
cLuster: Smart Clustering of Free-Hand Sketches on Large
Interactive Surfaces

Florian Perteneder1, Martin Bresler2, Eva-Maria Grossauer1, Joanne Leong1, Michael Haller1

1Media Interaction Lab, University of Applied Sciences Upper Austria
2Department of Cybernetics, Faculty of Electrical Engineering, Czech Technical University in Prague

Figure 1: Users must often make large movements when working on large interactive surfaces. This quickly becomes cumber-
some, especially when tools are not user-friendly and ergonomically designed.

ABSTRACT
Structuring and rearranging free-hand sketches on large in-
teractive surfaces typically requires making multiple stroke
selections. This can be both time-consuming and fatiguing
in the absence of well-designed selection tools. Investigating
the concept of automated clustering, we conducted a back-
ground study that highlighted the fact that people have varying
perspectives on how elements in sketches can and should be
grouped. In response to these diverse user expectations, we
present cLuster, a flexible, domain-independent clustering ap-
proach for free-hand sketches. Our approach is designed to
accept an initial user selection, which is then used to calculate
a linear combination of pre-trained perspectives in real-time.
The remaining elements are then clustered. An initial eval-
uation revealed that in many cases, only a few corrections
were necessary to achieve the desired clustering results. Fi-
nally, we demonstrate the utility of our approach in a variety
of application scenarios.
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INTRODUCTION
Large interactive surfaces, due to their size, can cause strain
and fatigue with extended periods of use. Their applications
should therefore be designed to mitigate these effects. Never-
theless, sketching tools that mimic the use of traditional white-
boards [18, 30] are generally simplistic and lack the means to
interpret sketched content. This results in physically demand-
ing and time-consuming selection tasks when users wish to
structure or rearrange their sketched content. To address this,
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many previous works have made attempts to improve selection
tools [15, 23, 25, 45]. However, for structuring content, their
solutions still necessitate a high degree of effort from the user.
Either users must make repeated selections to rearrange con-
tent, or they must actively organize their content into layers. In
contrast to this, others have taken the approach of introducing
sticky note-like objects [13, 16, 20] to contain a single idea.
This enables content to be structured or rearranged without the
need for users to make explicit selections, but comes with the
cost of a reduced degree of flexibility and freedom for content
creation. Being able to efficiently cluster strokes into groups
that are sensible to users, in order to easily structure and rear-
range content in free form sketches was the main motivation
for this work.

In this paper, we investigate possibilities for structuring free-
form sketches to facilitate fast and easy selection and rear-
rangement. Doing this, we aim for a domain-independent
approach that works for all forms of free-form sketching. A
lot of research in the field of symbol segmentation within well
structured domains [3, 4, 11, 33, 43] has exploited the knowl-
edge of the domain to perform segmentation by classification.
However, in our case, such an approach cannot be used. There-
fore, we use a data mining method called cluster analysis.
This divides elements (in our case, strokes) into disjoint sets,
where strokes within a cluster share similar characteristics. In a
recent work, Delaye and Lee [9] presented Single-Linkage Ag-
glomerative Clustering (SLAC), a machine learning approach
that successfully segmented sketches in several domains.

Based on their work, we introduce cLuster, an approach to ef-
ficiently cluster strokes into sensible groupings that facilitates
the structuring and rearrangement of sketched content. We
extend SLAC in order to accommodate the diversity that exists
regarding users’ expectations for how sketched content should
be clustered. To do this, we use multiple training sets that
are dynamically combined based on an initial single template
selection provided by the user. To see what people understand
as sensible groupings in sketches, we performed a background
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Figure 2: Sketch Categorization based on Walny et al. [44]

study. We selected a variety of sketches following a modified
taxonomy from Walny et al. [44], cf. Figure 2. From people’s
varied interpretations, we identified nine perspectives, from
which we used seven to train our algorithm.

We demonstrate the benefits of our proposed clustering ap-
proach in a number of practical use-cases. By isolating high-
level structures from sketched content, the process of struc-
turing and rearranging sketched content has significantly im-
proved. In summary, our contributions are as follows:
• An analysis of people’s understanding of what sensible

groupings or clusters are for content in a single sketch,
through an extensive background study.
• A state-of-the-art, real-time stroke clustering algorithm

applicable to free-form sketching in real-world scenarios.
• A clustering approach that is capable of adapting and gen-

erating various clustering configurations which reflect peo-
ple’s diverse perspectives/interpretations of a sketch.
• An unobtrusive way for users to indicate their clustering

intentions using an initial selection, and simple ways to
manually modify automatically generated clusters.
• An analysis of the performance of the presented algorithm

in diverse, non-domain-specific sketches and a comparison
between the results and the users’ expectations.
• Several use cases for the presented algorithm.

