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Abstract. Technology in the field of digital media generates huge amounts of
non-textual information, audio, video, and images, along with more familiar
textual information. The potential for exchange and retrieval of information is
vast and daunting. The key problem in achieving efficient and user-friendly re-
trieval in the image domain is the development of a search mechanism to guar-
antee delivery of minimal irrelevant information (high precision) while insuring
that relevant information is not overlooked (high recall). The unstructured for-
mat of images tends to resist the deployment of standard search mechanism and
classification techniques. As a method to provide better organization of images,
clustering is important aspect for effective image retrieval. For this, we need to
identify objects that appear in images. In this paper, we propose using an auto-
matic scalable object boundary detection algorithm based on edge detection and
region growing techniques to accurately identify all object boundaries that ap-
pear in images, and an efficient merging algorithm for joining adjacent regions
which uses an adjacency graph to avoid the over-segmentation of regions. To
illustrate the effectiveness of our algorithm in automatic image classification
we implement a very basic system and observe how well our approach works
when objects in images have varying degrees of complex organization along
with shading and highlights.

1   Introduction

The development of technology in the field of digital media generates huge amounts
of non-textual information, such as audio, video, and images, as well as more familiar
textual information [8]. The potential for the exchange and retrieval of information is
vast, and at times daunting. In general, users can be easily overwhelmed by the
amount of information available via electronic means. The need for user-customized
information selection is clear. The transfer of irrelevant information in the form of
documents (e.g. text, audio, video) retrieved by an information retrieval system and
which are of no use to the user wastes network bandwidth and frustrates users. This
condition is a result of inaccuracies in the representation of the documents in the
database, as well as confusion and imprecision in user queries, since users are fre-
quently unable to express their needs efficiently and accurately. These factors con
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tribute to the loss of information and to the provision of irrelevant information.
Therefore, the key problem to be addressed in information selection in the domain of
image is the development of a search mechanism which will guarantee the delivery of
a minimum of irrelevant information (high precision), as well as insuring that rele-
vant information is not overlooked (high recall).

Images consist of various objects, each of which may be used to effectively clas-
sify the image.  The unstructured format of images tends to resist standard categori-
zation and classification techniques.  Traditional systems used to store and process
multimedia images provide no means of automatic classification.  The ability of these
systems to retrieve relevant documents based on search criteria could be greatly in-
creased if they were able to provide an accurate and semantic description of an image
based on image content.

Most of information retrieval methods are based on features. These features can be
keywords, phrase in a text based information retrieval system. And, the counter parts
for images are color, texture and shape etc. As compared to text-based information
retrieval, image has opaque relationship with computes and feature extraction is more
difficult. Images consist of various objects, each of which may be used to effectively
classify the image. Our approach constructs a hierarchy using a self-organizing tree
which constructs a hierarchy from top to bottom. To achieve this we propose two
algorithms, hierarchical growing self-organizing tree (HGSOT), and a modified self-
organizing tree (MSOT) algorithm (see [2, 9, 20] for more details). Similarity of
images is based on similarity of objects that appear in images. In addition, object
similarity takes into account not only color or shape, but both. The idea here is that
the feature will reflect the content of images in some degree. Different features will
reflect different aspects of images.

To detect objects that appear in image, we need first to identify object boundaries.
For this, an object detection algorithm is invoked. In this paper we only address the
problem of the extraction of object boundary. Although we detect object boundaries
of images, we will not identify or label these objects. For this, we use vector space
model to measure similarity between objects that appeared in images. After detecting
objects in images, we extract color and shape information and express them using
vectors. Then considering both color and shape factors, we calculate the similarity
between objects applying vector space model. Before image clustering, we cluster
objects according to similarities between objects and assign a weight for each object
cluster. Next, we construct a vector for each images based on weights of object clus-
ters and calculate similarities between images using vector space model. Finally,
based on image similarities, we cluster images and build hierarchy using clustering
algorithms.

