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Abstract— The paper introduces three transformation-
invariant shape descriptors and provides an evaluation of
their relative strengths in the context of content-based re-

trieval of graphical sketches. We show that the use of a

combination of different shape representations may lead to
a significant improvement of retrieval performance. We pro-
vide evidence that there exist an optimal combination that

proves robust across different data sets and queries.

I. INTRODUCTION

Over the previous ten years there has been a growing
interest in content-based image retrieval, a trend that co-
incides and appears to be causally linked with the rise of
the world-wide web and the spread of digital technologies
for image creation. Research into CBIR has resulted in a
number of commercial systems such as IBM’s QBIC, Excal-
ibur Visual RetrievalWare and Virage VIR Image Engine
to name but a few of the most prominent. The practical
applications of content-based image retrieval are multifar-
ious and range from medical diagnosis over remote sensing
to journalism and home entertainment. A special area of
application is in architecture and engineering where infor-
mation is often in the form of graphical sketches. Sketches
constitute a special type of image with a few characteristics
that impinge on the kind of techniques employed for suc-
cessful retrieval. First, in contrast to a fully-fledged image
that often requires segmentation to separate local objects
from their context, sketch objects are already well-defined
since spatial context and background are typically trivial.

Secondly, the object shape captures most of the semantic

information present in a sketch. With little, if any, seman-
tic contribution from colour and texture, the performance
of a sketch retrieval system is essentially determined by its
ability to capture the shapes detectable in the sketch.

The issue of shape-based object recognition has long
been the central interest in the area of computer vision.
Traditionally, most research has aimed at finding ever more
powerful shape descriptors [1]. Little work has been done,
however, on how to combine different representations in an
attempt to boost retrieval performance.

The number of shape representations developed over the
past fifty years is bewildering. Each representation differs
in applicability and complexity. The simplest representa-
tions are based on so called ”shape factors”, which are sin-
gle values that capture but the minimal information of the
object. These factors include, inter alia, the perimeter, the
area, the radius, the elongation, the compactness, the num-
ber of corners, the circularity and the convexity of the ob-
ject. The first three of these measures suffer from the fact
that they vary with the object size and lose important in-
formation. Although the remaining measures provide scale
invariance, they still do not provide sufficient information
for reliable object recognition and retrieval when used in
isolation [2]. An early attempt to achieve a boundary rep-
resentation that can be used for recognition purposes is
the chain coding method proposed by Freeman ([3], [4]). A
chain code approximates a curve with a sequence of direc-
tional vectors lying on a square grid. The technique is com-

putationally efficient but suffers from digitisation noise. A



well-established technique to describe closed planar curves
is the use of Fourier descriptors (see for example [5] and
[6]) which describe a curve with coefficients derived from
a Fourier analysis of some parametric representation such
as the curvature or spatial coordinates of the curve. By
normalising the Fourier descriptors one can achieve rep-
resentational invariance with respect to a variety of affine
transformations. Normalized Fourier descriptors have suc-
cessfully been used for recognition tasks (e.g. [7]). Among
area-based representations, moments are the most notable.
They can be made invariant and have variously been used
for recognition and retrieval tasks ([8], [9] and [10] for air-
craft recognition, [2] for trademark retrieval).

All of the above-mentioned representations have in com-
mon that they lend themselves very well for comparison as
they can be stored as a simple vector. More elaborate shape
representations have been introduced some of which are the
curvature scale space representation or the spline curve ap-
proximation which require sophisticated shape matching
techniques [11]. Even though they can provide very power-
ful shape representations, their computational costs make
them ill-suited for the purpose of interactive retrieval of
objects from large databases where performance becomes
an issue.

For the present study we have selected three descrip-
tors, namely Fourier descriptors, invariant moments and
difference chain codes. The choice was based on three cri-
teria: (i) suitability of the descriptor for large databases,
(ii) efficiency of extraction from image and (iii) retrieval ef-
ficiency as documented in the literature. We describe how
the three descriptors can be combined with one another in
a retrieval model to produce retrieval results superior to
any of the single-descriptor models.

