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Abstract
In the field of image categorization, the Bag-Of-Word has proved to be successful. It treats local image features as visual words. After collecting all
local features, each image is represented by a histogram of occurrences of visual words. In this work, we propose an extension to the Bag-Of-Words
(BOW) by integrating the spatial relationships information between local features. In a first step, we extract local features by using both multi-scale
representation and color descriptors based on HSV-SIFT, opponent-SIFT, RGB-SIFT, rg-SIFT and transformed-color-SIFT. In a second step, and in order
to represent the relationships between local features, we form pairwise color descriptors by joining pairs of spatially neighbor SIFT color features. In a
third step, we encode the histograms which involve the occurrence of pairwise color descriptors by applying the BOW strategy and the Spatial Pyramid
Representation (SPR). Finally, image classification is carried out by using Support Vector Machine (SVM) on the generated histograms. Our proposed
method is tested and validated using the standard image datasets “Pascal Voc 2007”.
Keywords: Bag-of-Word (BOW); Color local SIFT descriptor SIFT descriptor; Support Vector Machine; Spatial Pyramid Representation; Pairwise
descriptors

Background
The era of information age has led to an exponential growth
of the available image databases. Consequently, a huge number
of image processing methods have been proposed. One of the
most important issues related to image processing is automatic
indexation which mainly needs the extraction of low-level features
from the image. These features are obtained by performing some
low-level processing on the pixels to generate values that are more
indicative to the image appearance and structure (shape, texture,
color [1], etc...).
Few years ago, Bag of word (BOW) method [2-8] was proposed
by Sivic. It was considered as a simple and an efficient method of
image categorization. The BOW approach represents an image with
a histogram of visual features generally quantized with the K-Means
algorithm [9,10]. This produces a quantified feature vector with a
reduced size in comparison with the concatenation of all extracted
features which accelerate the image classification. Many methods
have used only the classical SIFT [11,12] to represent an image.
The major disadvantage of the Bag of words (BOW) approach is
ignoring the spatial relationship between local features [13,14] in
images. However, it has been argued before by several researchers

those different parts of an object do not exist independently from
each other. Geometric relationships of these parts are important
information to be included in image representation.

In order to overcome the problem due to the absence of spatial
relationships between features caused by the quantization of
features with the BOW approach, a Spatial Pyramid Representation
(SPR) [15,16] has been proposed as a solution. This method consists
in extracting the local features [17] and partitioning the image into
different regions at different spatial levels. Despite that the SPR
produces an accurate image representation by providing the spatial
information obtained by concatenating a series of spatial regions in
different levels, it provides only the information about the global
layout which is not enough to get accurate image description.

One of the successful proposed methods to take into account
of the local spatial relationships between feature vectors was
Quadratic Pairwise Codebook (QPC) [18]. It operates by joining
each pair of visual words. The inconvenience of this approach is
the exponential increase in the number of pairs involved. Later,
Morioka & Satoh [5] have proposed a new approach based on the
Local Pairwise Codebook (LPC) [6] which uses a compact codebook
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consisting of cluster centers of spatially close SIFT descriptors pairs
[7,9]. LPC approach has given better performance in comparison
with both the classical BOW [2] and QPC approaches. However,
in one hand this presented method doesn’t take into account of
the color feature information [5,19]. On the other hand, it doesn’t
ensure the image scale invariance. The goal of this study is using a
new approach based on the following:

A.
The color feature description is based on different color
descriptors like HSV-SIFT, opponent-SIFT, RGB-SIFT, rg-SIFT
and transformed-color-SIFT.
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color descriptors [1,5,8] with different patch size. Second, we joint
each pair of color SIFT descriptors. Third, we form a codebook of
visual words by applying K-Means clustering on these pairs. Then,
by using Spatial Pyramid Representation (SPR) each image is
represented by a concatenation of histograms of visual words over
three various pyramid levels. Finally, we apply SVM [4] learning
algorithm to generate the model in the learning phase and to
predict the image category in the test phase.

B.
The spatial relations between local features are taken into
account by joining local pairwise and using Spatial Pyramid
Representation (SPR) to capture successively the local spatial
information and the global spatial information.
C.
The feature extraction is based on a multi-scale
representation in order to consider the scale invariance.

