair of
stroke endpoints, one from each stroke, such that the distance between the two
endpoints is the shortest among the four possible endpoint pairs. We then fit
a cubic spline to connect them following the associated stroke tangent at each
endpoint, see the gray dashed lines in Figure 4.8 (right). Next, we sum up
the total absolute curvature K;; = [ |k(s)|ds along the spline, where k is the

curvature and s is the arclength parameter, and quantify the continuity term:

Cij = G(0; 7)(Kiy) ,
where G(y;0)(-) is a Gaussian kernel with mean y and standard deviation ¢
for controlling the fall-off; hence, G helps to normalize Cij to [0,1], such that
when K;; is zero, C;; is one, and when K;; increases, C;; will gradually drop
towards zero accordingly. Note also that we set C; ; to zero if the length of the
spline is longer than the sum of the length of s; and sj, or the spline crosses

(intersects) some other strokes in the line drawing.

Proximity

For wrinkles illustrated in line drawings, it is common to see spatially close
and nearly parallel strokes that are perceived to press on one another in the

drawing. Hence, the region in-between them would perceptually appear to
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case 1: A (higher), B (lower) & C (higher)
case 2: A (lower), B (higher) & C (lower)

() (b)

Figure 4.9: (1) Bulges and dents appearing alternatingly due to proximal strokes. (b)
Perceptual Cue: Proximity.

be a bulge or dent resulted from a local deformation, see the T-shirt example
in Figure 4.9a. In this way, these bulges and dents would occur alternatively
across the regions around the two strokes, see cases 1 and 2 illustrated in
Figure 4.9b. See also the inset figure (markers 1 and 2 indicate dents, while
marker 3 indicates a bulge), which is the reference photo that the artist em-
ployed for sketching Figure 4.9.

From observations, the strength of the proximity cue (or the amount of local
deformation or gradient) is affected by: i) spatial proximity between strokes,
i.e., the closer the stronger; ii) parallelity of the stroke pair; iii) the percep-
tion would be reduced (or even nullified) if there is another stroke in-between;
and iv) the perception is unaffected even though the two strokes do not have
exactly the same length (see box in Figure 4.9 (right)). To model the prox-
imity cue according to these characteristics, commonly-used metrics such as
Hausdorff distance [123] and Fréchet distance [124] would perform poorly,
especially for (ii)-(iv), see Figure 4.10 for a quantitative comparison.

Our metric is computed as follows. Given strokes s; and Sj without loss of
generality, we assume that s; is shorter than or has the same length as s;.
Then, we sample N uniformly-spaced points along s;, say py with k € [1, N],
where p; and py are endpoints of s;. For each p;, we determine a point gi
on s;, such that the distance between py and gy, i.e., ||px — gx||, is minimized.
Next, we define a binary function &: & is zero if the straight line segment
joining pyx and g intersects some other strokes; otherwise, J; is one. From
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H: 0.533 0.457 0.583 0.533
F: 0.653 0.616 0.601 0.653
1-P: 0.428 0.308 0.425 0.810

Figure 4.10: Comparison of metrics for various forms of stroke pairs commonly found
in wrinkle line drawings: Hausdorff distance (H), Fréchet distance (F), and (1 - P)
where P is our proximity metric. Note that proximity is inversely proportional to the
distance; in fact, the left three cases should be a strong proximity (low values) while
the rightmost case should be weak (high values) due to occlusion.

these, we compute the proximity cue P;; (s; w.r.t. s;) by averaging the distance

values modulated by J; and a Gaussian kernel:

1
P"‘ = = 5k -G 0;0.2 <min k — Yk ) ’ (4.3)
g NkaeSj (0;02) { min [lpx — gl
where G is a Gaussian kernel with =0 and ¢=0.2 for mapping distance val-
ues to [0, 1]. Note that if py and g are near and unoccluded, the mapped value
will be close to one, and vice versa. For normalization purpose, we scale the
input drawing, so that its larger side has one-unit length while the aspect ratio

is preserved.

Regularity

When three or more similarly-shaped strokes align roughly in the same ori-
entation with similar spacing in-between, see Figure 4.11, we tend to perceive
them as a group with similar property, see the regularity gestalt [58]. In this
situation, the strokes in the group would appear to portray similar depth pro-
files rather than alternating bulges and dents.

We consider the following criteria in modeling the regularity cue: i) the spac-
ing in-between neighboring strokes, ii) the local depth profile suggested by

the convexity cue (V;) and T-junction cue (T;), and iii) whether the strokes
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case 1: A higher than B and B higher than C
case 2: A lower than B and B lower than C

Figure 4.11: Perceptual Cue: Regularity.

align roughly in the same orientation. Before we formulate the cue, we first
construct a stroke graph G to model the spatial proximity among strokes in
the line drawing: each stroke s; is represented as a node in G and an edge is
added between nodes of s; and s; if P;; is larger than a threshold (which is set
to be 0.5) and the two strokes have similar depth profiles suggested by local
cues V; and T;. For each edge, we compute [;;, which is the size of the (average)

spacing in-between s; and s;.

Next, we aim to find subgraphs with three or more nodes in G that have
similar [;; values. This can be done by a simple breadth-first traversal from
each node in G. For each subgraph obtained, we compute the regularity cue
for each of its connecting edges:

Rij=G(0;0.2)(| L — 1), (4.4)

where [ is the median of /;; among the edges in the subgraph, and G is a
Gaussian kernel to put the regularity cue into range [0, 1]. In other words, R;;
measures how well each pair of strokes fits with other strokes within the same
regularity group. For stroke pairs not in any regularity group, we set R; ; = 0.

67



CHAPTER 4. GLOBALLY CONSISTENT WRINKLE-AWARE SHADING OF
LINE DRAWINGS

4.3.3 Optimization Model

Energy Terms

Next, we formulate an energy term for each perceptual cue to constrain the

unknown variables x; accordingly:

T-junction Energy ET measures how much the «; variables deviate from the

corresponding T-junction cue estimations (T;):

N
Er =Y |Til- ki — T|1%, (4.5)

i=0
where N is the number of strokes in the input. In Eq. 4.5, by multiplying
|T;| inside, we can achieve the followings. If a stroke associates with a strong
T-junction, |T;| will be large, so it will be harder for «; to deviate from T; since
our optimization model (to be presented later) minimizes E7. On the other
hand, if a stroke associates with a weak/ambiguous T-junction or simply does
not associate with any T-junction, |T;| is small or zero, so «; can be more freely

adjusted and may take a value far from T;.

Convexity Energy Ey is formulated in a way similar to Et, but it encourages x;

to be close to the estimated convexity cue (V;):

N
Ev =) Vil [l = Vil* . (4.6)
i=0

Continuity Energy Ec encourages a stroke pair (say s; and s;) with high conti-
nuity value (C;;) to have similar depth profiles (k;), since they would percep-
tually appear to be the same stroke:

Ec= Y. GCij-¢(si,s5) - (xi-%5) . (4.7)

ij s.t ij
where ¢ has a value of either —1 or +1 to rectify the sign of x; and «; since the
orientation of s; and s; may not match (see the inset figure in Section 4.3.1); it
is set to +1 if the orientation of s; and s; do not match at the nearby endpoints
and —1 otherwise. Note also that we multiply ¢, x; and «;, so that when we

minimize Ec in the optimization, k; and «; are encouraged to have the same

68



CHAPTER 4. GLOBALLY CONSISTENT WRINKLE-AWARE SHADING OF
LINE DRAWINGS

sign (both positive or both negative) if s; and s; have the same orientation, or

opposite signs, if s; and s; have different orientations.

Proximity Energy, Ep encourages a stroke pair s; and s; with high proximity
P; ; to have different signs, so that they can have different depth profiles with
alternating bulges and dents:

Ep= Y. P (—¢(sisp)) - (ki-K)) - (4.8)

Note that Ep is formulated similar to Ec, but we use —¢, so that we can
encourage k; and x; to have opposite signs, and produce alternating depth
profiles, when |P; ;| is large.

Regularity Energy, Er encourages strokes in a regularity group to have similar
depth profiles (k;) based on their affinity (R; ;) to the group. We formulate this

as a pairwise energy term similar to Ec:

Er= Y. Rij-¢(sisj)-(ki-x). (4.9)

ij st i#j

Putting the terms together

To obtain a globally-consistent interpretation of the strokes over the line draw-
ing, we need to combine and balance the estimations from individual cues
(see Section 4.5 for comparison experiment) and seek a solution { x; : x; €

[—1,1]; Vi } that minimizes the combined energy terms:

min {)\TET + AvEy + ApEp + AcEc + )\RER}/ (4.10)
xi€[—1,+1]
where A1, Ay, Ap, Ac, and AR are weights for balancing the influence of the
energy terms. Since T-junction and regularity cues are empirically found
to be stronger than the other cues, we set A7=Ar=8, whereas Ay=2 and
Ap=Ac=5. In addition, since the objective function is quadratic but non-
convex, we choose to solve it by sequential quadratic programming [125],
which iteratively approximates and solves the objective function with a quadratic
programming subproblem. In our experiments, the optimization usually con-

verges in around 5 to 20 iterations.
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(@) (b) (©

Figure 4.12: Inflation with wrinkles. We set up a sparse gradient field based on the
estimated depth profiles across strokes (a), and employ it to further estimate the 3D
surface by propagating the gradients. The surface is designed to be smooth for soft
shading (b), and flat on the upper side of strokes for 2D shading (c).

4.4 Inflation with Wrinkles

After we estimate the depth profile (x;) of the strokes, we next need to recover
partial 3D information to support the shading computation. For this purpose,
we develop a wrinkle-aware inflation method to lift up the 2D drawing to 3D
in three steps:

4.4.1 Sparse Stroke Gradients

Our first step is to define the gradient of the surface along each stroke using
the estimated x; values. Here, the initial gradient defined along the strokes

influences the style of shading that is achieved from the reconstructed mesh.

For soft/3D-like shading, the goal is the reconstruct a smooth and fair surface
that will imbue a 3D-look to the line drawing when shaded. For this case, we

set up the gradient along the stroke as follows:

1. compute 2D unit normal vectors n(s)=[n,,n,]T of each stroke s; (to the
left side);

2. multiply n(s) with x;, so that x;-n(s) aligns with the estimated gradient;

and

3. compute the gradient along the strokes as F*(x,y) = w(s) - «; - n(s), for
each stroke s;, where w; is a weight function defined along a stroke to
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smoothly attenuate the gradient vectors towards the stroke endpoints
(excluding T-junctions), see the length of the (red) gradient vectors in
Figure 4.12(a).

For 2D shading, e.g., manga style, recall that the shading region is defined by
hard boundaries and seldom crosses over the strokes. While hard boundaries
can be achieved by thresholding, ensuring that the shading region does not
cross over the strokes is more challenging. Our key observation in achieving
this effect is that, if the inflated surface is flat on the upper side of the stroke,
but smooth on its lower side, then the shading/shadows will always be cast
on the lower side without crossing over the stroke. To model this, we do the
following:

1. split each stroke s; into two strokes s;” and s/“ which run along the
original stroke in the image space, but are associated to the upper and
lower side of the local region, respectively (based on x;). As a result,
we can constrain the gradient field separately on different sides of the

strokes.

2. compute the gradient along each stroke using steps 1 & 2 above for soft
shading, and assign this to the lower side sg"w;

3. define gradient on s;” as F*(x,y) = [0,0]” so that the upper side across
each stroke is flat.

For boundary dQ), we define the gradient using inward-pointing normals:
F*(x,y) = (—=b(s) -n(s)), where b modulates the length of the normal vectors,
so that we can control the local shape near the boundary when estimating the
surface geometry. For example, if b ~ 0, the surface is locally flat. For each
of our results, b is set as a constant value based on the perceived local shape

near the contour.

4.4.2 Dense Gradient Field

Our next step is to obtain a dense gradient field F(x,y) over the 2D object
region () using the sparse gradients defined above. We propagate these sparse

gradient vectors by minimizing the following energy functional:

rr}in/g IVE(x, )2 + |V x F(x,y)]2 dA 4.11)
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subject to:

F(x,y) = F(xy), V(xy) € {s,}UdQ.

Here V is the gradient operator, V x is the curl operator, and dA is an in-
finitesimal area in (). The first term, seeks a dense gradient field F(x,y) that
smoothly interpolates the sparse gradient vectors defined along the strokes
and the boundary. Note that this is equivalent to seeking a zero Laplacian i.e.
AF(x,y) = 0. The second term minimizes the curl so that F is integrable. Vi-
sually, minimizing the curl ensures that the constrained gradients are retained
as such in F, and spatially propagate farther throughout Q).

