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Abstract
Image categorization is one of the fundamental tasks in computer vision, it has wide application
in methods of artificial intelligence, robotic vision and many others. There are a lot of difficulties in
computer vision to overcome, one of them appears during image recognition and classification. The
difficulty arises from an image variance, which may be caused by scaling, rotation, changes in
a perspective, illumination levels, or partial occlusions. Due to these reasons, the main task is to
represent represent images in such way that would allow recognizing them even if they have been
modified.
Bag of Visual Words (BoVW) approach, which allows for describing local characteristic features
of images, has recently gained much attention in the computer vision community. In this article we
have presented the results of image classification with the use of BoVW and k – Nearest Neighbor
classifier with different kinds of metrics and similarity measures. Additionally, the results of k – NN
classification are compared with the ones obtained from a Support Vector Machine classifier.

Introduction
One of the most popular supervised classification methods is based on the
searching k – Nearest Neighbors (k – NN) objects using a fixed similarity
measure or metric. In the classification by means of k – NN method, the main
problem is to identify the best method for computing a similarity between
objects, and to find an optimal value of neighbors k. It is necessary to identify
a measure which works best, but it is obvious that for different data the best
method could differ.
In this article we have investigated the problem of selecting a proper
measure and k parameter, in the domain of images represented by means of
Bag of Visual Words (BoVW).
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Our methodology involves using SIFT (Scale-Invariant Feature Transform) (LOWE 2004) feature extractor to obtain the collection of keypoints
from the considered images. Successively, k-means clustering method is used
for quantizing the keypoints into visual words (dictionary construction),
which allows us to represent the images by means of the frequencies of visual
words which are present in the image.
In the classification process we use different kinds of metrics and similarity measures. We use the Chisquare metric, Euclidean, Canberra, Manhattan, Normalized, Chebyshev distance and modifications of similarity
measures like Cosine measure or the Pearson product-moment correlation
coefficient (see DEZA E., DEZA M. 2009). Our results are evaluated by Leave
One Out (LOO) method and compared with the results of our recent
experiments obtained by applying different kernel functions in Support
Vector Machine classifier (GÓRECKI et al. 2012c).
As concerning image representation, BoVW is employed, which is well
known in generic visual categorization (CSURKA et al. 2004, DESELAERS et al.
2008, HERBRICH et al. 2000) and subcategorization (GÓRECKI et al. 2012b). In
particular, an image is represented using frequencies of distinctive image
patches (visual words), obtained in a two-step process. In the first step,
a keypoint detector is employed to identify local interest points in a dataset of
different images. Successively, the keypoints are quantized into visual words,
so that one visual word corresponds to a number of visually similar keypoints.
In most cases, K-means clustering is used to carry out the quantization, so
that each centroid represents a visual word, and a set of visual words is called
a “visual dictionary”. By counting visual words in the particular image,
a feature vector encoding frequencies of visual words is obtained. Given the
feature vector, an image can be further classified into a predefined set of
categories using supervised machine learning algorithm, such as k-NN or
SVM.

Methodology
There are two issues of BoVW image categorization. The first one is the
choice of keypoint detector/descriptor. There were many descriptors proposed
in the literature, such as SIFT (LEWIS 1998), SURF (BAY et al. 2006), and more
recently BRISK (LEUTENEGGER et al. 2011) and FREAK (ALAHI et al. 2012).
Their common feature is robustness to changes in image rotation, scale,
perspective and illumination. A comprehensive survey of keypoint detectors
can be found in (MAK et al. 2008, THORSTEN et al. 1998). Another important
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aspect is the choice of the classifier. In this paper SIFT detector and k – NN
classifier were chosen.
Our process of image categorization consists of typical steps (CSURKA et al.
2004):
1. Identification of image keypoints – SIFT keypoints were detected for all
images in the dataset.
2. Building the visual dictionary – all keypoints identified in the previous
step were clustered into K visual words using – K means algorithm. During the
experimental session we use different dictionaries.
3. Building the image representation – for each image, the keypoints are
mapped to the most similar visual words and then the image feature vector
v = (v1,...,vK) is obtained, where vi encodes the frequency of the i-th visual
word.
4. Classification – we use the k – NN classifier, and LOO method to
evaluate the effectiveness of the classification, the details are in the classification section.

