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Abstract An object can often be uniquely identified by its
shape, which is usually fairly invariant. However, when the
search is for a type of object or an object category, there
can be variations in object deformation (i.e. variations in
body shapes) and articulation (i.e. joint movement by limbs)
that complicate their detection. We present a system that can
account for this articulation variation to improve the robust-
ness of its object detection by using deformable shapes as
its main search criteria. However, existing search techniques
based on deformable shapes suffer from slow search times
and poor best matches when images are cluttered and the
search is not initialised. To overcome these drawbacks, our
object detection system uses flexible shape templates that are
augmented by salient object features and user-defined heuris-
tics. Our approach reduces computation time by prioritising
the search around these salient features and uses the template
heuristics to find truer positive matches.

Keywords Shape detection - Deformable templates -
Object recognition

1 Introduction

The search for objects within images is essential for the auto-
mated understanding of the image content. Our aim is to
identify the relative locations of objects in images so that a
semantic interpretation of the image content can be made.
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Objects can be identified by using combination of vari-
ous elements—colour, texture, shape, and other distinguish-
ing primitive features. An example is a rooster, which might
be identified by using any of the following—its outline or
shape (see Fig. 1), its colours, the texture of certain parts
(e.g. feathers), its position relative to other objects or the
ground, and other constituent features such as its eyes, beak or
feet.

Some object detection systems use machine learning tech-
niques such as support vector machines (SVMs) [12,14],
boosting [18,16] and neural networks [6]. While fast and
somewhat robust, they are difficult to initialise and train.
Training can require thousands of positive examples to be
gathered and depending on the feature set, can take days or
even months of runtime to complete [16]. Furthermore, they
cannot handle variations in rotation or object articulation.
Instead we would like to use deformable shapes as our major
search criteria—augmented and guided by other primitive
features.

We focus on an object’s shape as the main distinguishing
attribute because it is generally considered the most invariant
of all its features [15] (with some exceptions such as fruit,
where colour is a strong invariant). However, shape can be
very difficult to search for with variations in scale and rotation
making the search space in an image quite large. Variations
in possible object deformation and articulation then further
exacerbate the problem.

Prior work in deformable shapes, namely by Felzenszwalb
[4] and Chang et al. [2], have produced good results for iden-
tifying flexible shape templates in images. Their approaches
differ from contour or snake models [8, 19], and approaches
using “geometric hashing” [10,11,15], because they use
shape representations that encode the internal structure of the
object. The representation of the shape is formed using a tri-
angulated polygon—which enables the template placement
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Fig. 1 The silhouette of a rooster describing its shape

and deformation to be more flexibly controlled by each tri-
angle region within the template. However, a drawback is
the long search time when using complicated polygons in
large search spaces. Furthermore, there are no mechanisms
to guide or initialise the search of cluttered images, in which
image noise can distract the template fitness functions and
produce spurious results.

To overcome these problems, we incorporate additional
knowledge about the object categories into the deformable
templates in order to perform more efficient and robust object
detection. Our system improves shape detection in two ways.
First, it prioritises the search for certain shape template ver-
tices around salient features found in the image. Second, it
incorporates specific knowledge about the possible defor-
mations of the shape templates and the relative importance
of various model parts in order to further refine the results.
These enhancements improve both the search times and
results.

Our present application domain is traditional Vietnamese
folk paintings where object shapes are the most invariant
feature because the artworks are usually quite simplistic in
style and colour palettes. However, in this paper we also test
ordinary digital photos to show how our system performs on
typical real-life images. The types of objects we currently
identify are people, animals, and some more rigid objects
such as musical instruments. These objects can have large
variations in articulation and so require techniques that can
flexibly find these variations but without being burdensome
to define and manipulate.

The aim of this paper is to present our new augmented
deformable shape template and detection system. Section 2
discusses the advantages of deformable models, how they are
represented and how existing algorithms use them to search
images. Section 3 then outlines the limitations and draw-
backs of existing techniques, and Sect. 4 presents our system
to overcome these problems. The experimental results and
outcomes are discussed in Sect. 5 while Sect. 6 provides our
conclusion and future work.
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(a) Outline (b) Triangulated polygon

Fig. 2 The original outline and triangulated polygon template

2 Deformable shape matching

Our investigation is motivated by the deformable shape
matching techniques first presented by Felzenszwalb [4] and
later used by Chang [2]. The approach requires a shape tem-
plate that describes the approximate outline of the object, and
searches an image to find a global optimal solution for the
match. Our system also uses triangulated shape templates as
its main input for searching an image but is it is augmented by
identifying salient features in the image that are associated
with the object (described in Sect. 4).