4.4.3 Surface from Gradient Field

Next, we aim to estimate an approximate height field f, whose gradient matches
the dense gradient field computed above. Ideally, our goal is to find the surface
f that solves Vf = F. However, such a surface might not exist, since the gra-
dient field F is often not perfectly integrable. Common approaches to alleviate
this problem include projecting the gradient field into an integrable space of
basis functions, e.g., Fourier basis [126], enforcing zero curl constraints [127],
etc. Note that in our case, we had already enforced a soft constraint to min-
imize the curl in a least square sense in Equation 4.11. Now, we apply the
divergence operator as in the work of Kazhdan et al. [128], and seek a surface
f whose divergence of gradient i.e., the Laplacian, matches the divergence of
the vector field F: Af = V - F. In detail, we minimize:

mfin/Q|Af—V'F|2+Mf—f*]2dA. 4.12)

subject to:
f=f VfeisipuaQ

Here, the first term seeks surface f whose gradient approximates F, whereas
the second term constrains f to remain close to f* (a height function) along
strokes and boundary; this can be set to 0 for objects that are flat overall.
Otherwise, f* is estimated by solving the Poisson equation: —Af*(x,y) =
¢, V(x,y) € Q\ 9Q subject to Dirichlet, i.e., fix the height function to 0 to
simulate a bulge near the boundary, and/or Neumann boundary conditions,

i.e., fix the normal derivative of the height function to 0 to simulate thin de-
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formable material such as cloth. In this equation, ¢ controls f* similar to the
inflation model in [78]. The parameter A controls how to close to f* would we
like f to be and is set in the range 0.0 — 0.001. The user may opt for Neumann
boundary condition along the deformable portions of the boundary, e.g., see
the bottom boundary of the cloth in Figure 4.1 (left). By this method, we can
estimate a wrinkled surface f as a height field to support the shading compu-

tation, see a result in Figure 4.12(b).

Discretization Details

We solve Eq. 4.11 & Eq. 4.12 numerically by triangulating () into a mesh [129]
with the following constraints: mesh edges pass through the strokes in the
drawing and mesh faces have similar areas and angles. We discretize the
differential operators at each vertex of the mesh v; by standard linear finite
element formulations that depend on the one-ring neighbors N(i) to reduce
Egs. 4.11 & 4.12 to systems of linear equations. In detail, the Laplacian at each
vertex v; is defined as [130, 131]:

1

Alvi) ~ 5
1

Z (COt jj + cot ‘Bl]) (U] — Z)Z')
ijEN(i)

N| =

where ij refers to one-ring neighbor edges of v;, a;; and p;; are angles opposite
to the edge ij on either side, and A; is the voronoi area at v; that accounts for

differences in mesh sampling.
The discrete curl used in Equation 4.11 is defined as [132]:
V x F(Ul') ~ Z Fijk : ejk
ijkeN(i)
where the sum is taken over triangles ijk incident on v;, e refers to edge

opposite v;, and Fj is the per-face value of the vector field F.

The discrete divergence in Equation 4.12 is defined as [133]:

1
V- F(v;) = 5 Y. cotbj(ej - Fij) + cot O (exi - Fiji)
ijkeN (i)

where the sum is taken over triangles ijk incident on v;, 0. refers to angles
opposite to associated edge e..
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(a) (b) (c)

Figure 4.13: Soft shading style. We first generate an initial grayscale image with
Blinn-Phong shading (a), followed by an ambient occlusion map (b). These are com-
bined and the original line drawing overlaid to generate the final soft shading result

(c).

4.4.4 Shading

The height field f constructed in the preceding subsection provides 3D in-
formation that can be used to determine the shading regions. Our inflation
method can reconstruct a 3D mesh that can adhere to the characteristics of
soft shading as well as 2D flat shading. This enables us to generate these
shading styles in a straightforward fashion. Since the shading region depends
on geometry of the depicted 3D object as well as the direction where the light
comes from, we set up a directional light and aim to generate the shading as a
grayscale shaded image, which can be multiplied with or overlaid on the orig-
inal line drawing image to obtain the shaded result. Since our reconstructed
mesh modifies the z—coordinates of the original line drawing, it is necessary
to use a camera with orthographic projection with the viewing direction per-
pendicular to the plane of the input 2D line drawing so that that the lines
correctly appear on their respective geometric features. Note also that tex-
tures that are painted on the input drawing can be directly mapped using the

x— and y— coordinates of the mesh vertices since we do not modify them.

To obtain a soft shading style, the inflated mesh can be directly rendered
using any available global illumination engine. We generate such a result
(Figure 4.13c), by computing the ambient occlusion (Figure 4.13a), and Blinn-
Phong shading and soft shadows (Figure 4.13b) using 3dsMax 2016. For some
results, we optionally map some simple textures using planar projection along
the z-direction.

74



CHAPTER 4. GLOBALLY CONSISTENT WRINKLE-AWARE SHADING OF
LINE DRAWINGS

(a) (b) (c)

Figure 4.14: 2D manga-style shading. We begin with an initial shading (a), and
generate a binary mask (b), where we apply a screentone texture to obtain the final
manga-style shading (c).

To generate flat 2D style shading, we first generate a grayscale shading im-
age as above, but with hard shadows (Figure 4.14a). Next, we convert it to
a binary image by Otsu’s thresholding [134] to obtain shading regions with
hard boundaries (Figure 4.14b). Finally, we apply a screentone texture on the

shading regions to generate a manga style shading effect (Figure 4.14c).

4.5 Results & Discussion

4.5.1 Implementation

We implemented and evaluated our method on a desktop computer with a
3.2GHz Intel Core i7 processor and 12 GB memory running Windows 7. Our
method takes a single clean line drawing as input. The user could set up the
values for a few global parameters such as the balancing weights in the opti-
mization, boundary conditions, c in the Poisson equation for f*, the direction
of the light source, and the shading style, or else just use the default values.
Then, our method automatically performs stroke analysis, global optimiza-
tion, inflation and shading. Table 4.1 shows the timing statistics for various

line drawings.
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Table 4.1: Time taken to generate shading from the line drawings.

Input Stroke Analysis Optimization Trian{grig:tlor%ime
Cloth 11.6 0.012s 38,793  156.61s
T-shirt 35.8s 0.024s 32,543 78s
Tablecloth 39.5s 0.031s 30,326 80.98s
Jean 2mbls 0.106s 29,438 75.66s
Gown 4m?24s 0.118s 33,806 97.15s

4.5.2 Shading Results

We present our shading results for several input 2D line drawings with wrin-
kle strokes in Figure 4.15. Here, the third & fifth and fourth & sixth columns
show our shading results with soft shading and 2D manga shading style, re-
spectively, generated with a directional light source placed at the top left.

4.5.3 Comparison

We compare our method with two closely-related recent works [78] and [83],
which focus on generating shading with a single line drawing as inputs, see
also Figure 4.16. In particular, we compare the visual details in the shading
results for illustrating wrinkles, as well as the user interaction required by the
method to generate the shading.

[78] proposed a largely automatic framework to reconstruct bas-relief meshes
from images of line drawings and to support the generation of global illumi-
nation effect. While their method works well for simple cartoon images, they
do not incorporate information from interior strokes in their inflation formu-
lation, see top row in Figure 4.16. It is because their Poisson-equation-based
boundary inflation method only generates convex shapes without consider-
ing the wrinkle geometry. Consequently, their geometry captures the global
shading of the reconstructed convex shape, but not the local shading gener-
ated from wrinkles. While their method can support certain interior strokes
with T4unctions by region subdivision, stitching and grafting (see the BUNNY
result in Figure 6 in their paper), such an approach is not feasible for most of

drawings with crowded wrinkle strokes.

[83] designed a user-driven method to generate shading on line drawings us-
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Figure 4.15: Shading results generated by our method. Column 1: input line draw-
ings, Column 2 & 3: soft shading results, Columns 4 & 5: 2D manga shading results.
Note that the light source is fixed at the top-left for Columns 2 & 4 and top-right for
Columns 3 & 5, respectively.
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[Sykora et al. 2014]: inflate Ours: additionally
boundary strokes only consider interior strokes

[Bui et al. 2015]: interior [Bui et al. 2015]: interior

stroke normals interpolated  stroke normals interpolated Ours: optimization-driven
from contour without user from contour with user automatic estimation
interaction interaction

Figure 4.16: Comparison of our results with [78] and [83].
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Figure 4.17: Comparing results generated by our method (Column 3) from input line
drawings (Column 2), created based on ground truth geometry (Column 1). Depth
maps are visualized in Column 4.

ing a hatching metaphor: users would sketch hatching patterns on the draw-
ing that provide cues about the local normal orientation. In the absence of such
information, their method smoothly interpolates the normals from the contour
without considering the local interaction of neighboring strokes. The left and
middle images in the bottom row of Figure 4.16 are taken from [83], showing
the results without and with user interaction, respectively. In contrast, our
method can automatically estimate a consistent geometry from the line draw-
ing without such additional input, by analyzing the spatial interaction among
the strokes in the drawing, see Figure 4.16 (bottom-right). Additionally, since
our method reconstructs a proxy 3D mesh rather than just a normal field, we
can generate better visual effects, e.g., ambient occlusion, ray cast shadows

etc. that improve the richness of the shading.

Next, we perform an informal qualitative comparison with ground truth ge-
ometry, even though physical correctness is not our focus in this work. Two
line drawings in Fig. 4.17(middle), were created based on the complex ground
truth geometry shown in Fig. 4.17(left). Using these drawings as input, we
generated height fields using our method, which are shown in Fig. 4.17(right).
From this, we can see that our geometry roughly matches with the ground
truth, and is especially consistent around the wrinkle strokes.
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4.6 Summary

This chapter presents a novel method to analyze wrinkle strokes in clean line
drawings and to produce manga-style shading over the drawing. Our ma-
jor contributions in this work include: i) the computational models of five
perceptual cues (T-junction, shape convexity, proximity, continuity, and reg-
ularity) for wrinkle strokes, where we design the models by exploring the
local shape, spatial relation, and interaction of strokes by consulting relevant
psychological principles and manga drawing style; ii) an optimization formu-
lation for producing globally consistent wrinkles by combining and balancing
the local estimation from the cues, and iii) a wrinkle-aware inflation method
for generating proxy geometry to support two commonly used shading styles.
Compared to the prior work, our method has several unique features such as
the ability of automatically generating rich wrinkle geometry conveyed in the
interior strokes, the ability of producing globally consistent shape inference,
and supporting shading characteristics employed by artists, which have been
demonstrated by various experimental examples. These features facilitate the
generation of plausible shading on such complex line drawings which is diffi-

cult with previous work.

Limitations

Our method shares some common limitations with other works that perform
3D reconstruction from a single 2D input. First, our method cannot recon-
struct a plausible surface when the actual (perceived) depth of the strokes in
the drawing vary drastically. For example, the z-coordinates of strokes (w.r.t
the viewpoint) in the TABLE drawing vary significantly, and hence our result
will not match closely with the ground truth. Second, our inflation method
assumes that the geometry is smooth and cannot generate polyhedral shapes
such as sharp edges or tilted planes. Lastly, our method assumes that lighting
and geometry are the main influencing factors for shading, but several other
artistic criteria are often used, such as the mood of the scene, personal style
of the artist, etc. We discuss potential avenues to resolve these limitations in
Chapter 7.
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CHAPTER

2.5D Cartoon Hair Modeling and

Manipulation

With the huge availability of 2D digital cartoon images and video clips avail-
able today, there is significant artistic value if we can somehow enable end-
users to reuse this content and create intriguing results by animation or ma-
nipulation. Such a problem requires at least a 2.5D understanding of the im-
age or video i.e. we need to identify the various foreground elements from
the background, infer the depth ordering among the neighboring regions and
complete the occluded regions so that holes do not become visible when the
layers are manipulated. Particularly, our automatic layering method is mo-
tivated by Gestalt psychology, like in Chapter 4, and is based on analysis of
T-unctions and convex overlapping regions. To this end, in this chapter, we
specifically consider the problem of animating the hair of cartoon characters
in still images by 2.5D modeling.

5.1 Introduction

Single-view modeling and animation is a challenging but valuable computer
graphics problem. From just a single image, it aims to reconstruct the image
contents for producing appealing visual effects with very little user input.
Since there is very limited information in a single image, the problem is highly
challenging, but at the same time, it is also highly valuable because it requires
very little data preparation effort, and yet can deliver visually-pleasing results.

Several pioneering works have been proposed to deal with this research prob-
lem on different kinds of input images. For example, Lin et al. [135] generated
animated videos from a small collection of high resolution stills by tempo-
ral ordering and a second-order Markov chain model. Xu et al. [136] created

*This author is the second contributor, and mainly helped in implementing, and data col-
lection and processing with, the techniques mentioned in Section 5.2 (segmentation), Section
5.3, and Section 5.6 (evaluation). This work [62] was in collaboration with Mr. Chih-Kuo Yeh
from National Cheng-Kung University, who is the first author.
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(a) input 2D image (b) segmentation (c) layering (d) completion  (e) skeleton generation (f) animation and
manipulation

Figure 5.1: Overview of our 2.5D approach. Note that in subfigure (c) above, the
orange arrows show the depth ordering, i.e., pointing from occludees (lower layer) to
occluders (upper layer), whereas the = signs denote same depth ordering; in subfigure
(d) the light blue color represents the completed hair region.

believable animations of animals by analyzing the motion of animal groups
in a single image, while Okabe et al. [137] animated fluids in images by ex-
tracting their motion patterns from video examples. More recently, Chai et
al. [138] animated hairs in a real photo by estimating hair direction field and

reconstructing the hair volume.

