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Abstract

Sketch-based modeling shares many of the difficulties of the branch of computer vizsion that deals with single image
interpretation. Most obviously, they must both identify the paris observed in a given 21) drawing or image. We draw
on constellation models first proposed in the computer vision lierature o develop probabilizstic models for object
sketches, based on muliiple example drawings. These models are then applied to estimate the most-likely Lahels

Jor a new skeich. A multi-pazs branch-and-bound algorithm allows well-formed skeiches 1o be guickly labelled,
while siill supporting the recopnition of more ambipuous sketches. Results are presented for five clazses of objects.

1. Introdwection

A large-class of sketch-based modeling systems, specifically
those involving drawings of objects, diagrams, or maps,
must solve a recognition problem. What did the user draw
and what does each stroke cormespond to? In many cases,
this is solved with the help of domain knowledge, such as
knowing that a sailboat has a mast and a hull. This recogni-
tion problem has a strong parallel with the goals of single-
image interpretation in computer vision, an area which has
seen significant progress over the past few years.

We apply a constellation or “pictonal structure” model to
the recognition of strokes in sketches of particular classes
of objects. The model 15 designed to capture the structure
of a particular class of object and 15 based on local fea-
tures, such as the shape or size of a stroke, and pairwise
features, such as distances to other known parts. We learn
a probabilistic model from example sketches with known
stroke labelings. The recognition algorithm determines a
maximum-likelihood labeling for an unlabelled sketch by
searching through the space of possible label assignments
using a multi-pass branch and bound algorithm. Our tech-
nique supports flexible object structure by allowing for op-
tonal parts. By applying a recognition threshold, extraneous
strokes can also be readily identified.

Figure B shows an example result for the recognition of
parts in face sketches. A subset of the training examples are
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shown, along with a set of successfully labeled free-form
sketches and trace-over sketches. A specific contnbution of
our method 15 to cope with objects that exhibit considerable
vanability in the way they are drawn and that allow a van-
able number of part instantiabions.

The output of our algorithm is a set of labels assigned o
the strokes. This can then be wtilized by a vanety of apph-
cations. Labelled strokes can be used to construct parame-
tenzed 3D models as in [ Y SvdP5]. Furthermore, they can
help to instance models in a 2D or 31 scene, or serve as a
partial interpretation of a larger sketched diagram. Sketches
can also be used o retrieve images or 30 models from a
database and can, in general, provide an intuitive alternative
interface to models with complex internal parametenzations
such as faces [fac].

Chur system makes two particularly strong assumplions.
First, it assumes that similar parts are drawn with similar
strokes. For example, a flowerpot that 15 drawn wiath four
separale strokes instead of one stroke s not easily modelled
as part of the same object class. Second, object parts which
are deemed mandatory in a sketch must have exactly one
instance in the sketch. Optional parts may have multiple in-
stances in a given sketch.

The remainder of the paper 15 orgamized as follows. Sec-
tion 2 gives an overview of related work. Section 3 describes
the details of the probabilistic constellation model. Sec-
tion 4 then describes our algorithms for finding maximum-
likelihood interpretations of images using the model. Results
are presented and discussed in Section 3, including vanious
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Figure 1: {a) Face skeich iraining examples. The manda-
fory labels are head, left-cye, rght-cye, mouth, nose; the
optional labels are left-pupil, nght-pupil, left-car, right-
ear, left-eyebrow, right-eyebrow, left-eyelash, nght-eyelash,
moustache, beard. (b) Face sketches recognized using our

SySLCmL.

modes of use and examples of falure cases. Lastly, Section 6
provides conclusions and future work.

2. Related Work

In this paper we address the problem of understanding com-
pleted sketches with a known stroke structure and an un-
known stroke ordering. Stroke information is assumed o be
collected at the time of drawing creation or it can be ex-
tracted using image analysis of a raster drawing using mor-
phology methods (erosion/dilation) and smooth continuation
methods.

Recognizing single strokes in isolation is perhaps the sim-

plest version of sketch understanding and can be used to sup-
port interfaces that use pen gestures as commands [Rub%1].
Recognizing multi-stroke visual structure is significantly
more complex, given that the interpretation of strokes is de-
pendant on its local context. Many algorithms use some type
of ‘parse tree” to search through the space of possible stroke
labelings in order to find the most consistent interpretation of
a given sct of strokes. For applications that involve diagram
interpretation, the search is often anchored by first finding
well-defined symbols, such as drawn characters or electn-
cal component svmbols [KS(M]. The search is then further
constrained by exploiting the known structure of the given
application domain or object classes.

Matching can be treated as a graph isomorphism prob-
lem [MHIZ], where it is applied to the recognition of homan
stick figures using a known model of connectivity. The work
of [YSvdP05] applies a flexible form of hierarchical graph
matching. For example, it first looks for the best subgraph
representing a cup body before then proceeding to look for
optional parts such as cup handles. Curve shape feature vec-
tors are used to quantify the best match and stochastic search
15 used o explore the space of possible matches. Both of
these graph-based models rely heavily on connectivity be-
tween parts. They are thus weak at recognizing drawings
with disjoint parts, such as a nose or an airplane window.

