
Evaluation of Different Metrics
for Shape Based Image Retrieval

Using a New Contour Points Descriptor
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Abstract. In this paper, an image shape retrieval method was evalu-
ated using Euclidean, Intersect, Hamming and Cityblock distances and
different kinds of k-nearest neighbours classifiers such as the original
kNN, mean distance kNN and Weighted kNN. Shapes were described
using a new method based on the description of the contour points,
CPDH36R, obtaining better results than with the original CPDH shape
descriptor. The efficiency in the retrieval was tested using Kimia99,
Kimia25, MPEG7 and MPEG2 datasets obtaining an 84% of success
rate in Kimia25, 94% in Kimia99, 91% in MPEG2 and 82% in MPEG7
datasets using our CPDH36R method, cityblock distance and original
kNN against the 68%, 91%, 74% and 59% respectively obtained using
the original CPDH. The greatest difference between the original method
and our proposal can be seen clearly using MPEG2 dataset. Another
advantage of our retrieval method, apart from the success rate, is the
computational cost which is clearly better than the one achieved with
the original Earth Mover Distance classifier used in the CPDH original
method.
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1 Introduction

Image Retrieval is a technique that consists on searching and retrieving images
from an image dataset. More and more images are stored on the internet every-
day, so it is necessary to develop new image retrieval methods that ensure high
accuracy dealing with million of images. This process can be divided into two
well defined steps: The image description and the retrieval method.

In the last few years, many research groups have been working on new image
description and retrieval methods based on different features such as texture,
colour and shape. In [1], Zakariya et al. proposed a method for images retrieval
that combines features based on texture color and shape with variable weights.
For the retrieval process they used a simple k-nearest neighbours, taking into
account different values of k. Zhang et al. proposed in [2] a retrieval system based
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on shape and texture watermarks which shows the advantages of combining
different features in datasets with colour images.

However, there are multiple datasets based only in the objects contour. For
that reason, it is important to find shape descriptors that achieve good perfor-
mance by themselves. In [3], Ayyalasomayajula et al. proposed a method based
on DCT (discrete cosine transform) for occluded image retrieval. Also, several
methods based on DCT were proposed in the last few years for shape based
image retrieval [4,5].

Other shape descriptor methods have been evaluated with promising results
such as ICA Zernike Moment and top 80 matches as retrieval method [6], wavelet
based shape features with L1 Norm Distance Function [7] or global feature space
representation of contours [8].

Methods based on nearest neighbours are highly used in image retrieval sys-
tems. In [9], Zheng et al. proposed an improvement to optimize the kNN method
that decrease the search of the nearest neighbour in more than a 98% retaining
the same accuracy. In 2009, Zhang et al. proposed a method for image retrieval
called “bayesian information fusion” based on nearest neighbours combined with
an estimate likelihood [10]. Weighted kNN is a really interesting algorithm widely
used by many researchers. In [11] a kNN was developed based on the kernel dif-
ference weighted. Recently, Gu et al. proposed in [12] a kNN variant based on a
semi-supervised weighted Mahalanobis distance metric.

Our descriptor, CPDH36R, is based on the one developed by Shu et al. [13]
which is a shape contour descriptor for shape matching and retrieval. They
used the EMD (Earth Movers Distance) metric as matching method but we
have selected another matching method, taking into account the work developed
by Graham and his group [14], kNN variants and 4 different distance metrics,
resulting in a save of time in the retrieval process.

The rest of the paper is organised as follows. In section 2, CPDH original
method and our contribution are described. Used classifiers are described in
section 3. Datasets and results are shown in section 4 and finally, in section 5,
our conclusions are shown.

2 Methods

2.1 CPDH Method

The original method, Contour Points Distribution Histogram (CPDH), was pro-
posed by Shu et al. [13]. The first step is to obtain the points representing the
contour of the image under polar coordinates. The contour points that are used
to describe the image, can be obtained by different methods. In this case, they
used the standard Canny operator to detect the object boundary. See [15]. Once
the points are extracted, the centroid is set as the origin. After that, they con-
struct the minimum circumscribed circumference and the region defined by that
circumference is divided into several bins using some concentric circumferences
and equal interval angles. The final step is to construct the CPDH descriptor
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taking into account the number of points belonging to each division, and the
angle and radius of each division.

2.2 CPDH36R Method

In our case, we used the method proposed by Belongie et al. [15], obtaining a
contour like the one shown in figure 1.