Inspired by the above works, this work takes cartoon/manga images as input
instead of real world photos, and aims to analyze the image contents for an-
imating and editing the cartoon hair in an input image. This work is driven
by the fact that hair animation is very common in cartoon anime. If we are
able to produce a 2.5D hair model from a cartoon image, we can effectively
produce a wide variety of intriguing visual effects such as hair animation and
editing. For example, we can present a cartoon character with hair blown by
the wind, and manipulate his/her hair with proper layering.

However, such a modeling problem is technically very challenging: since the
given cartoon image is just 2D, while animating/editing the hairs requires
at least a 2.5D understanding of the image contents. In particular, we need to
layer the hair strands and simulate their movement to create visually-plausible
animations, while attempting to retain the artist’s expressive style in the orig-
inal drawing. This is very different from traditional methods, where artists

manually draw the keyframes.

In this work, we take a 2.5D approach since 2.5D methods are often employed
in cartoon modeling and animation. For example, Rivers et al. [86] and Yeh et
al. [88] showed the simplicity and effectiveness of taking 2.5D approaches to
rapidly model and manipulate cartoon characters. Moreover, the general pub-
lic is used to the 2D visual style of cartoons, and 2.5D approaches can help
retain the artist’s drawing style. Furthermore, 2.5D hair models are sufficient
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Figure 5.2: Left: edge extraction; middle: constrained Delaunay triangulation; right:
markups for segmenting hair strands.

for our problem since we take 2D cartoon images as inputs, and by recon-
structing a 2.5D hair model, various cartoon hair animation and manipulation

effects can be achieved without tediously reconstructing a 3D hair model.

In summary, we propose a novel three-fold solution to handle the problem:
(i&ii) new layering and completion methods to construct a 2.5D hair model from
a still cartoon image; and (iii) a deformation strateqy to animate 2.5D hairs
based on fluid simulations. Our layering method relies on a simple and ef-
fective metric derived from the Gestalt psychology to automatically identify
and optimize the layering among the hair strands. Moreover, hair layers from
2D segmentations could be incomplete due to occlusion; our layer completion
method can automatically resolve this issue, and avoids holes in the hair ani-
mation. Then, we generate skeletons of hair strands, and devise a simplified
2D fluid simulation model to produce wind-blown hair animations. To evalu-
ate the quality of our results, we conduct a comparative study to examine hair
animations produced by our methods and conventional cartoon anime. Lastly,
to show the applicability of our method, we demonstrate a wide variety of hair

animation and manipulation effects with our 2.5D hair models.

5.2 Overview

Fig. 5.1 overviews the major steps in our 2.5D modeling approach with a run-

ning example.

Segmentation. For the segmentation step, we first construct a 2D mesh as a

coarser representation of the input image because it is computationally more
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efficient. To do so, we detect contours by the curve extraction method in [25]
(see Fig. 5.2 (left)) as it produces fewer and nicer connected contours as com-
pared to conventional edge detection methods. First, we find all endpoints
and junctions from these curves and keep them fixed. Then, we smooth the
curves by Gaussian filtering, and iteratively simplify them using the Douglas-
Peucker algorithm [139]. Finally, constrained Delaunay triangulation [129] is
used to partition the image (see Fig. 5.2 (middle)).

Next, we build a graph G = (V, E), where the nodes in V and edges E corre-
spond to faces and edges of the mesh, respectively. We adopt a mesh-based
graph-cut segmentation method [140] to segment out each hair strand with
markups (see Fig. 5.2 (right)). The weights of the edges ¢ € E are set as
w(ei;) = @jjlle;jl|, where (i,j) € V; || - || is the norm operator for computing the
edge length; ¢;; is used to penalize the cost of cutting through edges corre-
sponding to homogeneous regions in the image, and is empirically set to be 0
(lowest possible non-negative weight) for extracted curves, and 30 otherwise.
This encourages the segmentation boundaries to pass through the contours of
hair strands in the input image, while avoiding homogeneous image regions.
Alternatively, ¢;; can also be set using the Laplacian or gradient of the in-
put image. Moreover, we employ terminal weights in the graph-cut process,
and model the foreground and background by a Gaussian mixture model;
our background model B is P(C,D|B) = 1 — P(C,D|F), where P(C,D|F) is
the joint probability that measures color similarity C and point distance D to
the foreground stroke F. By this, we can reduce the amount of background
strokes needed for the segmentation. Note that our method can work with
gradients/shading if the hair strands have clear boundaries, but still, other

curve extraction or segmentation methods, e.g., [93], may also be used.

Hair Modeling. After segmenting out each hair strand (see Fig. 5.1(a&b)), we
automatically estimate the layering of hair strands from the segmented regions
(see Fig. 5.1(c)) based on an analytical method we derived from psychological
and experimental observations. Then, we devise a new geometric completion
method based on the active contour model to fill the occluded parts in each
hair strand (see Fig. 5.1(d)). Lastly, we generate the skeletons (see Fig. 5.1(e))
to enable hair animations.

Hair Animation and Manipulation. We may use keyframe-based methods

to animate the hair skeletons, but they lack visual realism and are tedious.
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non-occluding

BAR

segmentation ~ from input
image cartoon image

Figure 5.3: Junctions (both yellow triangles and white circles) and cusp points (only
yellow triangles).

Hence, we devise a simplified 2D elastic model and perform a fluid simu-
lation to animate the hair mesh, (see Fig. 5.1(f)). Other than animation, we
can also perform various hair manipulation effects, e.g., hairstyle editing (see
Section 5.6).

5.3 Cartoon Hair Layering

To ensure proper occlusion among hair strands when we animate and manip-
ulate them, we next determine their depth ordering (henceforth called as lay-
ering). Previous methods mainly focus on general layering problems, requir-
ing either tedious manual specification [51] or extensive datasets for machine
learning [72]. A recent method by Palou and Salembier [60] also employed T-
junctions to resolve the layering, but their results show only a few number of
segmented regions, and the method deals with basic T-junction cases only. In
contrast, our layering method is fully automatic; it does not require extensive
datasets for learning, and can handle rather complex hair layering cases with

arbitrarily shaped junctions.

5.3.1 Junctions and Cusp Points

Junctions are corner points shared among three or more image regions. See the
junctions shown in Fig. 5.3. They are effective visual cues [58] for determining

the layering. However, not all junctions are meaningful for layering. If a
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Figure 5.4: Estimating the layering from junction angles: Left: an ideal case, and
Right: a general case.

junction is located on a contour edge without depth occlusion, see the zoom-in
images in Fig. 5.3, we call it a cusp point, and will not use it when determining
depth ordering between related image regions. Hence, before we compute the
layering later in our pipeline, we first have to identify cusp points among the

junctions.

The procedure to identify cusp points among junctions is as follow: If a bound-
ary line around a hair strand is found to be on a contour line in the input
cartoon image (by summing up the local Laplacian along it), we regard it as
an occluding boundary, see again Fig. 5.3. Otherwise, it is non-occluding, and we
label its end-point junctions as cusp points. Note that we use the equal sign
(=), arrow (—), and bidirectional arrow (<) to denote three possible layering
cases between neighboring regions, see again Fig. 5.1(c), say A and B: A =B
means the same depth; A — B means B above A; and A <+ B means an

ambiguous order.

5.3.2 The Junction Metric ®;

To employ junctions for layering, we first look at the amodal completion law in

the Gestalt psychology [58]:

“When a curve, say Cp, stops on another curve, say C,4, thereby
producing a T-junction, our perception tends to interpret Cp as the
boundary of an object being occluded by the object associated with
CA.”

Fig. 5.4 illustrates this law. As a notation, we name the regions associated with

Ca and Cp as A and B, respectively, and denote the angles subtended by A
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Example 1 (Property 2)

170° 170°

Example 3 (Property 4)
50

55°\| 120°

Figure 5.5: Example Cartoon Hairs for Properties 2, 3 and 4.

and B at the junction as « and B, respectively. In the ideal case, « = 7t and
B = 7/2; and we tend to interpret B as the occludee and A the occluder.

In the general case, C4 and Cp are arbitrary curves, see Fig. 5.4 (right), so
they may not intersect at a right angle to give a layering perception [58], see
Property 1:

Property 1: If w is close to 7w and f is close to 7t/2, we regard A as on
top of B, i.e., B — A.

Moreover, based on observation with cartoon hairs, see Fig. 5.5, we develop
three additional properties for layering. To begin, we first define the concept
of angles domain for junction angles a and p. Since they are located at a com-
mon 2D junction, their sum should not exceed 27t. Moreover, without loss of
generality, we assume « to be a larger angle, i.e.,, « > B. Hence, the domain
of w and f is basically the lower quarter of [0,27t] x [0,27], which is the green
area in Fig. 5.6(a).

Property 2: If « ~ B, the junction metric should not suggest any order-
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Figure 5.6: (a) Domain of junction angles « and B; (b-e) Properties that define the
junction metric for layering.

ing preference, i.e., A <> B.

This is based on the fact that when a and § have similar sizes, see Fig. 5.5
(example 1), we should not arbitrarily decide a layering between their related

image regions solely by « and f, see Fig. 5.6(c).

Property 3: If a+f ~ i, the junction metric should not suggest any
ordering preference, i.e., A <+ B.

This relates to a cartoon-hair situation, where multiple hair strands go below
another hair strand altogether, see Fig. 5.5 (example 2). In this case, a+p ~ 7,
and we again should not arbitrarily decide a layering between the two related

regions solely by « and B, see Fig. 5.6(d).

Property 4: If B is close to 0 while « is not close to 0 or 7, we regard I3
as on top of A, i.e., A — B.

This property is related to another common situation with cartoon hairs (par-
ticularly due to image rasterization), where a hair tip lands on the edge of
another hair strand, see Fig. 5.5 (example 3). Concerning this, when we com-
pare « and B, we regard the region with a tiny sharp angle to be on the top
because hair regions with sharp angles are very likely to be hair tips, i.e., j,
which is the smaller angle, is close to zero. However, since we have to avoid
the situations related to Properties 2 and 3, a should not be close to zero or 7

at the same time, see the blue areas in Fig. 5.6(e).

To capture the above layering properties, we design and formulate the follow-
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estimated
overlapping
region

Figure 5.7: Region overlap metric. By using Green’s theorem, we estimate the signed
area of the overlapping region.

ing junction metric ® IE

@) (a,B) = |(a mod 1) — /2| — |(B mod ) — 7/2

7

where mod is the modulus operator; the sign of ®; indicates the layering
order between A and BB while its magnitude indicates the tendency: if ® 7 ~0,
A« B;if &; > 0, B —+ A, and vice versa. Note that when « ~ 7 and
B ~ m/2, ®; is relatively large and positive, indicating A as on top, and
when &« ~ 7/2 and B ~ 7, ®; is relatively large and negative, indicating
the opposite situation. Moreover, ®; also fulfills properties 3 and 4, which
are related to cartoon hairs. Note also that to avoid rasterization noise when
computing junction angles, we fit a short boundary curve from each junction

point around the segmented region.

5.3.3 The Region Overlap Metric &y

Another local feature we employed for computing the layering is region overlap,
which is also motivated by the amodal completion law. Given regions A and
B with junction points p; and p, (see Figure 5.7), we first construct a straight

line from p; to py, say L 43, and then, define the region overlap metric as
Or(A,B) = 64905,

where 54 and Jp are the area of A’s and B’s portion on the right and left
of L 4p, respectively. For the example shown in the inset figure above, ¢ 4 is
the shaded portion of A to the right of L 4z while 3 is zero. Hence, Py is
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Case 1l Case 2

@J works but not CI)R cI>R works but not <i)J

Figure 5.8: Case 1: ®r does not work because the estimated overlap region is too
small. Case 2: ®; does not work due to layering Property 2. By combining ®; and
D, they complement each other, and help solve the layering for both cases.

positive, suggesting A as on top of B. In detail, we implement the computation
by using half edge data structure to represent the segmented hair regions and
arranging the edges in anticlockwise order. Hence, we can use the Green's
theorem to compute the signed area of J 4 or 65, which is ®g.

5.3.4 The Layering Metric ¢

Given neighboring regions .4 and B, our layering metric ® combines junc-
tion metric ®; and region overlap metric ® to determine the layering order
between them:

DA B) = w- (A B) + Pr(A B)/|Lap|*, (5.1)

where (A, B) = s(p1)®j(a1, B1) + s(p2)Pj(az, B2) denotes the sum of ®;s
at the two junction points between A and B, and s(p) is 0 if p is a cusp point,
otherwise 1. This s(p) helps to avoid ®; at cusp points. To normalize the area
in @, we divide ®g by |Lp|? and use a weight term w (set to be 0.25) to
balance the two metrics. Again, a positive ® indicates A on top of B similar
to ®; and ®p, and vice versa. Fig. 5.8 shows two examples, where we can
successfully determine the local layering order by combining the strengths of
P ] and CDR.
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Figure 5.9: 2.5D hair completion for animation and manipulation. Left: without
completion; right: with completion.

