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Abstract. A region-based approach to shape representation— The similarity measure between shape representations
and similarity measure is presented. The shape representa- should conform to human perception, i.e., perceptually
tion is invariant to translation, scale and rotation. The simi-  similar shapes should have high similarity measure.

larity measure conforms to human similarity perception, i.e., — The shape representation should be compact and easy to
perceptually similar shapes have high similarity measure. An  derive, and the calculation of similarity measure should
experimental shape retrieval system has been developed and be efficient.

its performance has been studied. The shape retrieval per-
formance of the proposed approach is better than that of thB
more established Fourier descriptor method. a

In the following section, we summarize work in content-
sed image retrieval related to this paper. In Sect. 3, we
describe a region-based approach to shape representation and
Key words: Shape representation — Shape similarity mea-Similarity measure which meets the above criteria. Section
sure — Pattern recognition — Image retrieval 4 presents our experiments and results. Section 5 concludes

the paper with a discussion.

2 Related work

1 Introduction There are many papers in the area of content-based image
retrieval. In this section, we only summarize the work in

With advances in computing and communication technologyWh'Ch shape feature is used for indexing and retrieval. A

more and more images are being captured, stored and usggta"?‘d %c:jmp;anslonrblettwgen thre prcr)]posv?/icljl rbeglo:l—bas:adda}ﬁ—
in many areas such as medicine, the press, entertainment, roach and closely refated approaches € presente

ucation and manufacturing. In order to make effective and' egﬁ:' zedcélsocnr'Or'gr]]eolr)?eperrésentat'on is an important issue
efficient use of information captured in these images, tech- P pti P lon i imp Issu

nigues for rapid image retrieval from a large image coIIectionbo'[h in image analysis for object recognition and classifica-

are required. Much research and development attention h on a_nd in image _synthes_is for graphics applicatiorjs. Many
been directed to these techniques in the past few years [1— chniques, including chain code, polygonal approximations,

One important approach to image retrieval is based o urvature, Fourier descriptors and moment descriptors, have

contents of images such as color, shape and texture. This p een proposed and used in various applications [8, 9].

per focuses on shape-based image retrieval techniques. We Recently, content—bqsed Image re'gneval became impor-
present a new approach to shape representation and simil\gﬁnt' As object shape is one of the Important features of
ity measure, called region-based approach, which is suitabl ages, a ”“mb‘?f of shapg representations have peen used
for content-based image retrieval. Its retrieval performanc h content based image retrieval systems. Note that in almost

is compared with that of the more established method baseﬂII work, techniques integrating a number of features, such
on Fourier descriptor (FD). as colour, shape and texture, are used. But in this paper,

A suitable shape representation and similarity measyrdve are only interested in shape representation and similar-

for content-based image retrieval should meet the foIIowing't.y measure. In QBIC [10], moment invariants and other
criteria. simple features such as area are used for shape representa-

tion and similarity measure. Mohamad et al. also used mo-
— The representation of a shape should be invariant tagnent invariants for trademark matching [11]. But it is found
scale, translation and rotation. that similar moment invariants do not guarantee perceptually
similar shapes. Cortelazzo et al. described a trademark shape
Correspondence tdG. Lu description based on chain-coding and string-matching tech-
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nigue [12]. Chain codes are not normalized and shape dis
tance is measured using string matching, so it is not invari-
ant to shape scale. In STAR [13, 14], both contour Fourier \
descriptors and moment invariants are used for shape repr: s
sentation and similarity measure. Jain and Vailaya propose N
a shape representation based on a histogram of the edge « N
rections [15]. But the scale normalization with respect to the \\
number of edge points in the image is questionable, as th ~
number of edge points is not directly proportional to scale.
Also, the similarity measure is computationally expensive, asy
it requires to calculate all possible histogram shifts in orde
to achieve rotation normalization. Mehrotra and Gary use
coordinates of significant points on the boundary as shape

representation [16]. The representation is not compact angvo-dimensional shape, the coordinatég.(Y,) of the cen-
similarity measure is computationally expensive, as these cotroid are defined as

ordinates must be rotated to achieve rotation normalization,
c=Y > [/ Y Y f,y),
x Yy