Data
In our experiments we have clustered the keypoints into different numbers
of visual words. In any case, the empty clusters are discarded, therefore the
number of obtained visual words (attributes) could be smaller than number of
clusters considered originally. Our datasets contain the following number of
conditional attributes (visual words): 50, 100, 250, 499, 983, 2442, 4736, where
the original number of considered visual words are 50, 100, 250, 500, 1000,
2500, 5000.

Fig. 1. An exemplary shoes from five distinctive classes of examined dataset
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Fig. 2. An exemplary set of key points

Classification
In this article we use a classic way of classification based on k – NN
methodology. We search for neighbors of the test objects in the whole dataset,
and the major class is assigned to the test object, where ties are resolved
hierarchically. Having obtained all training objects {yi}, we classified the test
object x in the following way:
(i) We have computed the distance between objects based on the chosen
similarity measure or metric, that is g(x, yi), where g is metric (d) or similarity
measure (p).
(ii) For the fixed test object, we have chosen k nearest training objects.
(iii) The most numerous class assigns the decision to the test object. In the
case of draws, we have chosen last conflicted class.

Similarity measures and metrics
It is really important to identify the metric or similarity measure which
works best for the considered data. For our k – NN classifier we get distance
between objects according to the following functions:
The first one d : X x X → [0, ∞) fulfills conditions,
(i) d (x, y) = 0 ⇔ x = y
(ii) d (x, y) = d (y, x)
(iii) d (x, y) ≤ d (x, z) + d (z, y)

Categorization of Similar Objects Using Bag...

297

which define a metric, and the second one p : X x X → [0, 1]
(i) p(x, y) = 1 ⇔ x = y
(ii) p(x, y) = p(y, x)
(iii) p(x, y) ∈ [0, 1]
is a similarity measure. The Cosine measure applied in this article gives the
values of similarity from the range [-1,1], which is an exception of the above
definition.
One of the most popular is Euclidean metric (DEZA E., DEZA M. 2009),
defined in the following way,
d (x, y) =

√ (Σ(xi – yi)2)

The Cosine measure (DEZA E., DEZA M. 2009) works as follows,
p (x, y) = Σni=1

(⎟⎟ x⎟⎟x *⎟⎟° yy⎟⎟ )

Where the scalar product is defined as,
x ° y = Σ x i * yi
Length of vectors is the following
⎟⎟ x⎟⎟ =

√ Σ x2i ; ⎟⎟ y⎟⎟ = √ Σ y2i

One of the simplest is Manhattan metric (DEZA E., DEZA M. 2009) defined
below,
d (x, y) = Σ⎟ xi – yi⎟
The normalized distance between objects based on division by the sum of
attribute values is called Canberra metric (DEZA E., DEZA M. 2009),
d (x, y) = Σ

⎟ xi – yi⎟
xi + yi
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And modification of Canberra metric is the Normalized metric normalized
by the maximal and minimal values of attributes in their domains,
d (x, y) = Σ

⎟ xi – yi⎟
maxi + mini

An interesting metric commonly used as a kernel of Support Vector
Machine is Chisquare metric [6] defined in the following way,
d (x, y) = Σ

(

(xi – yi)2
xi + yi

)

Another metric, which determines the distance between objects as the
maximal distance between attributes of objects, is the Chebyshev distance
(DEZA E., DEZA M. 2009),
d (x, y) = max (⎟ xi – yi⎟ ), i = 1,2,...,n
The Pearson product-moment correlation coefficient, which measures the
linear correlation of objects, is defined as follows,
p (x, y) = ⎟ rx, y⎟
rx, y =

