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Kurzfassung

Digitales Zeichnen bietet viele Vorteile gegenüber dem Arbeiten auf Papier,
da die Inhalte auch nach der Erstellung verändert werden können. Um Ele-
mente einer Zeichnung modifizieren zu können, müssen diese vorher selektiert
werden. Dies kann vor allem bei der Selektion mehrerer Elemente mühsam
sein. Vor allem auf großen digitalen Displays ist das Problem der Ermüdung
bekannt. Obwohl Menschen ohne Aufwand visuell zusammengehörige Ele-
mente und Strukturen sehen können, hilft diese Fähigkeit nicht bei Selektio-
nen in digitalen Zeichnungen. Um die Selektion dieser Strukturen einfacher
und müheloser zu machen wurde Suggero entwickelt. Suggero analysiert digi-
tale Zeichnungen und findet wahrnehmungsbasierte Elementgruppen anhand
verschiedener Eigenschaften wie räumliche Nähe oder Gleichheit von Form
und Farbe. Integriert als Selektionswerkzeug in einer digitalen Zeichenappli-
kation gibt Suggero Vorschläge von visuell zusammengehörigen Gruppen.
Zwei Benutzerstudien wurden durchgeführt. Die erste Studie gibt Einblicke
in die Erwartungshaltung von Benutzern an diese Art von Selektionswerk-
zeugen. In der zweiten Studie wurde Suggero mit einem regulären Selekti-
onswerkzeug verglichen. Die Resultate der Studie legen nahe, dass Suggero
sowohl die Anzahl an nötigen Benutzeraktionen, als auch die nötigen Bewe-
gungen zur Durchführung der Selektion verringert.
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Abstract

Digital sketches offer great advantages over pen-and-paper sketches due to
the possibility to modify content after its creation. These modifications of-
ten require many tedious selections before a particular editing tool can be
applied. These interactions can be especially fatiguing on a large interactive
wall. Humans have the ability to easily see perceptually related element in
sketches, but cannot take advantage of it when performing selections. To ad-
dress this issue, a method is proposed to facilitate the selection process, called
Suggero. This method first identifies groups of perceptually related drawing
elements during sketch interactions. These “perceptual groups” are then used
to suggest possible selection extensions in response to a user’s initial man-
ual selection. Two user studies were conducted. First, a background study
investigated users’ expectations of such a selection assistance tool. Then,
an empirical study compared the effectiveness of Suggero with an existing
manual selection technique. Study results revealed that selections required
fewer pen interactions and less pen movement when Suggero was available,
suggesting that Suggero helps minimize fatigue during digital sketching.

ix



Chapter 1

Introduction

Digital sketching environments offer great possibilities for creating and mod-
ifying content. Allowing users to modify their sketches during and after cre-
ation can be tremendously useful compared to paper-based sketching. How-
ever, performing such modifications can still be time consuming and cum-
bersome with existing digital sketching tools. Many sketching applications
require selection of drawing elements before a desired modification can be
made to those elements. Depending on the desired target elements, perform-
ing the selection can be tedious and time consuming. For elements overlapped
or covered by other elements or in visually complex sketches, users often have
no other possibility than to select the elements in small subsets or even one
by one. Since digital sketches can be created on many devices like desktop
computers, mobile phones, tables or large wall displays, the difficulties and
problems performing such selections vary. The problem is exacerbated on
a large wall display, such as an interactive whiteboard, as arm fatigue can
occur if many tedious selection actions are required. Being able to perform
fast and effortless selections is important for many applications which allow
users to create and modify digital sketches.

The choice which elements to modify is often guided by the way a sketch
and its elements are seen. We perceive the elements of a drawing as visually
connected, based on different perceptual features like proximity or similar-
ity [10, 31, 33, 41–44]. In sketches, these perceptual groups are often the
target of modifications such as moving, rotating or recoloring. Humans are
tremendously skilled at visually identifying these related drawing elements
(see Figure 1.1). This work finds these relations in sketches automatically
and assist users when performing selections.

1.1 Human Perception of Groups and Objects

The human perception of groups and objects has been a subject of extensive
research for a long time. People are able to perceive groups and objects

1



1. Introduction 2

1

Figure 1.1: A sketch contains many visual groups, based on features like
proximity, shape similarity or color similarity. Selections of some of these
groups can be tedious (like e.g. selection of all trees) and require much effort.

instantaneously and basically effortless. Although this perceptual process is
natural for humans and its results are often found as being obvious, there is
no exact knowledge on how human group perception works [32].

