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Abstract

We present in this paper the design of an interactive tool for select-
ing objects using simple freehand sketches. The objective is to
extract object boundaries precisely while requiring little skill and
time from the user. The tool proposed achieves this objective by
integrating user input and image computation in a two-phase algo-
rithm. In the first phase, the inpui sketch is used along with a
coarse global segmentation of the image to derive an initial selec-
tion and a triangulation of the region around the boundary. The
triangles are used to formulate subproblems of local finer-grained
segmentation and selection. Each of the subproblems is processed

independently in the second phase, where a linear approximation .

of the local boundary as well as a local, finer-grained segmenta-
tion are computed. The approximate boundary is then used with
the local segmentation to compute a final selection, represented
with an alpha channel 1o fully capture diffused object boundaries.
Experimental results show that the tool allows very simple sketches
to be used to select objects with complex boundaries. Therefore,
the tool has immediate applications in graphics systems for image
editing, manipulation, synthesis, retrieval, and processing.

1 Introduction

Selection in digital image editing is the task of extracting
an object embedded in an image, a task performed fre-
quently in many content creation applications. A classic
example of selection is in broadcast television news where
blue screen matting is used to place a newscaster’s image in
front of background graphics. Artists creating magazine
covers routinely extract people or products from photo-
graphs to remove unwanted background and compose the
new images such that magazine titles appear to be occluded
by the object naturally. Currently a number of commercial
tools are available that aid in the process, but they either
have severe limitations in their capabilities, or require very
careful user guidance and control.

This paper is an attempt at making selection easier and
usable in a wider range of applications. We present the
design of a tool for selecting objects using simple, rough
freehand sketches similar to those used in normal interhu-
man communication. Such a sketching interface s also an
appropriate choice for image editing because the pen and
pencil are ubiquitous tools for creating graphics, and sketch-
based interaction would be very natural for use in handheld
personal digital assistants and the emerging class of “tablet”
computers. A typical example of the kind of sketch allowed
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Figure 1. Selection using freehand sketches. We would
like to extract the head of the gray crowned crane pre-
cisely, using minimal effort and skill. (a) The original
image, with a freehand sketch as shown. (b) The selection
extracted with our tool and composited against a black
background. (Original image by Gerald and Buff Corsi,
California Academy of Science).

by the selection tool we will describe is shown in figure
1(a). With the sketch shown, our selection tool was able to
extract the head of the crane, as shown in figure 1(b).
Despite the fairly convoluted profile of the crane’s head,
which consists of both sharp boundaries along the beak and
complicated boundaries around the crane’s crown, our selec-
tion tool needed only the simple sketch shown, which is nat-
ural and can be drawn quickly, without much skill and
dexterity. We believe that this tool will enable sophisticated
and high-fidelity graphical selection and manipulation oper-
ations in situations where the user may not have much time,
such as during a live sports broadcast, or may not have much
dextrous control, such as on a mobile handheld device, or
may want to avoid the monotony and tedium of selection,
without compromising the quality of the selection.

2 Related Work

The original inspiration for our work came from Per-
Sketch[18, 19], an augmented simulation of whiteboard



sketching which operates exclusively on line drawings. The
system automatically analyzes line drawings made by the
user and allows access to the underlying structure of the line
drawing, enabling objects to be selected with intuitive ges-
tures. Generalizing PerSketch from line drawings to raster
images is however non-trivial because fully automatic anal-
ysis of an image and its decomposition into corresponding
primitive elements remain a subject of current research(l,
10,12,21].

Interactive selection tools for still images have been
attracting a lot of interest from both researchers and com-
mercial developers in recent years(2, 9, 13]. The Intelligent
Scissors[13) and Image Snapping[9] techniques are tools
that assist users by detecting high-contrast edges in the
vicinity of the user-guided pointer, thus relieving users of
the need to trace over the exact boundaries. Snakes[11] may
also be placed in this same category. A common feature of
these methods is that the final representation of the object
segmentation is a binary-valued boundary such that every
pixel may either belong completely to the selected object or
be completely unselected. In most photographic images
however, boundaries are not as clearly cut. This is true even
in high-quality stock photographs such as those from the
Corel Stock Photography collection[S]. Object boundaries
are frequently not defined by step edges, for example when
the object is not in focus (intentionally or otherwise) or is in
motion. Sometimes objects, such as wispy strands of hair,
are simply too small to be represented fully by a finite-reso-
lution digital image. Examples of diffused object boundaries
can be seen in Figure 2.

