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In this paper we introduce several techniques which characterize color homogeneous objects and their spatial relationships for a more precise and efficient contentbased image searching. We first present a region growing technique for efficient
color homogeneous object segmentation, and then we extend the 2-D string to express spatial signatures for an accurate description of spatial relationships of objects
within an image. Several optimizations, including dominant color histogram clustering, have also been proposed for an efficient search engine implementation. The
experimental results that we have drawn so far show that our content-based image
searching techniques give a high precision while maintaining a very good recall
rate. !C 2000 Academic Press

1. INTRODUCTION
Image has become an important component of today’s information systems due to the
explosive growth of multimedia data as enabled by recent advances in storage (DVD) and
network (ATM). Content-based image retrieval (CBIR) is a key technology for easy visual
data management as this is possible with alphanumeric data in large relational databases. In
the past several years, CBIR has received a lot of attention in the research community [1–4].
The main problems, which are studied within the field, include the extraction of appropriate
image features for possibly semantic object segmentation and the integration of different
features to satisfy users’ queries.
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As the description of semantic features within an image requires preliminary object segmentation, which is a very hard task, the first work for CBIR relies on global visual features,
such as color histogram, which can be easily extracted from an image [5, 6]. If such an
approach is simple for effective implementation and has led to interesting results, its drawback is also well known. Indeed, as the color feature is a global one, a very different image
from the query image but with the same color distribution is always returned as a pertinent
result according to such an approach [7]. Recent work tends to integrate spatial information
to different visual features such as color histogram, texture, and shapes [8]. In this paper,
we focus on content-based visual information searching. We first propose a new regiongrowing-based technique to segment color coherent objects from images. Then, we extend
the 2-D string and incorporate other geometrical features in order to obtain a precise spatial
signature describing the spatial relationships of objects within an image. Finally, several
optimizations are introduced for an efficient search engine which fully explores the spatial
relationships as described in images’ spatial signatures. The experimental results that we
have drawn so far show that our content-based image searching techniques give a high precision while maintaining a very good recall rate. The main contribution of our work is twofold:
• Efficient and robust segmentation of color homogeneous objects of an image by the
region growing technique;
• Elaboration of a significant spatial signature of an image based on extended 2-D
strings, enabling both visual features and fully spatial information and relationship-based
querying.
The rest of the paper is organized as follows. Section 2 presents our region growing technique for segmenting color homogeneous objects within an image. Section 3 extends the
classical 2-D string for a precise characterization of objects’ spatial relationships. Section 4
introduces our search engine implementation and some experimental results are presented
in Section 5. Section 6 discusses our work and compares it with others. In conclusion, we
summarize our work and give some indications of future directions.
2. REGION-GROWING-BASED COLOR HOMOGENEOUS
OBJECT SEGMENTATION
For the purpose of content-based image research, the first step is to index images by segmenting and localizing significant objects which are coherent regions according to a visual
feature—the color, in the case of our paper. However, the technique we have developed can
apply to other visual features such as gray level and texture. In our previous work, we used
a quadtree-based split and merge algorithm to visualize homogeneous objects’ extraction
[9, 10]. In this work, we consider an inverse approach, the bottom-up one, which consists
of region growing by pixel aggregation. In the following, we first define a neighborhood of
pixels, which identifies a geometrical neighborhood of pixels, and then we introduce color
homogeneity, which is used to aggregate neighbor pixels having a close color. Finally, we
present our region growing algorithm for color homogeneous object extraction.
2.1. Neighborhood of Pixels
Let p(i, j) and q(m, n) be two pixels in an image. The distance between p and q is
defined as
d( p, q) = Max{|i − m|, | j − n|}.
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FIG. 1.

The geometric structure of region growing (N -neighbors).

Let ρ be an integer. We define ρ-neighbors of a pixel p(i, j) to be all the pixels which are
situated at ρ pixels from p, i.e.,
vρ ( p) = {∀q/dρ ( p, q) ≤ ρ}.
As illustrated by Fig. 1, we have:
v1 ( p) = { p1 , p2 , p3 , p4 , p5 , p6 , p7 , p8 }, and the cardinal of v1 ( p) is 8;

v2 ( p) = v1 ( p) ∪ { p9 , p10 , . . . p24 }, and the cardinal of v2 ( p) is 24;
v3 ( p) = v2 ( p) ({ p25 , p26 , . . . p48 }, and the cardinal of v3 ( p) is 48.