2.1 Shape representation

A deformable shape model can be represented by a simple sil-
houette defined completely by its bounding outline (Fig. 2a).
It has a simple and compact representation and is easy to use,
with relatively little set up and configuration time. The sil-
houettes or outlines are also easy to create with any drawing
software such as Gimp [7] and Dia [3].

The outline is triangulated using constrained delauny tri-
angulation (CDT) [1] for use as the input to the image search
(Fig. 2b). The advantage in using CDT is that the object
model is decomposed into natural parts, with diagonals
always cleanly separating the extremities of the model (such
as limbs and other protrusions). For example, Fig. 2b shows
how the neck at all times throughout the triangulation is
clearly delineated from the body and the head.

2.2 Shape search

In general, the shape template vertices are located on the
image while optimising their placement according to a func-
tion which determines the cost of placing each triangle and
edge from within the triangulated shape template onto the
image.

In order to reduce the search space and time, the image
is firstly overlaid with a coarse search grid. To search every
pixel point of the image would usually be computationally
prohibitive. Instead, we can place a 20 x 20 search grid over
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Fig. 3 A 20x20 search grid over a picture of a boy holding a rooster

the painting of a small boy holding a rooster (Fig. 3) to effec-
tively reduce the search space to the grid size, which in this
case is now only 400 grid points. This substantially reduces
the search time, although it can make the template place-
ment less accurate since the vertices must be placed at the
grid points. This is only usually a problem when the vertices
of the shape template are much more finely spaced than they
appear in the search grid.

The optimised placement of the template model is then
calculated according to the cost function (as described in the
next section). The lowest cost is returned as the best match—
such as the one found in Fig. 4.

2.3 Typical cost functions

The core cost function has two parts: the fitness cost and the
deformation cost. There are many different ways to define
these parts—those used in the original implementation by
Felzenszwalb [5] are described here so we can extend them
later in Sect. 4.

The fitness cost The fitness cost is a measure of the corre-
spondence between the mapped features and a prominent
feature in the image. In the original implementation, it is
the component of the image gradient that is perpendicu-
lar to the shape boundary of the polygon. This cost can be
broken into the integral for each boundary edge (linking
two vertices) in the polygon.

The deformation cost The deformation cost is a measure
of the difference between each triangle in the original
template, to the mapping in the image. For every triangle

Fig. 4 The rooster found in the image

in the shape template, we associate a cost induced by the
deformation between the shape in the original template
and the shape that is placed in the image. Felzenszwalb
[5] uses the log-anisotropy cost for this calculation.

For each triangle ¢ in the triangulation T, there is a cor-
responding affine map f; to the image /. If B is the set of
boundary edges of T, and the corresponding edge mapping is
f», then the total costs for a mapping g, relative to an image,
can be written as:

E(g.1) = Cpes(T) — Cri(T) ()
where
IVI o fils) x f(5)

Cri(T) = d 2

() ,,ZB/ mor @
and
Coer(T) = 1 Y_def () 3)

teT

where def ( f;) is the log-anisotropy of f; and | VI o f5(s) X
f(s)|l is the component of the image gradient that is per-
pendicular to the shape boundary at f3(s).

The deformation cost is zero when f; is a similarity trans-
formation. It is scaled by a parameter A so the user can
increase or decrease the importance of the deformation cost.
The fitness cost is divided by || fl; (s)]| to make it scale invari-
ant and it is deducted from the deformation cost to attract the
template boundary to locations in the image that have high
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Fig. 5 A perfect elimination scheme

gradient magnitudes. The total cost function is then mini-
mised using a dynamic programming approach described in
the next subsection.