With the increasing number of shape descriptors and
the growing need for sketch retrieval, formal evaluation of
retrieval performance becomes a major desideratum. In-
formation retrieval has already developed a set of elabo-
rate evaluation measures, among which precision-against-

recall graphs and the derived measure of average precision

have found widespread use [12]. We use these measures to
evaluate the retrieval performance under different feature
regimes for a database of 238 black-and-white sketches (see

Appendix I for example sketches).

II. METHODS
A. Shape descriptors
A.1 Chain Code Histograms

Freeman chain codes are derived by reading the contour
in a consistently clock-wise or counter-clockwise direction
starting at position 0 and noting for each pixel its relative
position with respect to its neighbour. Specifically, a 0,2,4
or 6 is noted for right, top, left, bottom, respectively. The
chain-code thus obtained is invariant with respect to trans-
lation and scaling, but not with respect to rotation and
starting point. To achieve the latter, the chain code is fur-
ther processed to derive a code for the change in direction d
at any one pixel, which is encoded as d = (Cij31 —C;)mod 8
where Cj denotes the chain code at pixel k. The resulting
representation is a sequence of difference chain codes. In
the last step the sequence is reduced to a 4-bin histogram
resulting in a four-number representation of the contour
that is invariant with respect to translation and starting
points as well as, though to a lesser extent owing to digiti-

sation noise, to rotation and scaling.

A.2 Moment invariants

Moments capture distributional properties of a random
variable. The first moment is equivalent to the expected
value, while the second central moment yields the variance
of that variable. For 2-d black-and-white images of size
N x M, an nth order moment is defined as:

NxM
Mpg = > 2yl f(wi, i),

i=1
where p,q € N with p+¢q =n and f(z;,y;) = 1 if the ith
pixel at position (x;,y;) is set and 0 otherwise. Translation
invariance can be achieved by using central moments

NxM

My, = Z (zi —2)"(yi — 9)"f (2, y),

i=1



where T = Ml()/M()(] and y = M01/M00. Further normal-

ization renders the moments scale-invariant thus:

[y = Mpq
P (Moo )™’

where A = (p + ¢)/2 + 1. Using only the second and third
moments, one can finally derive the following seven mo-
ments that are invariant with respect to all three affine

transformations [8]:

mi = p20 + Ho2

my = (h2o — po2)” +4pi,

ms = (p30 — pto2)* + (Bp21 — po3)?

my = (p30+ p2)® + (3p21 — po3)?

ms = (pso — 3pa2)(pso + pa2)[(uso + pi2)” —
3(p21 + 103)?] + (3par — pos) (21 + f103)
[3(us0 + p12)” — (w21 + po3)’]

me = (20 — po2)[(p30 + p12)® — (a2 + pos)?] +
4p11 (p30 + pa2) (21 + po3)

my = (3p21 — po3)(pz0 + p2)[(H0 + p2)? —

3(p21 — p30)?] + [(Bpaz — p3o) (p21 + pros)]

[3(u30 + p12)? — (po1 + Mos)z]

The above seven moments vary considerably as the last
two moments are exceedingly small. To grant each moment
invariant an equal weight, they need to be normalised such
that they cover approximately the same range. In the ap-
proach taken in this study the moment values computed
for the 238 sketches are first grouped around the origin by
subtracting the mean. The resulting values are then di-
vided by the standard deviation computed for the entire

collection of images, i.e.,

where m; and SD,,, denote the mean and the standard
deviation, respectively, of the ith moment invariant (taken
over the sketch database). The majority of the resulting

values will now range between -1 and 1. An alternative nor-

malization method would map for each moment its maxi-
mum value to 1 and its minimum to 0, with all other values
coming to lie inbetween. This approach has the disadvan-
tage of rendering the final distribution sensitive to indi-
vidual outliers, whose effect can be reduced by dividing
through a summary measure, such as the standard devia-

tion.