One of the most well known theories on human perception and percep-
tual grouping is the Gestalt theory proposed by the members of the Berlin
School of Experimental Psychology around 1920 [10, 44]. Several Gestalt laws
of grouping were introduced based on different factors like proximity and
similarity. Examples of the Gestalt laws of grouping would be that spatially
close objects or objects with similar colors are more likely to be perceived as
belonging together. These laws, although lacking any kind of mathematical
model, were used as the foundation of many works [9, 18, 37, 40]. One rea-
son for this could be that the Gestalt laws, often referred to as Gestalt rules
or principles (as in [32]), seem to be modelling the obvious. By not includ-
ing a model for proximity or similarity or any ranking of the importance of
these factors, there are many different ways of interpreting, modelling and
implementing the Gestalt principles of grouping [32].

Another, more recent, theory on human group perception is the Feature
Integration Theory, proposed by Treisman and Gelade around 1980 [41–43].
They stated that the process of visual grouping is a so-called preattentive
process, meaning that groupings and objects structures are perceived and
processed in the first few hundred milliseconds of a visual sensation. Several
important features were found that seem to be important for visual grouping,
for example color or shape.

The concept of visual features is very important, since these features are
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the visual properties that connect the elements of sketches to form the per-
ceptual groups. Not only the concepts found by Treisman can be referred to
as features, but also the different visual concepts like proximity and similarity
from Gestalt theory.

Previous research on supporting users by automatically finding percep-
tual groups, often referred to as perceptual grouping or perceptual organi-
zation, used these and other theories as a foundation. By including the
knowledge from perceptual psychology and psychophysics, researchers tried
to model human perception or find groupings that are perceived as visually
salient and sound.

1.2 Perceptual Grouping

To support users by finding perceptual groups, previous research has investi-
gated different techniques. As one of the first research in this area, Lowe [25]
used Gestalt theoretical findings for visual recognition of objects. Although
the information found by this system was nor directly presented to users,
the work showed interesting possibilities and applications in terms of usage
of features like proximity or symmetry. Igarashi et al. [18], Saund et al. [37]
and Shipman et al. [38] tried to infer perceptual groups and structures from
drawings and diagrams. The found structures were used to clean up drawings
or presented to users for further interactions. In recent years, the interest in
finding perceptual groups and use them for user interaction has increased.
Works by Thórisson [40] and Rome [36] show the use of feature extraction
and analysis with the goal of finding visually salient groups. Dehmeshki and
Stuerzlinger [9] supported users by extracting visual features from user se-
lection gestures and use them to find perceptual groups. Grossman et al. [13]
provided suggestions of perceptual groups based in users manual selections.

All works focused either on perceptual groups, selection gestures, or in-
teraction. This research explores the ability of a selection assistance tool
to leverage similar perceptual grouping principles in order to identify and
suggest possible selection options during digital sketching.

1.3 Suggero

In this thesis, we present Suggero, a tool to assist users performing selections
of perceptual groups in digital sketches. The work is based on insights from
Gestalt Theory [10, 44] and the Feature Integration Theory [41–43] to iden-
tify perceptual groups in real-time during digital sketching. These groups are
then used to suggest possible selection extensions when a user begins a man-
ual selection (see Figure 1.2). Suggero is designed to analyze the contents
of hand-drawn digital sketches with the goal to provide users with sugges-
tions of perceptual groups. A three phase approach is used to achieve this
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Figure 1.2: Suggero in action on an interactive whiteboard.

goal, with the phases being Pre-processing, Feature Extraction and Dynamic
Grouping. The result of the Dynamic Grouping is a collection of perceptual
groups, which is presented as suggestions based on users’ manual selections.

1.3.1 Pre-processing

In the Pre-Processing, the input of the digital sketching environment is pre-
pared for the next two phases. Suggero works with different digital input
devices (e.g. mouse, digital pen or touch). The resulting input are collections
of 2D coordinates (the input strokes). Due to this fact, no pre-processing
in terms of stroke detection or stroke extraction is needed. Suggero is trig-
gered every time a new element is added to the sketch or an existing element
is modified (e.g. moved, rotated, removed). For the later Dynamic Group-
ing, properties like the bounding circle (2D bounding sphere) and Fourier
descriptors of each stroke are computed and persisted. This brings great in-
creases in performance, because the pre-processed features don’t have to be
recomputed in the grouping phase.

1.3.2 Feature Extraction

In the Feature Extraction, the pairwise relations between all elements are
computed. The features proximity, shape similarity, color similarity, stroke
thickness similarity, and parallelism are analyzed. For each feature, values
indicating the pairwise element relations, the affinity values, are calculated.
With these values it is possible to express the relation between pairs of
elements without relying on absolute decisions, for example the decision if
two elements are close together or similar. The values serve as input for the
next phase, the Dynamic Grouping.
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1.3.3 Dynamic Grouping

In the Dynamic Grouping, the output from the Feature Extraction is an-
alyzed. Suggero uses a similarity based grouping approach, influenced and
implemented with the Hierarchical agglomerative clustering algorithm [27].
The drawing elements are grouped pairwise, based on their relation. Suggero
searches elements with the closest relations and assigns them to groups. All
groups found by this algorithm are ranked based on their quality. The qual-
ity is determined by calculating the average affinity value of all elements in a
group. The result of the Dynamic Grouping is a ranked collection of groups,
which are the final result of the three phases, the perceptual groups.