Fig. 1. Contour points extraction using Belongie method

This contour can be represented as a points collection as

P ={(x1, y1), (x2, y2), ..., (xm, ym)}
/(xi, yi) ∈ R2

(1)

where m denotes the number of points on the contour. After that, the centroid
of the previous points is obtained using the expression 2 in order to obtain the
minimum shape circumscribed circumference.

(xc, yc) =

m∑

i=1

(xi, yi)

m
(2)

The centroid is set as the origin and the points collection, P , is translated into
polar coordinates using ec. 3

P = {(ρ1,α1), (ρ2,α2), ..., (ρm,αm)} ∈ R2 (3)

where
ρi =

√
(xi − xc)2 + (yi − yc)2 (4)
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and

αi =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

arctan( (yi−yc)
(xi−xc)

ifx > 0, y ≥ 0

arctan( (yi−yc)
(xi−xc)

+ 2π ifx > 0, y < 0

arctan( (yi−yc)
(xi−xc)

+ π ifx < 0

arctan(π2 ) ifx = 0, y > 0
arctan( 3π2 ) ifx = 0, y < 0

(5)

So the circumscribed circumference has as centre the centroid C (xc, yc) and
radius ρmax = max(ρi), i = 1, 2, ...,m.

Then, the circle defined by the circumscribed circumference is divided into
several bins partitioning its area into u×v bins being u the parts in which ρmax
is divided and v the sectors in which the circle is divided. The result of this
process is shown in figure 2.

Fig. 2. Circumference circunscribed to the image contour (left) and circle partition in
36 bins (v=12, u=3) (Right)

After these previous steps, we can build the descriptor by counting the num-
ber of points belonging to each bin. The original CPDH is composed by a triplet
for each bin Hi = (ρi, θi, ni) where ρi denotes the radius of the concentric cir-
cumferences, θi denotes the angle space and ni denotes the number of points
located in the bin ri.

The authors of CPDH, used the EMD classifier in order to make their descrip-
tor invariant to rotation. The main disadvantage of EMD is its slowness, thus
one of our motivations in developing Contour Points Distribution Histogram Ra-
dius using 36 features (CPDH36R) was the necessity of making a new descriptor
containing just the most relevant features, and for this reason obtaining even
better hit rates than with the base-line method but being much more efficient
in terms of computational cost.

The proposed CPDH36R descriptor uses the first and third element of each
of the previous triplets, that are the radius and number of points in the bin
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Fig. 3. First step to construct CPDH36R: 36SEQ extraction

respectively, obtaining the 36SEQ shown in figure 3. Radius are normalized
following equation 6

rp =
ρ1..u
ρmax

(6)

Where ρmax is the biggest radius and p ∈ [1..36]. CPDH36R is created multiply-
ing the number of points of each bin (figure 3) by its corresponding normalized
radius (first element of the triplet), that contains just the most relevant features
for kNN classification given that the second element is constant to all the images
because the number of circumference divisions is always the same. See figure 4.
As shown in section 3, this proposal combined with kNN outperforms the CPDH
original descriptor with EMD.

Fig. 4. CPDH36R constructed by multiplying the number of points of each bin by its
corresponding normalized radius

3 kNN Classifiers

Three different kNN classifiers were used. Original kNN, mean distance kNN in
which the average distance between the query and the samples is calculated and
the class is assigned taking in account this distance, and finally weighted kNN
in which we want to weigh the nearest neighbours taking in account its assigned
weight.

3.1 Mean Distance kNN

The main idea of using mean distance kNN is to assign the query sample to the
class whose mean distance to the query sample is smaller, instead of assign it
to the most represented class. In figure 5, we can see that although the most
represented class is the X class, four samples against three, the query sample
belongs to ’−’ class because the mean distance is smaller.
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Fig. 5. kNN mean distance example taking k=7

3.2 Weighted kNN

In weighted kNN, a weight is assigned to each sample. This weight wi is the
difference between the farthest sample from the query and the proper distance
from the query sample. See equation 7

wi = |dmax − di| (7)

Each class is weighted adding the weight of each sample of the class. Finally, the
query sample belongs to the heavier class.

4 Experiments and Results

4.1 Datasets

Four datasets were used to test our descriptor. Kimia25 and Kimia99 datasets,
the original MPEG7 and a subset of MPEG7 dataset composed of 400 images
from MPEG7 called MPEG2. Kimia25 is composed of 6 classes. Each of them
contains four shapes except the “hand class” which is composed of 5 samples.
Kimia99 is composed of 9 classes, each one containing 11 shapes. Kimia dataset
with 25 and 99 images are shown in figure 6. MPEG7 contains 70 classes with 20
samples for each of them. MPEG2 is an MPEG7 subset composed for 20 of the
classes of MPEG7 dataset. Some examples of the shapes contained in MPEG7
and MPEG2 datasets are shown in figure 7.