RELATED WORK
Sketch Recognition
A good overview of stroke recognition algorithms is provided
by Davis [6]. The ultimate goal of many related papers is to
understand what the user is really sketching. Generally, this
is a very complex problem. A common way is to take the
domain into account and to use the knowledge of its struc-
ture and graphical notation. In this case, it is advantageous if
it is possible to divide a sketch into primitives and possibly
build a grammar describing the syntax. These grammatical
approaches became very popular and successful in domains
with complex and recursive structures, e.g. mathematical ex-
pressions [3] and flowcharts [5, 24]. Finally, there were also
attempts to develop universal formalisms for sketch recogni-
tion applicable to various domains, cf. SketchRead [2] and
Ladder [19].

Although these formalisms are very nice, they encounter trou-
bles facing the uncertainty of a sketch (e.g. caused by an
inaccurate pen input). This is the main reason, why there is an
increased interest in more robust statistical approaches. These
systems are able to learn how to recognize structures in previ-
ously seen sketches from annotated datasets. Various graphical
models are used to capture the structure of such sketches. The
most common are Markov Random Fields (MRF), Conditional
Random Fields (CRF), or Bayesian Networks [4, 33, 35].

Grammatical approaches aim to find primitives like line seg-
ments and arcs in the sketch [10]. In contrast, statistical ap-
proaches try to segment and recognize a larger set of symbols
from which the structure is built. However, it is a typical
chicken-egg problem and thus an approach called segmenta-
tion by classification is often employed. Therefore, we have
to generate multiple segmentation hypotheses. It is usually
done by a simple iterative grouping of strokes where the search
space is efficiently pruned by applying requirements on the
spatial and temporal proximity of strokes in each segment [11].
Recognition of the segmented symbols is realized by classifiers
assigning the groups of strokes to certain symbol classes. The
classifiers are usually implemented as Hidden Markov Models
(HMM) [38], Support Vector Machines (SVM) [31, 46], Neu-
ral Networks (NN) [12], or their combination [39]. Huang et
al. [21] presented a data-driven approach for segmentation and
labeling of free-hand sketches. It is used to identify individual
parts of objects, using a repository of annotated objects.

Our approach requires segmenting objects of interest. How-
ever, we are unable to employ segmentation by classification,
because there are no pre-defined symbol classes in a free-hand
sketch. Therefore, we use cluster analysis to obtain final seg-
mentation without classification. Any pre-defined expected
structure of the sketch is also missing, so we are unable to
use any grammar or graphical models to drive the selection of
the objects. In our case, we take into account the diverse user
expectations by using an initial user selection that is further
used for clustering the rest of the strokes.

Selection and Rearranging Tools
Selection tasks are common in sketching tools. Using per-
ceptual cues of Gestalt theory, Dehmeshk and Stuerzlinger
[7, 8] improved selection speed and results of selection tools.
Igarashi et al. [22] also used proximity and regularity to find
structures in card stacks. Similarily, in Suggero [25], the
authors present a selection tool that is based on the Gestalt
Laws. Both cLuster and Suggero use the initial selection of
a cluster to interpret the user’s intention; however, they differ
in their interaction possibilities. Furthermore, cLuster uses a
more general feature set and superimposes a concept to handle
different perspectives.

The work from Shilman et al. [40, 41, 42] shares some sim-
ilarities with cLuster, as it also uses a variety of spatial fea-
tures. However, it primarily aims to distinguish handwritten
text/symbols from sketches, as well as interpret an overall
spatial structure, in order to convert them into type. This leads
to a different way for dealing with ambiguity in grouping:
while Shilman et al. [40] uses context, cLuster uses an initial
grouping example provided by the user to resolve this. Scan-
Scribe [36, 37] also includes mechanisms to form sensible
groupings, however, the underlying algorithms are fundamen-
tally different to our approach as the tool is pixel-based.

Smart Scribbles [32] provides user-guided segmentation of
drawings. In a semi-automated workflow, users mark parts
of drawings using rough scribbles. The scribbles explicitly
determine the number of segments and therefore can be seen
as very rough initial selections. In contrast, cLuster uses one
precise initial selection and determines the number of clusters
automatically. Lazy Select [45] and Sloppy Selection [23] are
also examples of tools that interpret the users’ intention even
with an imprecise input. The authors analyze the performed
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Figure 3: List of perspectives used to annotate sketches and learn SLAC parameters.

gesture as well as the structure of the existing content to in-
crease certainty about the users’ intention when only imprecise
input is available. Handle Flags [15] is a localized selection
technique to select single strokes or their clusters of ink strokes
that are clustered by proximity. While some of these selection
tools perform analysis for all objects in the background, the
goal is usually to support the user in creating one selection. In
contrast to this, we aim to cluster all strokes and enable ways
to interact with them as objects that respond.