2.4 Dynamic programming

The technique used to find the lowest cost for placing the
template within the image is called non-serial dynamic pro-
gramming. This approach reduces the search to polynomial
time from what would otherwise be exponential time using a
naive, brute force approach. In order to apply this optimisa-
tion technique, we require a chain structure or more specifi-
cally, a decomposable graph that does not have large cliques.
Such is the case with the triangulated polygon of the input
template (Fig. 2b)—it is a dual graph with several such chain
structures called perfect elimination schemes. These schemes
provide an elimination order of the vertices from the poly-
gon such that when eliminating the ith vertex, it can be found
in only one triangle of the current triangulated polygon. An
example of such a scheme for the triangulated bird outline is
in Fig. 5. If we remove the vertices from the polygon in the
labeled order, each vertex when it is removed, is only ever in
one triangle. Thus, after each removal, the remaining part is
still a triangulation from within the original polygon.

The algorithm for non-serial dynamic programming
sequentially eliminates the vertices of the triangulated poly-
gon and stores the cost of placing that vertex as a function of
the other two vertices in the triangle. The process has been
developed by Felzenswalb [5], where a complete description
of the original algorithm is available.

3 Problems with previous approaches

The algorithm in the previous section suffers from two main
problems in practice—the slow search time due to the com-
putational complexity (even using dynamic programming);
and poor results in cluttered images due to fitness costs that
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are too broadly defined and inflexible to find the right features
that belong to the search template.

3.1 Slow image search

The algorithm described in Sect. 2.4 runs in O (nm?) time,
where 7 is the number of vertices in the polygon and m is the
number of possible locations for each vertex. As the number
of possible grid points increases, the time taken to run the
algorithm can become prohibitively slow.

Various heuristics can be applied to reduce the search
space and time. One example is to only search near the “ideal”
third vertex of any triangle once two have been chosen [5],
reducing the order to O (nm?). Even using this improvement,
using a P4 computer (3 GHz, 1 GB RAM) to search a 50x50
grid (2,500 grid points) for a shape represented by a poly-
gon with 25 vertices, can still take the search algorithm up
to 3min to complete. This time frame restricts the search
technique to applications that are completely off-line. Fur-
thermore, since the search is also dependent on the tuning of
various parameters and thresholds, the lengthy search time
can make the initial configuration very frustrating.

A second heuristic limits the invariance to scale by only
placing triangles that are 80—120% of the size of those in the
original template [2]. Together these heuristics can reduce the
complexity to O (nm), but also reduce the scope of potential
matches and is not appropriate for all domains.

3.2 Poor “best” matches

The best match (i.e. with the lowest cost) in cluttered images
is often wrong due to the fitness function having difficulty in
identifying the relevant salient features—potentially attract-
ing the template to spurious features. In Fig. 6¢, the deform-
able lute template (Fig. 6b), is more attracted to the larger
gradient differences found in the body and hair regions of the
image than around the lute itself. The fitness cost function is
unable to identify the appropriate salient features because it
applies the same function to all vertices without any impor-
tance weighting. The single balancing parameter lamda (1),
that weights the importance between shape and fitness, does
not provide sufficient flexibility for guiding the placement of
the vertices.

Another reason for some poor results, is that there is no
mechanism to identify important features in the images for
a particular template—all parts of the templates must be
assessed with the same fitness cost function. This means that
templates cannot make use of salient object features, such as
the texture of a surface or a simple geometric shape always
present in the template (e.g. the wheels on a car). These fea-
tures could be associated with certain parts of the template.

These sometimes poor results together with the slow
search times can limit the application of this technique in
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Fig. 6 Lute not found in image

images with cluttered scenes or poorly contrasted objects.
We present techniques to overcome these limitations in the
next section.

4 New shape template and search system

The main idea behind our approach is to incorporate addi-
tional information about the object being sought into the
deformable shape template, which we then call the aug-
mented shape template. This extra information is used to
firstly find salient features within the image, which are then
used to apply additional costs to the position of certain prior-
ity vertices relative to these predetermined salient features.
Salient features can be colours, geometric shapes, or tex-
tures—practically anything that the user might like to define
to augment the shape template.

Our system introduces a new term to the cost function
called the deviation cost. This is a cost to place the priority
vertices away from the position of the salient features in the
image. The cost to place a priority vertex precisely at its asso-
ciated salient feature is zero. Input images are preprocessed
to identify these salient features, which are then used as addi-
tional inputs cost function of the search algorithm. This cost
is described in Sect. 4.2.