In the retrieval techniques proposed by Jagadish [17], shape}s(
coordinates for each rectangle are used as the representation, = Z Z fl,y)y/ Z Z f(z,y),
x Yy x Y

v

v

(rfig. 1. Generation of binary sequence for a shape

are decomposed into a number of rectangles and two pairs of r v
of the shape. The representation is not invariant to rotation.

Recently, Kauppinen compared autoregressive and Fourier . . .

descriptors for 2D shape classification and found the IattePNh.e;e (”Zt%). are plxeilhcoor:dmatesdanﬁfxt, yC)) |slset LO 1 for
is better [18]. Sajjanhar et al. compared moment invariant©Nts within or on the shape and set to U eisewhere.
and Fourier descriptors for image retrieval and found their

performance is not significantly different [19]. Scassellati ety
al. studied image retrieval by 2D shape representations, in-"

cluding algebraic moments, spline curve distances, cumulagjyen a shape, we overlay a grid space over it (see Fig. 1).
tive turning angle, sign of curvature and Hausdorff distancerpo grid space, which consists of fixed-size square cells, is
[20]. Their study results are not conclusive a_nd performanceiust big enough to completely cover the shape. Some grid
based on these measures is generally poor judged by humagys are fully or partially covered by the shape and some

perception. o ) are not. We assiga 1 to thecell with at least 15% of
The above review indicates that there is a need for a betpixels covered by the shape,caa O toeach of the other

ter shape representation and similarity measure. This papelg|is. We then read these 1s and Os from left to right and
proposes an alternative shape representation and similarity, 1o pottom to obtain a binary sequence for the shape.

measure, and compare its performance with one of the mosto, example, the shape in Fig. 1 can be represented by a

popular methods, namely the FD-based method. binary sequence 11100000 11111000 01111110 01111111.
This binary sequence can be stored as a four-byte integer.

It can be seen that the smaller the cell size, the more

2 Basic idea of region-based shape representation

3 Region-based shape representation accurate the shape representation and the more the storage

and similarity measure and computation requirements. A good compromise of the
cell size is around 1& 10 to 20x 20 pixels. Cell sizes of

3.1 Definitions of common terms 12x 12 and 24 24 pixels are used in our work and retrieval

performances based on these two cell sizes are compared.
The following are some important terms associated with  The above representation is compact, easy to obtain, and
shape description which we will use in the following dis- translation invariant, but it is not invariant to scale and rota-
cussion. tion. Thus before deriving the binary sequence for a shape,

Major axis: it is the straight line segment joining the two we have to do scale and rotation normalization.

points on the boundary farthest away from each other.

Minor axis: it is perpendicular to the major axis and of such 3.3 Rotation normalization
length that a rectangle with sides parallel to major and minor.

axes that just encloses the boundary can be formed using thE"e purpose of rotation normalization is to place shapes in a
lengths of the major and minor axes. uniqgue common orientation. We decided to rotate the shape

so that its major axis is parallel with the x-axis. There are
Basic rectangle:the above rectangle formed with major and siill two possibilities for the shape placement: one of the
minor axes as its two sides is called basic rectangle. farthest points can be on the left or on the right. This is
caused by 180rotation. For example, the shape in Fig.1
can be placed in one of the two orientations as shown in
Fig. 2.
Centroid or Center of gravity: a single point of an object Two different binary sequences are needed to represent
towards which other objects are gravitationally attracted. Fothese two orientations. As the binary sequence is used as

Eccentricity: the ratio of the major to the minor axis is
called eccentricity of the boundary.
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X 3.6 Similarity measure

v

The next issue is how to measure similarity between shapes
based on their indexes. As the index indicates the cell posi-
tions covered by a shape, it is natural to define the distance
between two shapes as the number of cell positions not com-
monly covered by these two shapes. Note that I8ation

and other shape operations will be considered later. Based on
the shape eccentricities, there are the following three cases
for similarity calculation.