To determine layering among all hair regions in a given image segmentation,
we construct a graph data structure with nodes to denote the segmented image
regions and edges to denote the connections between neighboring regions,
with edge weight equal to the value of the layering metric ®. We then apply
topological sorting to further compute the rendering order among the regions,
by iteratively removing nodes with zero in-degrees from the graph. Note
also that deadlock may sometimes happen during the topological sort, i.e.,
no graph nodes with zero in-degrees. In this case, we search for the related
deadlock cycle in the directed graph, and break the cycle by removing the
weakest directed edge based on ®s magnitude.

5.4 Cartoon Hair Completion

To avoid holes in hair animation and manipulation, we next have to complete
the hair strands, see Fig. 5.9. Single-view image completion has always been
a challenging problem because the hidden parts are unknown and could have
arbitrary shapes. Since we focus on hair animation and manipulation, we do
not need a general completion method to fully reconstruct the hair strands, i.e.,
until they reach the cartoon character’s head. Rather, we develop an efficient
and practical solution for completing 2.5D cartoon hair, capable of delivering

various hair animation and manipulation effects.

Our method considers three cases of cartoon hair completion, see Fig. 5.10(a-

c): The first case happens when two hair strands intersect each other, so the
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Figure 5.10: Hair completion cases: i) intersecting hairs, ii) occluded root, and iii)
occluded tip before and after refinement.

one behind is divided into two disconnected regions. The second case happens
when the root part of a hair strand (closer to the head) is occluded by other
hair strands, whereas the third case happens when the tip part of a hair strand
(far away from the head) is occluded by others.

Case 1: Intersecting Hairs

To identify intersecting hairs, our method starts by matching pairs of occlud-
ing edges from occludee hair regions around a common occluder, see again
Fig. 5.10(a). We consider three matching criteria: 1) color difference between
of the two occludee regions around their corresponding occluding edges; 2)
sum of distances between the corresponding endpoints of the two occluding
edges; and 3) tangent vectors at the occluding edge endpoints.

If a match is found within a threshold, we complete the occluded area by con-
structing two Bézier curves with C; continuity to connect the corresponding
endpoints of the occluding edges. Then, we merge the two divided hair re-
gions, together with the completed area, into a single hair strand in our 2.5D
model.
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Figure 5.11: Left & Middle: Vector fields (F, & F;) constructed from red short curve
segments at p and q, respectively; Right: Combined vector field F,y for pushing Co
(orange).

Case 2: Occluded Root

The second and third cases account for occluding edges that are not paired
with others. Since we do not have a clear shape in the completion, the second
and third cases are more complicated than the first one. Here we first try to
merge (or connect) neighboring occluding edges, e.g., ps and sq in Fig. 5.10(b),
and then grow the related occludee hair strands to form the completion area.

Notations. We denote R as the occludee region to be completed, O(R) as the
set of occluder regions above R, p and g as the two outermost endpoints on
R’s (merged) occluding edge, and T, and T, as the related tangents at p and
q, respectively. See Fig. 5.10(b).

Our Method. We devise an active-contour method based on a novel Hamilto-
nian function, and adopt it in a curve deformation model [141]. In short, our
method iteratively refines a curve, say C;(t), to form the completion area with
the following constraints: C;(0)=p; C;(1)=g; C;(0)=T,; C/(1)=—T,; and C;
should be smooth and lie under O(R).

To adopt the deformable model [141] for our problem, we first construct an
external force field F.y; for pushing C;. To do so, we extract two short curve

segments at p and g, say ¢, and ¢, see Fig. 5.11 (left & middle), and solve the
following Hamiltonian function for A, and B, given ¢,: Hy(x) = %xTApx +
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xT B,, which should satisfy

-0,

& (t) = (8Hpg]:/p(t))’ _aHp(acxp(t))) and BHp(actp(t))

where x is the 2D image space; A, and B, are unknowns solved by the above

constraints. Then, we compute
Fy(x) = R(—=m/2)VH, = R(—7/2)(Apx+ By) ,

which is the vector field derived from c,, see Fig. 5.11 (left). Note that we rotate
VH, by 71/2 clockwise because VH, faces outward relative to R. Similarly,
we solve H, for A; and B, given ¢;, and compute F;(x). Finally, we combine
F, and F; to form

Foxt(x) = Q(x) (tFp(x) + (1 — t)F,(x)) ,

where O)(x) = Sigmoid(Y,(x) - Y4(x)); Yp(x) = max(Hy(p) — Hp(x),0), Yy (x) =
max(Hy(x) — Hy(q),0) are used to clamp negative values to avoid unnatural
hair growth; and ¢ € [0, 1] is an interpolation factor based on distances from p
and g.

After obtaining Fey, see Fig. 5.11 (right), we compute the convex hull of the
occluding boundary of R from p to g, say Cp, see the orange curve in Fig. 5.11
(right). Then, we employ Algorithm 1 with Cy (as an initial curve) and Fy; as

Algorithm 1 ITERATIVE_REFINE (Co, Fext)

1:i<=0
2: while true do
3 i<i+1
4:  for each sample point C;_1(t) do
5: Vi(t) <= [|Fext(Ciz1(t)) - N(Ci—1.(8))[IN(Ci-a(t))
6 Clt) < (1—A)[Cia(t) + Vilt)]
7: if C;(t) outside O(R) then
8: return C;_;
9: end if
10:  end for
11:  if ||Vj|| < € then
12: return C;
13:  end if

14: end while
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inputs to iteratively refine Cy to form the completion area. Note that N is the
normal of the curve; V; is the velocity to push the curve outward; and A is a
pentadiagonal matrix, see [141] for its detail.

Case 3: Occluded Tip

The third case is similar to the second case, except that we need to achieve a
sharp instead of round tip. After we form a round tip by the method in case 2,
see Fig. 5.10(c) (middle), we determine the farthest point on the extrapolated
contour, approximate it with a cubic Bézier curve, and then adjust the tangents

at the farthest point to produce a sharp tip, see Fig. 5.10(c) (right).

Overall Procedure

To differentiate among the above three cases for each occluding edge, we start
with the matching process described in case 1. If an occluding edge can be
paired with others, we perform the completion procedure described in case 1.
For each unpaired occluding edge, we differentiate between cases 2 and 3 by
computing the average distance of the edge to the center of the head. If the
edge is closer to the head as compared to the non-occluded region, we go for
case 2, else case 3.

After obtaining the shape of the completion area, we employ an existing in-
painting method [98] to synthesize the texture and color on the occluded re-
gion using the textures sampled from the remainder of the hair image. Some
artifacts may appear if the hair occludes nontrivial image features such as eyes
and mouth (see Fig 5.13), where manual inpainting is required to complete the
features. This could be potentially automated atleast partially, by exploiting
symmetry of the character’s face for simple cases, or by developing a data-
driven learning approach for face detection similar to those used for human

faces.
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Figure 5.12: Hair animation results: snapshots of 2.5D cartoon hair animations produced from our method.
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Figure 5.13: Nontrivial image features (e.g., eyes) are difficult to inpaint automati-
cally, and require manual intervention.

5.5 Cartoon Hair Animation and Manipulation

To support hair animation and manipulation, we construct a skeleton for each
completed hair strand as follows: First, we determine the tip of each hair
strand by identifying the sharp corner(s) in each completed hair strand. Then,
we look for corners that are locally above the neighboring regions by using the
layering results we obtained earlier. Next, we construct a medial axis from the
hair tip along the hair strand as the hair skeleton. Sometimes, a hair strand
may have branches, so when we grow multiple medial axes from different tips,

we join the medial axes in a hierarchical skeleton.

5.5.1 Cartoon Hair Animation

In general, hair simulations require modeling both the blowing wind and hair
strands in 3D, and coupling 3D fluid dynamics with material deformation.
This, however, could be too complicated for conventional cartoons. Hence, we
propose a simplified simulation, which is efficient for generating wind-blown

hairs.

Our method is based on the following assumptions. First, the movement of
hair strands is approximated by the corresponding skeletons. Second, the
hair dynamics is approximated by a linear elastic model with piecewise rigid
deformation. Third, we ignore hair-hair interactions, and only employ 2D

fluid simulations.

In detail, we move the hair skeleton by the aerodynamic forces from the wind,
and employ the lattice Boltzmann model to solve the incompressible Navier-
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Stokes equation [142] with the hair skeleton as the boundary. After the simula-
tion, we obtain pressure p, which is normal to the skeleton curve. Moreover, to
prevent the skeleton from excessive bending, we model bending force f = yxn,
where 7 is the stiffness; « is local curvature; and n is the normal vector along
the skeleton curve. Together with the gravity force g, the total force acting on
the skeletonis: F = —pn +f 4 g.

Next, we uniformly sample the skeleton curve, and compute F at each sample
node. Then, we perform time integration to deform and animate the skele-
ton according to the following dynamic equation: 6 = TF - n, where 0 is the
change in angle between successive edges at each sample node; 7 is the rate
of rotation, which allows for small or large amount of hair movement. Note
that we deform the skeleton by considering only rotation at sample nodes, and
compute the rotations to bend the hair strand starting from its root till the tip.
To improve the visual realism, we also vary the rotation rate along the hair
by T = Tod", where 19 is the base rotation rate and d is the distance from the
hair root along the skeleton; A is the user-controllable parameter for tuning

the amount of hair bending.

Once we obtain the skeletons and their motion trajectories, we deform the
mesh to follow the skeleton motion by binding each mesh vertex to one or
more bones of the skeleton with appropriate blending weights per vertex. In
our model, we set the weights as the inverse distance from the skeleton curve.
Other standard methods, such as [143], could also be used here.

Fig. 5.12 presents our hair animation results, while the video can be accessed
at https://youtu.be/IVyYACqgh3k. A single wind source is used to simulate
the wind blowing on the cartoon hairs. From these results, we can see that our
method can properly animate the hair strands with appropriate 2.5D layering
while retaining the original drawing style of the artists in the given cartoon

images.

5.5.2 Cartoon Hair Manipulation

Hair Editing. Our 2.5D hair model enables flexible editing of hair strands in
cartoon images, e.g., layering order, hair length, braiding, see Fig. 5.14. We
achieve these effects by manipulating the hair skeleton and adopting the as-

rigid-as-possible method [144] for the deformation. In detail, we formulate
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Figure 5.14: Hair manipulation results: our tool can scale the hair strands to change
the hairstyle (top row); and perform hair braiding by twisting the hair strands (bottom
row) from single input images (leftmost).

it as a minimization problem with a deformation term, a smoothness term,
and a constraint term, and the objective is defined as (Q = wrQgr + wyQpy +
wcQc, where wg, wy and we are the weighting coefficients, which are set
to 20,1,1000, respectively in all our experiments. (g is a deformation term
defined as Qr = Yjcy kes W] (vi — sx) — Tx(V) — s} )||2, where w is the weight
of vertex v; for skeleton s, € S (S is a set of bones) and is set to be the
inverse of the distance from the skeleton; and symbol ’ indicates variables of
the deformed skeleton. Ty is the transformation matrix that constraints the
resizing of hair along the tangential direction of the skeleton to maintain the

overall shape; it is defined as a rigid transformation:

s 0
1

T =R}, R,

where ¢, = sy, — sy and e, denote the deformed edge vector, Rz/ is the ro-
tation matrix that transforms vertex v to v; and s = ||ex||/||ex|| is a scale
factor. This transformation allows (and prevents) scaling along tangential
(and normal) direction of the bones. ()p is a smoothness term defined as
On = Y(ij)eE winv;. — vj||?, where w;; = cotfjj + cot%- are discrete harmonic
weights, 6;; and 9% are angles opposite to the edge (i,j) in the original mesh.
Q) is a constraint term defined as Q¢ = Ycc ||vi — v}||%, where C is a set of

constraint vertices. We set boundary constraints at the root of the hair strand.

Hair Braiding. We adopt the twist operation in [88] for producing the hair
braiding effect, see Fig. 5.14. Here we darken the texture of the hair strand

as its back texture, and twist the hair strand geometry while mixing its front
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and back textures. Since we can only present static images in the text, readers
can refer to the supplementary video (https://youtu.be/IVyYACqgh3k) for

the related animation results.