One approach is to explicitly model diffused boundaries
as Gaussian-blurred step discontinuities in image inten-
sity[7]. This model has also been used in an interactive
image editing system, ICE, which allows objects to be
deleted seamlessly from intensity images. More convention-
ally, this problem is addressed by the use of an alpha chan-
nel(15] to represent the selection. An alpha channel, in our
context, is a real-valued map with one entry corresponding
to each pixel ranging from zero(not selected) to one(fully
selected). It is the representation used with great success in
blue screen matting[20], and a number of commercial selec-
tion tools that produce selections in the form of alpha chan-
nels[3]. While the techniques used by these commercial
tools are not published, recently an algorithm that estimates
the alpha channel in the vicinity of object boundaries was
proposed[17]. With this ‘Alpha Estimation’ algorithm, the
colors of pixels in the vicinity of object boundaries are mix-
tures of colors from the foreground object and those of the
background object. It has been shown to be able to extract
objects with detailed boundaries, given samples of ‘pure’
foreground and background, and boundary pixels. The algo-
rithm use a mixture model to estimate the alpha channel
value at all the boundary pixels.

3 Algorithm Overview

A schematic of our interactive selection algorithm is

(a)

(b)

Figure 2. Examples of diffused object boundaries. (a)
An image, taken from the Corel Stock Photography Col-
lection, the boxed portion of which is shown in detail in
(b), illustrating diffused edges. For high-fidelity image
editing, the object boundary details need to be fully cap-
tured with an alpha channel.

shown in figure 3(a), and steps of the algorithm is shown in
figure 3(b). The algorithm lets the user make an initial slec-
tion by drawing a sketch which the user then iteratively
refines by drawing additional corrective sketches. This itera-
tive process continues until the user is satisfied with the
selection.

The inputs to the algorithm consist of an input image and
user’s sketches consisting of points, lines and regions,
which we call the elements of a sketch, each with predefined
meanings. The intention behind the provision of these ele-
mentary strokes is that a user would use regions to give the
approximate extent of the desired object, lines to roughly
indicate parts of the object boundary, and points to select the
entire (surrounding) object. In figure 3, the use of points,
lines, and regions each produces the same final selection,
and shows typical usage of the respective sketch elements.

~Other sketches can be constructed. from these elements to
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convey other selection-related actions desired by the user.

Independently of the user sketches, the algorithm com-
putes a global segmentation of the input image, which parti-
tions the image into segments. The location of each segment
is represented by its centroid, and the layout of the segments
is captured by computing the Delaunay triangulation of the
centroids. The segment map, the centroids and their triangu-
lation collectively form a coarse initial description of the
image structure. Segments approximate objects or parts of
objects. Their centroids represent their respective spatial
locations and the triangulation captures their spatial adja-
cency jnformation.

Having extracted a description of image structure, user’s
sketch is now related to a set of image segments that serves
as the initial estimate of user’s intended selection. Each
sketch input element adds one or more segments to the ini-
tial selection. A point adds the segment that it falls on. A line
drawn by the user near the boundary between two objects
first identifies the segments that are in its vicinity and then
adds those that are on a specific a priori agreed upon side of
the line (e.g. according to right hand rule). A region adds the
segments that have large overlaps with it. The union of all



the segments selected by elements of the sketch forms the
mnitial coarse selection. The user can inspect this selection
and add/remove segments from the coarse selection until the
coarse selection is a satisfactory representation of the
desired object.