— If two normalized shapes have the same basic rectangle,
we can bitwise compare the indexes of these two shapes,
and the distance between them is equal to the number of

> positions having different values. For example, if shapes
A and B have the same eccentricity of 4 and binary
sequences 11111111 11100000 and 111111111111100,
N respectively, then the distance between A and B is 3.
\ — If two normalized shapes have very different basic rect-
angles, i.e., they have very different minor-axis lengths,
there is no need to calculate their similarity, as we can
safely assume that these two shapes are very different.
For example, if the eccentricities of shapes A and B are
8 and 2, respectively, i.e., the lengths of minor axes are 1
and 4 cells, then we can assume that these two shapes are
quite different and there is no value to retrieve the shape.
The difference threshold between minor axes depends on
applications and cell size. Normally, if the lengths of mi-
index of the shape in our retrieval system, storing two for ~ nor axes of two shapes differ more than 3 cells, these
each shape needs twice the storage space. To save storagetwo shapes should be considered quite different.
space, we obtain and store only one of the binary sequences= If two normalized shapes have slightly different basic

Y v

Fig. 2a,b. Two possible orientations with the major axis along the x-
direction

Which one to use is not important and is determined by im-
plementation. The two orientations are accounted for during
retrieval time by representing the query shape using two

rectangles, it is still possible these two shapes are per-
ceptually similar. We add Os at the end of the index of
the shape with shorter minor axis so that the extended

index is of the same length as that of the other shape.
The distance between these two shapes is calculated as
in the first case. For example, if the length of the minor
axis and binary sequence of shape Aare2and 11111111
11110000 and the length of the minor axis and binary
sequence of shape B are 3 and 11111111 111111000
11100000, respectively, then we should extend the binary
number for shape A to 11111111 11110000 00000000.
The distance between A and B is 4.

To facilitate the above similarity calculation during re-
trieval, shape eccentricity is stored together with the unique
binary sequence. They together form the index of a shape.

binary sequences which are compared to each shape index
stored in the database.

3.4 Scale normalization

To achieve scale normalization, we proportionally scale all
shapes so that their major axes have the same fixed length.
In our study, the fixed length used is 192 pixels.

3.5 Unique shape representation — shape index

After rotation and scale normalization and selection of a

grid cell size, we can obtain a unique binary sequence foB 7 Other shape operations

each shape. This binary sequence is used as the represen-

tation or index of the shape. For example, the index ofin addition to the 180 rotation of shapes, the other two

shape in Fig.1 (normalized into shapes in Fig. 2) is eitheroperations which will result in perceptually similar shapes

1111211110111111000011000 or 001111101111111111114re horizontal and vertical flips. Figure 3 shows two shapes

111. resulted from these two operations on the shape in Fig. 2a.
As we use a grid just large enough to cover the normal-These two shapes are perceptually similar to the shape in

ized shape, when cell size is decided, the number of grid cell§ig. 1.

in x-direction is fixed. The number of cells in y-direction de- To take into account of these two operations and yet to

pends on the eccentricity of the shape, the maximum numbesave storage space, we still store one index for each shape,

being the same as that in x-direction. For example, when gridut we generate four binary sequences for each query shape

cell size is 24x 24 pixels, the number of cells in x-direction during retrieval. In this case, perceptually similar shapes re-

is 8 and the number of cells in y-direction can range from 1sulted from 180 rotation and horizontal and vertical flips

to 8, depending on shape eccentricity. can be retrieved.
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4. 1s are assigned to cells covered by the shape and 0Os to
A B other cells. By reading these 1s and Os from left to right
\\ and top to bottom, we obtain a binary sequence for the
7N shape. _ _
\ / \/ 5. The binary sequence and the length of the minor axis are
</ stored as the index of the shape.

v

During retrieval, the following steps are used to represent
the query shape and carry out similarity comparison.

v 1. The query shape is represented by its minor-axis length
and binary sequences using the same procedure as in the
above index process. But note there are four binary se-
guences for each query to take into account°l@®ation

> and horizontal and vertical flip operations.