Another improvement is in making the fitness costs con-
figurable when placing each vertex of the template. We have
found that by allowing the fitness costs to be flexibly
weighted, we can find matches in difficult images that would
otherwise be unachievable. This enhancement is discussed
in Sect. 4.3.

Similar to the fitness costs, the deformation costs have
been made flexible for every triangle comprising the tem-
plate. This has already been used by Felzenszwalb to com-
pute the deformable cost weightings for template triangles
from aggregating various input images [5]. It is important to
incorporate this enhancement into our model as well because
it allows much more flexibility when matching objects that
have areas of variable flexibility (e.g. an arm or leg). This
improvement is discussed in Sect. 4.4.

4.1 Salient feature extraction

Various feature detectors are activated by the search system
according to the salient features are required by the aug-
mented shape template. Software components that calculate
these features can be switched on as necessary by the system
by inspecting the shape model. These detectors usually have
a very small processing cost associated with them—colour
and edge detection for example. The new search can only
apply priority vertices to the image if the appropriate salient
features were found. The positions of these features in the
image are then used as an input to our new deviation costs,
outlined in the next subsection.

Some examples of salient features that can guide the image
search are as follows:

— Edges: image edgese can be used to constrain the extent
of the search for each vertex of the template (images can
then be searched much more quickly as shown in the
example below);

— Same edges: some of the template vertices might be res-
tricted to lying on edge lines that are linked;

— Simple geometrical features: circles, rectangles, corners
and lines (intersecting or parallel) can all help localise the
shape template;

— Colours and texture: a distinctive colour or texture that
normally distinguishes the object can easily be a salient
feature;

— Keypoints: distinctive keypoints that may be detected
using specialised techniques such as PCA-SIFT [9];

— Other flexible templates: searching for other templates
that are also deformable but are only a small part of the
larger shape being sought can be done quickly and used
to help localise certain shape vertices;

— Other classifiers: if already available, statistical classifi-
ers (e.g. face or object detectors) can be used to quickly
identify some salient features.

In fact, image edges (the first salient feature listed above)
were used by Chang [2] to reduce their image search space.
However, this is only one special case out of many possibili-
ties such as already listed. We have abstracted this approach
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to formalise a methodology that can incorporate any salient
feature that may be relevant to the shape template.

4.2 New deviation costs

The augmented shape template is annotated with priority
vertices that specify the points in the shape that should be
associated with a salient feature in the image. Every vertex
in the shape template could be associated with a salient fea-
ture to restrict the search space, thereby reducing the search
time and improving the results by eliminating many potential
bad matches.

The deviation cost captures the cost of placing a priority
vertex some distance from its associated salient feature. We
add a third term to the cost function back in Eq. 1 as follows:

E(g, 1) = Cpev(T) + Cpes (T) — Crine(T), “

where

Z 0, dist(p, f)  for p € neig(f)
Cpev(T) = | peP &)

00 for p ¢ neig(f),

where 0, is a deviation cost weighting parameter for each
priority vertex, dist(p, f) is the distance cost from a priority
vertex position p to the associated salient feature position f
(e.g. a function of Euclidian distance), and neig(f) is the
function determining the neighbourhood of f.

4.2.1 An example

A simple example can be made using a Canny edge detec-
tion function to identify edges to be used as salient features.
All vertices can be associated with this salient feature so
that the deviation cost is zero for vertices placed at or near
edge points, and infinite when placed more than one grid
point away. The search is of course discontinued once the
cost becomes too high. Figure 7 shows an image with grid
points removed that cause a high placement costs. The result-
ing search grid only has 212 points (compared with 400 in
Fig. 3), reducing the search time to approximately 27% of
the original time—with a similar best match.

The resultant shape outline can vary slightly but from the
one found using the entire grid, but since it is only an approx-
imation based on the original silhouette, this is usually not a
problem.