A.3 Fourier Descriptors

For the computation of Fourier descriptors the contour
pixels need to be represented as complex numbers z = z+iy
where 2 and y are the pixel coordinates. As the contour is
closed we get a periodic function which can be expanded
into a convergent Fourier series. Specifically, let Fourier
Descriptor Cy be defined as the kth discrete Fourier trans-
form coefficient with —N/2 < k < N/2 and we compute

N-1 .
—2wikn
Cr = E (zne™ & )
n=0
from the sequence of complex numbers zp,z1,...,2N-1

where N is the number of contour points. To characterise
boundary properties any constant number of these Fourier
descriptors can be used. The most interesting descriptors
are those of the lower frequencies as these tend to capture
the general shape of the object.

To be of any use in object classification and object re-
trieval the descriptors thus obtained need to be made in-
variant with respect to rotation, the starting point of the
contour, translation and scaling. The first two properties
can be achieved by using only absolute values of the de-
scriptors, while translational and rotational invariances are
obtained by discarding the Fourier descriptor Cy and divid-
ing the other descriptors by |Cy|, respectively. The final

feature vector has the following form:

_ [ [C-x
|C1]
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where L is an arbitrary constant between 2 and % —1. In

this study L is 10 resulting in 19 descriptors per object.



B. FEwvaluation

Evaluation of retrieval systems is a critical part in the
process of continuously improving the existing techniques.
While text information retrieval has long been using a
sophisticated set of tools for user-based evaluation, this
does not as yet apply to image retrieval. Only the minor-
ity of systems provide evaluation that goes beyond sim-
ple common-sense judgments. And yet, when applied with
care, evaluation techniques from information retrieval can
profitably be applied to image retrieval as well. For the
present study we borrow the two well-known measures re-
call (the proportion of relevant images which are retrieved)
and precision (the proportion of retrieved images which are
relevant). Owing to the potential polysemy of images, the
use of these measures in the context of image retrieval is
not free from difficulties. The problem of polysemy can
be resolved, however, if the image database relies on the
strong semantics provided by a label or other textual de-
scriptions [13]. In the present study all 238 images have
been assigned to 34 categories. Each of these images cor-
responds to only one category (see Appendix I for some
example categories). Removing semantic ambiguities, we
obtain an image which is regarded as relevant with respect
to a query if both share the same category.

The two measures precision and recall can be combined
to form an integrated measure referred to as a precision-
against-recall graph. This graph is obtained by, firstly,
ranking all items of the database with respect to a query.
Then, the precision and recall values are determined for
the sequence of relevant items and the values interpolated
as described in [12]. Each query results in one characteris-
tic precision-against-recall graph and an average measure
capturing the performance for the entire database can be
obtained by averaging the precision-against-recall graphs
over all queries. From the final graph, a more concise
measure of performance can be derived in the form of av-
erage precision which can be thought of the area under
the precision-against-recall curve. A high value indicates a

good trade-off between high precision and high recall.

C. Similarity functions

Each shape descriptor reduces the image information to a
vector of real numbers. For any one descriptor the similar-
ity between two images is then computed as the similarity
between the two vectors. Various similarity functions have
been employed to map two vectors into a single-value mea-
sure of similarity. Of all, the most commonly used measures
are the Euclidean distance measure, the cosine similarity
measure and the intersection distance measure. Experi-
ments performed on the sketch database (the results are
omitted in this paper) have suggested the use of the cosine
similarity measure for all three descriptors. It is defined as

>i(ui - Uz’)‘

Sim(u,v) = ] o]

D. Fusion of shape descriptors

Descriptors are combined in an integrated retrieval
model such that the overall similarity between two sketches
is given by a convex combination of the similarity values

calculated for each descriptor as below,

F
S(Q,T) = wgSims(Qy,Ty),
=1

where Simy(Qy,Tf) denotes the similarity between two
sketches () and T with respect to the fth descriptor us-
ing a descriptor-specific similarity function and weighted

by a factor wy with 0 <wy <1land ) ,wy =1.

E. Finding the optimum combination of weights

Using only three descriptors together with a medium-
sized database, it was possible to find the optimal combi-
nation by raster scanning of the two-dimensional effective

search space with a resolution of 0.01.

