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ABSTRACT
Mouse and keyboard interfaces handle traditional text-based queries,
and standard search engines provide for effective text-based search.
However, everyday documents are filled with not only text, but
photos, cartoons, diagrams, and sketches. These images can of-
ten be easier to recall than the surrounding text. In an effort to
make human computer interaction handle more forms of human-
human interaction, sketching has recently become an important
means of interacting with computer systems. We propose ex-
tending the traditional monomodal model of text-based search
to include the capabilities of sketch-based search. Our goal is
to create a sketch-based search that can find documents from a
single query sketch. We imagine an important use for this tech-
nology would be to allow users to search a computerized lab-
oratory notebook for a previously drawn sketch. Because such
as sketch will have initially been drawn only a single time, it is
important that the search-by-sketch system 1) recognize a wide
range of shapes that are not necessarily geometric nor drawn
in the same way each time, 2) recognize a query example from
only one initial training example, and 3) learn from successful
queries to improve accuracy over time. We present here such an
algorithm. To test the algorithm, we implemented a proof-of-
concept-system: MARQS, a system that uses sketches to query
existing media albums. Preliminary results show that the system
yielded an average search rank of 1.51, indicating that the cor-
rect sketch is presented as either the top or second search result
on average.
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1. INTRODUCTION

Due to the emergence of sketch and gesture recognition in the
user interface community, tools have been developed to allow
for easy integration of sketch recognition technologies into tra-
ditional user interfaces [1][2][3][4]. Sketch and gesture recogni-
tion deals with combining machine learning with feature-based
and geometrical-based techniques to identify hand-drawn sym-
bols and shapes, usually with the aid of a Tablet PC or Smart-
board. These technologies are important because it has been
shown that gestures or shapes are typically easier to remember
than basic textual commands [5], thus motivating researchers to
improve the integration and recognition of these forms of in-
teraction into user interfaces. Our goal is to recognize uncon-
strained sketch symbols, drawn with any number and order of
strokes, in any scale and rotation, and with no restrictions on the
types of diagrams drawn.

Low-level, single-stroke recognizers have been developed
using linear classification techniques [6][7]. However, a down-
fall of these systems is that their feature sets make the systems
user- and style-dependent. In order for strokes to be recognized,

they must be drawn in the same manner each time. For ex-
ample, Figure 1 shows two sketches that should be the same,
but because they were drawn differently, are typically misrec-
ognized by these classifiers. In our system we try to choose
features which place little or no constraints on how users must
draw strokes.

Figure 1: Two symbols that look identical but are drawn in two
different directions. Examples like these are typically misrec-
ognized by many recognizers who choose features which place
drawing constraints on the user.

Much work has been done in expanding these single-stroke
recognizers into a multi-stroke domain [8][9][10], but most of
these techniques require extensive training before a query can
be executed in the classifier. Furthermore, some of the sys-
tems only recognize a limited number of multi-stroke symbols.
Like most recognition domains, training can be tedious for most
users, causing them to stray from using the application. In our
system, we have implemented and combined two separate clas-
sifiers: 1) a classifier that learns and classifies from a single ex-
ample to create a sketch system that is immediately usable af-
ter a single example, and 2) a classifier that takes advantage of
multiple examples as they become available from queries, cre-
ating a sketch system that becomes more accurate through use.
By combining these two classifiers, we create a recognition al-
gorithm that is immediately usable after a single example, but
continues to learn from future interactions.

This paper presents an algorithm that identifies multi-stroke
sketches using a set of global features that are both domain- and
style-independent. Because our features are domain indepen-
dent, we can use our techniques to recognize sketch symbols in
a variety of domains. To give a real-world example of how our
approach could be implemented into a sketch-based interface,
we have created an application called MARQS, Media Albums
Retrieved by a Query Sketch. The MARQS application con-
tains personal photo and music albums that can be retrieved by
users through multi-stroke sketches, which users designate dur-
ing album creation. In addition, the system uses search queries
as a way to train itself as the user interacts with the program.
Similar techniques could be employed in other sketch interfaces
as the user corrects recognition error. This form of retrieval
could prove to be a more intuitive way of searching for me-
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dia rather than using textual, metadata keywords as visual recall
and muscle memory play an important role in recall for some
users. As the user creates a new album he or she associates a
sketch with the album that can be used as a search key at a later
time. The system requires only one instance of the sketch to be
drawn by the user at the time the album is created. Furthermore,
sketches can be drawn using multiple strokes, in any order, to
any scale, and in any rotation, making the system more user-
friendly. As the user interacts with the system and performs
searches, the system will train itself from query sketches. This
training will increase recognition accuracy over time and occurs
unobtrusively in the background of the application.