We propose an automatic scalable object boundary detection algorithm. Our algo-
rithm works in three stages. First, we detect all edge pixels in images and divide pix-
els into two sets, edge pixel and region pixel sets. Second, we grow a region from the
region pixel set surrounded by edges taken from the edge pixel set. Finally, we may
merge adjacent regions using an adjacency graph to avoid over segmentation of re-
gions and to detect boundary of objects accurately.  To illustrate the effectiveness of
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our algorithm in automatic image classification we implement a very basic system
aimed at the classification of images in the sports domain. By identifying objects in
images, we observe how well our approach works when objects in images have
varying degrees of complex organization along with shading and highlights.

Section 2 of this paper discusses work related to image segmentation and cluster-
ing for use in image retrieval, as well as the current systems used for image process-
ing.  Section 3 presents elaborately our approach to detect object boundary. Section 4
presents preliminary result of our approach. Section 5 presents our conclusion and
possible areas of future work.

2   Related Work

Several systems exist today that attempt to classify images based on their content.
Successful classification of an image and its contents relates directly to how well
relevant images may be retrieved when a search is preformed.  Most image storing
systems such as QBIC [10] and VisualSEEK [15, 16] limit classification mechanism
to describing an image based on metadata such as color histograms [17], texture, or
shape features [1, 11].  These systems have high success in performing searches in
which the user specifies images containing a sample object, or a sample texture pat-
tern.  Should a user ask for an image depicting a basketball game, the results become
less accurate.  This is due to the fact that though an image may contain a basketball, it
does not depict a basketball game.  Systems that only contain metadata regarding the
objects contained in an image cannot provide an accurate classification of the entire
image.

Other systems attempt to provide images with a more precise description by ana-
lyzing other elements surrounding the images, such as captions [12, 14], or HTML
tags on web pages [5]. These systems use this information to help classify the image
and give it a meaningful description.  This approach, tied together with metadata on
images such as histograms, texture, and color sampling has the potential to yield high
precision results in image classification. Examining the textual descriptions associ-
ated with an image provides additional information that may be used to help better
classify the image.  Unfortunately, this approach does not take into account the con-
nections among individual objects present in a sample image.  Such connections
provide useful information in the form of relationships among objects present in the
image, which could be used to help classify the image’s content.

For the classification of color images we first need to segment images in order to
detect objects. Segmentation is the important first step of image processing. Intui-
tively, approaches to segmentation can be divided into two categories: edge-based
and region-based. Edge-based methods focus on boundary detection while region-
based methods focus on groupings of similar color. A logical enhancement combines
these two approaches. Detecting boundaries, selecting seed pixels to grow regions,
and merging regions to avoid over segmentation constitutes the typical path for color
image segmentation. In this connection there is considerable research. Simple color-
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based segmentation techniques described in [4, 6, 7, 18, 19, 24] may be used effec-
tively to find regions rather than objects in a sample image. For example, Y. Deng et
al. [4] propose a statistical method for segmenting color images based on a “J value.”
For merging regions, agglomerative clustering technique is used.  In recent years,
more and more research is investigating how to simulate the perception of objects in
the real world. Because humans perceive objects in a scene in spite of occlusion ef-
fects like shading and highlights, a segmentation algorithm which is impervious to
highlights and shading is preferred. S. Wesolkowski et al. [21, 22, 23] propose a
technique involving a mixture of principal components (MPC) algorithm which uses
a color vector angle to replace Euclidean color distance in a k-means algorithm. Their
algorithm is shading invariant in some degree due to the use of the vector angle in
MPC. Another approach based on dichromatic reflection [13] has been proposed for
getting rid of highlights in color images. In our approach, our main concern is to
detect an object boundary in an image. For this, we detect edge pixels, and then use
these pixels to locate regions. This is because in color images the pixels in shading
and highlight regions on object surfaces usually have similar hue values with other
pixels on the same surface. However, the intensity and saturation values are different.
Thus we can get shading or highlight color for one object by adjusting its intensity
and saturation value and keeping same hue value. In light of these considerations, our
method of region growing is based mainly on hue values in an IHS color space rather
than an RGB color space in [21, 22, 23]. The use of hue makes our approach implic-
itly shading and highlight invariant. Furthermore, to avoid creating regions which are
over-segmented, we propose a new method based on the use of an adjacency graph
which is similar to [19]. However, to check the adjacency of two regions, A. Tremeau
et al. [19] use a minimum bounding rectangle that may identify some non-adjacent
regions as adjacent (false positive).  We use a matrix method, which may substan-
tially avoid false positives.