1.3.4 Suggestions

Since sketches consist of many different perceptual groups, it is neither pos-
sible nor practical to present all of the automatically found groups at once.
Also, automatically selecting groups for users would result in more harm
than help, since Suggero is not able to read users’ minds. Thus, it is not
possible to know exactly what an intended selection may be. Also, as Find-
later and McGrenere [11] reported, users prefer to maintain some control
over the system. They tested completely manual menus, automatically gen-
erated and adaptable menus. Their result showed that users preferred the
adaptable menus, which were automatically generated but could be modified.
These findings can also be applied to the interaction with perceptual groups.
Instead of simply selecting the highest ranked group, Suggero presents a few
suggestions in form of a menu next to the manually selected stroke. In the
context of this thesis, two different menus were implemented, a vertical list
and a marking menu, both presenting users with the three highest ranked
suggestions. This way, Suggero assists users without them loosing control
over their selection. Suggero is integrated in a sketching application running
on a large vertical display, an interactive whiteboard.

1.4 Contributions

The contribution of this thesis include detailed descriptions of all three
phases of Suggero and all algorithms used. In order to evaluate the proposed
system, two user studies were conducted. To explore the user expectations
of a perceptual grouping system, we conducted a preliminary background
study. Then, to examine the impact of using perceptual grouping for selec-
tion assistance, we conducted a comparative study, comparing our proposed
selection technique Suggero with an existing sketch-based selection method,
called Harpoon [24]. In order to compare Suggero with Harpoon, a method
was developed that allows fair and unbiased evaluation. The results showed
that Suggero decreases the amount of interactions needed to perform se-
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lections, which is important to avoid effects of fatigue, especially on large
display.

1.5 Outline

The thesis is structured as follows. In Chapter 2, background information
on perceptual grouping is provided. Related work regarding perceptual psy-
chology and the two influential theories of perception used in this thesis—the
Gestalt laws and the Feature Integration Theory—is provided. Additionally,
past research is presented, which used the knowledge from perceptual re-
search to support users by finding perceptual groups.

The proposed system Suggero and its concepts are presented in Chap-
ter 3. The workflow, as well as the choice of perceptual features and their
applications are explained. Finally in this chapter, the interactions with the
system and its provided perceptual groupings are shown.

In Chapter 4, an in depth look into the implementation of the system is
presented. The algorithms used in the system to extract the important fea-
tures from a digital sketch are explained. Afterwards, the dynamic grouping
process is shown and how the extracted features are used to find visually
salient groups from the input elements.

The preliminary background study is presented in Chapter 5, the com-
parative user study in Chapter 6. Both chapters included details on the
experimental design, as well as results and discussion. Chapter 7 gives a
conclusion of the thesis and an outlook on future work.



Chapter 2

Related Work

This chapter presents an overview of influential and important perceptual
psychology research used in Suggero. An overview of past research on per-
ceptual grouping is provided.

2.1 Perceptual Psychology

Suggero largely depends on two theories from perceptual psychology, namely
Gestalt theory and the Feature Integration Theory. Both are presented in
the next sections.

2.1.1 Gestalt Laws

The Gestalt theory (or Gestalt laws) was developed around 1920 as part of
Gestalt psychology by Wertheimer, Koffka and Köhler and other members of
the Berlin School of Experimental Psychology [10, 44]. The theory addressed
human perception of visual input, including the perception of objects—or
wholes—and the perception of visual structures. After exploring the human
vision, several laws and rules were formulated to explain when humans per-
ceive objects as structures or groups and when objects stand for themselves.
Some of the laws require prior knowledge of the drawing or are based on past
experiences of viewers. Others do not require any context and thus are more
applicable to context agnostic analysis like perceptual grouping. Wertheimer
and others explored several laws and over the years, other researchers have
proposed new laws to fit human perception, for example Palmer’s principle
of common region [31] or Palmer and Rock’s principle of connectedness [33].
The gestalt laws include theories on object perception based on factors like
proximity, similarity, closure, good continuity, common fate, symmetry, figure
and ground, past experience, and Prägnanz.

Gestalt laws are sometimes referred to as Gestalt principles or factors, be-
cause they do not provide any mathematical model [32]. There is no measure

7
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of e.g. the law of common fate. Even the law of proximity is hard to measure,
because there is no fixed threshold or value when two objects are perceived
as being close together of far apart. It may seem obvious that close or similar
objects are perceived as being part of the same structure. This could be one
reason, why the laws are still accepted and often mentioned in literature.
They, to a certain extent, describe the for humans obvious nature of vision,
which is hard to describe in exact mathematical models but is clearly existing
for humans [32].