Generally, for ρ = n, we have vn ( p) = vn−1 ( p) ({ px , px+1 , . . . p! 8∗i }, and the associated
cardinal is
n
"
i=1

8 ∗ i.

2.2. Color Homogeneity
Let C1 and C2 be the colors of pixel p and q. The distance between C1 and C2 is defined
in RGB space by the Euclidean distance
d E (C1 , C2 ) =

#
(R1 − R2 )2 + (G 1 − G 2 )2 + (B1 − B2 )2

where C1 = (R1 , G 1 , B1 ), and C2 = (R2 , G 2 , B2 ). This distance allows us to define a kind
of neighborhood of two colors. Indeed, two colors will be considered close if their distance
is less than a threshold, say µ. In our implementation, we also proceed to a further color
clustering for efficiency consideration. Consider a palette of n colors, for instance 512 as
this is usually used in many systems. The cross-correlation between any couple of two
colors of the palette is performed in order to identify the perceptual similarity of these two
colors. The result is then sorted to obtain a clustering of close colors. A color representative
is then chosen to represent each class of color issue from such an operation.
The advantage of performing the clustering of colors in a given palette is to reduce the
dimension of the image’s color vector without losing the search precision. Thus, it helps
decrease the computational complexity in the retrieval process.
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2.3. Color Homogeneous Objects’ Extraction by Region Growing
A color homogeneous object in an image is a coherent area according to the color neighborhood as defined in the previous section. The region growing process consists of gathering
neighbor pixels from a starting point on the basis of color homogeneity. More precisely, the
process starts from a pixel and tries to determine whether neighboring pixels belong to the
same region of the starting pixel. This process eventually leads to growing a homogeneous
region until no more neighboring pixels can be added to the same region on the basis of the
color homogeneity.
The following structure characterizes the attributes of a coherent object: a region identifier,
its color representative, its minimum bounding rectangle (MBR), its barycenter, and the set
of pixels covering the coherent region.
struct pixel {
int flag; /*Pixel identification*/
int color; /*Color Of pixel*/
int x,y; /*Coordinates of pixel*/

};
typedef vector 'pixel( VectorOfPixel;

Struct OBJECT {
int num reg;; /*Object identification*/
int color;
/* Minimum Bounding Rectangle Coordinates*/
int xi, xs, yi, ys;
int x centroid, y centroid; /*barycenter*/
VectorOfPixel Region; /*Set of pixels*/
}
Figure 2 depicts the region growing procedure. This function builds a region growing by
pixel aggregation and returns its characteristics. The process starts with pixel p = (x, y) and
continues to grow within the image I according to a pixel neighborhood threshold ρ until
no more pixels can be added to the region. This aggregation process makes use of a stack,
UCN (unvisited candidate neighbor pixels), in order to memorize the list of neighboring
candidate pixels which have not been visited yet. A neighboring pixel according to the
neighborhood threshold ρ is considered as a candidate pixel if it has not been visited by the
region growing process and has a close color with regard to the color homogeneity threshold
µ. Thus, starting from the pixel p = (x, y), the process piles up into UCN, the neighboring
candidate pixels.
In order to extract all color homogeneous objects, the region growing process has to be
repeated for all unvisited pixels in an image. Figure 3 illustrates the result of such a process.
The original image, as depicted on top in the figure, contains six homogeneous regions.
The clustering of the associated color palette gives three classes, respectively represented
by colors black, green, and red. The region growing process, applied to the original image,
identifies five color homogeneous objects. The first one is an object composed of two
neighbor regions, each region having a different color of the same cluster represented by
the black color; The second and third objects, a triangle and a circle, have colors of the
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FIG. 2.