5.6 Discussion

Implementation and Performance. The proposed system is implemented
in C++ and evaluated on a desktop computer with a 3.4 GHz CPU and 4GB
memory. The time taken to manually segment the hair in the four cartoon
images shown in Fig. 5.12 (from top to bottom) are 8, 12, 9, and 15 min-
utes, respectively. These cartoon characters have face features, but we avoid
them in the figure for clarity in the results presentation. The average process-
ing time (over four segmented cartoon images) for layering computation, hair
completion (excluding color and texture inpainting), skeleton generation, and
deformation are around 0.031, 1.608, 0.415, and 0.015 seconds, respectively.
After the 2.5D modeling, the hair animation process, which involves a fluid
simulation, takes around 1.5 seconds to compute each frame.

Evaluating the Layering Metric. We conducted an experiment to evaluate
the layering metric presented in Section 5.3 with 7 subjects: ages from 23 to
27 (mean 24.43); 4 males and 3 females; and volunteer-based. Fig. 5.12 shows
the four cartoon images we employed with a total of 475 layering cases, each

corresponding to a pair of neighboring image regions around a cartoon hair.

In detail, we implemented a simple interface in Python to present the cartoon
image to the subjects with a zoom-in view on each layering case. The subjects
can enter their layering judgment by a mouse click, i.e., which region is on
the top, or whether the two regions have equal depth. Then, the subject can
hit Spacebar to finalize a decision, and proceed to the next layering case. Our
interface records the layering judgment and the time taken per case. The
subjects have no time constraint in making a decision, but they mostly took
a few seconds per case, except for some more complicated ones, which may

require more than 10 seconds.

After collecting the data, we first compute the ground truth (G.T.) of each
layering case by voting over the subject’s input because different subjects may

perceive different layering orders. In detail, we define layering sites along the
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Table 5.1: Comparison: human subject vs our layering metric.

cartoon images | accuracy (vs G.T.) average time (sec.)
(see Fig. 5.12) | subjects | our metric | subjects | our metric
First row 90.1% 91.4% 192.0 0.031
Second row 92.3% 93.5% 382.1 0.042

Third row 95.9% 97.0% 216.7 0.032
Fourth row 90.7% 92.3% 231.2 0.020
Average 92.3% 93.6% 255.5 0.031

shared boundary between every pair of regions, where the user can markup
the perceived layering. For example, given a shared boundary between two
regions A and B, the user can specify the layering using equality i.e., A = B, or
inequalities, i.e., A <— B or A — B. We compute the maximum vote among all
the user annotations for each site, and consider it as ground truth. Then, we
compare the subject’s inputs against the ground truth to compute the average
accuracy of human subjects. Similarly, we compute the average accuracy of
our layering metric by comparing our results against the ground truth. From
the second and third columns in Table 5.1, which summarize the accuracy
results, we can see that our layering metric can achieve similar or even better
accuracy compared to human subjects. Moreover, our layering is automatic
and simple to compute; it only takes around 0.031 seconds to compute with,
see the last column in Table 5.1.

The few failure cases, where our layering result does not match the human
judgment result, are mainly due to two reasons: 1) some cases are truly am-
biguous even for human judgment, see the two examples shown in Fig. 5.15(a);
and 2) our method predicts equal layering depth based on computing the
Laplacian; hence, for unclear boundaries between hair strands, Cheng’s curve
extraction algorithm may miss the related contour line, see Fig. 5.15(b), and
so, our layering metric may mis-classify it as non-occluding boundary with
equal depth.

Comparative Study: Cartoon Videos. We compared our hair animation re-
sults with three real cartoon videos. First, we extract a single image frame
from each of these videos, and apply our method to produce a 2.5D cartoon
model on each extracted image. Then, we adjust the fluid simulator to create
a similar wind flow, and generate hair animations. After that, we can compare

our hair animation results with the original cartoon videos. Readers can refer
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to the supplementary video (https://youtu.be/IVyYACqgh3k) for the related
animations. The results show that our hair animations are visually compara-
ble to the original videos even though our method takes only a single image

as input.

5.7 Summary

This chapter presented a novel 2.5D approach to modeling, animating, and
manipulating hairs in a single cartoon image. In summary, we have three key
contributions: First, we derive an effective layering metric from the Gestalt
psychology and our observation on cartoon images; it can automatically opti-
mize the layering order among hair strands in a single cartoon image. Second,
we develop a novel layer completion method that can automatically fill the
occluding parts of hair strands; by this, we can construct a 2.5D hair model
to support hair animation and manipulation with appropriate layering. Fi-
nally, we devise a simplified simulation model to animate the skeletons in
hair strands, and also develop a wide variety of hair manipulation operations,
including hair editing and hair braiding. To demonstrate the capability of
our approach, we also compare our results with conventional cartoon videos,
and apply our method to produce hair animation and manipulation results on

assorted cartoon characters.

Figure 5.15: Examples where our layering metric does not match the human judg-
ment results: (a) layering ambiguity and (b) inaccurate edge detection.
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Limitations

There are some limitations in our method, that we plan to address in future
work. First, we cannot handle messy hairstyles, because the hairs in this case
cannot be properly segmented into strands for 2.5D modeling. Also, thin
hair strands like real human hairs may not be suitable for use in our system.
Second, our layering method currently cannot handle intertwined hair strands
because it does not consider local layering [87], e.g., two graphical elements
that overlay each other with different layering in different parts of the image.
Third, our hair simulation model assumes no hair-hair interaction, i.e., the hair
strands are animated independently. Lastly, we do not consider lighting and
shading in our framework, resulting in shadows that are pinned to the same

location when animated.
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CHAPTER 6

Interactive High-relief

Reconstruction of Organic &
Double-sided Objects from a Photo

In this chapter, we present an extension of some methods developed in the
thesis for a related problem dealing with reconstructing objects present in nat-
ural images. While this method can be easily applied to cartoon images in a
straightforward way as demonstrated later, we focus mainly on reconstruct-
ing smooth, organic natural objects from single photos such that they can be
plausibly rotated away from the viewing angle. Recall that in Chapter 4, we
presented an inflation method for lifting 2D line drawings to 3D, and in Chap-
ter 5, we proposed a technique for 2.5D modeling of hair cartoon images with
planar layers. In this chapter, a combination of these techniques is employed
to interactively inflate the planar layers in the 2.5D model to 3D, so that richer

depth variations can be achieved within each layer.

6.1 Introduction

Given the vast availability of 2D images that can be easily obtained from the
Internet or photo taking, say, with a cell phone, we aim to develop in this
work a novel interactive solution to support the reconstruction of high-relief
geometry from a single photo. In particular, we focus on high-relief geometric
reconstruction of non-polyhedral shapes (see Fig. 6.1 & 6.2 for various ex-
amples). High-relief conveys much more depth information as compared to
bas-relief; it requires a significant mass of the figure object to be elevated from

*This author was the third contributor who helped in conceiving the identification tech-
nique in Section 6.2, assisted in implementing Section 6.3.2, and Section 6.4, and evaluated
the method in Section 6.5. This work [145] was in collaboration with Mr. Chih-Kuo Yeh from
National Cheng-Kung University, Taiwan who is the primary author.
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the background plane [146], while some parts may be completely detached
from the background [147].

This would be useful for supporting applications such as stereoscopy and
rotating lenticular posters. Note that rotating lenticular posters (used as ad-
vertisements in “The Hobbit” and “The Amazing Spiderman”) feature objects
that appear to be raised from the background like a relief sculpture and rotate
when we look around it, thereby delivering an interesting out-of-the-poster
3D perception.

Compared to conventional methods for single-photo 3D reconstruction, this
work has the following distinctive aspects. First, we aim to support high-relief
rather than bas-relief 3D reconstruction, so that the geometry can appear to
pop out of the image plane when we look around it. Existing methods that hal-
lucinate stereoscopic viewing [148, 149] or reconstruct shallow geometries [78]
may not be able to achieve this. Second, we aim to support the reconstruction
of common non-rigid objects such as human, animals, flowers and teapots.
Here, the shapes of the objects can be organic rather than polyhedral or sym-
metric, and different sides (front and back) of some curvy parts may be re-
vealed simultaneously in the image. Conventional 3D reconstruction methods

are insufficient to handle these scenarios.

Sketch-based modeling [117, 150] is another research topic relevant to this
work. Their methods provide fine-grained controls for users to author a full
3D model. However, they often require the users to specify tedious amount
of constraints for creating more complex shapes. In this work, we also take
an interactive user-driven approach, but we aim for reconstructing geometry
from photos with a few markup cues from the users, where the user provided

information is sufficient for supporting applications such as stereoscopy and

4 \_‘---‘

Figure 6.1: Examples of organic objects and double-sided structures (flower petal and
shoe opening) that can be handled by our method.
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Input image User annotation High-relief mesh 3D Rotating Lenticular Poster (rendering)

Figure 6.2: From a single input image, our method constructs a high-relief 3D model
by 2.5D layering, layer completion, inflation, and stitching with only simple user-
provided cues. Our result can be rotated to produce plausible renderings from large
viewing angles.

rotating lenticular posters.

To achieve the research goal is highly challenging since we only have a single
view of the objects in the input photo. More specifically, the object to be recon-
structed could be organic in shape (see Fig. 6.1(left)). Moreover, it may involve
multiple depth layers (hereafter referred to as regions) (see Fig. 6.1(middle));
each region could have varying geometric characteristics: convex, concave,
or a mixture of both, and some regions could be partially occluded by oth-
ers. Previous methods [148, 149] consider individual objects in the image as
separated regions, and do not explicitly model their surface characteristics.
Furthermore, we may encounter objects with front and back sides in the given
photo view, e.g., flower petals, shoes, etc. (see Fig. 6.1(middle & right)), result-
ing in view-dependent self-occlusions; no previous work has considered this

double-sided reconstruction scenario.

We address the above issues by a user-driven approach. Here, we start with a
user-driven segmentation of the input image. Then, we automatically infer lo-
cal layering information and construct a 2.5D model by analyzing T-junctions
and overlap among the adjacent regions. After that, we complete the miss-
ing portions of each region with the help of the local layering information,
where we consider three types of completion cases corresponding to common
occlusion situations in natural images. Next, users can interactively mark up
slope and curvature cues in our interface to guide our constrained optimiza-
tion model to inflate the surface geometry; real-time preview of the inflation
results is provided. Compared to previous inflation methods, which mainly
produce simple convex surfaces, our method can handle much more complex
shapes. Lastly, we arrange the regions in 3D and stitch them together to avoid
visible gaps and discontinuities; hence, we can produce plausible high-relief

results and allow much larger viewing angles.
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Figure 6.3: Overview of our approach. Given an input image (a), we first generate a
2.5D model (b) by user-driven segmentation, automatic layering, and region comple-
tion. Then, using the slope and curvature cues marked up by users, we can lift up the
planar regions to 3D by inflation and stitching, and produce a high-relief 3D model
(c). Such a result can be plausibly rotated to produce the example rotating lenticular
poster (renderings) (d).

Our method has several advantages over existing 3D reconstruction methods.
First, it can deal with common everyday objects without specific assumption
on the object shape, e.g., similarity [151], planarity [152], and geometry [153].
Second, compared to [78], which produces only shallow geometry, our method
can produce high-relief models, allowing the viewing of the reconstructed
model at angles as large as 45 degrees from the image normal. Third, it does
not require any external database for model fitting [154]. Lastly, our inflation
method, which takes only simple user inputs, can support the reconstruction
of complex 3D shapes with parts that are convex, concave, or even a mixture
of both. These are demonstrated with wide variety of results produced from

different kinds of input images.

6.2 Overview

Fig. 6.3 illustrates the procedure of our method with a running example. Over-

all, there are two major components:
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i) 2.5D Modeling

Our 2.5D modeling method is largely the same technique that was employed
in Chapter 5 for modeling the cartoon hair. However, we do not construct
skeletons for each layer, since our goal is not animation or manipulation in

this work.

Segmentation. This step is an important prerequisite to partition an image
into semantic regions, and we utilize the same segmentation technique from
Section 5.2, Chapter 5. An example is shown in Fig. 6.3(b)(top)), where the
image has been segmented into semantic regions, where each region consists
of pixels that are perceived to be depth continuous.

Local layering. Next, we determine and categorize the local layering, or
depth ordering, between every pair of neighboring segmented regions: above,
below, or equal depth (see the orange arrows in Fig. 6.3(b)(middle) that reveal
the order). Again, we employ the technique from Section 5.3, Chapter 5, by
analyzing T-junctions and overlap area, to construct the local layering infor-

mation.