Flatland [30] provides a feature called Auto-Segmenting that
combines spatially close strokes for easy management of the
spatial layout. It also introduces the idea of manipulating
content indirectly when other objects are moved, which we
extend in our work. Moran et al. [29] extend the work done in
Tivoli [34] by including implicit recognition of regions that al-
low for organizing content spatially. Despite these early efforts
in large surface computing, improving the spatial arrangement
of objects is a complex topic. Many systems leave this task up
to the user [16, 17, 20] or provide only minimal support [13].

UNDERSTANDING SKETCHES
To gain a better understanding of how users sketch on interac-
tive whiteboards, what these sketches look like, and how users
would cluster strokes into objects, we conducted a background
study. We presented sketches to participants and asked them
how they would cluster them. Then we tried to find common
themes amongst the participants’ clusters, resulting in a num-
ber of perspectives. These were then taken as the base for
training the weights of our clustering algorithm.

Methodology
We gathered more than 300 different real snapshots made on
interactive whiteboards, where ≈ 70% were produced by our
research group and ≈ 30% by an external company. The
sketches were created over a period of two years in real work
scenarios by more than 15 individuals, and were the output
of team meetings, workshops, brainstorming as well as note-
taking sessions during presentations.

To keep the length of the study within reasonable time con-
straints but nevertheless achieve a sufficient variety in our
selected sketches, we categorized them into seven different
categories: Sentences and Paragraphs, Word Lists, Structured
Words with Annotation, Words in Visual Diagram Construc-
tions, Diagrams/Image Sketches with Labels, Pure Diagrams,
Pure Image Sketches. It is a slightly modified set of the cat-
egories defined by Walny et al. [44], which covers the range
between primarily word-based constructs and pure diagrams
as depicted in Figure 2.

In contrast to the data from traditional whiteboards presented
by Walny et al., we could see that participants made use of
the additional virtual space and produced less cluttered pages.
While both types are used for quick communication, we feel
that traditional whiteboards often house permanent informa-
tion, whereas interactive whiteboards are used much more for
the specific purpose of sensemaking and/or presentation.

From the categorized sketches, we selected two exemplary
pages for each category (three from Words in Visual Diagram
Constructions) of sufficient complexity (i.e. non-trivial). More-
over, we tried to incorporate various drawing styles by using



examples from different authors. The selected sketches were
presented to 14 participants (6 female) in a counterbalanced
order. The group of participants (M = 30.6, SD = 8.0) was
from the local research campus and included novice users who
had never used an interactive whiteboard, as well as experts.
We asked them to find and highlight potential clusters that they
could identify as meaningful and important. In addition, for
each clustered page, we asked them to name the type of the
clusters they used. We repeated this process for each sketch
until no additional clustering possibility could be identified.

Results
Overall, each participant had to find clusters for 15 different
sketches, which took them approximately 45 min. each. On av-
erage, participants assigned 2.31 (SD = 0.35) alternatives to
each sketch. It became apparent that persons with a high level
of expertise in whiteboard useage identified more possibilities
than persons with a low level of expertise. This suggests that
demands on flexible interpretation rise with increasing experi-
ence. To avoid confusion with the sketch categories (cf. Figure
2), we will call a way of clustering a single sketch perspective.
We categorized the alternative perspectives for each individual
sketch and then summarized them for all sketches, using the
Grounded Theory approach [14]. Finally, we identified nine
main perspectives that are shown in Figure 3.

The bar chart presented in Figure 4 shows different perspec-
tives in the order of their occurrence and their mapping to the
initial categories they have been identified in. The occurrence
is provided in a percentage number, which can be interpreted
as the chance that a particular perspective was identified in a
sketch. This means that the chance of being able to segment
a sketch into Visual Subgroups is almost 40%, while seg-
mentation following Categoric Units is applicable with only
a 7% probability. On average, a perspective occurs in 5.33
(SD = 1.05) different categories. This indicates that they are
quite universal and work over a large spectrum of sketches.
Thus, we are confident that the identified perspectives work
as a basis for an automatic clustering algorithm, to provide
training datasets for different alternatives of segmentation.

CLUSTERING
When aiming to provide users with a tool that allows for high-
level interaction with free-hand sketches, the biggest challenge
is to cluster existing strokes into sensible groupings. Since
users may write or draw anything, such sketches inherently
lack an expected structure. Even worse, as we have learned in
our background study, one specific sketch can be interpreted
in multiple ways. Also, basic objects and their meaning might
differ between users, meaning that classifiers used to detect or
recognize objects (e.g. symbols) cannot be used. Therefore,
we make use of data mining methods - specifically cluster
analysis. This is commonly used to find useful information in
unknown data. In our case, it is the information about which
strokes belong together and represent an object.