Region growing pseudo-algorithm.
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FIG. 3. Segmentation and indexing process.

third cluster represented by the red color. Finally, the fourth and fifth objects are coherent
regions with colors of the second cluster represented by the green color.
3. IMAGE SPATIAL SIGNATURE BY OBJECT SPATIAL
RELATIONSHIP CHARACTERIZATION
3.1. 2-D-R++-String Signature
Object spatial-relationship identification aims at characterizing spatial arrangement relationships among objects, giving birth to an image spatial signature. Encoding spatial
information in the representation of an image not only improves the retrieval quality but
also enables users to query databases of images based on the spatial arrangement of subimages. Most approaches for describing spatial relationships among objects consist of using
a single content descriptor such as 2-D-string [11] and its variants (2-D-E-strings [12],
2-D-G-strings [13], 2-D-C-strings [14], and 2-D-B-strings [15].
The major drawback of such a representation is its fuzziness, as its associated spatial
operators are not sufficient to give a complete description of the spatial relationships that
can exist among objects. For instance, when an object is included in another one and these
two objects have the same barycenter, the 2-D string representation cannot express this
particular spatial relationship. Figure 4 contains four images illustrating such fuzziness.

FIG. 4.

Images that have the same 2-D string but which are spatially different.
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FIG. 5.

Image quadrant labeling.

This consideration has led us to extend 2-D string representation with other features,
which have been extracted during the object segmentation process. The best representation
of a spatial relationship among objects would take into account all points of the contour
of each object, but such a method would greatly increase the computational complexity as
well as the storage requirements.
To fully capture the spatial relationship among objects in an image, we have proposed
the 2-D-R++ string. First, MBR is used to frame objects within an image. Each object is
then localized by a Peano key [6], which gives the spatial position of the center of gravity,
associated with the MBR. The basic 2-D string is extended to include, for each object, its
MBR, its barycenter, its relative area, and a chain code, which aims at giving more precise
information on the spatial distribution of the object. Indeed, an image is divided into four
quadrants: 0 (SW), 1 (NW), 2 (SE), and 3 (NE) [16]. While segmenting a color coherent
object, the region growing process also looks at the distribution of the object into the four
quadrants, sorting them according to the number of pixels of the object on each quadrant.
Each image has four edges NW, NE, SW, and SE. Figure 5 illustrates the labeling of
image quadrants.
Our approach consists of adding a set of new symbols which give information on the
spatial positions of objects, thus enabling a more precise description of spatial relationships
such as overlap inverse, contain, meet, begin, end, overlap, equal, and less than. Once these
spatial relationships are represented, the image retrieval using these spatial relationships
becomes a classical 2-D sequence matching. The set of MBRs together with all spatial
features are indexed using the R-tree structure [17], providing a dynamic structure for
rectangles indexing.
Each object in the image is framed by a MBR, thus having two pairs of begin and end
coordinates, one for the x-axis and the other for the y-axis. The following features are added
to the spatial operators [18] which are recalled in Table 1.
!

Each object R with size s is denoted as Rs , where s is the total pixels of the object.
TABLE 1
Definition of Spatial Operators
Notations
A<B
A=B
A\B
A%B
A]B
A[B
A/B

Conditions
end(A) < begin(B)
begin(A) = begin(B), end(A) = end(B)
end(A) = begin(B)
begin(A) < begin(B), end(A) > end(B)
begin(A) = begin(B), end(A) > end(B)
begin(A) < begin(B), end(A) = end(B)
begin(A) < begin(B) < end(A) < end(B)
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! An object R is denoted χ R, where χ is the chain code of R giving the object
distribution into quadrants in a decreasing order.
! Operator “<” is extended to include the distance d between two objects A and B,
denoted as A <d B, where d = begin(B) − end(A).
)
! Operator “%” is extended with the two distances (d, d ) between objects A and B,
)
denoted as A %d,d ) B, where d = begin(B) − begin(A) and d = end(A) − end(B).
! Operator “]” is enriched with the distance d between objects A and B, denoted as
A ]d B, where d = end(A) − end(B).
! Operator “[” is extended with distance d between objects A and B, denoted as
A [d B, where d = begin(B) − begin(A).
! Operator “\” is parameterized with distances d1 , d2 , d3 between objects A and B,
denoted as A \d1 ,d2 ,d3 B, where d1 = begin(B) − begin(A), d2 = end(A) − begin(B), and
d3 = end(B) − end(A).