Shape Based Image Retrieval Using a New Contour Points Descriptor 147

Fig. 6. Kimia dataset composed by 25 samples divided in 6 classes on the left and
Kimia dataset composed by 99 samples divided in 11 classes on the right

Fig. 7. Example of 4 classes with 20 samples of MPEG2 and MPEG7 datasets

4.2 Results

Our proposal was classified using kNN, kNN Mean and Weigthed kNN with
euclidean, intersect, hamming and cityblock distances and they were tested on 4
datasets: kimia25, kimia99, MPEG7 and MPEG2 datasets. Classification results
for each dataset using the original kNN with k=1 are shown in tables 1 and
2. Using Kimia25 is the only case in which the best result was achieved using
EMD because of the small number of samples, (see table 1) obtaining a 90%
of succes rate against our 84%. In table 1, we can see that results are better
testing the descriptors against kimia99 dataset than against kimia25 because of
the small number of samples and in most cases they are slightly better with our
proposal CPDH36R than with the original CPDH except when using Euclidean
distance. In table 2 we can see the efficiency of our retrieval system. Using
MPEG7 dataset, once again, our proposal CPDH36R outperforms the other one
with all the distances except with Hamming. Using MPEG2 dataset our method
outperforms the other one classifying with all the distances and achieving a
91.25% of success rate using cityblock distance. Although on simpler dataset
as Kimia25, the original CPDH with EMD offered better results, in the more
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Table 1. Kimia25 and Kimia99 classification using CPDH original and CPDH36R
method with k=1

Kimia25 Kimia99
Classifier CPDH CPDH36R CPDH CPDH36R
kNN Euclidean 76% 72% 96.96% 91.91%
kNN Intersect 60% 80% 83.83% 93.93%
kNN Hamming 72% 76% 91.91% 94.94%
kNN Cityblock 68% 84% 91.91% 94.94%
EMD 90% - 86.41% -

Table 2. MPEG7 and MPEG2 classification using CPDH original and CPDH36R
method with k=1

MPEG7 MPEG2
Classifier CPDH CPDH36R CPDH CPDH36R
kNN Euclidean 64.85% 81.29% 78.25% 90.25%
kNN Intersect 50.36% 82.07% 67.50% 91.25%
kNN Hamming 66.71% 66.29% 85.00% 85.00%
kNN Cityblock 59.14% 82.14% 74.75% 91.25%
EMD - - 44.25% -

Fig. 8. Hit rate of the different kNN methods applied on the CPDH36R descriptor
using Kimia25 dataset (left) and Kimia99 dataset (right)

complex dataset, CPDH36R has obtained a significant improvement of the hit
rate against the original method with either EMD or kNN.

In figures 8 and 9 we can see the results with the other two classifiers, kNN
mean distance and weighted kNN for different values of k and Cityblock distance.
As we can see in all the figures, using original kNN, the retrieval hit rate is
decreasing for higher values of k. This problem is solved using kNNmean distance
or weighted kNN in which the hit rate variations is less than using the original
kNN. In figure 8, using Kimia25 dataset, we can see that the original kNN
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performance is really bad for higher values of k, obtaining more stable results
using kNN mean distance or weighted kNN. In the rest of the datasets, 8, 9, it
is shown that the most stable results are achieved using kNN mean distance.

Fig. 9. Hit rate of the different kNN methods applied on the CPDH36R descriptor
using MPEG2 (left) and MPEG7 (right) datasets

5 Conclusions

In this paper, a new method was proposed in order to retrieve image shapes.
The original method, CPDH descriptor, was classified using EMD distance, a
very slow and time consuming method. Our descriptor can be classified using
kNN with classical metrics such as Euclidean, Intersect, Hamming and Cityblock
distances obtaining results in a few seconds while with EMD and these same
datasets it takes days. The tests carried out using the original CPDH method us-
ing the classical metrics offered worse results than our proposal CHPD36R. Our
proposal was tested using 4 datasets: kimia25, kimia99, MPEG7 and MPEG20
obtaining really good results achieving the highest differences in the more chal-
lenging dataset, the MPEG7.
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