A B 2. For efficiency reason, these four binary sequences are

N \ only compared with binary sequences of shapes in the

/ database with the same or similar eccentricities.

/ \\ 3. The distance between the query and a shape in the

Z ~ database is calculated as the number of positions with

different values in their binary sequences.

4. The similar shapes are displayed or retrieved in the in-

creasing order of shape distance.

Y

v

The above-outlined approach is simple and similar to the

Fig. 3a,b. Horizontal and vertical flips way we normally compare shapes. To compare two shapes,
we prefer that they are of same or similar size (scale nor-

_ _ ) malization). Then we will rotate one of the shapes over the

3.8 Handling multiple major axes other so that they are in the similar orientation (rotation nor-
malization). Finally, we determine how much they differ,

In the above discussion, we assumed that each shape hpased on how much they do not overlap. The region-based

only one major axis. In practice, a shape may have multipleapproach incorporates all these steps.

major axes of equal length. The same shape may result in

different binary numbers depending on which major axis is

used for rotation normalization. 4 Performance study

To solve this problem, rotation normalization is done

along each major axis and binary numbers for each normalfo study the retrieval performance of the above-described

ization are used as shape index. The distance between twegion-based shape representation and similarity measure,

shapes is the minimum distance between each pair of binarye implemented a prototype shape retrieval system. To com-

numbers of these two shapes. pare its retrieval performance with the more established FD-
based method, we also implemented an FD-based method
[18]. In the following, we first briefly describe the imple-

3.9 Summary of index and retrieval processes mentation of the FD-based method. We then describe the ex-

perimental setup, the method of performance measurement,

In the above, we have described the region-based shape rep?d various experimental results.

resentation which is invariant to translation, scale, rotation

and mirror operations, and similarity measure. In this subsec- ) o

tion, we summarize the shape-indexing and retrieval procesé-1 FD-based shape representation and similarity measure

In a retrieval system, all shapes in the database are indexed. o

During retrieval, the query shape is also indexed. Then thdn FD-based method, a shape is first represented by a feature

query index is compared with shape indexes in the databasénction called shape signature. A discrete Fourier transform

to retrieve similar shapes. is applied to the signature to obtain FDs of the shape.. T_he;e
Each shape in the database is processed and indexed BB'S are used as index of the shape and for shape similarity

follows (assuming each shape has only one major axis). calculation. _ _ _
The discrete Fourier transformation of a shape signature

1. The major and minor axes and eccentricity of each shapg (k) is given by
are found.
2. The shape is rotated to place the major axis along th?

x-direction, and the shape is scaled so that the major axis “ =1/N Z (k) expl—j2muk/N]
k=0

N-1

is of a standard fixed length.
3. A grid space with fixed cell size is overlayed on top of for » = 0 to N — 1, whereN is the number of samples of
the normalized shape. f (k).
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#1 #2 #3
#5 #6
#9 #10 #11
[—]
—
#13 #14 #15 #16
#17 #18 #19 #20 _ _
Fig. 4. Twenty sample shapes in the database

There are a number of types of shape signatures. Thean achieve rotation normalization by identifying the shortest
commonly used signatures are curvature based, radius bas€dy longest) radius and achieve scale normalization by fixing
and boundary coordinates based. It was found that shapie length of the shortest radius. But this normalization is
classification performances based on these three signaturest stable, as small change on the boundary may affect the
do not differ significantly [18]. In our experiment, we used position of shortest radius and positions of sample points,
radius-based signature, as it is simplest to implement. leading to very different indexes and large distance between