3   Image Segmentation

First, several pre-processing steps must be carried out to prepare the individual ob-
jects as input into the neural network. One of them is image segmentation. In our
approach image segmentation process has three steps. First, we need to extract color
edges from areas of different color. Second, based on the color edges we discovered
in step one, we divide the image into several sub-regions by using region-growing
techniques. In the final step, adjacent regions having the similar colors are merged
together.

3.1   Edge Detection

In our method, we use the IHS color space [18]. Edge pixels are discovered by values
of intensity, hue and saturation. So, at first, we need to apply color conversion to
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transform all image pixels from the RGB color space to the IHS space. I, H and S
stand for the value of intensity, hue and saturation correspondingly.

Fig. 1.  IHS Definitions

In Fig. 1, HOE, VOE, NOE, SOE stand for horizontal, vertical, northeast diagonal
and southeast diagonal edge patterns respectively.

Using Fig. 1 as a guide, we make the following definitions to carry out our calcu-
lations.

HOE(x, y)i = |I(x-1,y-1)+2I(x,y-1)+I(x+1,y-1)–I(x-1,y+1)–2I(x,y+1)–
I(x+1,y+1)|

(1)

VOE(x, y)i = |I(x-1,y-1)+2I(x-1,y)+I(x-1,y+1)–I(x+1,y-1)–2I(x+1,y)–
I(x+1,y+1)|

(2)

NOE(x, y)i = |I(x,y-1)+2I(x-1,y-1)+I(x-1,y)–I(x+1,y)–2I(x+1,y+1)–I(x,y+1)|
(3)

SOE(x, y)i = |I(x,y-1)+2I(x+1,y-1)+I(x+1,y)–I(x-1,y)–2I(x-1,y+1)–I(x,y+1)|
(4)

MOE(x, y)i = max {HOE(x, y)i , VOE(x, y)i, NOE(x, y)i, SOE(x, y)i }
(5)

If MOE(x, y)I is greater than a threshold TI, the pixel (x, y) is an edge pixel [3].
Similarly, we use the same method to find values for H and S. If the value of MOE
for H and S is more than threshold TH and TS correspondingly, the pixel (x, y) is also
an edge pixel. The three thresholds discussed above are determined through experi-
mentation. They may be adjusted to achieve better edge detection result. The pseudo
code of edge detection is as follows.
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After edge detection, all image pixels are divided into two sets; the edge pixel set
(EPS) and the region pixel set (RPS). We move on to the region growing calculations.

3.2   Region Growing

The detected edges cut the image into a set of regions. We pick a pixel from the RPS
randomly as a seed for a new region, Ri. During region growing of Ri, all pixels in
this region are moved out from the RPS and are assigned to this newborn region.
After this region is fully grown, if the RPS is not empty, the algorithm simply picks a
pixel randomly as a seed for another new region. This process continues until all
pixels in the RPS are placed in a set of regions.

Fig. 2. Region growing

The growth of the regions must satisfy certain criteria. If the criteria cannot be
satisfied, the growth in the given direction will be stopped. A. Trémeau et al. intro-
duced three criteria for region growing, one local homogeneity criterion (LHC) and
two average homogeneity criteria (AHC) [19]. We define p as the pixel to be proc-
essed, R is the set of pixels in the current region (possibly not fully-grown) and V is
the subset of pixels from the current region which are neighbors to p. LHC states the
color differences between p and its neighbors in R is sufficiently small. AHC1 states
that the color difference between p and the mean of the colors in V is sufficiently
small. AHC2 states that the color difference between p and the mean of the colors in
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R is sufficiently small. Each of the 3 criteria must be satisfied for p to be merged into
R.