Over the years, other theories on perceptual organization were developed
and explored. They deal with different factors of vision, like properties of
objects in perceptual groups or when the process of perceptual grouping takes
place. One well known theory is the so called Feature Integration Theory of
Attention, developed by Treisman and Gelade [41–43]. Their theory of feature
maps, that are created in the preattentive stage of vision, deals with both,
the time when and the process how groups and structures are created in the
human vision system.

2.1.2 Feature Integration Theory

Treisman and Gelade [43] developed the feature-integration theory, based on
previous work and later extended by Treisman [41, 42]. The theory states,
that humans process several features simultaneously in a preattentive stage
of vision. In [42], Treisman stated that

“If grouping is an early, preattentive process, it should be medi-
ated only by the discrimination of simple, separable features.”

Several experiments showed that participants could easily see and remem-
ber structures that consisted of elements sharing same features like color or
orientation. Treisman [41] noted that

“. . . boundaries are salient between elements that differ in simple
properties such as color, brightness and line orientation but not
between elements that differ in how their properties are combined
or arranged.”

The concept of object boundaries is very important for perceptual grouping
of elements (see Figure 2.1).

Additionally it is noted that it is easy for humans to see so called “dis-
tractor” objects. “Distractors” are objects that differ from its surrounding
elements by one or more features as seen in Figure 2.2. These findings in-
dicate that the process of early vision is guided by automatic detection and
processing of simple features. Objects and structures are formed by looking
at these features in a preattentive stage. The features are encoded in so call
feature maps, where each feature is encoded in a separate map. These maps
hold the values for the individual features. Elements with the same feature
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Figure 2.1: The clear boundary between the black and the orange elements
is easily perceived by humans and thus an important indicator for perceptual
groups.

Figure 2.2: Distractor elements in a structure of other elements (like the
open circle in this figure) are seen instantaneously (preattentive phase).

(like the same color) are seen as combined objects. This knowledge can be
used to find visually important features and use it in the automatic detection
of group in sketches and drawings. These features include color, size, con-
trast, tilt, curvature, and line-endings [41]. Treisman stated that similarity
within the feature maps is not linear, it follows the Weber-Fechner law. Addi-
tionally Treisman notes that clear boundaries between object structures also
make it easier for humans to perceive these structures. Since objects which
share features are seen as perceptually grouped in a preattentive process, it
can be concluded that for certain simple features, no contextual information
is needed for the grouping process. Elements are combined to objects in only
a few hundred milliseconds in the human vision system. Although context
is an important factor for grouping in sketches, some features likes the ones
stated earlier can be seen as universal and contextless. Using these features
in Suggero allowed us to discover perceptual groups without knowing the
context or domain of a sketch. They are used to find general groups which
are perceived in a context agnostic environment.
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2.1.3 Perceptual Features

In research of perceptual grouping or perceptual organization, various fea-
tures have been explored and used. Some features like proximity and continu-
ity can be used as spatial or temporal indicators [8]. There are other features
like similarity of color, size or others that can be seen as additional features,
often used in a multidimensional feature space. Features like color and size
can be extracted as absolute values and used for further computations.

When it comes to grouping, features always stand in relation to each
other. Similarity of color for example is a relative measure between two ele-
ments, although the feature color is extracted from the single elements. Other
features can only emerge if multiple elements are present. To extract a degree
of parallelism, multiple (but at least two) elements have to be compared.

As mentioned in literature by for example Treisman [41], the linearity
of features is another important factor to consider. Some features like the
similarity in size or color are not linear when it comes to human perception.
That means that two objects are seen as similar or can be distinguished de-
pendent on different thresholds or variables. Two of the most famous laws for
this are the Weber-Fechner law and Stevens’ power law. The Weber-Fechner
law states that the scale for noticing differences between two stimuli (called
the just-noticeable-difference) is logarithmic. Stevens’ power law also deals
with measuring the just-noticeable-difference, but with a different equation.
It states that the perceived intensity follows the equation  (I) = kIa, where
 (I) is the subjective, or perceived, magnitude of the particular stimulus. k
is a constant for the current scale and the exponent a varies dependent on
the type of stimulus (for example for perceiving changes in the visual area
a = 0:5). These two laws have to be taken into account for the processing of
the different features. Especially if the goal of a system is to extract infor-
mation about similarity or distance of objects, it is important to keep them
in mind.

Features like proximity are used throughout different research projects
and systems [8, 18, 36, 40], but often no concrete implementation or models
are provided. Additionally, systems often use the features as input for genetic
algorithms or optimization [18], which makes understanding the use and
results of the extracted features even more complex.