Completion. To seamlessly rotate a reconstructed result (high-relief model),
we not only have to reconstruct the local geometry of each layer (or region),
but also have to complete the occluded parts in each region, so that holes will
not appear around the occlusion when we rotate the resulting models. Here,
we consider three different completion cases for regions, by extending the
completion method from Chapter 5 (see Section 6.3): i) expand a single region
from the occluding boundary (same as Case 1 in Section 5.4); ii) connect non-
neighboring regions under a common occlusion (same as Case 2 in Section
5.4); and iii) double-sided structure, where portions of an object’s front and back
sides are revealed simultaneously in the given image. Here, we must identify
the connections between the front and back sides, and join them along the
shared boundary, so that the region can be inflated as a single folded shape.
This is a novel completion scenario that we consider in this work. Note that
this step has to complete both geometry and texture, while considering the
depth ordering among the regions (Fig. 6.3(b)(bottom)).
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ii) High-relief Modeling

Inflation. As mentioned earlier, our key idea is to deform each planar layer in
the 2.5D model, so that richer depth information can be conveyed. To recon-
struct the depth information on each completed region, we take only simple
user cues as hints (see Section 6.4.1): slope cues (Fig. 6.3(c)(top)) and curvature
cues (Fig. 6.3(c)(middle)). Further, we formulate an optimization model to ef-
ficiently inflate each region while respecting the constraints (see Section 6.4.2).
In particular, our method has two main advantages compared to previous
user-driven methods. First, it does not require tedious specification of many
different constraints while rotating the model during the reconstruction (e.g.,
[117]). Second, compared to state-of-the-art inflation methods such as [78],
our method enables slanting of layers (by the slope cue) and control over the
shape profile (by the curvature cue). By this, we can interactively inflate a
wide range of natural objects with nontrivial organic shapes.

Stitching. Lastly, we sort and arrange the inflated regions based on the layer-
ing information and stitch adjacent inflated regions accordingly, so that gaps
between regions do not appear when we rotate the model (Fig. 6.3(c)(bottom)).
In particular, we formulate another optimization model to minimize the gaps
in-between regions while maintaining proper depth ordering and connecting

adjacent regions along their shared boundary with minimum deformation.

The forthcoming sections present key techniques we developed in this work:
Section 6.3 for the completion step, Section 6.4 for the inflation step, and Sec-

tion 6.5 for stitching.

6.3 Completion

The goal of completion is to appropriately fill the holes related to the occluded
regions, so that we can produce plausible high-relief models that can be ro-
tated, see Fig. 6.4. However, this is especially challenging with a single image
as input, since we have to reconstruct the hidden occluded parts without any
prior knowledge. In detail, we identify and consider three types of completion

cases:
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Figure 6.4: Left: input image. Middle: rotate the high-relief result reconstructed with
inflation and stitching but not completion; undesired holes will appear. Right: same
result but reconstructed also with completion.

Case (i): Expand a single region from the occluding boundary. This case
refers to occluding boundaries that are not classified as the next two cases, i.e.,
an individual region is simply partially occluded by its neighboring regions.
E.g., see the top occluding boundary of the right elephant’s rightmost leg in
Fig. 6.3(b) (mid), it is partially occluded by the elephant’s right ear, so we ex-
tend the leg region upward from the boundary by a level-set method (adopted
from Section 5.4 Case 2, and Osher et al.[155]). This method iteratively pushes
the boundary curve from the boundary to expand the related region until the
expanded boundary is smooth at the occluding endpoints (see Fig. 6.3(b) (bot-
tom) for the result), while ensuring that the boundary curve is always below
the associated neighboring regions.

Case (ii): Connect non-neighboring regions under a common occlusion.
Here, an occlusion breaks an object part into multiple non-neighboring re-
gions as in Section 5.4 Case 1, e.g., see Fig. 6.3(b) (top): the long horizontal
bar of the fence is occluded by the right elephant’s trunk. To resolve this
case, we examine every pair of occluding boundaries among the segmented
regions and look for a matching pair (under a common occluder) by the fol-
lowing criteria: i) RGB color histogram distance (d.) by computing normalized
cross-correlation between histograms with 256 bins, ii) distance between corre-
sponding endpoints (d.), where we normalize the image width to be 1.0 with
tixed aspect ratio, and iii) difference in tangent-vector angles (in radian) at
the THunction endpoints on the occluding boundaries (d;). If the joint prob-
ability o0z | p=0ed; | poud} > 0.8, we regard this as a match, e.g., the fence
case in Fig. 6.3(b). Here, 0. = 1.0, 0, = 2.0, and ¢; = 0.125 for all results
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Figure 6.5: Completion procedure in case (iii-a) for the top two flower petals in
Fig. 6.4. (a) two neighboring regions A and B are identified as Case (iii-a) by an-
alyzing the associated tangents vectors and turning angles at boundary end-points,
e.g., p; (b) we extend B to be AUB, (c) and use a co-completion strategy to complete
the occluded portion of A and new B under C and D. (d) Preview: the reconstructed
petal (A and B) in 3D.

produced in the paper. After we find a match, we construct two Bézier curves
(with tangent magnitude set to 0.3d,) to connect the related endpoints with C!
continuity, and combine the two regions into one, see Fig. 6.3(b) (bottom) for
the result of the fence. Additionally, the user may manually connect regions
together.

Case (iii): Double-sided structures. This case commonly arises in objects
with thin and curved structures, where both front (A) and back (B) sides of the
same surface are exposed. Here, we consider two sub-cases: (a) fully-covered,
where B can be extended fully to be BU A, e.g., see the top two flower petals
in Fig. 6.5 and the teapot opening in Fig. 6.6; and (b) partially-covered, where
B can only be extended to be B U partial A, e.g., pinwheel and ribbon cables
(see Fig. 6.6 and 6.7). Overall, we aim to identify the front-and-back association
and complete the related regions plausibly into a double-sided geometry with
the help of the inflation step.

To identify case (iii), we examine every 3-valence junction formed between a
pair of neighboring regions, e.g., point p in Fig. 6.5(a). Here, we denote A
and B as two related neighboring regions, where A is above B (without loss of
generality); note that this information was produced earlier from the layering
step. Next, we compute tangent vectors f,, f,, and f; at point p along A’s outer
boundary, B’s outer boundary, and their shared boundary, respectively (see
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Fig. 6.5(a)), and the angles in-between f, and f, (denoted as 6,), and t. and t_;;
(denoted as 0). Around p, we also determine two boundary curves ¢, and ¢,
(see Fig. 6.5(b)).

If 6, 4+ 6, < 7 and ¢ and ¢, are C! continuous, we regard A and B as a can-
didate pair for Case (iii), since by observation, their combined region locally
forms a convex shape, e.g., AU B as the back and A as the front (see Fig. 6.5(b)).
Moreover, these conditions are satisfied only when the shared boundary of A
and B is completely enclosed within A U B; this helps to filter out cases of
non-double-sided occluding regions. We repeat the above procedure for all
pairs of neighboring (occluding) regions and present the resulting candidate
pairs to user for selection.

For neighboring regions identified as Case (iii), we complete their occluded
parts while respecting their local layering by the following co-completion strat-

egy:

(iii-a) Fully-covered: we first extend B to be A U B (see Fig. 6.5(b)) since A (front)
intuitively occludes part of B (back). Then, we use the procedure in Case (i)
to expand B towards C and D from the boundary curve 4r (see Fig. 6.5(b&c)),
and then complete A by smoothly extrapolating its non-shared boundary ps
to find st (see Fig. 6.5(c)), where t is on the boundary of completed B, so the
occluded part of A under C is bounded by gt and st. Lastly, we connect A and
B along the outer boundary given by pgt.

(iii-b) Partially-covered: we complete the occluded portion of B (bounded by
p, s, and t) by smoothly extrapolating 45 until we find t, which is on A’s
boundary (see Fig. 6.7(c)). We choose g to be 10 pixels away from s along B’s
contour, excluding the non-shared boundary ps. Then, we connect A and B
along the outer boundary fp (see Fig. 6.7(d)).

By this co-completion strategy together with the upcoming inflation and stitch-
ing steps, we can reconstruct nontrivial double-sided structures, see Fig. 6.5(d)
and Fig. 6.7(d). Note that [156] proposed a method to infer hidden contours
from cusps and T-junctions in visible contours, but their method only deals
with small suggestive contours and cannot work with the folded structures

(our case), which have not been explored in any previous work.

Complete the texture. Lastly, we employ [157] to generate the textures on the

113



CHAPTER 6. INTERACTIVE HIGH-RELIEF RECONSTRUCTION OF
ORGANIC & DOUBLE-SIDED OBJECTS FROM A PHOTO

Figure 6.6: More examples of double-sided structures (see also Fig. 6.1), where we see
different sides of the same surface: the teapot opening (case iii-a: fully-covered, where
B can be extended to BUA) and cable and pinwheel structures (case iii-b: partially-
covered), highlighted in red.

Table 6.1: Icons for slope and curvature markup cues in our GUL

Icon Meaning
—@—> Local slope along the out-of-image direction (+Z-axis)

4—.—» Positive mean curvature of surface (convexity)
m Negative mean curvature of surface (concavity)

completed portions by using the textures sampled from the remainder of the
region. These texture samples are chosen to ensure the synthesized results to
have minimum variations of luminance, pattern, and structure. Moreover, we
fill and inpaint the holes left over on the background image by using [158].

6.4 Inflation

Automatic inference of depth and geometry from a single image is very chal-
lenging, due to ambiguities arising in the projection of a 3D scene onto a 2D
image. A surface can be planar, convex, concave, or even a mixture of them;
even human may fail to interpret its convexity and concavity as in the famous
hollow-face dragon illusion. Hence, we take a user-driven approach, aiming
at using very little user inputs to quickly reconstruct a plausible high-relief ge-
ometry. This method is similar to the inflation technique developed in Section
4.4, Chapter 4, as will be clear in the forthcoming text.
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%" (a) d)

Figure 6.7: Completion procedure in case (iii-b) with the pinwheel shown in Fig. 6.6.
(a) two neighboring regions A and B that are identified as Case (iii-b); (b) complete
B by the procedure described below in case (iii)(b). (c) the completed result, and (d)
Preview: the reconstructed 3D pinwheel region (A and B) after the upcoming inflation
and stitching steps.

6.4.1 Markup Cues and User Interface

Markup Cues. Before the inflation step, we only have a 2.5D model of the
scene, where each (completed) region is planar, i.e., parallel to the image space.
To construct 3D information for each of these regions, we consider two very
simple user-markup cues as hints for guiding the inflation:

(i) a slope cue constrains the local slope on a given region at the marked loca-
tion, see Table 6.1(top): the green icon in the GUI and Fig. 6.8(left). Similar to
the out-of-plane tilt handles in [159], our slope cues allow the user to slant the
object to pop it out of the image plane. Mathematically, the slope cue has a
position (the middle dot in the icon), where the cue takes effect, a direction (the
icon arrow) in 2D, towards which the surface increases in +Z (out-of-image
direction), and length, which corresponds to the slope magnitude.

ii) a curvature cue constrains the local mean curvature on a given region at the
marked position, allowing us to manipulate the local shape profile. We offer
two forms of curvature cues: positive and negative, which indicate convexity
and concavity, respectively, see Table 6.1(middle & bottom) for the related
icons. Mathematically, this cue consists of a position (the middle dot in the
icon), where the cue takes effect, and length, which corresponds the amount

of curvature. Note that we may also flexibly mark slope and curvature cues
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Figure 6.8: Top: input images marked up with only slope cues (left) and only curva-
ture cues (middle & right). Bottom: effect of slope cues on boundary vertices (left) and
of curvature cues on interior vertices (middle & right) after the inflation. Note that
we apply the Dirichlet and Neumann boundary conditions along the blue and purple
(bottom of middle&right horseshoes in top row) boundaries, respectively.

Figure 6.9: User workflow in the inflation step. Left: the left sub-window in the
GUI shows the completed regions for markup cue manipulation, while the right sub-
window previews the inflation result; Middle: inflation result with only slope cues;
and Right: result with both slope and curvature cues.
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Wi

Figure 6.10: User interaction with the markup cues. Note: black arrows indicate the
mouse cursor. Left: relocate a cue by click & drag its center dot. Middle: modify a
cue’s magnitude/direction by click & drag its arrowhead. Right: to swap the sign of
a curvature cue, click & drag its arrowhead across the center dot all the way to the
opposite side.

on different parts of the same region, see Fig. 6.8(left & right), for describing
more complex shape profiles.

Interaction. We offer three interactions for manipulating the cues, see Fig. 6.10
(from left to right). First, we may drag the center dot of a cue to relocate it.
Second, we may drag the cue’s arrowhead to adjust its magnitude (slope or
curvature, depending on which cue) and/or direction; note that dragging the
arrowhead to the center dot nullifies the effect of the cue. Lastly, dragging the
curvature cue’s arrowhead across the center dot to the opposite side swaps
between positive and negative curvature. Compared to previous works, our
method neither requires painting a dense gradient map [160] nor careful and

dexterous inputs [161].

User Interface. After the completion step, our interface (GUI) presents two
sub-windows, see Fig. 6.9 (left): the left sub-window shows the completed
regions with transparency in flat-shaded rendering style, while the right sub-
window shows the inflated high-relief model, which is an interactive feedback
to the user. On the left sub-window, the user can select a region and markup
the slope and curvature cues. The right sub-window then updates the inflated
results, when we add/modify the two cues, see Fig. 6.9 (middle and right).
Note that we sort the regions based on layering order to prevent cluttering
of regions caused by intersections. This is a heuristic used for preview only,
and Section 6.5 presents an optimization model to ensure that the high-relief

model is free of intersections and gaps.