3.2. Spatial Relationship Graph
Once the color coherent objects are segmented by the region growing process, an image is
also described by the spatial relationships of the objects within the image. All these spatial
relationships are captured by a complete weighted graph called the spatial relationship
graph (SRG). In such a graph, each node represents an object within the image while
each vertex represents all spatial relationships captured by spatial operators between two
objects. Indeed, we have simplified the representation of such a SRG in our implementation.
In our current prototype, each node of a SRG only contains the color representative of the
underlying object, although other features associated with an object may be added to the
node later.
3.3. Example
Figure 6 is a picture of a young lady. Figure 7 gives the same image obtained after the
region growing segmentation process. Figure 8 is the image where we only keep the first six
dominant homogeneous regions whose features are detailed in Table 2. Figure 9 illustrates
the spatial arrangement of the minimum bounding rectangles associated with these first six
homogeneous regions.

FIG. 6. (a0 ) Example image.
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FIG. 7.

(b0 ) Segmented image by the region growing method.

Each homogeneous region has a MBR (xi, yi, xs, ys), a barycenter (x centroid,
y centroid), a size (s), and a chain code (c).
In this example, each homogeneous region is labeled by a letter (A . . . F). In our current
prototype, each homogeneous region is represented simply by its color representative.
Now we show the way we obtain the 2-D-R++ strings which characterize spatial relationships of the six dominant homogeneous objects, using the features added to spatial
operators in Table 1 and applying them to the image in Fig. 8.
2-D-R++-strings. According to Table 2, we can identify the dominant homogeneous
regions by the following representation:
32 A30579 , 10 B27064 , 02 C11104 , 3102 D3891 , 13 E3463 ,

and

02 F2050 .

" 2-D-String based on the barycenter of the homogeneous regions: (B <101 E <6 C <5
D <1 F <112 A, E <47 B <15 A <5 D <77 C <62 F)
" 2-D-String based on MBRs: (B <79 C <2 F <38 E <15 B <7 D <57 D <6 E <13
A <14 F <6 C <99 A, A = B <38 E <44 D <32 E <36 C <41 D <58 F <26 A <1 B <2
C <4 F)

FIG. 8.

(b0) ) Image represented by its first six dominant homogeneous regions.
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TABLE 2
Selection of Dominant Homogeneous Regions Sorted
by Decreasing Order

FIG. 9.

MBRs of dominant homogeneous regions.
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TABLE 3
A Summary of Spatial Relationships between Homogeneous
Regions of the Image in Fig. 8
#x,y

A

B

C

D

E

F

A

∗

B<A
B]A

C/A
A/C

D<A
A%D

E<A
A%E

F/A
A/F

B

∗

∗

B/C
B/C

B<D
B%D

E/B
B%E

B/F
B/F

C

∗

∗

∗

C%D
D/C

C%E
E<C

C%F
C/F

D

∗

∗

∗

∗

E%D
E/D

F%D
D<F

E

∗

∗

∗

∗

∗

F%E
E<F

F

∗

∗

∗

∗

∗

∗

The first component of this string is the projection of all homogeneous regions on the
X -axis while the second is on the Y -axis.
We can deduce from this representation that the largest part of the homogeneous region
A is localized in quadrant NE; moreover the remainder is in quadrant SE and is composed
of 30,579 pixels.
For instance, B < C in the first component indicates that the homogeneous region labeled
by the color representative B is at the left of the homogenous region labeled by C.
Table 3 summarizes all spatial relationships between homogeneous regions, and Table 4
simplifies their notations.
As we can see in Fig. 9, the spatial relationship is (B < A, B ] A) between homogeneous regions A and B. In Table 4, we note that the spatial relationship for the couple (A, B) is (−<, −]). This means that the sense of the direction is B < A and B ] A.
Generally the spatial operator # between any couple of homogeneous regions (U, V ) is
(−#), which means that the right spatial relationship on the axis is V # U . Obviously,
while computing the 2-D-string corresponding to barycenters, we also store distances
for precise querying. For instance, if # is “]”, we memorize A ]d B, where d = end(A) −
end(B).
Once the 2-D-R++-string representation is computed, we build a complete graph, called
the SRG, to summarize and identify spatial orientation between any couple of homogeneous
regions [19]. Figure 10 gives the SRG associated with the image in Fig. 8.
TABLE 4
Simplified Notation of Spatial Relationships as It Is
Implemented for the Image in Fig. 8
U