F. Comparison between shape descriptors

One of the aims of our investigation is empirically test-
ing the hypothesis that some combination of the descrip-
tors can outperform the most successful single-descriptor
model in retrieval performance. In order to examine this

hypothesis, we performed a paired ¢-test on the 238 aver-



age precision values computed for each of the models to be

compared.

G. Robustness of the optimum

The optimal combination of descriptors is achieved when
a particular combination of weights for which average pre-
cision averaged over all 238 queries reaches a maximum.
It is natural to ask whether this optimum varies with the
data set or whether it proves to be a generic feature that
is largely unaffected by the type of objects present in the
database. In the latter case the optimal combination of
weights for the entire data set may be taken as an estimate
of the optimal combination for an unknown dataset.

To evaluate the robustness of the optimal combination,
the optimum is determined not only for the entire database
but, in addition, for a sample of 12 smaller subsets. Each
subset contains all the sketches from 20% of the categories
selected randomly from the total of 34 categories. The
inverse of the scatter of the optimal combination can be

regarded as a reasonable measure of the robustness.

ITI. RESULTS
A. Single-descriptor models

For each of the three descriptors, retrieval performance
was evaluated using the method described in II-B. Fourier
descriptors prove most successful for the given retrieval
task followed by moment invariants and difference chain
codes. Despite the considerable standard deviation, the dif-
ference between the performance of Fourier descriptors and
those of the other two descriptors is significant at a < 0.05
(p < 0.001). The precision-against-recall graphs for the

three models are depicted in Figure 1.

B. Multi-descriptor model and Robustness

When the three descriptors are combined as described
in II-D, overall performance can be plotted in a three-
dimensional space against the weights of two descriptors
(note that the third is determined by the first two). Using

an equilateral triangle all three weights can be represented
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Fig. 1. Precision-against-recall graphs for the three single-descriptor
models (FD = Fourier descriptors, DCC = difference chain codes).
The differences in performance are significant at a < 0.05 level (p <

0.001). The standard deviation is given in brackets.

as axes in two dimensions. For any given point within the
triangle, the contribution of a particular descriptor is given
as the distance between the point and the respective side
of the triangle. Since the sum of the perpendiculars from
any point onto the three sides is a constant, the condition
> jws = 11is satisfied.

Figure 2 shows the average precision values for all possi-
ble combinations of the three weights. Note that the perfor-
mance of the single-value models is found at the respective
corners of the triangle (where two of the three weights are

7€r0).

The large circle near the base of the moment invariants
represents the combination of descriptor weights for which
average precision reaches the global maximum. The opti-
mal weights are 0.63 for Fourier descriptors, 0.35 for dif-
ference chain code histograms and 0.02 for moment invari-
ants. The precision-against-recall graph corresponding to
this optimal combination of weights is depicted in Figure

3.
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Fig. 2. Average precision values plotted for all possible combinations

of the three descriptors. The values are derived by averaging the

average precision values over all 238 queries.

A paired t-test was performed on the average precision
data of the optimal model and the best single-descriptor
model (Fourier descriptors). The difference in performance

between the two models is highly significant (p < 0.001).

To answer the question to what extent the optimum is
independent of the query set, we determined the optimum
weight sets for a number of subsets. The optima are plotted
in Figure 2 (smaller circles). As can be seen, the scatter de-
fines an elongated region close to and along the base of the
moment invariants. Fourier descriptors vary between 0.95
and 0.45 and hence there exists query sets for which differ-
ence chain codes outperform Fourier descriptors. The con-
sistently low weights assigned to moment invariants sug-
gests that their weakness in a multi-descriptor model is of

a fairly generic nature.