117



CHAPTER 6. INTERACTIVE HIGH-RELIEF RECONSTRUCTION OF
ORGANIC & DOUBLE-SIDED OBJECTS FROM A PHOTO

At the beginning of the inflation step, our interface automatically initializes
some slope and curvature cues with certain default values for immediate us-
age by the user:

e At the centroid of each region, we place one slope and one curvature cue;
if the centroid lies outside the region, we randomly distribute ten points
inside the region and compute the shortest distance from each point to
the region boundary. We put the cue at the point with the largest distance
among all.

e For slope cue, its default direction is along the major axis in the principal

component analysis, and its default magnitude is flat, i.e., planar.

e For curvature cue, its default direction is perpendicular to that of the

corresponding slope cue.

On the left sub-window, the user can interactively manipulate the magnitude
and direction of each cue, relocate it, or add more cues to the same region to
refine the inflation results. Moreover, the user may specify the boundary con-
dition of a region for the inflation to be Dirichlet (fixed position for boundary
vertices) or Neumann (zero gradient at boundary vertices along exterior nor-
mal), see Fig. 6.8. Lastly, the user may also specify whether the given region
needs a back side. If so, we create and inflate a mirrored version of the given
region, and sew it with the inflated geometry of the given region along the
region boundary. By this, the reconstructed geometry could become complete
when we rotate it at large angles.

6.4.2 Optimization

Given the user-specified slope and curvature cues, we formulate an optimiza-
tion model to solve for the geometry of each region with the following goals:
i) compute the z-coordinate of the boundary vertices from the user-specified
slope cues, and ii) compute the z-coordinate of the interior vertices of each
region from the curvature cues (see Fig. 6.8). Similar to the inflation model
in Chapter 4, we first rely on differential operators to smoothly propagate the
user specified constraints throughout each region to obtain the gradient and
curvature fields, and reconstruct a surface that matches these fields.

i) Compute Z-coordinate of boundary vertices. Given an image region
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¢(x,y), its gradient can be expressed as V¢(x,y) = @, which is to be re-
constructed from the slope cues. The desirable slope field should be smooth
over the region () and curl-free, so that the surface is integrable. Hence, we
reconstruct ® by minimizing the following energy:

n:%n//Q ‘V&D‘2+ ‘V X 6_15’2 dxdy,

subject to CTD(xl-,yi) = §;, where {(x;,y;,5;)} denotes the set of slope cues in
¢(x,y) and x denotes cross product. The first term represents the Laplacian,
while the second term represents the curl. Obtaining ¢ from ® is straight-
forward through integration. We use the obtained slope field ® to compute
the Z-coordinates of the boundary vertices by fixing one of them as 0. These
boundary coordinates will be used in the next step to set the Dirichlet bound-

ary conditions while computing the interior vertices.

ii) Compute Z-coordinate of interior vertices. Given a set of regions {¢;}
that form a double-sided structure, we first compute f* = @J"; ¢;, where &
is an operation that combines the associated regions into a single 2-manifold
surface by connecting the shared boundaries (from Case (iii) in Section 6.3).
This allows the inflated double-sided surface to be continuous and smooth
across the shared boundary. In case of single-sided structures, we simply set

fr= ¢
The mean curvature normal of a surface is 2x#i = Af, where A is the Laplace-

Beltrami operator and f is a 3D surface. The discrete approximation using

cotangent weights [162] at each vertex v; is:

. 1
K= — Z (COt «jj + cot ,31']')(01' — U]) , (6.1)
4A
U]'EN(U,‘)

where A is the sum of the 1-ring triangle areas around v;, N(v;) is the set of
1-ring neighboring vertices of v;, and a;; and f;; are the angles opposite to
edge (v;,vj) on either side in the original mesh, see [162].

Similar to [78], we only inflate the surface along z, so we only consider the
z-component of the mean curvature normal x#, which we denote as k. To
achieve a C! continuous surface, particularly across the shared boundary for

double-sided structures, we utilize biharmonic equation A?f = V*f = 0. The
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order of this PDE can be reduced by using two second-order coupled PDEs,
ie, Af = 2x7ii and AXx = 0. Notably, a similar reduction for the biharmonic
equation has been explored in [163, 117]. Our approach is similar to [163], ex-
cept we employ it to only solve for the z-coordinates of the vertices. There are
two advantages: first, solving for only z-coordinates reduces the computation
time, and second, this preserves the original 2D projection of the surface. Al-
lowing the vertices to move arbitrarily in 3D space may result in inner vertices
to cross the region boundary if the curvature is large. [117] used a different
strategy to reduce computation time; they replaced the geometry dependent
Laplace-Beltrami operator with the uniform Laplacian operator and included
additional constraints to preserve the edge lengths. This eliminated the need
to compute weights for the discrete Laplacian in each iteration when the ge-
ometry changes. In our case, we simply compute the cotangent weights once
from the rest mesh and retain these weights in the inflation step.

Here, we first solve for Ax = 0 by discretizing the equation at each vertex v; as

Z (cot 0jj + cot,Bij)(k\i - Ej) =0,
ijN(fj)

and the region boundary 0Q) subject to the Neumann boundary conditions:
Vi(x) n =0 Vx € 9Q),

where n is the exterior normal to the boundary. The target curvature field ¥
smoothly interpolates the user-specified curvature cues {(x;,y;,«;)} over Q.
Next, we recover the inflated 3D surface f by solving the Poisson equation
Af = 2xii subject to Dirichlet boundary conditions Bp or Neumann boundary

conditions By, where Bp U By = 9Q):

flx) = f* Vx € Bp and
Vf(x)-n =0 Vx € By .

6.5 Stitching

After inflating individual regions, we need to arrange the regions along the
image normal direction before forming a high-relief model. If this is done
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Table 6.2: Time taken to generate the high-relief models shown in this chapter, in-
cluding user interaction.

Inflation
Segmentation # Slope & Average Compute
Inputs # Triangles Layering | Completion Curvature Time per Region User. Stitching | Total time
# Regions | Time Cues Slope | Curvature annotation
Bird (Fig. 2) 36846 31 9m 51s 0.029s 2.051s 34 0.0258s 0.2133s 4m 40s Im 8s 15m41s
Hockey (Fig. 13, row 1) 52396 53 10m 20s 0.050s 3.682s 53 0.0248s 0.1615s 6m s 2m Ss 18m 30s
Knot (Fig. 13, row 2) 37178 4 5m 45s 0.014s 1.007s 3 0.0787s 0.4889s Om 23s| Om 45.3s 6m 54s
Elephant (Fig. 13, row 3) 32948 18 12m 31s 0.018s 1.391s 21 0.0299s 0.2565s 2m 45s Im 2s 16m 19s
Ballet (Fig. 13, row 4) 33180 23 5m12s 0.024s 1.503s 30 0.0507s 0.2213s 3m 48s| Om 40.7s 9m 42s
Seacow (Fig. 13, row 5) 24842 5 2m 33s 0.009s 0.308s 7 0.0612s 0.4264s 0Om 45s| Om 35.8s 3m 54s
Flower (Fig. 14, row 1) 36597 26 4m 59s 0.021s 1.659s 26 0.1279s 0.4830s 3m 10s| Om 39.2s 8m 50s
Shoes (Fig. 14, row 2) 10974 8 2m 24s 0.008s 0.325s 10 0.0777s 0.5301s Im 15s| Om 10.3s 3m 50s
Pinwheel (Fig. 14, row 3) 23983 18 6m 17s 0.014s 1.473s 18 0.1403s 0.4465s 2m 53s| Om 10.1s 9m 22s

inappropriately, we could see undesirable artifacts such as gaps and inter-
sections, and the problem could be exaggerated when different parts of the
model overlap (see Fig. 6.11 (left column)). Challenging examples in our work
include double-sided structures, i.e., regions such as flower petals that are
completed through Case (iii) in Section 6.2, which are often inflated in both
directions since they are comprised of convex and concave portions.

To resolve this issue, we optimize the geometry of each region by minimizing
the following energy function with respect to hard constraints derived from

the relative depth information estimated during the layering step:
n}i/n { /Q IVfi— Vfl.’}2 +|fi - Above(fi’)‘sz},
i

subject to:

fi(vi) < fi(vj) ¥(vi,v) € {Front(f]) < Back(f})},
fl(v;) = fj'(vj) V(vj,vj) € Stitch(i, f),

where f; and f/ are the original (inflated) and deformed height fields of region
i, respectively, v; and v; are the vertices (image locations) of region i (f;) and
j (f), respectively, Above(-) refers to the neighboring region(s) immediately
above the current region, Front(-) and Back(-) are the front and back sides
of a region, respectively, and Stitch(i,j) is the set of vertices along the non-
occluding shared boundary (equal depth from the layering step) of i and j (if
any).

Front(-) and Back(-) are mainly used for double-sided structures. For reg-

121



CHAPTER 6. INTERACTIVE HIGH-RELIEF RECONSTRUCTION OF
ORGANIC & DOUBLE-SIDED OBJECTS FROM A PHOTO

Seen from 30° left

Seen from 30° right

Figure 6.11: Stitching. Left: intersection/gaps between regions in the high-relief
model before stitching. Middle: stitching result without the second term in the objec-
tive function can still contain gaps (highlighted in red). Right: stitching result using
the proposed equation.

ular single-sided geometries, we set Front(-)=Back(-). The first term in the
energy function is a fidelity term for minimizing the deformation on each of
the height fields, while the second term is for minimizing the size of gaps be-
tween regions (see Fig. 6.11(right column)). The first hard constraint enforces
the original 2.5D layering among the regions (see Fig. 6.11(middle column))
and the second hard constraint glues the neighboring regions along the non-
occluding shared boundary between them (if any). Note that the deformation
caused by this method is minimum and preserves the shape profile created by
the user as much as possible. Since the stitched mesh may have discontinu-
ities along the non-occluding shared boundary between the stitched regions,
we use a local smoothing operation around these contours to reduce these
artifacts.
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Figure 6.12: Post-processing. Left: the high-relief model after inflation and stitching
(before cropping). Right: after cropping the ground plane by the extended red box, the
result could resemble a lenticular poster.

6.6 Results & Discussion

Implementation. To evaluate our method, we implemented it in C++ and

evaluated it on a desktop computer with a 3.4GHz CPU and 4GB memory.

Experiment. We recruited six participants (three female and three male; aged
24 to 32) on a volunteering basis to try out our software. Each of them was first
given 10 minutes of learning time to get familiar with the software, e.g., how
to define and adjust the cues to produce the 3D reconstructions. After that,
they can make use of our system to edit the local shape profile and produce
various inflation results with some input photos, e.g., Fig. 6.9. Overall, they
took around 3-18 minutes to reconstruct a high-relief model, depending on the
amount of user interactions and the image complexity. The average time taken

in the whole process, including the user interactions, is shown in Table 6.2.

From the experiment, we observe that the interactive feedback mechanism is
very important in both the learning process and the editing process. All partic-
ipants mentioned that they could easily figure out how the arrow direction and
length affect the 3D reconstruction by interactively modifying the cues and ob-
serving the changes in the reconstruction results. Therefore, all the users were
able to achieve a desired local shape profile in around two to three iterations
(on average), thanks to the interactive feedback mechanism. A video of one of
the participants in action can be found in https://youtu.be/8_qkHGfEnag.

Post-processing. To make the high-relief result resemble a lenticular poster,

we further extend the bottom side of the image to form a rectangular region
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Figure 6.13: Results for single-sided structures: Hockey, Knot, Elephant, Ballet, and
Seacow (rotated 12° to 45° from the original viewing direction)

(see the red box with dash lines in Fig. 6.12(left)), and apply this box to crop
the ground plane (see Fig. 6.12(right)). In addition, we could present the re-
sulting high-relief model optionally with a TV or smart phone frame to en-
hance the 3D perception.

Results. Fig. 6.13 shows our high-relief results generated for various organic
objects that are without double-sided structures. Here, the first column shows
the input (single) image, the second column shows the user-defined cues, the
third column shows the reconstructed high-relief models, while the last two
columns show novel views of the models with large rotation from the original
view. Fig. 6.15 presents another example, demonstrating that our method can

also handle foreground objects with holes.

Fig. 6.16 shows our high-relief results generated for objects with double-sided
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Figure 6.14: An example of our method applied to an input cartoon image (left), and
rendered from four new viewpoints (right).

structures. These results are completed by our method in Section 6.3 and
later inflated and stitched by our methods in Sections 6.4 and 6.5. Since
we can only show static images in the paper, we present animated versions
of these high-relief results in the supplementary video (https://youtu.be/
vIkKQqFIEUh4). Note that it is straightforward to apply to cartoon images, as
shown in Fig. 6.14. However, care needs to be taken in case of textured cartoon
images, since cartoons usually have line based textures, which are difficult to
inpaint. Additionally, anomalies in the texture mapping close to the region
boundaries due to inflation are usually apparent in cartoon images. We dis-
cuss some more extensions of the current approach to cartoon applications in
Chapter 7.