Single Linkage Agglomerative Clustering
Delaye and Lee [9] showed that objects of interest in handwrit-
ten documents could be found using Single-Linkage Agglom-
erative Clustering (SLAC), equipped with a properly trained
distance function. It is a hierarchical bottom-up clustering
technique. First singleton clusters consisting of a single stroke
are initialized. Larger clusters are created by iteratively merg-
ing the two closest clusters based on the distance. Using a

0%

5%

10%

15%

20%

25%

30%

35%

40%

45% Pure Imagesketches
Pure Diagrams
Diagrams and ImageSketches with Labels
Words in Visual Diagram Constructions
Words in Spatial Organisation
Wordlists
Sentences and Paragraphs

Figure 4: The occurrence of the different perspectives in
percent of the sketches where they have been identified in.
The colors show the mapping to the sketch categories to
indicate the relatively even distribution of the perspectives.

Single-Linkage clustering approach implies that the distance
between two clusters is given by the distance between their two
closest elements and not a cluster average. This permits an effi-
cient real-time implementation O(n2), where n is the number
of strokes. The distances between strokes is only calculated
once and not iteratively. A link is created at each merging step,
which contains information about the two clusters it links and
the distance between them. This results in a tree structure,
a so-called dendrogram, that can be cut by using a suitable
distance threshold (see Figure 5). The distance between two
strokes s and t is given by a weighted sum of their features:

d(s, t) =

k∑
i=1

widi(s, t), (1)

where wi is the weight for the feature i that needs to be learned
and di is the value of the feature. Previously annotated data
is used to find suitable weights and the threshold to cut the
dendrogram.
For training purposes, two types of links are defined. C-links,
which connect two different clusters and M -links, which con-
nect the two most distant sub-clusters of one object (see Figure
5). To allow a cluster containing an object, the distance of
C-links must to be bigger, while the distance of M -links must
be smaller than the threshold. Otherwise the two clusters are
merged. For details of the algorithm, see the original paper [9].
Our SLAC Adaptation
Delaye and Lee [9] achieved promising results with segment-
ing benchmark datasets in domains like flowcharts, finite au-
tomata diagrams, mathematical expressions, loosely defined
text blocks, and figures in free-hand sketches. However, they
modified their weights and thresholds to suit each domain.
They also used different subsets of features for different do-
mains. Unfortunately, we are not dealing with any particular



Figure 5: Illustrative example of a dendrogram and its cut-
ting. The M -link is the link between the most distant sub-
clusters within a cluster. The C-link is the link to the next
cluster that will be merged.

domain and we do not know in advance what the user’s per-
spective is. Learning a new set of parameters requires a lot of
data (at least ten annotated sketches) and takes a considerable
amount of time (from minutes to hours depending on the com-
plexity and the amount of data). Thus, it cannot be done in
real-time for each individual input.

Instead of aiming to learn the SLAC parameters for a specific
domain, we used the perspectives found in our background
study to define characteristics for the objects of our interest.
This is why we performed our background study on a broad
range of sketches. We skipped the perspective Global, where
the entire sketch was grouped into one cluster and the perspec-
tive Categories that seemed of minor importance (see Figure
4). Summarizing, we ended up using seven perspectives from
our background study: Visual Subgroups, Structural Similarity,
Objects, Visual Text Units, Columns, Hierarchies, Rows. We
used these perspectives to annotate training data and to train
our system. This requires an additional layer to be built on
top of the clustering method, which combines several sets of
weights (from each perspective) learned from different anno-
tated data to make the clustering tool suitable for an individual
sketch viewed under a particular perspective (see Figure 6).
Based on this clustering system, we can build tools that provide
a quick adaptation according to the user’s intentions.

Figure 6: The different perspectives can be imagined as
multiple dendrograms that provide different opportunities for
clustering.

Implementation
Our implementation is based on the learning algorithm from
[9]. Finding the right suitable measure for defining the distance
between two strokes is a challenge. Typically, features contain
geometric, spatial, and temporal characteristics. Delaye and
Lee used a Greedy approach in which a new set of features was
added to improve the result iteratively until the improvement
was smaller than a certain threshold.

We wanted to use as many features as possible to deal with
the significant variety of input in free-hand sketches. How-
ever, it turned out that too specific features can cause a loss
of generality (details in Discussion). Therefore, we did not
use features based on the speed of drawing which could be
misleading in the multi-user scenario. Individual users may
draw the same things with very different speeds. Additionally,
we omit computationally expensive features like the minimal,
maximal, and average distance between all pairs of points of
two strokes, as well as features that use stroke intersection
information. Eventually, we used the same features that De-
laye and Lee used for segmentation of symbols in flowcharts
and finite automata. These features and their descriptions are
presented in Table 1.