2.2 Perceptual Grouping

Thórisson [40] used proximity and similarity to find perceptual element
groups and discusses the general usage of such groups for human computer
interaction. She mentioned several features that could be analyzed for their
similarity like shape, size, color, brightness (similarity in intensity), orien-
tation and texture. For the grouping algorithm in this work, similarity in
shape and size and spatial proximity were used to find perceptually salient
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groups. Thórisson computed the pairwise relation for all elements and built
a graph with the elements as vertices and the relation values as edge weights.
Afterwards, minimum cuts were found by using fixed threshold values. The
resulting subgraphs were the groups found by the algorithm.

Igarashi et al. [18] used proximity and regularity (in layout continuity)
to find structures in card stacks. They extracted various parameters from
a linkage model of the input elements. The model was target of automatic
parameter tuning with genetic algorithms. With this learning approach from
user input, Igarashi et al. tried to find the correct parameters to extract
structures like lists and tables from the input. The results were then used
for further interactions.

Similarly, Shipman et al. [38] wanted to find element structures like lists
or tables for their pen-based whiteboard system. Their editor relied on user
selection and gestures to perform selections and interact with them, so no
features except user selection were extracted. Gestures made by users were
combined with cleanup operations to match alignments of the input. The
user-created selections were specified as groups, which were used for interac-
tions like translation or insertion into existing tables. Besides user selection,
Shipman et al. introduced the concept of borders to delimit certain struc-
tures. Borders were also used as user operations, but could also be seen as
a concept worth looking into for perceptual grouping systems like Suggero.
The concept of border is closely related to Treisman and Gelade’s concept
of clear object boundaries [43].

Rome [36] discussed several features like proximity and similarity. In the
system named EPICT, the features from Feature Integration Theory were
extracted for later analysis. They used different element attributes like fill,
color and position to find perceptual groups. Similar elements (based on
the extracted features) were put in similarity maps. Each map was then
analyzed in terms of proximity and continuity. The resulting groups were
united if possible (similar maps were combined), ordered and presented as
results.

Saund et al. [37] extracted line art and blobs from their input images.
Besides using user selection as a feature, they analyzed the line art and
introduced search for three different kinds of paths, including closure, as
indications of groupings. The use of closure in terms of object grouping can
be connected to Palmer’s work on common regions [31]. A common region
is an element that surrounds other elements and thus, is perceived as a kind
of container for these elements. He stated common regions are an important
principle of perceptual grouping, which emphasizes object relationships. The
concept of common regions is illustrated in Figure 2.3.

Cates [8] focused on sketch analysis but also showed important features to
identify objects. These features have also been used in perceptual grouping.
Three main aspects of a sketch were identified, namely spatial, temporal and
conceptual relations, which were used for the analysis. She used the concept
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(a) (b)

Figure 2.3: The elements in (a) are perceived as pairwise grouped because
of their proximity. By adding the ellipses in (b), the prior groupings break
in favor of elements sharing a common region.

of parallelism and verticality for her analysis, which are also strong features
when analyzing sketches.

Finally, Dehmeshki and Stuerzlinger [9] focused on supporting users when
selecting perceptual groups. Their work focused on finding element group-
ings based on proximity and path continuity. They analyzed the movement
of selection gestures and the drawings. By extracting the movement and
curvature of a selection gesture, they were able to convert the gesture into
a measure for distance and continuity of the intended selection. To match
selection and input elements, a element graph was constructed with infor-
mation about curve alignments of the elements. After construction of the
graph, the information was matched with the drawing, with the goal to se-
lect perceptual groups quickly.



Chapter 3

Concepts

This chapter describes the concepts for finding perceptual groups in Suggero.
The general workflow is described as well as the particular concepts to extract
particular features. The process of dynamically computing perceptual groups
is presented. Finally, the presentation and user interaction with the computed
perceptual groups are explained.

3.1 General Workflow

There are different approaches for the workflow of perceptual grouping. Sev-
eral works, including Suggero, use a multi-phase approach [18, 36, 38, 40].
In a first phase, the Feature Extraction, the different features of a digital
sketch are computed. In this phase, the elements of a sketch are analyzed
and the element relations for features like proximity or similarity are com-
puted. Depending on the input of a system, a prior Preprocessing Phase
may be necessary before the Feature Extraction Phase. If the input is for
example a scan of an image, the strokes have to be extracted, including
their attributes like color or thickness. Other systems, including Suggero,
use digital input from the mouse or a digital pen. This input is most often
processed to single elements (or strokes), which can easily be distinguished
and where attributes like color and thickness are set by users before drawing.
Suggero also computes different attributes of each element, like its bounding
circle or Fourier descriptors and preserves them for later analysis and faster
computation. Calculations like these are often computational expensive, so
preserving this information instead of computing it every time can result in
an increase in performance. After the Feature Extraction, the calculated val-
ues are processed in the following Dynamic Grouping Phase. In this phase,
the perceptual groups, which are used for later presentation and interaction,
are found.