2. PREVIOUS WORK

One could argue that the very beginning of the field of sketch
and gesture recognition began with Ivan Sutherland’s Sketchpad
system. Sketchpad was developed as a way for users to interact
with computers with a light pen instead of communicating with
typed instructions. Furthermore, the light pen used with Sketch-
pad was capable of not only drawing pictures to the screen but
also included tracking technology that was used to identify and
locate parts of previously drawn images. While Sketchpad was
not a true “sketch recognizer,” it introduced the idea of com-
municating with a computer using gestures and sketches rather
than typed commands and provides motivation for much of the
current work in sketch recognition [11].

2.1. Feature-Based Recognizers

Progress in the realm of actual gesture recognition was achieved
with the work of Dean Rubine. In [7], Rubine developed a ges-
ture recognition toolkit named GRANDMA. GRANDMA al-
lowed single stroke gestures and their semantics to be trained
and later recognized. In order for this to occur, Rubine pro-
posed thirteen features that could be used to describe a gesture.
The values of these features could then be put into a vector and
later evaluated in a linear function using trained weights. In ad-
dition, Rubine used two different rejection methods which could
be used to reject “bad” gestures [7]. Rubine’s work was later ex-
tended by Long, et al. with a series of experiments used to deter-
mine how users perceive similar gestures [4]. Based on these re-
sults, a computational model was formed and multi-dimensional
scaling was used to determine the relevant geometric properties.
In the end, a feature set was chosen that consisted of eleven of
the features used by Rubine, along with six new features [6].
Both of these systems input their feature sets into a linear clas-
sifier in order to determine the classification of a given stroke.
Part of the recognition system described in this paper will use a
similar linear classification technique; however, a set of global
features describing the sketch as a whole will be used rather
than a set of features describing a single stroke. This will allow
the system to support sketches drawn using multiple strokes. A
major downfall of using a linear classification technique is that
extensive training is required in order to produce an accurate
system. The described system resolves this by only resorting to
the linear classifier whenever enough examples are provided to
give accurate recognition. These examples will be learned unob-
trusively as the user queries sketches in the database. This will
eliminate the need for users to initially enter multiple training
examples whenever they create a new media album.

Multi-stroke, feature-based recognizers have already been
created [8][9][10]. In [10], a recognizer based on the Hidden
Markov Model was created which used a combination of global
features and local features. However, these HMM chains require
extensive training and adapt based on individual users’ drawing

habits, making it style-dependent. In [8], two recognizers were
created: one that required training, and one that did not. The rec-
ognizer that required training required many examples to train
itself, and the recognizer that did not require training did not al-
low users to specify new gestures without hand-coding. While
our approaches differ, the work presented in [9] by Kara and Sta-
hovich is probably most similar to what we present in this paper.
A recognition system was implemented using a combination of
four different recognizers. Like our approach, their algorithm
could recognize shapes after only a single example; however,
it is not an interactive learning system and does not learn from
future sketches as our system does.

2.2. Geometric-Based Recognizers

Other single-stroke recognizers have been created that do not
use linear classification techniques, but rather, use geometric
properties to classify strokes in basic primitives. Two such sys-
tems were created by Sezgin et al. and Yu et al. In Sezgin [12],
a system was described that was composed of 3 stages: approx-
imation (fitting the most basic geometric primitives), beautifi-
cation (modifying the output in order to make it more visually
appealing and to aid recognition), and basic recognition (pro-
ducing interpretations of strokes). In the approximation stage
the system first detected vertices by locating points in the stroke
that were either speed minima or curvature maxima. After using
an average based filtering technique, they then generated hybrid
fits between candidate speed and curvature points and tested that
fit using an orthogonal distance squared error metric. In the end
they developed a system that had a 96% accuracy rate, but was
limited to primitive shapes that consisted of curves and poly-
lines. In Yu [13], similar work was accomplished. However,
when detecting vertices Yu uses only curvature data to deter-
mine breaking points of the stroke which avoids having to use
thresholds. To create more complex shapes from these low-level
geometric recognizers, LADDER was created [3]. LADDER is
a language that can be used to specify sketch symbols hierarchi-
cally as a combination of low-level primitives meeting certain
constraints. However, a downfall of such a system is that many
sketch symbols can be hard to define geometrically as seen in
Figure 2.