These results are corroborated by additional experiments
(not shown) in which a fourth descriptor (co-occurrence
matrix [14]) has been added to the previous three. When
used in isolation the descriptor has a marginal advantage
over difference chain codes. When used in conjunction with
the other three descriptors, it does not upset the optimum

weight set, i.e., moment invariants remain negligible with
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Fig. 3. The precision-against-recall graph for the multiple-descriptor
model using the optimal combination of weights: 0.63 (Fourier de-
scriptors), 0.35 (Difference chain codes) and 0.02 (Moments). Perfor-
mance has improved significantly (p < 0.001) compared to the best

single-descriptor model (Fourier descriptor)

the weights for Fourier descriptors and difference chain

codes adding up to one.

IV. DISCUSSION

As can be seen in Figure 1 and 3 the standard deviation
of the average precision values are considerable which im-
plies that retrieval performance varies quite substantially
with the query. This is to be expected since the image col-
lection used in the present study shows a high degree of
heterogeneity. In addition, categories range in size from as
few as 3 to as many as 23 objects. As average precision
values tend to increase with the size of the category the
query belongs to, one must expect variation in category
size to further inflate the standard deviation. It is inter-
esting to note that, despite the large standard deviation,
retrieval performances differ significantly between the three
single-descriptor models as revealed in a paired t-test. This
observation suggests that retrieval performance of different

descriptors co-vary with the query, in other words, a ”dif-



ficult” query will be difficult to handle by any descriptor.
One reason for this co-variance is, once again, variation in
category size: a query from a common category will tend to
result in better performance, no matter which descriptor is
used. In addition, some categories are quite ”unique” while
others are not. Members of the ”seastars” category, for ex-
ample, are very different from all other database sketches.
By contrast, there are a number of categories that are very
close in feature space to other categories (e.g. the cat-
egories ”cars” and ”fishes”, ”vans” and "trucks”, ”cats”
and ”"dogs” etc.). Retrieval of these categories is generally
more difficult.

One of the most notable findings of our experiments is
arguably the non-additive, synergistic interaction between
descriptors in multiple-descriptor models. Although mo-
ment invariants perform significantly better than difference
chain codes when considered in isolation, it is only the lat-
ter that improves performance beyond the level of the best
single-descriptor model when the three descriptors are al-
lowed to combine with one another. One may want to
argue that both Fourier descriptors and moment invari-
ants capture similar aspects of the shape and will therefore
offset with each other rather than complement each other.
Likewise, difference chain codes and Fourier descriptors are
probably sufficiently orthogonal to each other in order to
allow for some degree of complementation. Also, as their
name suggests, the strength of moment invariants lies in
their invariance with respect to all three affine transforma-
tions. Because they are based on the area rather than the
contour of an object, moment invariants are less affected by
digitisation noise than, for example, difference chain codes.
The sketches within each category are presently of similar
scale and are aligned in a consistent manner, so that no re-
ward is given to descriptors that are highly invariant. This
may help to explain the performance of moment invariants

in the single and multiple-descriptor models.

APPENDIX

I. EXAMPLE CATEGORIES

T< 44
L
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Fig. 4. Example sketches for six of the 38 categories present in

the database. Other categories include, inter alia, rockets, airbusses,

seastars, deers and various other types of animals.

II. EXAMPLE RUN OF THE SYSTEM

Below are the explicit results for a particular retrieval
problem for each of the single-descriptor models and the
multiple-descriptor model. The query is the sketch as

shown in Figure 5.

&=

Fig. 5. The query



Segmentation of the image and contour tracing of each

of the objects found results in a collection of contours as

iy

Fig. 6. Contours of the objects found by the segmentation algorithm.

shown in Figure 6.

The black contour is the one that has been activated by the user.

The user can choose one or more contours by double-
clicking on them. In this case, the user chose the outer
contour of the car and ignores the hub-caps.

The system output for the four models is shown in Fig-
ures 7 to 10. The ten most similar images are arranged
such that the distance to the center reflects the distance or

dissimilarity between that image and the query.

Fig. 7. Retrieval results for moment invariants.

Fig. 8. Retrieval results for Fourier descriptors.

Fig. 9. Retrieval results for difference chain codes.

Fig. 10. Retrieval results for the optimal combination of Fourier

descriptors and difference chain codes.
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