Radius-based signature consists of a number of ordereshapes due to the small change. The purpose of using FD
distances from the shape centroid to boundary points (callets to convert the sensitive radius lengths into frequency do-
radii). In our experiment, 64 uniformly sampled boundary main, where the data is more robust to small changes and
points and thus 64 ordered radii are used as shape signatumoise. This is because FDs capture the general feature and
The boundary points are sampled such that the number dfend of the shape instead of each individual detail. We will
pixels along the boundary between each two neighbouringgexperimentally compare the performance of using radii as
points is the same. Shape radii, thus their transformationdndex and FD-based method in Sect. 4.3.
are translation invariant. Note that shapes are not orientation
normalized before the shape radii are used. The normaliza-
tion is achieved by ignoring the phase values of FDs. Shapd.2 Experiment setup and performance measurement
rotation is reflected in the phase information fgf and the _ _ ) )
magnitude ofF,, i.e., |Ful, is invariant to rotation.|Fp| Our experimental image database have 160 two-dimensional
reflects the energy of the shape radii, tHi|/|Fo| will planar shapes. Figure 4 shows some sample shapes in the
be scale invariant. So we use the following feature vectordatabase.

which is invariant to translation, rotation and scale, to index ~ Each shape in the database is indexed. Four index files,
the shape: cl:grrelszpon((j;nzgzk tg 4th(_a relzglc_)ndba?jed mldet;(es ;wth ce(ljl__smedof
x12, an ixels, index directly based on radii, an
V = [|Fl/|Fol|F2l/|Fol .- .. |Fnl/|Foll™ FD-based index, arr)e created. For eac):/h query, four types of
The distance between shapes is calculated as the Euclide@mdexes are also calculated and they are used to compare with
distance between their feature vectors. indexes in their corresponding index files to obtain shape
One may wonder why we should use FDs as shape indistances. Note that, for each of the region-based methods,
dex instead of radii directly. The main reason is that thefour indexes are obtained. Shapes are retrieved (shape name
direct representation is very sensitive to small changes andre returned) in increasing order of distances.
noise, leading to very poor retrieval performance. If 64 ra-  The retrieval performance is measured using recall and
dius lengths are directly used as index, it would be very diffi- precision, as commonly used in information retrieval liter-
cult to do scale and rotation normalization. It appears that wature [21, 22]. Recall measures the ability of retrieving all
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Fig. 5. Seven query shapes

relevant or similar information items in the database. It iST_abIe 1. Distances between the seven queries in Fig.5 and 20 shapes in
defined as the ratio between the number of relevant or per-'g'
ceptually similar items retrieved and the total relevant items a b c d e f g
in the database. Precision measures the retrieval accuracy ; 0 104 46 76 37 44 65
and is defined as the ratio between the number of relevant » 33 65 69 80 38 61 56
or perceptually similar items retrieved and the total num- 3 17 81 33 96 48 37 60
ber of items retrieved. For example, if there are 20 relevant 4 104 c 8 v6 71 100 37
items to a query in the database and the system returns 10 72 62 75 41 53 78 6l
items, of which 8 are relevant, then the recall value is equal ZS g? 103 gg 1713 1f4s 6707
to 40% and the precision value is equal to 80%. Recall and g 54 88 32 117 89 40 69
precision are used together to measure the retrieval effec- ¢ 32 84 34 101 55 52 65
tiveness, as precision varies depending on required recall.10 76 76 86 0 72 93 76
So we normally use a precision-recall curve to show a re- 11 40 76 50 89 47 64 59
trieval system’s performance by varying the number of items ig 13? gf 172; ;325 63 ?f gg
returned. _ _ 14 108 55 116 64 74 91 69
For each query, the relevant items in the database are;s 123 71 132 62 88 137 62
the shapes which are perceptually similar to the query. To 16 44 100 44 93 71 0 63
calculate recall and precision, we have to know relevant 17 54 92 71 109 49 50 91
items for each query. 18 54 51 52 54 62 69 36
19 65 37 60 76 66 63 O
20 91 38 109 65 8L 8 70