Bag-of-Word

Among recently developed image classification methods, Bagof-visual-Words (BOW) [20,21] methods have gained a significant
interest. The BOW approach, called also Bag-of-Features (BoF), is
a strategy inspired from the text retrieval community where each
document is represented with its word frequency. It has been
applied to a variety of applications such as web applications, smart
phone applications, surveillance, robotics and others different
multimedia applications. Bag-Of-Words (BOW) [3] was considered
as a successful way in image clustering and retrieval settings. In
comparison with method based on local features matching, it is
considered as a simple method since it guaranties fast run time and
less storage requirements. In contrast, there are some parameters
that affect the performance of the model such as dictionary and
histograms generation methods, dictionary size, normalization,
distance functions, visual words generation methods and clustering
methods.
Typically, BOW needs to apply three main steps: image
representation, visual words dictionary generation and construction
of the histogram of visual words. The first step consists of
characterizing the image by a set of local features [22]. In the second
step, in order to create a dictionary of visual words, currently, most
visual codebooks in state-of-the-art are built using some forms of
K-Means [10,22] clustering. In fact, K-Means clustering takes a large
number of local features in n-dimensional space and divides them
into a smaller number of clusters minimizing the distance between
the local feature and the assigned cluster center. The center of each
cluster will be taken as a visual word to create next the codebook.
Finally, the third step in this method consists on computing
histogram of visual words for each image.

Approach

In this section we present the basic strategy of our proposed
method as described in the Figure 1. First, we extract multi-scale

Figure 1: Implementation strategy of our proposed
approach.

Multi-scale extraction of color descriptors
The idea of this step is to first detect the dense key points in
the image in order to identify their descriptions using particular
color SIFT descriptors [8]. For that, the image is sampled uniformly
by using different scale values (4*4, 8*8, 16*16) at fixed locations
forming a grid of rectangular windows. At this stage, we can
identify the size and the step between the grid patches for each
image. The selected values of the step are 2,4 and 8 and represent
the double of the patch size. As a result, each image is divided in
patches represented by a centralized point called key point. In the
implementation, each feature point fi in the image is encoded as
(xi,yi,di) where xi and yi denote the feature location and di is the
feature color descriptor vector. Some popular color descriptors
are chosen from other previous work results. The employed color
descriptors are: RGB-SIFT [23], HSV-SIFT [24], Opponent-SIFT
[25,26], rg-SIFT[27] and transformed-Color-SIFT [28].

Multi-scale extraction of color pairwise descriptors

After densely sampling the image features and describing them
by color SIFT descriptors, we represent for each scale (4*4, 8*8,
16*16) each pair of spatially close descriptors di and dj as a joint
descriptor [di,dj] by simple vector concatenation. Note that the
Volume 1 - Issue - 4
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concatenation is achieved over the horizontal, vertical, and diagonal
directions [6,7]. We extract at this stage color pairwise descriptors.
Then, all possible color local pairwise descriptors over the scales
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are collected in a set of pairwise descriptors like presented in the
following Figure 2.

Figure 2: Collection of all possible pairwise color descriptors over 3 scales.

Code book generation
In our approach, we extract pairwise color SIFT descriptors
in multi-scale (4*4, 8*8, 16*16). Then we collect them and we
construct the dictionary codebook of visual words. In this step,

we can generate k visual words that represent all collected color
pairwise SIFTS descriptors. Then we apply the unsupervised
K-Means algorithm on the set of local pairwise color SIFT
descriptors (Figure 3).

Figure 3: Dictionary generation from multi-scale.

Below we present the steps of the K-MEANS algorithm applied
on the pairwise color descriptors:

Parameters: The number k of clusters.

D. Compute the new Centers: for each i, the center ci is the mean
of the descriptors belonging to the cluster i.

Inputs: A set of M pairwise color descriptors x1,...xM selected
from the training images

Outputs: The visual word (cluster) assigned to each pairwise
color descriptor, the center of each cluster.

A. Select k initial centers c1,...ck

B. For each pairwise descriptors, assign it to the cluster i
corresponding to the nearest center
C. If all descriptors remain in the same cluster then exit.

E. Go to (2).

Each obtained cluster corresponds to a visual word Vi. These
visual words are collected to form the codebook that will be
used to index the image. For a given image, the generated system
extracts its pairwise color descriptors and assigns each descriptor
to nearest K-Means cluster regarding the Euclidian distance. Thus,
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each local pairwise descriptor is associated to the visual word that
corresponds to the assigned K-means cluster. Finally, we describe
the image by a histogram of visual words where each bin counts
the occurrences of each visual word (generated k-mean cluster) in
the image.

Application of the Spatial Pyramid Representation (SPR)
[29]

The Bag-Of-Words (BOW) model does not take into account
the spatial information in the image. One of the most popular
methods proposed to add global spatial constraints in the image
description is Spatial Pyramid Representation (SPR). SPR starts by
representing the image into three level of resolutions (0,1 and 2).
For each level, the image is divided into a number of cells. Next, the
histograms of visual words are calculated for each cell by computing

The training phase (classification phase)
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the frequency of each visual word present in the cell. Afterwards,
at each level, the cell histograms are concatenated horizontally to
form the histogram related to this level. Then each histogram is Li
normalized by dividing by the sum of the histogram components.
This is achieved in order to ensure the scale invariance. After
forming three different normalized histograms that correspond
to all the three levels previously defined, we concatenate them
horizontally in order to form the final image histogram.