Growth of a region is as follows. First, the seed pixel is the only pixel that the re-
gion R has. Pixels of R are fallen into two categories such as boundary pixel (BP) and
inner pixel (IP). A pixel is boundary pixel if at least one pixel among its 8 neighbor
pixels is not in the region it belongs. On the other hand, a pixel is inner pixel if all its
8 neighbor pixels are in the region it belongs. At the beginning, the seed pixel is the
only boundary pixel of the region. Next, we check the availability of 8 neighbor pix-
els of this boundary pixel. A pixel is available only when it is contained in RPS. This
means the pixel is not an edge pixel and has not been assigned to some other region
yet. If any of these pixels is available and satisfies the criteria, the pixel is qualified to
be a member of R. After addition of a pixel into region R, it will be a new boundary
pixel of the region. The inner pixels and boundary pixels of the region are also re-
quired to update. For example, in Fig. 2, after adding pixel A into region R, A will be
a new boundary (red) pixel. Pixel C will be a current neighbor (yellow) pixel of
boundary pixel, A. Thus, pixel B is not a boundary pixel any more and will be an
inner (blue) pixel. Based on these two characteristics, we keep checking and updating
boundary pixels until the region stops to extend. Then, we can say the region is fully
grown. The pseudo code is as follows.
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3.3   Merging Adjacent Regions

We still encounter several shortcomings. First, it is possible to achieve some noise
regions which may not be the true region. Second, it is still possible to cut one object
into several sub regions even if it has a unique color. For example, a basketball could
be divided into several sub regions due to its black lines. Intuitively, these two prob-
lems can be solved by merging adjacent regions. At first, we need to construct a re-
gion adjacency graph (RAG) based on regions [19]. In a RAG each vertex represents
a sub region. An edge will appear to connect the two vertices, which stand for two
adjacent regions. (Shown in Fig. 3) The edges are weighted by color difference be-
tween these two regions.
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Fig. 3. Region Adjacency Graph

To construct RAG, we have to know whether any two given regions are adjacent
or not. Two following approaches can be used.

Fig. 4. Examples of Adjacent Regions Detection

Minimum Bounding Rectangle Technique (MBRT): In this approach, minimum
bounding rectangle has been constructed [24].  Two regions are considered to be
adjacent to each other if their minimum bounding rectangles overlap. Minimum
bounding rectangle of a region not only encompasses the region but may also sur-
round some regions which may contribute false positive (not true adjacent regions).
Matrix Oriented Technique (MOT): Here we keep a two dimensional matrix where
each cell corresponds to a pixel. Furthermore, content of the cell corresponds to a
region index where the pixel belongs. Note that for edge pixel we have a special
treatment: -1 will be used as a region index. To find adjacent regions, we simply scan
matrix row-by-row and column-by-column. For example, in Fig. 4, each gray pixel
labeled by –1 is edge pixel, other pixels are region pixels and the number indicates
the region index in which the pixel belongs to.

When we scan through the matrix row by row and column by column, and if the
region index changes from a to b (say), we can say that the region a is adjacent to
region b. For example, when we scan the first row in Fig. 4(a), we know that region 5
and 3 are adjacent to each other. When we scan the seventh column in Fig. 4(a), we
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know region 3 and 2 are adjacent. This method is easy to implement and the compu-
tation complexity is O(n). On the other hand, MOT has a shortcoming. In some spe-
cial cases, it may detect regions adjacent wrongly. For example, in Fig. 4(b), when
we scan the fifth row in the matrix, region 2 and 3 are declared as adjacent. However,
these two regions are separated by six edge pixels. Now, the issue will arise such as:
What is the maximum number of edge pixels used as a separator to determine that
two regions are adjacent? This threshold depends on the edge detection result and the
region size scale.