Features Characteristics
F1 Minimum and maximum distance from any point of one

stroke to the center of the other stroke’s bounding box
F2 Minimum and maximum distance from any point of one

stroke to an extremity (first or last) points of the other stroke
F3 Minimum distance between extremity points of the two

strokes
F4 Left, right, top, and bottom offset of the bounding box

coordinates
F5 Ration of horizontal, vertical, and overall overlapping of

strokes bounding boxes
F6 Absolute difference in strokes bounding boxes width, height,

and surfaces
F7 Number of strokes between the two strokes in the original

drawing sequence
F8 Difference in intrinsic parameters like arc length, closure,

and ink intensity

Table 1: List of the features we used.

We trained a set of parameters (the feature weights and the
threshold) for each perspective using associated annotated
sketches (see Figure 6). To combine these sets of pre-trained
perspectives and find a new suitable distance threshold, we
use a linear combination of the original feature weights. This
linear combination can be understood as a definition of a new
distance function:

dc(s, t) =

p∑
j=1

αjdj(s, t), (2)

where dc is the new distance function defined as a linear com-
bination of the original distance functions dj of individual
perspectives defined by Equation (1). Finally, αj are coeffi-
cients of the linear combination, the new tunable parameters,
and p is the number of perspectives. Hence, two kinds of
parameters can be adjusted in our system to adapt the clus-
tering. The coefficients αj define the distance function and
thus they affect the structure of the dendrogram. A change of
these parameters cause a need to rebuild the dendrogram. On
the other hand, the distance threshold is just used to cut the
dendrogram and thus changing it is a cheap operation. The
threshold adapts the granularity of the clustering and hence it
is also referred to as the granularity threshold.
CLUSTER CREATION AND REFINEMENT
As we learned from our background study, the expectations
of how a sketch should be clustered can be quite diverse. Fur-
thermore, even if expectations were to match between users,
one cannot expect even a very well-trained algorithm to be
consistently accurate. For this reason, we take advantage of



the parameters that allow us to configure the granularity and
the type of clustering. To achieve the best performance, we
implemented a two-step approach, where users can firstly in-
fluence the process of clustering by selecting an initial cluster
and then change the proposed clusters manually if required.
Selection of the initial cluster
While the distance threshold directly affecting a general cluster
size is easy to understand, the coefficients that describe the
influence of the different perspectives are hard to comprehend
for users. Therefore, we have to think of ways for users to
implicitly rather than explicitly adjust these parameters.
A very quick solution is to use the equal coefficients for the
linear combination (i.e. αj = 1/n,∀j = 1 . . . n, where n = 7
is the number of the trained perspectives). This option may
be sufficient when the objects of interest are salient and easily
separable. The user can then directly change the granularity
threshold, e.g. by using a slider.
However, in most of the cases, it is more tricky to separate
the objects and it is necessary to adjust the coefficients of the
linear combination. As it is not ideal to set the coefficients of
the linear combination manually, we provide the user with the
possibility to make an initial selection indicating one cluster, cf.
Figure 7. Any favourite selection tool may be used to do this.
If the clustering is invoked afterwards, our implementation
does not only aim to find the required threshold that would
create desired clusters but also finds adequate coefficients of
the linear combination providing the right way of clustering.
As we mentioned earlier, the learning algorithm uses two types
of links – M -links and C-links. The selected cluster is used
to extract one M -cluster (or none if the cluster consists of one
stroke only). However, we have no other clusters to extract
C-links. Therefore, we search for a single stroke closest to the
selected cluster to create a new C-link.

Figure 7: The initial selection serves as a template for the
algorithm to cluster the rest of the page. If a bullet point is
selected, the page is clustered into bullet points. If a column
is selected, it is clustered into columns.

Obviously, the initial cluster gives very limited information:
0 or 1 M -link and 1 C-link. It is woefully little for learning
parameters of the original clustering method. However, it
turned out to be enough to find proper coefficients of the linear
combination of parameters from previously trained perspec-
tives. To do this, we use exactly the same learning algorithm as
described before. However, this time we use the distance func-
tion dc and learn linear combination coefficients αj instead of
the feature weights wi. The algorithm still learns the threshold
as well. We set the initial values of coefficients αj = 1/n and
of the threshold h =

∑n
j=1 αj · hj . Since we use a limited set

of data, the algorithm works in real-time. In our experiments,
the algorithm needed 340ms on average.

Figure 8: Connecting two or more clusters with a single
stroke merges them. Cutting through a cluster with a stroke
splits the cluster along the line.