Figure 2: A Kanji symbol which would be hard to describe ge-
ometrically.

While our work does not currently use geometric features
to classify sketches, it does use the concept of curvature to help
determine the similarity of sketches. Curvature has been shown
by both Sezgin and Yu to be an important feature when recog-
nizing single strokes. The algorithm described in this paper will
use the average global curvature across all strokes as one way
to describe the similarity between two sketches. Furthermore,
a technique similar to that in [12] is used to detect perceived
corners.
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Figure 3: Screenshot of the MARQS application.

2.3. Media Retrieval through Sketch

Much work has already been done in the area of image retrieval
and computer vision. One such example can be found in [14].
This work by Kato et al. describes a system that can be used to
retrieve a full color image given a user sketch of that image. The
system starts by creating a black and white abstraction of the full
color images in the database. These abstractions are then used
as search keys when the user enters a query sketch. In order to
determine the similarity of a sketch and an image abstraction the
authors divide them into 8 by 8 blocks and determine a local cor-
relation of pixels between each block. These are then summed
to obtain a global correlation which can be used to determine
similarity. This idea of pixel or ink density is also described in
[15]. A similar concept is used as a feature by our recognition
algorithm. However, instead of dividing sketches into 8 by 8
blocks and finding local correlations, a simple global correla-
tion is used in which the pixels contained in the bounding boxes
of the sketches will be compared. This addresses a problem
that can occur when using grids, which is when the user forgets
exactly how they may have drawn an original sketch. For exam-
ple, the user may draw a house with a chimney on the left side
of the roof, but may later query with a house that has a chim-
ney on the right side of the roof. If these images were broken
into grids the local correlations may not match up well. When
using a global correlation it becomes irrelevant which side of
the house the chimney is drawn. In [16], similar problems may
occur as the authors describe a sketch retrieval system that uses
the spatial relationships between strokes as a means of compar-
ing sketches. However, the authors of this paper describe the
idea of using an unmatched cost to counteract a matching score.
This idea would be an interesting addition for future work.

3. RECOGNITION ALGORITHM

The algorithm uses two different classifiers depending on the
number of training examples currently available. Each time the
user executes a search within a system that uses our algorithm,
the query sketch can be added to the list of training examples for
its particular sketch group. Both classifiers use the same feature
set which is used to describe any given sketch. The feature set
is based on global features of the sketch, allowing them to be
drawn to any scale and orientation, in any order, and with multi-
ple strokes. The features we chose for our algorithm allow users
much freedom when sketching. We were careful not to choose
features (such as speed, stroke length, number of strokes, etc.)
that would constrain how the user could draw a particular sym-
bol. The values for the features we chose should be relatively
similar for two symbols even if they are drawn at different ori-
entations and to different scales.

Before calculating a sketch’s features, we first calculate the
major axis of the sketch. We say the major axis is simply the
line that connects the two points in the sketch which are fur-
thest apart. Once finding this line, we rotate the points of the
sketch so that the major axis lies horizontally. This operation
ensures that all sketches will be oriented in a similar fashion
when searching. Furthermore, since we do not use templating
or a grid-based approach, our system is capable of handling lo-
cal correlation discrepancies with ease. Because of this, we do
not need to worry about rotations which may cause sketches to
be rotated 180 degrees differently than its counterparts. Once
point rotation is performed, we then calculate the feature set for
the sketch. Currently, the system uses only four global features
to describe a sketch.

1. Bounding box aspect ratio: the total width of the sketch
divided by the total height of the sketch

2. Pixel density: the ratio of filled (black) pixels to total
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pixels within the sketch’s bounding box

3. Average Curvature: the sum of the curvature (as described
in [12] and [13]) values of all the points in all strokes di-
vided by the total sketch length (sum of the stroke lengths
of all strokes in the sketch)

4. The number of perceived corners across all strokes of
the sketch (using the segmentation technique presented
in [12])

Whenever there exists only a single example of a particu-
lar sketch associated with any sketch group, a simple classifier
(“Single Classifier”) is run which calculates the features from
above for the query sketch. These features are then compared
to those of each sketch in the database. Errors are computed for
each feature as the absolute difference between the value of the
feature for the query and the value of the feature for the sketch
in the database. This is then divided by the value of the feature
for the query sketch in order to normalize the errors. These er-
rors are then summed together to give a total error. Sketches are
ranked and those with the lowest error are displayed as search
results. Once the system has obtained at least 2 examples of
a sketch for every album in the database, then a linear classi-
fier (“Linear Classifier”) is used. The linear classifier is imple-
mented in much the same way as described in [7].