A probabilistic approach to sketch stroke interpretation 1s
proposed in [ADD]. This uses domain-specific libranes of
‘Bayesian network fragments” that describe shapes and do-
main patierns. Several mechanisms to control the size of the
space of hypotheses are presented, and the technique 15 ap-
plicd to the domain of electrical circuit diagram recognition.
[Q5MO35] proposes the use of conditional random fields for
labeling box-and-line diagrams for particulardy difficult am-
biguous examples where constraints must propagate i or-
der to find the most-likely interpretation. Perceptuall y-based
shape descriptions are used o help infer the the recognition
of image structure in [SMF*02]. Our work looks at recogni-
tion problems that do not regquire connectivity between parts
andd considers object sketches that can exhibit considerable
varability.

Image-based techniques can also be used to help iden-
ufy sketches or parts of skeiches. Shape contexts [BMO2]
can be used to maich sketch images o a fixed set of pro-
wtype emplate images. Image-based classifiers are applied
in [SV(M] in order to determine hkely interpretations for
subsets of strokes. An A* search procedure 15 used to search
among the space of possible subset of strokes in order to find
a maximum-likelihood interpretation for the image. This 15
applied to a graphic symbol set of 13 symbols.

Constellation models, also known as pictonal structure
models, are composed of a set of local parts, cach of which
has an appearance model, and a geometry model that defines
prefermred relative locations or distances of the parts [FET3).
They are well suited to applications such as face recog-
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nition, where features such as the nose, eyes, and mouth
have particular local features and also have relatively well-
defined distances to each other. The model 15 further devel-
oped in [FHOS5), where it 15 apphied to identify both faces
and body configurations from images. The mode] continues
to be extended, with an emphasiz on learming pictorial struc-
ture models automatically from example images of object
classes. More generally, this can be viewed as an example of
siatistical relational learning.

An agent-based approach is presented in [MAO3], al-
though this relies on a predefined grammar for the descrip-
ton of the components. The work of [ KLPO3] 15 sirmlar to
ours in that it uses a constellation-tvpe model and a proba-
bilistic framework. Our work differs in a number of respects,
including application to a differemt domain, wsing differ-
ent and larger individual and pairwise feature sets, support-
ing flexible object classes with optional parts, and a staged
scarch strategy.

Our approach for sketch recognition is uniquely charac-
terized by: (a) support for model defimtions denved directly
from a set of drawn training examples; (b) a probabilistic
framework: (c) support for optional paris; (d) a constella-
tion model with features specifically suited for sketch recog-
nition: and {e) an efficient multi-stage search sirategy. We
demonstrate our approach on five classes of objects and mul-
tiple modes of use (drawing and tracing).

3. The Constellation Model

We represent an object using a constellation model, consist-
ing of features of individual object paris, as well as features
of pairs of parts. Individual features capture shape and global
positions of parts, whercas pairwise features summanze rel-
ative posiions of parts. An example constellation model of
a face ohject is shown in Figure 2.

We define a four-clement feature vector for individual ob-
ject parts: F = [x y d B] where (x,¥) arc the location of the
center of the axis-aligned bounding-box (AABB) of a stroke,
as measured in image coordinates normalized o x, v € [0, 1);
d 15 the normalized-coordinate length of the AABB diago-
nal; and B = cos{d), with ¢ being the angle of the AARB
diagonal with respect to the x-axis.

Similarly, we choose a four-clement feature vector for
part pairs defined by Ggp = [Axgy Avgp Dan D). where
Ax = x5 — x5 and Ay = ¥, — yp define the relative positions of
the AABB centers of strokes a and £ in normalized coordi-
nates, 5 1s the minimum distance between the endpoints of
stroke @ and any point on stroke &, and [y 15 the minimum
distance between the endpoints of stroke b and any point on
stroke a. In general, Gy, # Gag-

Full constellation models do not scale well with the num-
ber of parts, A, since they result in ﬂ'{ﬂi} pairwise features,
We choose to alleviate this by charactenzing each label as
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Figure 2: Fxample constellation model for a sketched face,
showing the pairwise interactions. In this example, the lefi-
eve, righi-eve, mouth, and nose are mandaiory and thus have
complete pairwise interactions. The lefi-car and righi-ear
are optional and thus have pairwize inferactions with all
mandatory parts but not with each other

mandatory or optional. Individual features are computed for
both mandatory and optional parts. However, pairwise fea-
tures are only computed if one or both of the labels in the
pair cormesponds to a mandatory part. We note that it may be
possible to further reduce the number of pairrwise features
by searching for subsets that yield good recognition perfor-
mance [CFHO5].

The sketch recognition process has two phases, the first
which searches the space of possible mandatory label assign-
meenits, and the second which searches for optional labels for
the remaining unlabelled strokes. In this way the mandatory
labels provide contextual location information necessary for
assigning appropriale labels to the potentially large number
of optional parts. We describe the search algorithm in the
following section.

3.1. Learning the Model

An object class model is represented using a probability dis-
tnbution over features in object constellation models. This
function is leamed from a set of example labelled sketches.
A straightforward choice of object class model is to use mul-
tvariate Gaussian distnbutions. However, in order to sup-
port recognition from a small number of training examples,
we opt for a diagonal covariance matrix. Thus we indepen-
dently compute the mean and covanance of cach element of
the feature vectors F and & for the set of labelled sketches
that serve as training data. More explicitly, the probabilistic
model for the fth element in the feature vector of a label £
is given by H{ and consists of the mean value for the feature

clement, p‘; as well as the standard deviation, cr:- Stmalarly,
a pair feature model, H-!';.- is given by = ,_,-;}_:ﬂ}"j .