This coarse selection is based on global image analysis,
and may not reflect fine local detail, e.g. exact locations of
object boundaries. To increase the accuracy of the selection,
the algorithm next performs local, finer segmentation in the
vicinity of the initial selection. The vicinity of the initial
selection is defined as the area included in the Delaunay tri-
angles that straddle across the selection boundary. Within
each triangle, a finer-grained segmentation, and a linear
approximation of the initial selection’s local boundary
inside the triangle are computed independently. The approx-
imate boundary is computed using Fisher’s linear discrimi-
nant. Essentially, this approximate boundary represents the
position and orientation of the local object boundary,
derived from the coarse segmentation. This linear discrimi-
nant is then used to classify the centroids of the segments
found from the local segmentation into two groups, fore-
ground and background. In subsequent discussion, we shall
use the term foreground to refer to pixels, segments, seg-
ment centroids and other entities associated with the object
to be selected, and the term background to refer to entities
not associated with the object.

The final selection is then computed by estimating the
alpha channel for the foreground object using pixel samples
from the foreground and background pixel populations. This
is necessary since the selection formed by the segments has
sharp boundaries, a representation that is inadequate for
capturing diffused boundaries that characterize real-world
images. In real images, there is a zone inside each object
boundary where the images of adjacent objects diffuse dur-
ing image formation. Alpha channel computation deter-
mines at each pixel near an object boundary the mix of the
object and surround populations, caused by the diffusion.
Alpha channel computation is carried out within each
boundary triangle, and the results are pieced together to
form the final selection. In the following three sections (4-
6), we present the details of the algorithms used.

4 Global Segmentation

The method we use for image segmentation is binary-
split vector quantization[8]. We form a S-tuple for each
pixel, (x,y,r,g,b). The first two coordinates represent the spa-
tial location, and the last three coordinates are the RGB
color component values representing the photometric fea-
tures. The spatial coordinates are normalized by dividing
with the height of the image. The color component values
are normalized so that they range from zero to one. The vec-
tor quantization algorithm recursively partitions the data set
of 5-tuples into two parts by finding the mean of the set, per-
turbing the mean to form two new seed vectors, and then
clustering the set into two subsets using the seed vectors and
the k-means clustering algorithm. We perform this recursive
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Figure 3. (a) Overview of the selection process. User supplies
sketches to the selection algorithm which returns a selection
that can then be iteratively modified with additional sketches.
(b) Steps in selection algorithm.,



Exclude
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Figure 4. Developing a closed region using a set of pre-
defined strokes. The sketch region is shaded gray, and
the strokes are black.

splitting until the variances of each of photometric features
within a subset are below a threshold o, . The lower o, is,

the finer the segmentation. We also termjnate the recursion
when the number of data points in a set is below a threshold
o, , S0 as to curb the splintering of the data set into insignifi-
cant pieces. An example segmentation can be seen in figure
3. Each pixel in the segment map is shown with a unique
gray level corresponding to its segment label. The centroid
of each segment is shown by a dot.

5 Sketch Processing

The three sketch element classes defined are as follows:
1. Points for specifying entire objects.
2. Lines for describing boundaries.
3. Closed, include, and exclude strokes for describing image/
object regions.

Examples of the first two classes of strokes can be seen in
figure 3. The third class of strokes, for describing a region, is
" shown in greater detail in figure 4. A closed stroke creates a
region, while the include and exclude strokes modify the
region. We assume that strokes are non-self-intersecting.
Closed strokes are simply curves with endpoints close by.
Include strokes are ones that begin inside an existing region,
traverse outside and then end in the same region, delineating
a region to be appended to the existing region. Exclude
strokes are the opposite of include strokes, beginning and
ending outside while carving out a piece of the existing
region to be removed.

In isolation, the strokes do not have specific meaning.
Their semantics become well-defined only when they are
combined with information about the image over which they
are drawn. In our case the image structure computed in the
global segmentation stage provides this context information.

The sketch processing step takes as input the coarse glo-
bal segmentation and the sketches made by the user. Each of
the three main classes of sketch strokes is processed differ-
ently, since they have different meanings. However the end
result of all three types of sketch processing is to classify the
set of image segments from the global segmentation as
being a part of the object to be selected, or otherwise. The
result is a coarse initial selection of the object formed by the
union of all segments classified as being a part of the desired
object.

5.1 Points and Lines
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Points are the simplest to process: for each point, we pick
the segment label for the pixel under the point and add the
corresponding segment to the foreground.