4. MARQS

In order to test our recognition algorithm in a real-world sys-
tem, we implemented the MARQS, Media Albums Retrieved
by Query Sketch system. Figure 3 shows a screenshot of the
MARQS system. The system is a simple photo/music album
application that contains buttons that allow operations like:

• Adding or deleting an album

• Adding or removing pictures/music from an album

• Playing a slideshow of the pictures in the album

• Opening an album

• Searching for an album (by sketch)

• Editing the album name and/or sketch associated with the
album

• Removing training examples from the album’s sketch group

When the search button is pressed, a small panel is brought
up for the user to sketch on. Once the user executes the search
they are then shown the top 4 sketches selected by the system.
The user can then select the correct image (by clicking it) and
the album is retrieved (see Figure 4). Other sketches, not in the
top 4, can be displayed by clicking a Next button.

5. RESULTS

In order to gather data for preliminary testing of our recogni-
tion algorithm, 10 people were asked to draw 10 examples of a
sketch symbol of their choice, with no constraint placed on how
they should draw it. The first drawn sketch was designated the
search key, while the other nine were used as query sketches to
search for the initial sketch. In addition, the system was also
populated with 10 examples of 5 sketch symbols drawn by one
of the authors, giving a total of 150 sketch symbols. These ex-
amples were added to test sketches drawn to various scales and
rotations since many users did not draw examples with a high
degree of variance in these respects. The goal of the experiment
was to prove not only that the system produced accurate recogni-
tion rates, but that recognition improved as more training exam-
ples were learned through querying. Examples of some sketches

Figure 4: Search panel and the results that follow.

collected are shown in Figure 5. Variations between queries for
the same sketch for one example can be seen in Figure 6.

As each query sketch was executed the rank of the expected
sketch in the search results was recorded. Ideally, each sketch
would rank 1st amongst the list of search results (search rank
= 1.0) with the worst search rank = n, where n is the number
of sketch symbols in the database. Once each query was exe-
cuted, that query sketch was added to the example set for that
sketch symbol and the system was retrained. Because the order
in which sketches are added to the recognizer may play a role
in recognition, we conducted 10 separate tests in which sketches
are queried in random order. We then averaged the results across
all 10 experiments. In the end, 1350 different sketch queries
were performed (15 sketches, 9 queries each, 10 tests). On av-
erage, the system used the Single Classifier 27% of the time
and used the Linear Classifier 73% of the time. The average
search rank for the Single Classifier was 1.7, the Linear Classi-
fier was 1.44, and the entire system yielded an average search
rank of 1.51. Furthermore, out of the 1350 total queries that
were executed we found that the system produced the top search
result 70% of the time; 87.6% of the time the correct sketch was
ranked the top 2; 95.5% of the time it was ranked in the top 3;
and 98% of the time the correct sketch was ranked in the top 4.
Only 2% of all total queries did not contain the correct result in
the top 4 search results. Graphing the average search result rank
for each query, it can be seen that as more examples are added
to the training set the average search result rank improves over
time (see Figure 7).

6. DISCUSSION/FUTURE WORK

The results from the experiment above demonstrate that the sys-
tem in which sketch symbols are defined by global features is
capable of producing accurate recognition results. Furthermore,
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Figure 5: Examples of sketch symbols created by users.

recognition rates can be improved over time by allowing queries
or error correction techniques to aid in informing the system of
other examples of a sketch symbol. An advantage of our tech-
nique is that it allows users to draw sketches with any number
of strokes, in any order, and with various degrees of scale and
rotation. Some examples of sketches found which have vary-
ing scales and rotations can be seen in Figure 8. Furthermore,
because of the features we have chosen, our recognition algo-
rithm is also able to handle sketches that have local orientation
differences, as seen in Figure 9.

For our system, we find this to be a benefit since users may
not always remember the exact local orientation in which they
drew a sketch; however, for some domains in which sketch sym-
bols are well-defined and local orientation differences distin-
guish one sketch from another, this may not be desirable. In
these cases, our ink density feature could be modified to use a
grid-based approach must like that described in [14].