13
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3.2 Pre-processing

Since Suggero was created to work with hand-drawn sketches, the input
strokes are collections of 2D points (polylines). In the sketching application,
users can change both the color and the thickness for each stroke on the fly.
Each stroke is pre-processed immediately after it is drawn.

Segmentation and Normalization: The input strokes from the applica-
tion are not equally sampled. The distance between the 2D points strongly
depends on the movement speed of the input device (mouse or pen) while
drawing. To implement the similarity and parallelism feature extraction, de-
scribed below, it is necessary to achieve an equally-sampled representation
of each stroke. Therefore, the stroke is re-sampled accordingly (see Figure
3.1). Additionally, a normalized representation is computed and used in the
later Feature Extraction.

Figure 3.1: The smoothed input stroke as seen by users (top), the raw
sampling from the device (middle), and the re-sampled points (bottom).

3.3 Feature Extraction

In Suggero, sketches are analyzed for different features that represent the
perceptual relations between drawing elements. These features were selected
based on the findings from the Gestalt principles of grouping and the Fea-
ture Integration Theory, discussed in Section 2.1.2. To extract a feature,
affinity values are computed for all pairs of elements. These affinity values
are normalized values ranging from 0 to 1 that express the relation between
two elements, where 0 means no relation between elements and 1 stands
for highly related elements. The affinity values are used later for Dynamic
Grouping. This section describes the choice of features in Suggero and their
concepts.
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3.3.1 Feature Choice in Suggero

A combination of features from psychological research [10, 31, 33, 41–44]
is used for the Feature Extraction. Proximity and similarity are the pri-
mary features used, as they are key features identified in Gestalt theory;
they have also been successfully applied in previous research projects [9, 18,
40]. In addition to proximity, connectedness is used as an visual important
feature [33]. The Feature Integration Theory states that similarity of shape
and color are critical features for human perception [41–43]. Given the ap-
plication context, similarity of thickness is also analyzed, since it is a strong
visual feature in a sketch. In addition to these features from the perceptual
psychology literature, parallelism is included as it has also been identified as
a strong perceptual feature [8].

Relative Element Relations

Whether a perceptual relation between elements exists or not typically de-
pends on the whole content of a sketch. For example, two drawing elements
that were original perceived to be related due to their spatial proximity may
be perceived as being unrelated after another element is added closer to one
than the other (see Figure 3.2). In Suggero, only relative affinity values are
computed, expressing the relations between elements.

a b c

a b d c

Figure 3.2: The circles a and b are perceived as a belonging together due
to their distance to c (top). Once circle d is added, this connection breaks
and b and d belong together (bottom).

3.3.2 Proximity

A main feature of Suggero is proximity. Since spatial proximity is a relative
measurement, that changes with each element added to a sketch, Suggero
uses two different measures for proximity, global proximity and local proxim-
ity.
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Global Proximity

Global proximity refers to the distance between two objects, which also con-
siders the length and shape of an element. Two elements can be spatially
close on one side and more distant on the other side because of their ar-
bitrary shape and positioning. Therefore, measuring the distance for only
one point (e.g. center point) or the endpoint distance would not be sufficient
(see Figure 3.3, left, middle). For more accurate measurement, the average-
distance of ten points is used for global proximity (see Figure 3.3, right).

Figure 3.3: Measuring only one or two distances (left and middle) to analyze
proximity would often not be sufficient. Suggero measures the distance of ten
different points (right) to calculate the global proximity.

Local Proximity

Another measurement for the proximity of two elements that enforces the
spatial proximity between two objects is local proximity. Instead of calcu-
lating the relation for two elements according to their stroke geometry, the
bounding circle is calculated and used to normalize the distance between
two elements. The distance is calculated by using the Euclidian distance
between the bounding circle centers. By using this distance measure in the
later dynamic grouping, elements that clearly belong together based on their
bounding circles are weighted stronger. As Figure 3.4 shows, local proximity
enforces structures like enclosed elements and containers.

Figure 3.4: The global proximity distance (left) is larger than the local
proximity distance (right). Since the caret (blue) is surrounded by the green
circle, the local proximity provides a better match.
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3.3.3 Connectedness

Although not mentioned explicitly in the Gestalt theory, connectedness is
considered a strong visual feature [33]. Suggero finds intersections between
drawing elements and takes this connection into account as features. Two
elements can be perceived as connected, because they either intersect or
because their endpoints are connected. Endpoints of elements do not neces-
sarily need to have a real physical connection to be perceived as connected
(see Figure 3.5). To overcome this issue, Suggero uses a different approach
to measure the degree of connectedness at endpoints instead of searching for
actual connections. The degree of connectedness of two end-points is com-

(a) (b) (c)

Figure 3.5: Endpoint connectedness depends on the size and distance of
objects. Although the distance of bottom left endpoints of (a) and (b) is
the same, (a) is more likely to be perceived connected. We calculated so-
called tolerance zones (c). The overlap (yellow area) indicates the degree of
connectedness.