Manual cluster refinement
Although the initial interaction for selecting the right clus-
ter performs relatively well, it is necessary to provide error
correction techniques [26, 27]. Especially due to ambiguous
expectations in our scenario, it might be necessary to adjust
some of the wrong clusters. Therefore, we implemented a very
easy way to re-group some of the wrong clusters. First of all,
users can adapt the system threshold with a simple slider to
manipulate the cluster granularity. Figure 8 shows that clusters
can additionally be split by cutting them with a simple stroke
gesture. By drawing a line gesture that intersects two or more
clusters, multiple clusters can be merged into one larger cluster.
All changes that will happen are shown in a real-time preview
manner; this provides the user with the ability to undo a split or
merge action by tracing back along the gesture-stroke. More-
over, it is possible to cancel an entire adaption by performing
a zig-zag gesture.

EVALUATION
We evaluated our clustering method based on the seven trained
perspectives of the background study. To train these perspec-
tives, we used an annotated training dataset. This was cre-
ated from the initial sketches we gathered, excluding the 15
sketches we had used in the background study. These 15
sketches were used as a test dataset for evaluation. The two
sets were distinct and disjoint to ensure there was no bias from
a machine learning point of view.

Each sketch from the training dataset was annotated under all
of the applicable perspectives. As a result, our training set
consisted of 84 sketches for Visual Subgroups, 40 for Struc-
tural Similarity, 57 for Objects, 30 for Visual Text Units, 30
for Columns, 49 for Hierarchies, and 24 for Rows. The test
dataset was then used to compare the results of our algorithm
to the perspectives indicated by the participants in the study.
Summarizing, we asked the users about their expectations,
trained the system on different data, and then checked if it
then met the expectations. Note that for each sketch in the
test dataset, we picked the two most commonly occurring user
perspectives from the study to use for ground truth annota-
tion. In two cases, the most common expectations included
just one cluster containing all strokes. We did not consider
these trivial cases. Thus, we obtained a test dataset contain-
ing 28 differently annotated sketches. Since the result of the
clustering strongly depends on the initial cluster, we let an
expert user perform three different initial selections, which
he considered to be reasonable. The initial selection always
matched one of the annotated objects. In general, a good initial



Figure 9: Top: An example that did not require any user
correction. Bottom: Most entries were correctly recognized,
the few remaining ones can be fixed using the Split tool.

selection should have a reasonable complexity and should be
close to other expected clusters to define informative C- and
M -links for parameter adaptation. In a few cases, there were
not enough annotated objects to create three different initial
selections and thus only two were performed. In total, we have
analyzed our method using 82 clustering trials.

Once the best linear combination of the perspectives was learnt
from the initial selection and the clustering was done, we
counted how many corrective steps were necessary to obtain
the expected result. This is our measure for the quality of the
result. In an ideal case, the result matches the expectation
and no further steps are required. Figure 9 (top) shows an
ideal example, where the expert initially selected one column
and the system recognized the remaining four columns. In
the bottom case where one bullet entry was selected, user
interaction was required to achieve the expected result. Three
possibilities exist to improve an imperfect result: a) change the
distance threshold, b) split a cluster, and c) merge two clusters.
A low number of required steps (e.g. one or two) is considered
to be a success since the user can achieve the expected result
with minimal effort.

Figure 10 shows the number of required steps that were nec-
essary to get the final result. In 44 % of all trials the desired
result was achieved with zero or max. one modification. In
22 % of all trials the desired result was achieved with two or
three modifications and in 24 % of all trials more than 7 mod-
ifications were required. On average, the clustered sketches
needed 2.76 (SD = 2.70) steps to achieve the expected result,
where the sketches contained on average 13.71 (SD = 10.02)
annotated objects.

Preliminary Field Test
In the course of an overarching research project, cLuster was
deployed within a tablet sketching application and was tested
by two industrial design companies and one academic design
institute. The designers considered the clustering feature to
be particularly useful for visual note-taking and conceptual
sketching tasks. For visual note-taking during meetings, they
found it helpful for quickly rearranging sketched objects and
words. This made note taking a less linear activity and enabled
the creation of more concise notes. We were surprised by how

0%

5%

10%

15%

20%

25%

30%

0 1 2 3 4 5 6 7 >7

O
cc

ur
en

ce
s

Necessary steps to fix the page clustering

Figure 10: Number of steps that are required to achieve the
expected result.

they used the tool to retroactively disassemble sketches during
conceptual sketching tasks. They found it helpful since they
no longer needed to consider layers while creating content.
APPLICATIONS AND INTERACTION TECHNIQUES
In this section, we cover some of the interactive affordances
of cLuster and present several application scenarios that show
the utility and the performance of our algorithm in practice.
Advanced Crossing Selection
Obviously, our approach performs best once the user wants to
cluster an entire page with an initial cluster selection as a tem-
plate. However, it can also be used to improve the performance
of crossing-based selection tools [1] by suggesting possible
selections. Figure 11 depicts this approach in action; while
crossing a stroke, the system invokes a clustering process and
suggests a selection to the user. The predicted selection is then
visualized as a surrounding hull. A small icon that follows the
users’ pen path can be used to trigger the suggested selection.