While our recognition algorithm has many advantages, in
its current state, it does have a few notable downfalls. The first
issue we discovered through the course of using the application
was the slowdown (about 2-3 seconds) during query time and re-
duction in accuracy over time with the Single Classifier. While
we believe that the use of two classifiers is a viable trade-off
from having to initially train the system, we recognize that over
time more and more symbols will be added to sketch domains. It
therefore becomes imperative that we improve the downfalls of
the single example classifier. One obvious improvement would
be to implement techniques to generalize the feature values of a
symbol across all examples of that symbol rather than compar-
ing the query sketch to all examples of all sketch symbols in the
database. This will likely save time, but may have an adverse
effect on accuracy.

One way in which accuracy could be improved for the al-
gorithm overall would be the addition of more features. Our
current implementation indicates decent recognition results with
only four features. However, previous feature-based recogniz-
ers of single strokes have contained upward of 13-22 features
[6] and [7]. In the future, we wish to integrate some global fea-
tures mentioned in previous works into our own algorithm. The

Figure 6: Variations in queries for the “cube” sketch. The origi-
nal sketch can be seen in Figure 5.

Figure 7: Average search result ranks across 135 queries. As
more examples are learned from previous queries, the overall ac-
curacy improves. While spikes still exist, notice that after about
query 83 the average search rank no longer spikes above 2.0.

features selected in this paper were meant to allow symbols to
be drawn in multiple strokes, as well as, be user and drawing-
style dependent. Some features may violate these conditions.
For example, we would not want to choose stroke length as a
feature because a symbol should be capable of being drawn to
any scale. Speed is another feature that we may wish to avoid
because certain users may draw at different speeds. Discovery
of other features that can be used to describe symbols within
violating these conditions is another area of future work for us.

We would also like to examine scaling issues and the possi-
bility of overfitting over time. Currently, we have yet to test to
system with an extreme number of sketch symbols. It is plau-
sible that over time, overfitting will occur, causing recognition
rates to decrease. In the future we hope to test the system fur-
ther to determine where overfitting is likely to occur. Examining
this information could lead to the discovery of a cut-off point
where query sketches are no longer needed to provide accurate
results. These cut-off point discoveries could also be used to
speed recognition as more sketches are added to the domain.
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Figure 8: Examples of original sketches (left) and query
sketches (right) which differ global orientations.

Figure 9: Example of sketches with similar global orientations
but different local orientations.

Ideally though, we intend our recognition approach to be em-
ployed in domains that have a relatively small amount of sym-
bols, such as in applications like: searching a personal notebook
for sketches, creating basic diagrams (UML, circuit, mechan-
ical engineering, etc.), document editing, etc. As an alterna-
tive to simply throwing out all query sketches at a cut-off point,
we could use heuristics such as only adding query sketches that
were ”different” (ones that were not the top search result) once
a cut-off point is reached.

Another area of future work is analyzing the usefulness and
possible improvements that other classifiers could yield. Our
current system combines a 1-nearest neighbor classifier with a
linear classifier. We chose to use the linear classifier presented
in [7] as it is one of the more prominent algorithms used in clas-
sifying single strokes in the sketch recognition field. In the near
future, we wish to test other classification methods such as sup-
port vector machines, Bayesian classifiers, and other non-linear
classification techniques.

Finally, work is still left to be accomplished in determining
perceptual groupings of strokes. In our application, no group-
ing was needed because all of the strokes on the screen were
combined to form a query symbol; however, in most sketch
recognition interfaces this will not be the case, because many
sketch symbols could be drawn to the screen at any given time.
Some work on perceptual grouping has already been performed
by Saund et al. [17]. This is a necessary next step that must be
taken in order to integrate the ideas of this paper into traditional

sketch interfaces.

7. CONCLUSION

We have introduced a new dual-classifier recognition algorithm
that uses four global features (bounding box ratio, pixel density,
average curvature, and number of corners) to describe an en-
tire sketch. Our approach allows sketches to be drawn with any
number of strokes, in any order, and to any scale and rotation.
The dual-classifier allows the recognition system to be initially
trained with only a single example. Future queries of a system
utilizing our approach can be used to add training examples to
the classifier, thus improving recognition accuracy over time. To
give an example of how our approach can be implemented into a
sketch-based interface, we have created MARQS, media albums
retrieved by query sketches. The system uses sketch symbols as
a means of querying a database of existing media albums. The
system has produced acceptable recognition rates, yielding an
average search rank of 1.51. In addition, a search query was
found to be in the top 4 search results 98% of the time.
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Figure 10: Various examples of shapes we collected during our study.
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