puted by using tolerance zones [39]. Tolerance zones are circular areas at the
end-point of a stroke, used to calculate the degree of connectedness. They
take the elements’ size as well as the magnitude into account. The overlap
of two element’s tolerance zones is a good measurement for the degree of
endpoint connectedness. The size of the tolerance zones depends on the size
of the element and its distance to all other elements in a sketch [39]. This size
is determined by calculating the average distance of a particular endpoint to
all points of all other strokes in a sketch. This calculation can be computa-
tionally expensive; thus, Shpitalni and Lipson’s [39] original algorithm was
modified to determine the size by using the average distance of the endpoint
to the other points of the stroke and the average distance to other tolerance
zones.

3.3.4 Similarity

One of the most important features in previous research on perceptual group-
ing [8, 36, 40, 45] and perceptual psychology [10, 41–44] is similarity. This
feature can be used in different dimensions and with different properties of
the elements. Suggero takes similarity of shape, (outline) color, and stroke
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thickness into account. This list could easily be extended and the system
could be adapted if another property is found to be important, for example
fill or texture.

Shape

Shape is a very important feature for human perception [10, 41–44]. In Sug-
gero, the pairwise element similarity is computed and used as a feature. Since
only single strokes are compared, element similarity in terms of shape for
multi-stroke objects is not computed. This would be an important addition
for further extensions of the system.

Color

The color similarity of elements is included as a feature in Similarity. Since
the systems purpose is to support users in creating digital sketches, only the
stroke outlines are used to compare the color of strokes. This could easily
extended by differentiating between outline and fill color or by using it as
a combined measure for color. The perception of color, as with most other
features, is non-linear. This is important to know for any grouping algorithm
that needs a binary decision if two objects are similar or not. Suggero uses
the Euclidian distance in the CIELAB color space to compute the pairwise
similarity of color of the drawing elements. This color space was used because
it represents human perception of color differences best. The implementation
is described in detail in Chapter 4.

Thickness

Stroke thickness can be seen as another example parameter that is used in
Suggero. The current sketching environment provides users with the possibil-
ity to draw elements with different stroke thickness. This often leads to users
assigning different element thicknesses to indicate groupings and relations.
Due to this fact, thickness is used as a feature for Suggero in this application
context.

3.3.5 Parallelism

Parallel structures of sketched elements are often non-accidental and can
be easily perceived by humans [8]. Parallel lines are perceived as such be-
cause they have the same angle and no intersections. The difference in angle
is a good measurement for the degree of parallelism. No difference means
that the lines are parallel and a difference of 90° means that the lines are
perpendicular. The same can be applied to arbitrary strokes (non-straight
lines). Besides the difference in angle, the similarity of shapes is important
for perceiving objects as parallel (see Figure 3.6).
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α α α

Figure 3.6: Parallelism is perceived due to common orientation (left) and
similarity (middle). Sub-segments are also perceived as parallel (right).

Additionally, an element can be parallel to a sub-segment of another el-
ement. In Suggero, the pairwise degree of parallelism is computed for all
elements by combining the difference in rotation and the similarity. Cates
[8] categorizes parallelism under the term of singularities, together with ver-
ticality. Verticality is currently not analyzed in Suggero, but would be an
interesting feature to investigate.

Summarizing, Proximity, Connectedness, Similarity, Parallelism and Simi-
larity of shape, color and stroke thickness are used in Suggero as features
for finding perceptually related elements. This list could be extended with
other perceptual properties, since only the relative affinity value for a feature
needs to be calculated and added as input to the Dynamic Grouping phase.
The output of the Feature Extraction is a collection of pairwise affinity val-
ues for all elements based on all analyzed features. The normalized values
of all these features are then used to calculate the next step, the Dynamic
Grouping.

3.4 Dynamic Grouping

The groups we perceive in sketches change with every element that is added,
removed, or modified. In the dynamic grouping phase, the output from the
Feature Extraction phase is processed and the perceptual groups are com-
puted.

Similarity-based Grouping

Elements are grouped based on their perceptual relation. A hierarchical
grouping approach is used, starting with the element structures followed by
the individual elements [19]. In Suggero, Dynamic Grouping starts by finding
two elements with the closest relation and assigning them to a group. In the
next step, the next closest element pairs are found and assigned to a new
group and so on. Once created, a group of elements is treated like regular
elements; that is, pairwise relations are calculated between the remaining
(un-grouped) elements and existing groups. If the closest pair is an element
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(Input) (Group 1) (Group 2) (Group 3)

Figure 3.7: Illustration of the Suggero’s dynamic grouping process. The
closest element pair are grouped first (Group 1 ), followed by the next pair
(Group 2 ). The last pair is the two groups themselves, which are assigned to
Group 3.

and a group, the element is added to the group. This process is continued un-
til all elements are grouped accordingly (see Figure 3.7). All identified groups
are stored for later ranking. This grouping method was primarily influenced
by a clustering technique, called Hierarchical Agglomerative Clustering (=
HAC ) [27]. The HAC technique meets the requirements of grouping the ele-
ments based on their relative similarity rather than using fixed thresholds or
other rigid methods. Additionally, it is possible to calculate a group-quality
value (confidence value) for every group.