Figure 11: Advanced Crossing Selection: The first few se-
lected strokes are used to cluster the rest of the page and
anticipate a likely selection. The user can confirm the pro-
posed cluster by lifting the pen up on the icon following the
crossing path behind the pen.

Advanced Tapping Selection
While tapping is well suited for single targets, it is cumbersome
for large groups [28]. Nowadays, many applications (e.g. text
editors) provide the feature that enables users to quickly select
a word by performing a double-click, while three clicks in a
row selects the entire paragraph. With cLuster, we can achieve
similar results in a sketching scenario. A single tap selects
one cluster, while a second tap adds the closest cluster to the
selection (see Figure 12). After merging two clusters this
way, the resulting cluster is used to recalibrate the clustering
algorithm. By performing a directional flick gesture, the user
can also choose the direction in which the next potential cluster
should be found. After merging multiple clusters into one, this
selection can be further used.
Advanced Rearrangement
Extensive re-arrangement is a domain where our approach
really shines. Clustering the entire page at once eliminates the
need to repetitively select strokes when translating groups.



Figure 12: A tap selects a small unit, such as a single word.
Directional flicks add nearby clusters to the selection.

All clusters are at hand and can be directly moved or altered.
This reduces the effort needed for structuring and rearrange-
ment tasks immensely. However, in many cases users want to
move clusters to a position that is already occupied by existing
content. Knowing the placement of all the clusters, they can
be moved out of the way to make space, so that no temporary
spac is required. Initially, we used a coalition based approach,
similar to [30]. However, we soon realized that the behav-
ior was not ideal in many cases. Therefore, we investigated
several options of how other identified clusters could make
space. Of course, each strategy has its pros and cons and is
very dependent on the type of sketches being manipulated. In
the following, we present two possible strategies:

Spring Strategy One basic arrangement strategy simulates a
spring’s behaviour. The general rule is that clusters try to
remain as close as possible to their original position. This
is a very standard approach that can be used for a wide
variety of applications.

Figure 13: With the Spring Strategy, inactive clusters make
way for incoming active clusters.

Bubble Strategy Working with well organized sketches, such
as lists or storyboards, the Bubble Strategy is very effective.
If a cluster is moved through a list, the other clusters swap
their positions with the current selection being moved. This
creates a bubble effect that enables easy exchange of clus-
ters without changing the overall list and without needing
to rearrange a large number of list items when an entry is
relocated within the list.

Figure 14: The Bubble Strategy makes clusters exchange
place as soon as their hulls intersect.

Advanced Copy and Paste Across Applications
As highlighted in the introduction, there are two major types of
collaborative content creation applications on large interactive

surfaces. Besides the sketching applications that mimic tradi-
tional whiteboards and serve as a nonrestrictive and flexible
tool for sketching and writing, there are other applications
based on the concept of sticky notes that provide a means to
quickly rearrange, structure, and cluster ideas. Based on cLus-
ter, we can now quickly cluster objects in freehand sketches
and transfer these with one click to another application (see
Figure 15).

Figure 15: Clustering content enables users to port sketched
content to object-based applications as part of more complex
workflows.

DISCUSSION AND LIMITATIONS
The insights we gained from analyzing the clusters given by
the participants in our background study showed that the ex-
pectations of what should be clustered are quite diverse.
Choosing appropriate perspectives as well as the right fea-
tures can be quite challenging when designing a clustering
tool, which should be capable of clustering strokes in several
different ways. During our experiments, it turned out that it
is reasonable to keep both the perspectives and the features
as general as possible. The perspectives should be diverse to
cover various scenarios, but also need to generalize well to
work for different types of strokes (text, figures). Defining
too many perspectives can cause an overfitting of the system.
Similarly, the used features should describe very general char-
acteristics. Amongst others, we experimented with additional
features that describe the difference using the color and thick-
ness of strokes. These attributes are often used for headlines
and hierarchies and we were optimistic to improve the sepa-
ration of headers from the rest of the paragraphs. While the
features helped in this very particular case, they spoiled the
behaviour in many other cases, e.g. when selecting an ini-
tial cluster where the strokes were highlighted (crossed with
a stroke with very high thickness and transparent color). In
this case, the thickness feature became too dominant and the
importance of other features degraded. As a result, all non-
highlighted clusters fell apart. Therefore, we did not use these
features in the final version of the implementation.
The benefit of our clustering system is definitely the fast pace
in which it can cluster an entire page of strokes. While it can
also be used to improve the process of single cluster selection,
as we have shown with the Advanced Crossing and Advanced
Tapping example, the real advantage is in the overall cluster-
ing. First and foremost, this removes the need for repetitive
selections and thus enables fast reordering and structuring of
content. This helps to users to maintain their flow of thoughts
and stay focused on their main tasks. The automatic page
clustering provides a promising alternative to manual group-
ing and/or layering as is done in ordinary sketch applications.
Since clustering is applied afterwards, our approach does not
distract users during the content creation process. This thought
was also confirmed by the industrial designers who tested our
prototype. Especially when creating perspective drawings of