With regard to the first problem (i.e., noise region), based on the adjacency graph,
first we identify noise regions. If a region only contains a small number of pixels, we
declare this region is a noise region. For this, we merge the noise region to one of its
neighbor regions that has smallest color difference. With regard to the second prob-
lem (i.e., over segmentation of sub regions), we merge adjacent regions by using a
modified minimum spanning tree algorithm (MMSTA). In the MMSTA a threshold tw

is defined. Furthermore, a tree will be constructed by adding an additional constraint:
weight of each edge in the tree will fall below tw.. All regions in the tree compose an
object. This is because color difference between a region and all its neighbor regions
in the tree falls below tw. Pseudo code for Merge Adjacent Regions is shown as be-
low.
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4   Experimental Results

The object detection was tested using sample images found on the Internet. Here, due
to space limitations, we reported results for only three images. These three images
consist of varying degrees of complex objects. Fig. 5, 6 and 7 show these three im-
ages and display partition results. For each image, the original test image and edge
detection results are shown first.  Then all major detected objects are displayed.

As shown in Fig. 5, in the first image we detected the six major objects. In the sec-
ond image, objects are coarsely classified. In the third image objects are correctly
identified. As discussed above in section 2, the use of hue values in region growing
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makes our method shading and highlight invariant. This is illustrated in the segmen-
tation result in Fig. 7. Note that the blue object in this image has a highlight region on
its surface, and that our method segments this object correctly.

Fig. 5. Image Segmentation Results (a) Original Image (b) Boundary Detection Result  (c) – (h)
Six Major Objects

As we discussed in section 3.1, boundary detection is based upon intensity, hue
and saturation differences among regions of an image. However, we noticed that in
the experiment, for most of color images, the boundary detection performance would
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not be improved by the usage of hue difference and saturation differences. Thus, the
boundary detection results reported here are just based on intensity differences (Fig. 5
– Fig. 7). In Fig. 5, color layout is simple; our segmentation approach performs well
in this case.

Fig. 6. Image Segmentation Results  (a) Original image. (b) Boundary detection result (c) – (f)
Major detected objects.

The color distribution of Fig. 6 is more complex than the former one. Basically, the
regions having similar color are clustered together to form objects. We noticed that
variability of boundary detection threshold may affect the final segmentation results.
This is because region growing is based on the detected boundary. Furthermore, we
also notice that even if we cluster regions having similar color together, the retrieved
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objects could still lack of semantic meanings sometime. This is one of the shortcom-
ings of all existing image segmentation methods including our approach.

Fig. 7. Image Segmentation Results (a) Original image. (b) Boundary detection result. (c) - (d)
Major detected objects

As shown in Fig. 7, the color layout is simple in this case; however, color on the
surface of blue cylinder is not homogenous. Some highlight regions exist. We dis-
cussed in section 2, to solve this problem, we do not have to calculate the color vector
angle as S. Wesolkowski did [21, 22, 23]. Region growing in our approach is based
on hue value difference that makes our approach highlight and shading invariant. As
shown in Fig. 7(c), even if the highlight region exists, we still can retrieve the blue
cylinder as a single object. Of course, there is tradeoff for using hue value in region
growing. Because hue value is not always equivalent to the color human perceive.
Due to the change of intensity and saturation, two colors that look very different
could have very similar hue value. As a result, we may merge two regions having
different colors but similar hue value. Fig. 5(f) illustrates that. The hair region looks
black, which looks very different from the face region. Indeed, the hue value of this
two region is very similar.
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5   Conclusion and Future Works

The success of ontology-based image classification model entirely depends on the
detection of object boundaries. We have proposed an automatic scalable object
boundary detection algorithm based on edge detection, and region growing tech-
niques. We have also proposed an efficient merging algorithm to join adjacent re-
gions using adjacency graph to avoid over segmentation of regions. To illustrate the
effectiveness of our algorithm in automatic image classification, we implement a very
basic system aimed at the classification of images in the sports domain. By identify-
ing objects in images, we have shown that our approach works well when objects in
images have varying degree of complex organization long with shading and high-
light. We would like to extend the work in the following directions. First, we would
like to do more experiments on object similarity. Next, we will update weight of
objects automatically appeared in images.
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