4.3 Experimental results

We present four sets of results. The first set shows generall$.3.2 Performance comparison between the method

how the proposed method performs as judged by human pef using radii as index and the FD-based method

ception. The second set compares the performance between

the method of using radii as index and the FD-based methodNhen using the FD method, it is necessary to obtain radii

The third set result compares the performance between thior shapes and then derive the Fourier coefficients for the

region-based method (with two different cell sizes) and theshape signature. It is interesting to compare the performance

FD-based method. The fourth set result compares the perfobetween the method of using radii directly as index and the

mance between the region-based method and the FD-bas&iD-based method.

method when Gaussian noise is added to all shape bound- For the radii-based method, 64 equispaced points along

aries. the perimeter of the shape boundary were sampled. The cen-

We summarize the results obtained by issuing sevenroid of the shape boundary was obtained and the centroidal

queries. These seven shapes, shown in Fig. 5, are randomtlistances of each of the sample points was computed. The

chosen from the database (this is a query-by-example apeentroidal distance at each sample point was scaled by a

proach). factor equal to the minimum centroidal distance. The se-
quence of the scale normalized centroidal distances at the
sample points along the shape boundary are used to index

4.3.1 General performance the shapes. The distance between a query shape and shapes
in the database is obtained as the global minimum of the

The aim of this experiment is to determine whether the disssum of differences between the centroidal distances.

tance measure of our proposed method conforms with hu- In the FD-based method, the feature vector is obtained

man perception. Table 1 shows the distance among sevefnrom the above 64 radii before normalization. The results

queries in Fig.5 (labeled as a to g) and 20 shapes in Fig. 4or the seven query shapes are averaged to obtain the graph

(numbered as 1 to 20). In general, the results obtained corshown in Fig. 6.

form with human perception. Of course, human perception From Fig.6, it is observed that the FD-based method

of shape similarity among some shapes is sometimes sulperforms better than the radii-based method. The superior

jective and application dependent. performance of the FD method is explained by the fact that
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Fig. 6. Values of Recall and Precision for FD-
Recall

based method (DFT) and radii-based method
(RAD) averaged over seven queries

the Fourier coefficients which are used for deriving the fea-Precision

ture vectors for the FD method represent the global feature 1.00

of shapes, reflecting relationships and variation patterns o 0901 "3

these radii. On the other hand, the radii represent individ- osot

ual sample points along the shape boundary. Consider tw 070+

shapes which are perceptually similar, one having an extri 060+

convex hull on the shape boundary. The two shapes woult 050+

have a large difference when computing the difference be 040t

tween their radii. This is because the length of the perimete 030+

of the two shapes is different and so the spacing betweel 020+ LRE
sample points on the two shape boundaries would be dif 010+ B |
ferent. Hence, when the global best match method is use 000 ¢ : : : : : : ; i
to compute the difference, only a few sample points on the 010 020 030 040 050 060 070 080 090 1.00

shape boundaries would coincide and the others would b Recall
progressively further apart from the coinciding points. In Fig. 7. Retrieval performance averaged over seven queries for FD and
FD-based method, there will be changes to FDs due to theégion-based method with cell sizes of 224 and 12x 12 pixels
minor changes to the boundary, but the change is not dra-
matic.
on the shape boundaries [18]. Noise was also added to the
query shapes. The noisy coordinates, {/) on the shape
4.3.3 Performance comparison between the proposed boundary are given by
method and the FD-based method , .
x; = x; +drc sing;),
In this experiment, we compare the retrieval performancey; = y; + drc cost;)

between the proposed method and the FD-based method. - . . .
For the proposed method, two cell sizes (122 pixels where ;,y;) are the original coordinated, is the distance

and 24x 24 pixels per cell) are used to determine the ef- between the successive boundary pointis, a sample from