4.3 Configurable fitness costs
For every vertex placement in the image, we now also allow

an adjustable weighting to be used, which determines how
important the fitness cost for this particular vertex placement
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Fig. 7 Grid points resulting in a high deviation cost have been omitted

is. They may all be equally important, as with the original
algorithm, or they may vary according to the object’s require-
ments. Certain areas or edges of the shape template can now
be given a higher or lower weighting when matching. This
makes it possible to include heuristics to make some parts
of the model more or less important than other parts—for
example the beak of a bird may be far more important match
using the fitness function than perhaps the feathers or the
feet.
We redefine the fitness cost function in Eq. 2 as follows:

V1o fu(s) x £l
Crit(T) = - d 6
u(T) bzeB””/ 1)l : ©

where k, is the fitness weighting parameter for each bound-
ary edge b.

4.3.1 An example

This improvement can be very useful when some parts of the
model are more important to match and need to be weighted
accordingly, or conversely, when a part of the model has a
boundary edge that should have no significant effect on the
fitness cost. A clear example would be an silhouette that is a
part of the greater object—such as a head and shoulder model
which is only part of the person (Fig. 8a). The result when
searching for this template with no fitness function adjust-
ments is in Fig. 8c. However, the bottom edge of the model
should not contribute at all to the fitness cost because it does
not represent a true termination of the object boundary (i.e.
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(a) Outline (b) Template
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Fig. 8 Configurable fitness costs enable partial objects to be found

the person does not end there). When we set « = 0 for the
bottom boundary edges of the triangulated model (Fig. 8b) a
true positive match is found (Fig. 8d).

4.4 Configurable deformation costs

The deformation cost in the original cost function is balanced
by a parameter A. This parameter is applied to the entire
deformation cost term, i.e. it applies to all triangles equally.
However, it is better to allow the deformation weighting to
be individually specified for every triangle. Felzenszwalb [5]
uses this approach to learn deformation parameters from
training data and suggests the deformation costs for individ-
ual triangles could be tuned. We have also explicitly incorpo-
rated this parameter into our model specification and redefine
the deformation cost function in Eq. 3 as follows:

Coet (T) = > ki def (f), (7

teT

where ), is the deformation weighting parameter for each
triangle 7.

4.4.1 An example

The effect of this flexible configuration can be easily demon-
strated by referring to the template model in Fig. 9a with the

ERAN  AWAN|

(a) The triangulated search template

(b) Very high global rigidity

(c) Ridigity is zero

(d) Mild global rigidity

(e) High rigidity at ends only

Fig. 9 Variable deformation costs improve the accuracy of the match

triangulation shown. All triangles have a uniformly applied
deformation weighting at first. When searching using a highly
rigid global weighting (i.e. A = 100), the template cannot
deform at all to match the bent bar in the image (Fig. 9b). If
there is no deformation cost at all (A = 0), then salient fea-
tures dominate the search and the result is as seen in Fig. 9c.
When the template rigidity is mild to moderate (A = 40), the
best match is shown in Fig. 9d.

However, a better approach is to define the local areas
of high flexibility in the triangulated model. In Fig. 9e, the
template has been configured to allow high flexibility in the
shaded triangles (in Fig. 9a) and to be quite rigid otherwise.
Of note is that the total cost to match Fig. 9d and e is exactly
the same, but only the middle, shaded triangles have been
deformed in the latter. Shape models that include adjustable
deformation weightings are better able to represent the true
nature of the object (such as a hinge, flexible joint or stretch-
able area).

4.5 New search system

An overview of the system can be seen in Fig. 10. The new
augmented shape templates are composed of four parts: the
triangulated shape outline (black); its priority vertices and
their associated salient features (red); the fitness cost weigh-
tings (green); and the deformation cost weightings (grey).
These form the inputs to the three parts of the cost func-
tion—the deviation, fitness and deformation costs.

The priority vertices of the shape template specify which
feature detectors are activated and used by the system. These
determine the salient feature locations in the image and are
used to determine the deviation costs of the priority vertices.
The deformation and fitness weightings are applied to the
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Fig. 10 The system overview

costs for each of the triangles and boundary edges respec-
tively.

In effect, each placement of a priority vertex in the shape
template is on a grid with a variable number of grid points that
depend on the salient features of the image. If there are few
salient features for that vertex, then the number of grid points
to search will also be few. Therefore, while the total cost func-
tion is still of complexity O (nm?), the priority vertices have
associated grid sizes (m) that are often drastically reduced
and this is how good reductions in run-time are achieved.