Σ (xi – x̄)(yi – ȳ)
√ Σ(xi – x̄)2 √ Σ(yi – ȳ)2

x̄ =

1
1
Σ xi, ȳ = Σ yi
n
n

Data preprocessing
The scalar length of feature vectors extracted from the dataset could
disturb classification in case of data with a large number of visual words. For
this reason we have normalized feature vectors by scaling their length to unit
one, which is done by dividing all object’s attributes by the scalar length of
objects. It means that for all x ∈ U, and for all a ∈ A, we perform the following
operation:
a (x) =

a (x)
, where ⎟⎟ x⎟⎟ =
⎟⎟ x⎟⎟

√ Σ x21
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Error evaluation
In this article we have evaluated the classification quality by using the
standard Leave One Out method, where for n-objects of decision system we
create n tests, where each time a different object is treated as test set and the
rest of objects are the training set. The effectiveness of Leave One Out method
was investigated among others in (MOLINARO et al. 2005). The LOO method is
almost unbiased classification error estimator, hence the evaluation of classification quality is close to the real result.

Results of Experiments
The main goal of our experimental session was to identify the best
similarity measure or metric and classification parameters for the prepared
dataset with use of global k – NN method. Our dataset consists of 200 objects
(images), which represent five categories of shoes, the cardinalities of decision
classes are the following, 59, 20, 34, 29, and 58 images respectively. The
exemplary images of each class and exemplary key points of selected image are
in the Figure 1. and Figure 2.
After data normalization, the classification results for Cosine measure and
Euclidean metric are the same, because distance between objects in Cosine
metric is reduced to the computation of a scalar product of objects, that is equal
to Euclidean distance between objects. The Cosine measure gives the same
result before and after normalization, because the applied normalization is an
internal part of this measure.
In the Table 1 we can see that the best results of classification for
normalized and non-normalized data and considered dictionary sizes.
For a smaller number of visual words in the range of 50–100 the classification
Table 1
Leave One Out; The result of classification for the best parameter k and a measure of distance
between objects, before and after normalization; chi = Chisquare metric, euk = Euclidean metric,
cos = Cosine measure, pea = Pearson product-moment correlation coefficient
50

100

250

Before norm

0.920

0.925

0.895

Measure

chi

euk

pea

euk

1

1

k

1

1

After norm

0.890

0.915

500

0.895

1000

2500

5000

0.910 0.930

0.955

0.965

pea

pea

pea

pea

1

1

0.910 0.930

3

3

0.955

0.965

Measure

chi

man

pea

cos
euk

pea

man

pea

pea

pea

cos
euk

pea

k

2

4

3

2

1

1

1

1

3

1

3
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is better without normalization. The reason is that the number of visual
words, not their types, plays a dominant role in distinguishing decision
classes. The optimal value of the k parameter is in the set {1, 2, 3}, the most
effective measure turns out to be the Pearson product-moment correlation
coefficient. The normalization does not have any influence on the Pearson
product-moment correlation coefficient, since linear correlation between the
objects is maintained, so the best result for a higher number of visual words is
the same regardless of a normalization method. What is interesting, the best
metric for 50 visual words, before and after normalization, is the Chisquare
metric and additionally the Manhattan metric after normalization. For 100
words, the Euclidean metric is the best, (both before and after normalization), and Pearson’s measure performs equally well if normalization is
applied. For a higher number of words Pearson’s measure is the best, but in
a few cases the Euclidean and Manhattan metric have equal accuracy to
Pearson’s measure.
In the Table 2 we have shown the best results and parameters for all
metrics chosen for the data with a different number of visual words. It turns
out that we achieve the best results before normalization for the Chisquare,
Table 2
Leave One Out; The best result for all metrics and the parameter k before and after normalization
Metric