Comparison. Next, we compare our results with two closely-related recent
works: [149] and [78]. In particular, we compare the visual plausibility of the
results, with large rotations from the original viewing direction. Please refer
to the supplementary video: https://youtu.be/vIkQqFIEUh4, for animated

versions of the comparison.

Zeng et al. [149] presented a method to generate stereoscopic effects from a
single segmented image. However, their method can only allow small rotation
angles (7°) since their 3D mesh is flat. Our results still have plausible 3D
appearance even with large rotations (see Fig. 6.17).
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Figure 6.15: Our method can handle objects with holes (within a segmented image
region). Left: input image. Right: inflated result.

Figure 6.16: Results for double-sided structures. Flower, Shoe, and Pinwheel (rotated
30° to 45° from the original viewing direction).
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s PR 4

Seen from 7°right Seen from 30° right

Figure 6.17: Comparison with [149]. Columns 1 & 2: results from [149] with ~7°
rotations downloaded from their website, and Columns 3 & 4: our results with much
larger rotations. Please refer to the supplementary video for animated version of this
Comparison.

The method proposed by Sykora et al. [78] was mainly designed for creating a
proxy mesh of the object in the input image and then enhancing it with global
illumination. Hence, while the resulting bas-relief meshes appear visually
plausible in the original view from the front, it is revealed to be flat after
rotations (see Fig. 6.18). As a comparison, our high-relief mesh results can
achieve a pop-out visual effect in the side views.

6.7 Summary

This chapter presented a novel approach to reconstruct high-relief 3D mod-
els from a single input image, aiming at achieving large view rotation on the
reconstructed results. We particularly consider common organic objects with
nontrivial shape profile and the reconstruction of objects composed of double-
sided structures. In summary, this work has the following technical contribu-
tions. First, we develop a completion method that considers three common
cases of occlusion found in natural images; particularly, we are able to com-

plete the geometry of double-sided structures in different cases. Second, we
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Input images

Seen from 30° right Seen from 30° left Seen from 30° right Seen from 30° left

Figure 6.18: Comparison with [78]. Columns 1 & 2: results kindly generated by
Daniel Sykora using his method in [78], and Columns 3 & 4: our results with more
plausible geometry under same amount of 3D rotations from the original view. Please
also refer to the supplementary video.

Figure 6.19: Limitations. (a) polyhedral shape with sharp edges, (b & c) objects
with very fine details are hard to be segmented, (d) intertwined regions cannot be
consistently estimated by our local layering step.
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devise an interactive inflation model; taking little amount of user inputs (slope
and curvature cues), we can perform a constrained optimization to quickly
construct an inflated shape profile with large rotation for interactive editing
with preview. We also develop a stitching method that respects the layering
and double-sided information to aid the high-relief reconstruction. Lastly, we
show the superiority of our results by comparing it with two very recent work
and present lenticular poster renderings of our results for a wide variety of

common organic objects.

Limitations

We discuss the limitations of this work as related to different steps in the
method:

e Segmentation: some images can be too complex for proper segmentation,
e.g., thin and fine structures (see Fig. 6.19(b&c)); hence, we cannot form

meaningful regions and compute layering.

o Local layering: since this chapter makes use of the 2.5D modeling ap-
proach from Chapter 5, our method shares the same limitation in han-
dling the layering of intertwined structures (see red circles in Fig. 6.19(d));

users can manually divide the edge and correct the layering.

o Completion: our image completion is a best-effort step, which tries to
estimate the occluded part of a region based on what is visible. Since it

does not involve semantics, it cannot connect hidden regions arbitrarily.

o Inflation: our method is mainly designed for reconstructing smooth and
organic shapes similar to the approach in Chapter 4, where the inflation
model assumes smooth surfaces (see Fig. 6.19(a)), so we need extra con-
straints to properly handle objects with sharp edges. Moreover, our cur-
rent method supports only a parabolic profile, perfect spherical shapes
cannot be generated.

e Stitching: our method generally works well in stitching, except for ill-
completed meshes, where we lack information to correctly compute the

stitching.
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CHAPTER

Conclusions & Future Work

In this thesis, we have presented several new computational methods to help
with various stages in the cartoon production pipeline. With these methods,
we are able to support several applications which have been discussed in de-
tail.

First, we presented a novel interactive camera-based method to capture and
vectorize freehand line drawings on paper. By using a robust spatio-temporal
tracking technique that can efficiently localize and track the pen tip in video
frames, we are able to capture the trajectory of the pen tip over paper while the
drawing process is being carried out. This technique combines the strength of
a fast-cascade classifier with discriminable features and optical-flow tracking
(which is less accurate) to achieve high performance and accuracy. Second,
we extract stroke points in the video frames by considering not only the edge
profiles around the estimated pen-tip trajectory but also the hand and pen oc-
clusion to improve the stroke recognition accuracy. Lastly, by using the spatio
temporal information that was captured earlier, we employ clustering to pro-
duce meaningful strokes that are spatio-temporally coherent with the actual
strokes drawn by the users. We perform a number of experiments to evaluate
and examine different aspects of our method: computation performance, accu-
racy against actual drawings and an offline commercial tool for vectorization,
as well as pen and hand occlusion. We demonstrated our method on assorted
clean line drawings, as well as applied it to produce the video-scribing anima-
tion effect with some of our results. The current camera based vectorization
approach is was primarily designed to test the feasibility of such an approach
to freehand line drawings. In future, we plan to extend our method in various

directions as summarized below.

e First, we employed a simple RGB webcam in our baseline setup, which
has certain limitations when it comes to handling crowded, sketchy strokes
which are commonly drawn by artists in initial stages of the cartooning
pipeline. This is because our current method relies on tracking the pen
tip and analyzing the ink trail on paper along its trajectory to estimate
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the pen-paper contact. Such an approach becomes unreliable in the pres-
ence of crowded sketchy strokes in close proximity. Therefore, we are
interested in employing modern RGB-D webcams, e.g., those powered
by Intel RealSense technology [164, 165], that can help to simplify these
issues if we leverage the depth information.

e Second, since our approach is primarily camera based, we assume that
the pen tip is not occluded in any of the video frames. While this is a
reasonable assumption, it is not uncommon to see such occlusions in real
world scenarios. In future, we plan to develop hybrid techniques that can
combine the advantages of offline and online vectorization approaches.
In detail, a technique which jointly analyzes both a scanned image of the
completed drawing by employing offline techniques, as well as the entire
video of the drawing process using online techniques, can significantly
improve the accuracy of the vectorization. Online analysis can provide
temporal information to resolve ambiguities in vectorization, while of-
fline analysis can improve accuracy of reconstruction and help deal with
corner cases such as occlusions of pen tips, where relying solely on an

online approach might fail.

e Third, our current framework assumes a fixed paper setup for simplicity.
However, artists often rotate the canvas for convenience when drawing.
We plan to extend our method to support such a feature by tracking the
orientation of the paper in each frame. This is could be carried out us-
ing markers in the corners of the paper, or a combined color (assuming
the paper is white) and shape (quadrilateral shape prior) based tracking.
From this recovering the homography transformation should be straight-
forward to tackle the effects of a paper that is not fixed.

e Lastly, we would like to further relax the constraints by assuming a free
camera, so that our framework can be extended to RGB-D smart glasses,
e.g. [166]. We envision a smart glass based drawing system that would
allow users to wear glasses and draw on paper to easily obtain a digital

line drawing.

Second, we proposed a novel method to analyze wrinkle strokes in clean line
drawings and to automatically produce shading over the drawing. The major
contributions of the paper include: i) the computational models of five per-
ceptual cues from gestalt psychology (T-junction, shape convexity, proximity,
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continuity, and regularity) for wrinkle strokes, where we design the models by
exploring the local shape, spatial relation, and interaction of strokes by con-
sulting relevant psychological principles; ii) an optimization formulation for
producing globally consistent wrinkles by combining and balancing the local
estimation from the cues, and iii) a wrinkle-aware inflation method that can
support the generation of two commonly used shading styles seen in cartoons.
Compared to the prior work, our method has several unique features such as
the ability of automatically generating rich wrinkle geometry conveyed in the
interior strokes and the ability of producing globally consistent shape infer-
ence, which have been demonstrated by various experimental examples. As
the first attempt to automating shading process from a clean line drawing, our
work just considers the major aspects of shading with regards to the perceived
3D shape and light source. There are several potential avenues for future work,
as follows.

e First, it is worth pointing out that in real cartoon production, there are
also other factors that affect the shading style, for example, the semantics
of the scene and artists’ personal preference. Therefore, in future we plan
to extend our work by exploring more shading styles and characteristics,
developing data-driven methods to learn artists” shading styles.

e Second, we are interested in refining our inflation model to support poly-
hedral shapes with planar facets and sharp edges, which are quite com-
mon in cartoons. This could be achieved by a user-driven approach, and
modifying our inflation model to allow discontinuous interpolation of
the gradient field.

e Third, we aimed for a pseudo 3D model in this work since we mainly fo-
cused on shading. It would be interesting to investigating how to extend
our framework to applications requiring physical correctness, possibly

by utilizing multi-view line drawings.

e Fourth, we would like to introduce significant interactivity in our frame-
work to support drawing and editing of line strokes with real-time shad-
ing preview, and tools for interactive re-shading of existing line draw-

ings.

e Lastly, we would like to extend our method to support shading of ani-
mated line drawings. This could be currently achieved by interpolating
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between the inflated meshes generated for each keyframe. However, this
may not be ideal since we need to ensure temporal consistency in our
stroke interpretation framework so that we do not see sudden changes
in the shading. This will be particularly exaggerated with topologi-
cal changes and missing correspondence between strokes in subsequent
keyframes.

Third, we presented a novel 2.5D approach to modeling, animating, and ma-
nipulating hairs in a single cartoon image. We made three key contributions in
this work. First, we derived an effective layering metric from the Gestalt psy-
chology; it can automatically compute the layering order among hair strands
in a single cartoon image. Second, we developed a novel layer completion
method that can automatically fill the occluding parts of hair strands; by this,
we can construct a 2.5D hair model with skeletons to support hair animation
and manipulation with appropriate layering. Lastly, we devised a simplified
simulation model to animate the skeletons in hair strands with minimum ef-
fort. To demonstrate the capability of our approach, we compared our results
with conventional cartoon videos, and applied our method to produce hair
animation and manipulation results on assorted cartoon characters. We plan

to explore several future extensions for this work.

e In this work, we mainly focused on modeling the hair in cartoon images.
A natural extension of this work that we are interested in, is generalizing

this framework to arbitrary cartoon images.

e Our layering model assumes a fixed layering between adjacent regions.
However, there are cases of intertwined structures [87] in practice, where
the layering order changes for different parts of the regions. We are
interested in extending our layering model to automatically infer and

represent such cases.

e Lastly, we would like to incorporate lighting and shadows in our frame-
work. Currently, the shadows are unnaturally pinned to the hairs during

animations or manipulations, resulting in some noticeable artifacts.

Lastly, we extended our 2.5D modeling method by interactively deforming
the planar layers into 3D, and presented a novel approach to reconstruct high-
relief 3D models from a single input image, aiming at achieving large view

rotation on the reconstructed results. We particularly consider common or-
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ganic objects with non-trivial shape profile and the reconstruction of objects
composed of double-sided structures. In summary, this work has the following
technical contributions. First, we develop a completion method that consid-
ers three common cases of occlusion found in natural images; particularly, we
are able to complete the geometry of double-sided structures. Second, we de-
vise an interactive inflation model. Taking little amount of user inputs (slope
and curvature cues), we can perform a constrained optimization to quickly
construct an inflated shape profile with large rotation for interactive editing
with preview. We also develop a stitching method that respects the layering
and double-sided information to aid the high-relief reconstruction. Lastly, we
show the superiority of our results by comparing it with two very recent work
and present lenticular poster renderings of our results for a wide variety of
common organic objects. In future, we plan to explore the following research

directions.

e First, we would like to identify more solid applications for our frame-
work in the cartooning pipeline. While the current method can be di-
rectly applied to cartoon images, we are interested in finding ways to
incorporate the detailed high-relief information in specific applications.
For example, applications such as stereoscopy and re-lining (rendering
the input drawing from different views), can be achieved by projecting
the depth map from a different viewpoint, and deforming the input cor-
respondingly while preserving the original appearance as much as possi-
ble. Another application is inbetweening, where the 3D information can
aid in challenging scenarios such as out-of-plane rotations. Generally, a

vector based input can better help in these scenarios.

e Second, we plan to investigate methods to automate the estimation of
slope and curvature cues from the image contents by analyzing the local
image information such as shading, to partially automate the reconstruc-
tion process. This is a challenging ill-posed problem, and data-driven
approaches are worth exploring.

e Finally, it is also interesting to combine our inflation techniques from
Chapters 4 and 6, for practical applications involving complex natural

images with wrinkled surfaces.
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