5 Experimental results

We present two examples to demonstrate the system using
the improved cost function. By using a combination of pri-
ority vertices with salient features, configurable fitness costs
and configurable deformation costs, we have been able to
improve the match results and the running time of the search
using this system. The first example is in the domain of tradi-
tional Vietnamese folk paintings (improving the result seen
back in Fig. 6) and the second is using a typical camera photo
image.

In the first example, we took the original lute template
from Fig. 6a and used two salient features to create priority
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Fig. 11 Salient features used to refine the search for the lute

vertices—edges and Hough lines. All vertices are associ-
ated with the edge feature and two special priority vertices
(marked in red in (Fig. 11a) are associated with a Hough fea-
ture—specified as two nearby parallel lines intersected per-
pendicularly by a third (Fig. 11b). This is a feature always
found at the tuning area of the lute and so is used to augment
the shape template.

In the initialisation stage, we identify the edges and prob-
ababilistic Hough lines of the image (Fig. 11c). This will
effectively reduce the search space for the priority vertices to
the salient feature grid points (Fig. 11d) because the devia-
tion cost is oo for vertices which are more than one grid point
away from edges or more than a 3x 3 square grid away from
the hough line features. The resultant search outcome is in
Fig. 11e. It a successful match and the time taken to search
this image has been reduced from 81 to 51 s (including the
fixed time costs of the initialisation stage).

The second example of the improved search system
using a photo image is shown in Fig. 12. In this image, two
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(a) Head & shoulder template

(b) Electric guitar template

(c) Input image (d) Salient features highlighted

(e) Found templates

Fig. 12 Two templates found using salient features

templates were searched for—a head and shoulders template
(Figure 12a) and an electric guitar template (Fig. 12b). The
head & shoulders template is for a man so the shoulders are
initialised to be broader than in Fig. 8b. The cost of placing
priority vertices of the neck (in red) are weighted (using 6,,)
by the distance to the salient features found by a face detec-
tor (as in OpenCV [13] which implements a version of the
statistical facial classifier designed by Viola and Jones [17]).
The lower left and lower right corners of the face bounding
box are associated with the left and right priority vertices,
respectively (Fig. 12d). Furthermore, all vertices are associ-
ated with the image edges (also shown in Fig. 12d). Next,
the fitness cost weighting (kp) for the edges at the bottom
of the template (in blue) are made 0—because this is not a
true termination of the partial object. Lastly, while the entire
template is set to be somewhat flexible (A = 30), the shoul-
der areas (the shaded triangles) are set to be very flexible
A =1).

The guitar, being a relatively rigid object, is given a higher
global rigidity setting (A = 60) applying to every triangle. The

(d) Configurable fitness costs

(¢) Adjustable deformations

Fig. 13 Search results after each of our algorithm improvements
(shown cumulatively)

boundary edges along the neck (shown in blue) are weighted
with a low k}, so that there is no tendency to deviate when it is
occluded by the hand that is playing chords. Furthermore, the
triangles comprising most of the neck are made even more
rigid (A; = 100) since this area should be inflexible apart
from some variation in length (allowed by the top three tri-
angles of the neck). Lastly, all vertices of the the guitar are
again associated with image edges. The results are shown in
Fig. 12e.

Both matches are good results considering the coarseness
of the shape polygon used in these templates. A finer tem-
plate (i.e. with more triangles) could be used to improve the
outlines, but with more computational expense.

5.1 Improved search results

The improved matching results with the new algorithm are
significant. Not only does it take less time to search (see
the next subsection), but the results are much better. The
improvements can be seen in Fig. 13 as we introduce each of
our cost function enhancements one at a time.

Figure 13a shows the best match result from the original
algorithm. This match took 27 s to complete and is obviously
not a match. Figure 13b shows our result after the inclusion
of the priority vertices—the result is already much better and
the time taken is 8 s. Figure 13c and d show the inclusions of
the variable deformation costs and adjustable fitness costs,
respectively—with the search time still taking 8 s. The result
improves with each enhancement to the cost function.
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Table 1 Timing results for the head and shoulders template search in
Fig. 13a compared with Fig. 13d

Process Orig. New Reduction
(©) (s) (%)

A. Deformation costs (fixed) 23 23 0

B. Image fitness costs 4 5 =25

C. Image grid search 23 3 87

Image search (B + C) 27 8 65

With the new cost function we can far more flexibly define
the input shape template and associate heuristics to form a
better input model. The new deviation costs effectively apply
prohibitive costs to improbable matches thereby excluding
them from the search space.