; : ; ; the Gaussian distributioiV (0, 1), ¢ is a parameter between
fi f diff I | perf .F 7 ) ) ;
ects of different cell size on retrieval performance. Figure 8.1 and 0.9 which controls the amount of noise (set to 0.5)

and FD-based method averaged over the seven queries. d{:}] is thef tangent inglti at the_: botl)mda(:y p_ot":]nt Il si f
can make the following observations. First, the smaller '[he12 1; per (I)rmanc;:?:Dorb eéeglotr;]— :S? (wi ce dsltzi 0
cell size, the better the retrieval performance. This is ex- (Tnoisplxeuse)rizg i sr;osviein T;Ie g? s for a noiSy database
pected, as the blngry sequences based on smaller cell siZd Figurg g shows that proposeg.re.gion—based method still
are more accurate in representing shapes. Second, in generalérforms favorably compared with the FD-based method
tEe rer?mn-b%sed dapproachhhai better reérlev?jl perfrt]'.)rgn?nc\%{hen noise is added. This result shows that the proposed
than the FD-based approach. The region-based method (wit . Co : .

both cell sizes) has higher precision value at each recall valuglethOd is not very sensitive to noise and perturbations on

than FD-based method. e shape boundary.

4.3.4 Performance comparison between the proposed 4.4 Comparison of computation cost

method and the FD-based method when Gaussian noise
is added to shape boundaries We have compared retrieval effectiveness based on recall
and precision between the region-based and FD-based ap-
In order to evaluate the proposed method when noise is inproaches. We now compare their efficiency in terms of stor-

troduced on the shape boundaries, we indexed the shapesége requirement for indexes and computation requirement

the database for each method after adding Gaussian noiskiring retrieval.
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Fig. 8. Retrieval performance of the Fourier descriptors method (FD) and the proposed method Z)2vhen noise is added

Table 2. Computation cost of indexing a shape for the region-base method
where N is the number of coordinates used (typically around 20) to obtain
the polygonal approximation of the shape boundary &nié the number

of pixels (192x 192) of the grid used

computation costs in indexing for the region-based and FD-
based methods are not significantly different. In addition,
we should note that only query indexing is done on-line,
indexing of shapes in the database is done off-line.

To compare similarity between the query and shapes in

Operation Computation cost

Finding major axis O(R) the database, the region-based approach uses two steps. The
Finding minor axis O(N) first is to identify the shapes with similar eccentricities to
Rotating and scaling O(N) the query and the second is to calculate the similarity or dis-
Deriving binary number  O(P)

tance between the query and these shapes. Because of the
first step, the number of similarity comparisons is reduced
Table 3. C_omputation cost of F_ndexing a shape for the FD-based memf’d'significantly. For each similarity calculation, all that is re-
where R is the number of radii (normally 64) used quired is to carry out an exclusive OR between the query
binary sequence and the stored-shape binary sequence and
count the number of ones in the result.

Operation Computation cost

Finding centroid O(R) Lo

Finding all radii OR) In the FD-based approach, similarity must be calculated
Finding all Fds O(R) between the query and feature vectors of all stored shapes.
Deriving feature vector  O(R) For each similarity calculation, 64 real-number subtractions

and 63 real-number additions are required. So the FD-based
method requires slightly more computation power for simi-

For the region-based approach with cell size ofi22 larity calculation than the region-based method.
pixe|S, a maximum of 33 bytes (32 bytes for binary sequence Therefpre, we can ClonC|Ude that the reglon-based method
and 1 byte for minor axis) is required for storing the index has a similar computation cost as the FD-based method, but

of each shape. With a cell size of 2424, a maximum of has lower storage requirements than the FD-based method.