Lines carry more information than points, and we use
lines to identify foreground segments as follows:

1. From the Delaunay triangulation of the segment centroids,
find all triangles that touch the line.

. For each such triangle, classify the vertices (and thus the
centroids) as either foreground or background depending
on the side of the line they fall on.

. Form the union of all the sets of foreground vertices from
each triangle and use it as the set of foreground centroids
selected by lines. All other centroids then are the back-
ground centroids. The definition of this polarity is an arbi-
trary decision, though it is important for all relevant stages
of the algorithm to adopt the same convention.

2

The specific meaning of points and lines with respect to
the object selection task is now well-defined. Points simply
correspond to segments, and lines correspond to segment
boundaries. The benefit of using the image structure to pro-
vide a context for sketch processing is that it allows varia-
tions in the sketch while providing an unambiguous
meaning of the sketch. For example, a point can fall onto
any part of a segment to select the segment centroid. Lines
indicating a boundary between two segments can be located
anywhere between the two corresponding centroids, and the
triangulation establishes an unambiguous correspondences
between each line and the relevant centroids in the image.

5.2 Regions

Regions are processed differently from lines and points,
and make use of the segment map. We choose the fore-
ground regions as follows:

Let a,..Ay be N sets representing the segments from the glo-
bal segmentation, the elements of each A; being the pixels

contained in the segment. 4] thus represent the number of
pixels in each segment.

If s is the sketch region, then s 4, is the set of pixels that
are both in the sketch region and segment 4, .

A segment 4; is chosen as being a part of the foreground
SN 4y

[

Lo 1
object if >3-

The foreground object may be represented by a union of the
chosen segments:

[snal 1
\IJA,- s.t Ta] >3-

The foreground segments are thus chosen based on the
extent of their overlap with the sketch region. As is with
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Figure 5. Local segmentation in a boundary triangle. (a) The original image, with a particular boundary triangle shown. (b)
Pixels within the boundary triangle are used as two labelled populations to compute a linear discriminant. (c) The alpha
channel estimated for the boundary triangle. Bright pixels indicate pixels containing the selected object. (d) Part of the

foreground object contained in the boundary triangle extracted.

lines and points, the advantage of this approach is that a
wide range of strokes may be used to indicate the same
selection. All three types of sketches may be present in a
user input, and the foreground segments can be the union of
the foreground segments selected from each input stroke.

The segments not selected are then classified as being in the

background.
6 Object Extraction

At this point, we have labelled each segment centroid
(and their corresponding pixels in the segment map) as
being in the foreground or the background. We also have the
Delaunay triangulation of the segment centroids. In the
object extraction stage these inputs are used to compute the
final selection, in the form of an alpha channel map and an
estimate of the foreground pixel colors factored out from the
image. We use the triangulation to partition the computa-
tional task into smaller pieces, and apply the object extrac-
tion procedure independently in each piece. We partition the
problem as follows: identify all triangles from the centroid
triangulation with vertices consisting of both foreground
and background centroids. We call these the boundary trian-
gles since they define the vicinity of the object boundary.
The entire subsequent object extraction computation is per-
formed within these triangles independently. The rest of the
triangles are either completely contained in the foreground
or in the background. The alpha channel value for pixels
inside these triangles are uniformly one for pixels in fore-
ground triangles and uniformly zero for pixels in back-
ground triangles.

We now describe the algorithm that applies to each
boundary triangle (Figure 5). This algorithm can be divided
into two phases, linear discriminant analysis and local seg-
mentation:

Linear Discriminant Analysis

1. Using the coarse initial selection, label each pixel in the tri-

angle as being foreground or background.

2. For each pixel, form a 3-tuple (x,y,c) which reflects the
spatial location and foreground/background class member-
ship of the pixel.

3. Compute Fisher’s Linear Discriminant[6], which gives a
direction along which to project the spatial location of each
pixel so as to maximize the ratio of between-class scatter to
within-class scatter.

4. 1f ny, n, are the number of pixels in the foreground and
background groups respectively, and p, u, are the corre-
sponding centroids for these local pixel populations, let the
linear discriminant pass through the point

"y

P
w = —_— iy .
nf+nb“f nf+n,,“’

Local Segmentation
5. Perform a further segmentation of the local pixel popula-

tion into a number of segments and compute their cen-
troids.