5.2 Shortened search times

In Table 1, we compare some typical timings of the original
algorithm against our new one incorporating deviation costs,
and adjustable fitness and deformation costs. These results
are for matching of the head & shoulders template to the man
playing the guitar.

The deformation cost calculation time remains unchanged
because these costs are specific to the shape template and
grid size. They are not dependant on the image. With more
memory, these costs could be stored between searches and
not incurred after the first search with a template. The dra-
matic reduction in iteration search time (from 23 to 3s) is
due to the reduction in searched grid points—from 2,025 to
618. This will not always be the case and will depend on the
salient features. For example, when using edges as a salient
feature, cluttered images will require more grid points to be
searched—but time improvements should still be noticeable.

6 Quantitative performance evaluation

In this section we evaluate the performance improvement of
the new algorithm and framework over the original algo-
rithm, using a batch of bird images with varying clutter.
Firstly, we use the original algorithm and a simple shape
template (Fig. 14) to search for a bird in the series of bird
images (Fig. 15). The only enhancement is that we use image
edges as a salient feature to greatly improve the search time.
It can be seen that the original algorithm fails to detect the
bird as the images become more cluttered and complicated.

The shape template is then augmented to be more flexible
through the “body” area. This allows the template to acco-
modate a greater variety of bird body types. The template
also requires points 1 and 3 to be near salient features—in
this case Hough circle centres found using OpenCV. This is
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Fig. 14 The simple shape template for a bird

an attempt to detect the eye and head of the bird and guide the
“head” to be near it. This augmented template can be seen in
Fig. 16 which we use to improve the search results (shown
in Fig. 17).

Because we are detecting the object outlines, there is no
binary outcome in terms of a success or failure. Most often
there is in fact a partial match. So in order to evaluate the
performance improvement we calculate the average distance
from the detected polygon shape to the ground truth bound-
aries for each image using the search grid as a reference (grid
points are equally spaced in all images). In this way we can
capture the result of partial matches (whereas receiver oper-
ating characteristics would not). The average misalignment
error and search times are shown in Table 2.

To summarise, the new framework is using the salient
features (edges and hough circles) to improve the detection
quality and reduce search times. In fact, if edges had not
been used in the first instance, then the average search time
would have been even higher at 54 s with no better detection
quality.

7 Conclusions and future work

Deformable models are a powerful and elegant way to search
for entire categories of objects within images. To address the
drawbacks of deformable shape searching, we have devel-
oped a system for object category detection that is more
robust than simpler deformable model search techniques.

Significant improvements in speed and match results
were achieved by incorporating object specific heuristics into
the deformable templates. These new augmented shape
templates contain associations with salient image features
to guide the search, and weighting information for variable
deformation and fitness costs. The system produces better
object matches and search times are often drastically reduced.
Parameter tuning requires some effort for a template in a
new search domain—but once the template has been success-
fully configured, the system performs quite robustly in that
domain. The salient feature detectors are still under devel-
opment and improvements will be sought using Hough lines
and circles.
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Fig. 16 The augmented shape template for a bird with more flexible
areas shown in grey and priority vertices at points 1 and 3

Our eventual aim is to enable the semantic interpreta-
tion of image content. To this end, Fig. 12e is a perfect
example of how the location of two objects in an image
can be used to infer the semantics of the image—which in

Table 2 Average misalignment error (measured by gridpoints) and
search time comparison between for the old (Fig. 15) and new (Fig. 17)
approaches

Orig. New Reduction (%)

Average error (grid distance) 8.51 3.37 60.4

Average time taken (s) 22.9s 19.1s 16.6

this case might be “man playing electric guitar”. The rel-
ative articulation and location of each template found can
give important indicators of their meaning within the
image.

Fig. 17 Search results for the new framework

@ Springer
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