Image classification

Generally, the goal of supervised learning is to predict the value
of an outcome measure based on a set of input measure. Support
Vector Machine (SVM) is one of the efficient image classification
algorithm. The two principal steps in image classification [16,30]
are the training and the testing phases.

Figure 4: Image classification/image recognition.

In the training phase a supervised learning algorithm is applied
on the computed pairwise histograms are presented to the multiclass SVM [4] in order to learn a model for each category (see figure
4). In our approach, the commonly used SVM algorithm with an
RBF-χ2 kernel is used since it has given promising results in the
image categorization systems. Using χ2 the SVM algorithm, we
compute the χ2 distance for each pair of training color pairwise
descriptors and obtain the kernel matrix. We normalize this kernel
matrix using A which is the mean pairwise distance between the
training samples. We then map this kernel matrix using exponential
function
:
Where h1 and h2 are a pair of training descriptors (the
frequency histograms of word occurrences) of N-dimensions. We
next feed this transformed kernel matrix to an SVM with a Radial
Basis Kernel.

The testing phase (recognition phase)

In the testing phase, the models built in the training phase are
used to recognize the images from the tested set. Each generated
model estimates the posterior class probability (score), then the

test image is assigned to the category (class) associated to the
high posterior probability value. In this section, we present some
experimental results on widely used dataset in image research
named Pascal VOC 2007 [31]. We present the impact of different
color descriptors applied in our work and we show how the use
of multi-scale in feature extraction can improve the final result of
classifier. For the datasets, SIFT descriptors are densely sampled
at every 2,4 and 8 pixel step between patches. The values taken for
the size of the patches are successively 4,8 and 16. The number of
vocabulary of all generated dictionaries used in this experiment
was for every color descriptor 3200 visual words. In addition, we
used 5011 training images and 4952 test images for the PASCAL
VOC 2007.
In this section, we present some details of the experimental
setup used to evaluate the impact of the used color descriptors. We
tested our approach for different color spaces. In order to extract
local features, we have applied classic SIFT [32] and SIFT based on
color descriptors which are HSV-SIFT, Opponent-SIFT, RGB-SIFT,
rg-SIFT and transformed-color-SIFT. All results are represented in
Figure 5 for PASCAL VOC 2007.
After using the proposed color extensions, we can show the
following results:
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Figure 5: Comparison results of Mean Average Precision.

a.
Color descriptors (HSV-SIFT, RGB-SIFT, rg-SIFT,
transformed-color SIFT, Opponent-SIFT) get the ( Mean
Average Precision values) or MAP values of 53% 53,8%, 54,7%,
53,9% 54,2 % and 55,4% respectively on PASCAL VOC 2007.
These color descriptors outperform (that applied in classic
BOW method). This indicates that they truly benefit from the
additional color information.
b.
Compared to the final results of these color descriptors,
opponent-SIFT is slightly better than the others. It outperforms
SIFT descriptor in PASCAL VOC 2007 datasets.

c.
By taking opponent-SIFT as an example of color
descriptors, we make comparison (without SPR/with
SPR) between the two results. We note an improvement is
guaranteed in the final result of the image categorization which
is about 4%. This demonstrates that combining local spatial
information (obtained by the color pairwise descriptor) with
global information (obtained by SPR) can considerably improve
the classification performance.
d.
We have compared opponent-SIFT without multiscale representation and opponent-SIFT with multi-scale
representation for PASCAL VOC 2007 dataset. We showed the
effect of using multi-scales with different size patches (4*4, 8*8,
16*16). It’s clear that there is an improvement of result values
of mean average precision (MAP) for PASCAL VOC 2007.

e.
We found that image representation based on Bag-OfWord (BOW) [33,34] can be improved by adding spatial pyramid
representation (SPR) [24] to classical BOW method. The results
also showed an improvement of MAP value by applying LPC
[6] method. Indeed, N. Morioka has demonstrated that using
local pairwise of features with spatial pyramid representation
captures more local and global information about relationship

between features and improves the final result of image
categorization. Then, our extensions which add both color SIFT
descriptors and multi-scale representation to local pairwise
codebook in step of feature extraction guarantees also more
improvement to the image categorization process.

Conclusion

Image understanding methods allow photos and videos to be
found and used by a user-oriented and semantically meaningful
way based on their visual content. The Bag of Words (BOW) model
was employed, but needs improvements. Recent studies suggested
incorporating the local spatial constraints in the BOW model to
improve the final classification results, which is one of the objectives
in our proposed approach.

We first integrated color information in the SIFT descriptors
by using different color space to get better performance. We
also followed a multi-scale representation in order to tackle the
problem of scale invariance. Then, we extended the BOW approach
by building pairwise multi-scale descriptors and joining spatially
nearby features. In order to improve the final result, we also created
an image by using the Spatial Pyramid Representation (SPR)
approach, which, in the recent years, has been proved important
and useful in the field of image recognition. All Our experimental
results show the benefits of our extensions on Pascal Voc 2007.
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