6. Classify these newly computed segments by the linear dis-
criminant into foreground/background groups.

Figure 6. Foreground/background classification. In this
figure, pixels within the triangle are clustered into four
groups, shown in four gray levels. The spatial centroid for
each cluster is also shown as a square. The linear discrim-
inant is then used to label each centroid (and thus its cor-
responding cluster) as foreground or background.



7. Extract pixel samples in the neighborhood of the new cen-
troids using their corresponding segment maps.

8. Estimate the alpha channel for each pixel in triangle using
these foreground/background pixel samples.

Steps 1-4 compute an approximation of the local object
boundary in the form of a linear discriminant. Steps 5-8 then
perform a further local segmentation, form the new fore-
ground/background groups and compute the alpha channel
using the algorithm described in [17], with pixel samples
drawn from the locally segmented foreground/background
pixel populations. Steps 5-6 are illustrated in figure 6. In
step S5, the local segmentation is performed with a procedure
similar to the global segmentation stage, except now we
recursively partition the data set until we exceed a minimum
number of segments. Since each triangle contains pixels
from three segments in the coarse segmentation, by parti-
tioning the pixels in the data set into any number larger than
three would result in a finer local segmentation.

The alpha channels for the boundary triangles together
yield the overall segmentation. A question one may ask is
whether these independently computed selections will pro-
duce a seamless result. To answer this question, recall the
manner in Which the selection problem is divided into sub-
problems of selection within triangles. Each pair of adjacent
triangles share two vertices, and therefore, the color popula-
tion of the segments corresponding to those centroids. These
segments remain unaffected by the triangulation, thus ensur-
ing continuity across the edges of the triangle.

7 Experiments

We implemented the selection tool as a stand-alone
application written using the OpenStep AppKit and Founda-
tion frameworks to provide the interactive sketching inter-
face, and MATLAB for parts of computation and
visualization. A user drags-and-drops an image into the
application window to initiate the segmentation computa-
tion. The image is then displayed so the user may use the
sketching interface to select the object(s). The selected
object is then displayed in a separate panel, which is
updated with each addition to the sketch made by the user.
Upon completion the user may drag the selected object into
a different application for further composition and manipu-
lation. We plan to build on this stand-alone application to
create an environment which allows PerSketch-like image
editing with raster images.

7.1 Sketches

We tested the tool against a number of test images, as
illustrated in figure 7. Very simple input sketches that one
can reasonably expect a user to draw in a small amount of
time consistently yielded highly detailed selections from the
images shown. The only parameter that needs to be chosen
by the user is the size threshold of the coarse segmentation

342

Test Images

Sketch Resulting Selection

Figure 7. Experimental Results. Selection examples
with regions and points are shown. Points are
shown as crosses.

algorithm. Typical values for the experiments shown are
one-half, one-quarter, one-eighth, and one-sixteenth of the



number of pixels in the given image. That the system is rela-
tively parameter-free should not be surprising if one consid-
ers that the user sketch is the key input parameter, and the
algorithm is just relating this rich visual information given
by the user to the image content.

7.2 Comparing the Object Extraction Phase with
the Alpha Estimation Tool B

In the alpha channel estimation paper[17], two different
methods were presented for specifying the foreground and
background pixel samples. Examples of these input methods
are shown in figure 8. In both methods the user ultimately
classifies pixels in the image into three sets: foreground,
background, and boundary. Foreground(background) pixels
are assigned alpha values of one(zero), while a mixture
model is used to assign intermediate values to boundary pix-
els based on the pixel color. The first method, boundary
specification, involves a contour that is dilated by varying
amounts along its length. Pixels covered by the dilated con-
tour become the boundary pixels, while the untouched pix-
els on the two side become foreground and background
pixels. Note that the amount of dilation also needs to be
manually specified by the user. In the second method, the
object specification method, the user simply ‘paints’ certain
pixels as foreground, some others as background, and lets
the untouched pixels be the boundary pixels. The kind of
results derived from the two input methods are shown in fig-
ure 8.