9 bytes (8 bytes for binary sequence and 1 byte for minor

axis) is required for storing the index of each shape. In the

FD-based approach, 64 real numbers must be stored as indé&xDiscussion

(feature vector) for each shape if all 64 Fourier components

are used. This number can be reduced to 16 or 32, with som#@/e have compared retrieval performance (including effec-

performance degradation [18]. Since one real number needsveness and efficiency) between the region-based and FD-

at least 4 bytes, the FD-based approach needs much mobmsed methods. In this section, we look at the relationships

storage space than the region-based approach. between the region-based method and other closely related
During retrieval, both FD-based and region-based methshape representations and similarity measure, and comment

ods need to first derive the index for the query and thenon which applications the proposed method is most suited

compare similarity between the query and shapes in théor.

database. For the region-based method, the major operations The region-based approach originated from the work to

and required computation cost for indexing each shape araormalize chain code representation [23]. Using a similar

summarized in Table 2. normalization procedure as described in this paper, normal-
For the FD-based method, the major operations and reized chain code which is invariant to shape scale, translation

quired computation cost for indexing each shape are sumand rotation can be obtained.

marized in Table 3. A closely related work is reported by Jagadish [17].
Comparing Table 2 and Table 3 and considering thatin his method, shapes are decomposed into a number of

complex numbers are involved in FD-based method, thevariable-size rectangles, and two pairs of coordinates for



each rectangle are used as the representation of the shape.

The major differences between his method and our method
are as follows. First, our representation is invariant to shape

scale, translation, rotation and mirror operations, whereas his>

method is not invariant to rotation and mirror operations.

Second, we decompose a shape into a number of fixed-size,

squares (cells), whereas variable-size rectangles are used in
Jagadish’s work. Thus, it is difficult to do decomposition,

and more data are required for representing these rectan®:

gles for most shapes in his technique. Third, it is easier to
compute shape similarity in our approach.

Compared to methods based on curvature, S|gn|f|cant
edges and points [15, 16], our method has the following

advantages. First, our normalization is more natural and ac-7-

curate. Second, it is easier to calculate shape similarity in

our approach. 8
Our proposed rotation normalization can be applied to

other shape representation methods proposed by Jain and

Vailaya [15], Mehrotra and Gary [17] and Jagadish [17] to 10.

reduce the computation cost during retrieval. For example, if
the rotation normlization is applied to the method proposed
by Mehrotra and Gary, the significant points coordinates may, ,
not need to be rotated during the similarity comparison.

The reason why the region-based method performs well
is that the binary representation is quite stable: minor changes

or noise on the boundary will change very few bits in the bi- 12.

nary number, provided that the major axis does not change. It
initially appears that the retrieval performance of the region-
based approach is sensitive to noise on shape boundaries,
because noise may change the position of the major axis

and thus change the binary sequence dramatically. But ii4.

may not be a serious problem, considering the following.
It is likely that the chance that noise affects the major axis
is very low. If the noise does not affect the major axis,
our method may actually perform better than other methods.
This is because slight noise may not change the binary se-

guence much, but may change the boundary properties suats.

as curvature, significant edge and points. So overall, the re-

trieval performance of the proposed approach under noisé’:

may be still comparable or better than other methods. Our
experimental results confirmed this observation.
The performance of the region-based method relies on
the stability of the major axis. It is thus better suited for
non-occluded shapes. For occluded shapes, it may work if

the major axes remain unchanged. This is equivalent to thé®:

case where noise is added to the boundary. We have shown
that the region-based method still performs well when Gaus-
sian noise is added to shape boundaries. However, when the

major axis changes due to occlusion or other operations, theo.

region-based method will not perform well.

In conclusion, the proposed region-based method com-
pares favorably with FD-based method in both retrieval
effectiveness and efficiency. It is thus envisaged that this

method can be integrated with other content-based imagey.

retrieval techniques to improve retrieval performance.

23.
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