Before norm No.of.visual.words

Pearson

0.965

5000

After norm No.of.visual.words
3

k

0.965

5000

3

Chisquare

0.920

50

1

0.895

100

2

Manhattan

0.900

50

2

0.910

100

1

Cosine

0.960

5000

3

0.960

5000

3

Euclidean

0.925

100

1

0.960

5000

3

Normalized

0.890

50

1,2,4

0.875

Canberra

0.895

50

4

Chebyshev

0.875

100

2

50

1,3

100

1

0.865

50

3

0.830

100

2

Normalized, Canberra, and Chebyszev metric, and after normalization tthe
Manhattan and Euclidean metrics work better. As we mentioned before,
Pearson’s and Cosine measures work equally well before and after normalization.
Considering the best result of classification, we made an assumption that
best parameter k has values 1, 2 or 3, and for this reason, in the Figures 3, 4,
5 and 6, we present the average of the classification results for these three
parameters. Particularly, in the Figure 3 and 4 we have separate results for all
dictionaries, and metrics before and after normalization. These generalized
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Fig. 3 Leave One Out; k – NN; Average result of accuracy for k=1,2,3 and 50–500 visual words

results lead us to the conclusion, that for 50 and 100 words, all metrics work
better before normalization, except of Manhattan and Normalized metric in case
of 100 words. For 250–5000 words, we obtain the best results for all metrics and
measures after normalization, except for Chebyszev metric for 250 words.
In the Figure 5 and 6, we have results for non-normalized data and
normalized data respectively. In the plots, we have the results for all metrics vs
all dictionaries (the data from the Figure 3 and 4 shown in the different way).
In the Figure 7, we have exemplary detail wesult for Pearson’s measure with
data after normalization. The conclusion is that for 50, 100 and 250 words all
the metrics work really steadily before and after normalization. Pearson’s and
Cosine measure work optimally for all the dictionaries. In case of the Czebyszev metric after normalization, the result of classification is more consistent
for all the dictionaries. The Euclidean metric works better after normalization.
The result before and after normalization for the rest of the metrics is
comparable.
In addition to our results we have compared results of a SVM classifier
(CHAPELLE et al. 1997, FAN et al. 2005) with different kernel functions
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Fig. 4. Leave One Out; k – NN; Average result of accuracy for k=1,2,3 and 1000–5000 visual words

Fig. 5. Leave One Out; k – NN; For data before normalization; Average result of accuracy for k=1,2,3
and 50–5000 visual words
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Fig. 6. Leave One Out; k – NN; For data after normalization; Average result of accuracy for k=1,2,3
and 50–5000 visual words

Fig. 7. Leave One Out; k – NN; For Pearson’s measure with data after normalization; The result of
accuracy for k=1,2,...,10 and 50–5000 visual words
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(see Tab. 3) (GÓRECKI et al. 2012c), and global k – NN classifier with use of
different similarity measures and metrics. We can summarize that
for a number of visual words in the range of 50, 100, 2500, 5000, the results
are comparable with the k – NN method and even better for a smaller number
of words in the range of 50 and 100, but in range of 250, 500, 1000 visual
words, the SVM classifier wins by about four percent of classification
accuracy.
Table 3
Cross Validation 5; Overall accuracy of Support Vector Machine kernels in relation to visual
dictionary size
Kernel

Number of visual words
50

100

250

500

1000

2500

5000

Linear

0.870

Chi^2

0.880

0.870

0.925

0.885

0.930

0.940

0.945

0.940

0.940

0.940

0.960

0.955

Histogram

0.855

0.895

0.955

0.930

0.935

0.940

0.960

0.965

RBF
Cauchy

0.905
0.900

0.890

0.930

0.945

0.945

0.940

0.940

0.890

0.900

0.930

0.915

0.960

0.905

Conclusions
The results of these experiments show an interesting dependence between
the quality of classification by means of a global k– NN method, the number of
visual words, and the normalization method. It has turned out that for smaller
number of visual words in the range of 50, 100, we get better result for
non-normalized data. In case of 50 visual words the best is the Chisquare
metric, for 100 visual words the best is the Euclidean metric, and starting from
250 words the best similarity measure for the considered data turn out to be
the Pearson product-moment correlation coefficient and Cosine measure. For
a higher number of visual words in the range of 250-5000, we achieve better
result after normalization. The optimal parameter k for global k – NN classifier
and considered dataset is in the set {1, 2, 3}.
In the future we are planning to check the effectiveness of other methods of
classification based on other publicly available datasets. Another goal is to
apply other keypoint detectors in our research, so that their effectiveness can
be compared with our current results.
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