We compared the alpha estimation algorithm with the
local segmentation steps from the object extraction stage
and studied the selection results. Recall that the only input
required by the local segmentation steps is a linear discrimi-
nant. As can be seen in figure 8, using just one line segment
to represent the linear discriminant, the object extraction
phase was able to automatically form its labelled pixel sam-
ple populations and compute an alpha channel. Clearly the
method we show here needed less user input than either of
the two methods suggested in [17]. Couple this low-level
routine we have with the high-level image analysis in the
global segmentation and sketch processing stages, and it is
easy to see how our selection tool is able to allow such sim-
ple user input sketches without compromising the selection
quality.

7.3 Automatic Selection

While the bulk of the discussion presented in this paper
assumes a human user, the input sketch regions or the initial
selection may well be the result of another computational
process. As an example, we experimented with using an
automatic segmentation algorithm to pick out the fore-
ground segments from the global segmentation. We perform
a foreground/background segmentation over the global seg-
mentation centroids using an eigenvector segmentation
algorithm suggested in [22]. The results computed with the
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Selection User Input

Figure 8. Comparing the alpha estimation algorithm with
the object extraction stage in our tool. A test image is
shown on the left (with increased contrast for better legibil-
ity). The objective is to select the leaves occupying the
right half of the image. The first row shows the input given
by the user, and the second row shows the computed alpha
channel. The first two columns show methods proposed
in[17}: boundary specification and object specification. The
last column shows a linear discriminant given as input to
our method. It can be seen that comparable results are
achieved with markedly simpler input.

(©

Figure 9. Automatic object selection. (a) The affinity
matrix formed with the photometric feature distance
among the global segmentation centroids. (b) The Q
matrix computed. (¢) The dominant foreground
objects selected by thresholding a column of the Q
matrix.

wolf image are shown in figure 9. In this case it can be seen
that the algorithm correctly picked out the segments corre-
sponding to the wolf, and would therefore subsequently
result in a selection identical to the user-created selection
shown previously. This suggests a method for automatic
segmentation first using a simple method for coarse segmen-
tation, and then using the eigenvector segmentation method
to group the centroids. This saves computation by using
simple methods to first group the large number of pixels in
the image into a small number of representative centroids,
and then applying global automatic segmentation methods
to these centroids. Detailed boundaries between the fore-
ground/background group of segments may then be com-
puted with the object extraction algorithm.



8 Discussion

The algorithm we presented uses a divide-and-conquer
scheme that breaks the problem of identifying object bound-
aries and estimating the alpha channel at object boundaries
into smaller pieces based on image structure and user input,
and then solving them individually. Triangulating the vicin-
ity of the boundary and solving the alpha channel estimation
problem within each triangle allows for better performance,
since one can reasonably expect the amount of color varia-

tion in a small portion of the boundary to be less than that.

over the entire boundary. Also, the approximation of the
local boundary with a linear discriminant would be less
likely to work if the boundary were not split into smaller
segments. Processing segments of the boundary allows the
use of simpler algorithms.

9 Conclusion and Future Work

We have presented a method by which simple freehand
sketches may be used to select objects with complex bound-
aries. We have demonstrated with experimental results that
the method is able to extract complex objects with a mini-
mal amount of user input. We have also shown how the local
segmentation stage in our tool yields results comparable to
that of the alpha estimation algorithm in terms of the quality
of the selection but our tool involves much simpler input
from the user.

The algorithm can also be modified to perform automatic
segmentation, which is one possible direction for future
work: the fully automatic decomposition of an image into
segments represented by alpha channels, yielding a form of
‘soft’ segmentation. Application of the tool to image synthe-
sis, video analysis and object tracking are currently being
investigated.

Empirical and subjective evaluation of the algorithm is
underway, although it is proving to be challenging. Obvious
quantities such as the time taken for the selection creation or
the number of strokes required are dependent on various
factors such as the speed of the computer, the skill level and
habits of the user, and the complexity of the image and the
desired selection, will need to be taken into account. Subjec-
tive comparisons with other selection tools will also be diffi-
cult since each tool may have a different mode of operation,
and careful experiment design with a large user population
and image database will be needed.
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