Figure 16: In an interior design context cLuster can substi-
tute tracing paper. Elements do not have to be sketched on
different layers but can be separated afterwards.

interior design concepts (cf. Figure 16), the clustering algo-
rithm does well in dividing up the different elements within
a room. This makes rearranging the elements in the room
simple, and enables designers to freely explore a variety of
configurations without having to consciously consider layers.

In a next step, knowing all clusters in a sketch can be used to
define interesting schemes for interaction between manipulated
objects. We explored this concept by implementing different
Rearrangement Strategies and found that it is very valuable
for manipulation, e.g. of entries in hierarchical lists.

A strength of our tool is that it can adjust its way of clustering
when given a new initial selection template, without needing its
weights to be retrained. This makes the approach very flexible,
while it remains simple to use. As mentioned in the evaluation,
the selection of the initial cluster is critical for the system.
It always tries to find a combination of the perspectives that
preserves this cluster during clustering. However, there can be
constellations that cannot be resolved (e.g. when some strokes
are too close to the initial cluster, or there are big gaps in the
initial cluster) resulting in the initial cluster breaking apart or
merging with other strokes. In general, problems occur when
users decide to initialize the clustering with an initial selection
that is far away from every possibility the perspectives provide.

In the analysis we have seen that our current approach failed
for two sketches that had a table structure and included struc-
tural elements (lines). When trying to cluster content in cells,
it often happened that nearby structural lines were included
in clusters. Consequently, other distant strokes were then also
added to these clusters. The exceptional position of structural
lines was also confirmed in our background study. Many par-
ticipants felt that they should not be part of the grouping, but
rather be considered as external elements. However, currently
our approach is not capable of distinguishing structural com-
ponents from content. Classification of clusters is needed to
solve this issue, which is beyond the scope of this work and is
left for future research.

CONCLUSION
In this paper, we presented cLuster, an efficient way of clus-
tering multiple elements in a non-domain specific sketch. To
develop a better understanding of how digital sketches are
perceived, we performed a background study. This study un-
veiled that there are many ways to meaningfully cluster sketch
documents and hence diverse user expectations. Consequently
we developed an approach that does not just focus on a single
way of clustering, but can be adapted to cluster sketches in
multiple ways (perspectives) based on an initial user selection.
To archive this, we extended the SLAC approach [9]. Learning
parameters requires a lot of annotated samples and it is still
a very time-consuming approach (even with state-of-the art
hardware). Therefore, we developed an approach that flex-

ibly combines multiple pre-trained weight sets. These sets
are based on the different perspectives that we extracted from
the clustering expectations gathered from participants in our
background study. During the clustering process, the initial
user’s selection is taken to create a linear combination of the
pre-defined perspectives that is used to cluster the rest of the
strokes. Next, we analysed the performance of our approach
by comparing the results with the participant’s expectations
collected in our background study. The results unveiled that a
large variety can be handled well and only minor corrections
are required. Finally, we presented several application scenar-
ios that show the performance of our clustering approach.

Summarizing, we believe that our concept of using a com-
bination of pre-trained perspectives has a lot of potential as
the way of clustering can be altered completely just by using
different initial template selection. This way it matches the
expectations of users in a free sketching domain much better,
as to them multiple sensible ways of clustering are imaginable.
Being able to cluster an entire page in different ways provides
a large potential for versatile applications. It can provide an
improvement to the sketching experience by providing high-
level and responsive interaction without understanding the
actual meaning of the sketch, which also makes our approach
applicable even when the domain is not specified.

ACKNOWLEDGEMENTS
The presented research was funded by the European Unions
Seventh Framework Programme FP7/2007 - 2001 under grant
agreement n◦318552. The Grant Agency of the CTU supported
the second author under the project SGS13/205/OHK3/3T/13.
We thank our colleagues for their help, especially Christian
Rendl for supporting us with the sketching framework.

REFERENCES

1. Accot, J., and Zhai, S. More than dotting the i’s —
foundations for crossing-based interfaces. In CHI ’02,
ACM, 2002, 73–80.

2. Alvarado, C., and Davis, R. SketchREAD: a
multi-domain sketch recognition engine. In UIST ’04,
ACM, 2004, 23–32.
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