Feature Combination

In Suggero, the affinity values from multiple features are used; thus, the input
for HAC has to be pre-processed. The outputs from the feature extraction
phase are multiple matrices with affinity values (one for each feature). Two
different strategies of feature combination are used to combine these matri-
ces. The first strategy combines the values from all features on one single
matrix by using a weighted sum. The resulting groups after the grouping
process can be referred to as combined feature groups. The weights are em-
pirically determined and tweaked after the preliminary study. This strategy
produces more perceptually complex groups. Since features like shape sim-
ilarity and parallelism are combined, it is difficult to tell based on which
features the groups were formed. The second strategy processes each feature
separately with HAC, so the inputs are the previously calculated affinity
values. The computed groups are later ranked and combined if they contain
the same elements. This produces more specialized groups, since the groups
are based on particular features (e.g. color) and do not combine multiple
features. These groups can be referred to as specialized feature groups.
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Ranking Groups

In order to provide users with the best groups only, the groups have to be
ranked based on their quality (see Figure 3.8). In Suggero, the confidence of
groups (ranging from 0 to 1) is computed by averaging the affinity values of
all its elements. Additionally, a penalty function, applied to the number of
elements in a group, decreases the confidence value for larger groups. This
behavior is a subject of the preliminary study.

Confidence: 0.951)

2)

3)

Confidence: 0.93

Confidence: 0.89

Figure 3.8: Input sketch for the dynamic grouping (left), found groups
(middle) and groups ranked by confidence value (right). Confidence values
are normalized and range from 0 to 1.

3.5 Interaction

In Suggero, the decision which groups are presented to users is based users’
manual selections. After an element is selected manually, Suggero searches
in its previously computed perceptual groups for ones that contain this ele-
ment. After these groups are found, they are ranked based on their confidence
value and presented as suggestions. Additionally, users can select multiple
elements, which leads to Suggero searching for groups with all those ele-
ments. More selected elements gives Suggero more information and results
in more exact suggestions. We implemented two different visualizations of
the suggestions. The first visualization technique is a simple vertical list and
the second visualization is a marking menu [22, 23]. Both show the three
top-ranked suggestions.

3.5.1 Suggestions List

The found suggestions of perceptual groups are presented to users with a
vertical list. Suggero presents the suggestions with the highest confidence
value (best selection group on top) in a vertical list next to the last selected
element. Each suggestion shows the elements of the underlying perceptual
group. All elements are scaled to fit the area of the suggestion (70 � 70
pixels) and have the same colors as in the sketch to easily identify them in
the sketch. Suggestions can be selected by tapping. Suggero then selects all
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(a)

(b)

(c)

(d)

Figure 3.9: After selecting the green circle manually (a), Suggero provides
suggestions in form of a vertical list (b). When a suggestion is confirmed by
tapping, Suggero selects all containing elements (c). Afterwards, the sugges-
tions are updated to match the new elements (d).

the elements contained in the suggestion (see Figure 3.9). Afterwards, the
suggestions are updated based on the newly selected elements. Users can tap
though the different levels of suggestions with always increasing group size
to enable fast selection of small and large groups.
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3.5.2 Marking Menu

A marking menu containing the suggestions was implemented in addition to
the suggestions list. The marking menu, developed by Kurtenbach and Bux-
ton [22, 23] is a variation of the pie menu [7]. The suggestions are presented
in a radial way (depending on the last pen motion), as shown in Figure 3.10.
Additionally, a cancel item is shown to discard the menu. Suggestions are
selected when the pen stroke touches them. The menu becomes visible when
the pen stops moving (with a 5 pixels threshold) for a fixed time (300 ms).

Figure 3.10: As an alternative to the vertical list, a marking menu showing
the top-ranked suggestions was implemented.

3.5.3 Manual Selection: Harpoon

For manual selections with Suggero, the Harpoon selection tool is used. It
was developed after the ideas of Leitner and Haller [24]. The Harpoon selec-
tion method is a speed-dependent crossing technique that supports users in
performing complex selections. Every time an element gets touched with the
Harpoon tool, it is either selected or deselected, depending on its prior state.
The faster the stylus is moved when using the Harpoon tool, the bigger the
selection area gets (and the more elements are selected). This enables both
very accurate and large selections. Figure 3.11 illustrates this behavior.

Figure 3.11: The Harpoon tool is speed dependent. At the beginning (left
side), to selection area (green) is larger because of faster movement speed.
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