V

U #x,y V

B

C

D

E

F

A
B
C
D
E

(−<, −])

(−/, /)
(−/, /)

(−<, %)
(<, %)
(%, −/)

(−<, %)
(−/, %)
(%, −<)
(−%, −/)

(−/, /)
(−/, /)
(%, /)
(−%, <)
(−%, <)
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The SRG corresponding to the image in Fig. 8.

4. SEARCH ENGINE IMPLEMENTATION
For searching images from the database, a user gives a query image, which may be
selected from the database. This query image is then compared with all images of the
database, first on the basis of global color histogram comparison to perform a first filtering and then on the basis of spatial signatures. For instance, on a base of 22,500 images,
the filtering operation using the global color histogram comparison usually selects a set
of 100 to 150 candidate images to which spatial signature comparison is then performed.
Here we assume that the input of the search engine is the spatial signature of the query
image. If the query image comes from the database of images, we already have its spatial
signature calculated during its insertion into the base. When the query image is not selected from the database, we first apply our region growing procedure to segment a color
homogeneous object and determine its spatial signature as explained in the previous two
paragraphs.

4.1. Color Histogram-based Filtering
The color histogram is the color distribution in an image; thus, it is a global visual feature.
Its major advantages are its simplicity in computation and its insensitivity with respect to
image rotation and translation. In order to enable a correct comparison of images, we first
normalize the color histogram and then a similarity is computed between two images using
a similarity metric.
A color histogram is normalized by the formula
H (imn , i)
,
H N (imn , i) = !
i H (imn , i)
where H (imn , i) is the histogram of an image imn . The index i represents a histogram bin.
A similarity distance between two color histograms, H (imn ) and H (imm ), each consisting
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of n bins, is quantified by the following metric,
d E2 (H (imm ), H (imn )) =

n
n !
!
i=1 j=1

ai j (H (imm , i) − H (imn , i)) (H (imm , j) − H (imn , j)),

where the matrix ai j represents the similarity between the colors corresponding to bins
i and j, respectively. This matrix needs to be computed from human visual perception
studies. Note that if ai j is the identity matrix, then this measure becomes a Euclidean
distance.
4.2. Optimization Based on the Colors of Dominant Objects
Actually only a small number of colors, formed by the colors of dominant objects within
an image, is used to construct an approximate representation of color distribution in our implementation. This simplification does not alter the precision of the search result, since only
colors of dominant objects are most visually significant and capture the human attention, as
observed by Gong et al. [20]. Our current implementation makes use of this observation and
limits color classes to the colors of the first 30 dominant color coherent objects (Th4 = 30).
Furthermore, in our experiments, a homogeneous region is ignored if its size (number of
pixels) is less than Th3 = 0.3% of the image.
Figure 11 also gives an illustration of this optimization applied on original images (ai ).
The images on the right give the optimized images; they are obtained in keeping only the
dominant homogeneous regions.
In our previous implementation, we used the first 50 dominant colors for this optimization.
The experiments that we drew have led us to consider rather the colors of dominant objects
within an image, because a color may be dominant but it may not represent dominant objects
which are the most visually significant within an image.
4.3. Spatial Signature-Based Images’ Comparison
The color histogram-based filtering selects from the database a set of candidate images as
results to the query image. The further step consists of using spatial signatures to compute
a list of these candidate images sorted by their similarity as compared to the query image.
The comparison process based on spatial signature has as input the SRG of the query
image. Recall that a SRG captures all the spatial relationships of objects within an image.
For each pair of nodes in the SRG, say A and B, and for each spatial relationship, say
A < B, between these two objects represented by their color A and B, a vote is incremented
for each candidate image having also such a spatial relationship A < B. The final result is
obtained by sorting candidate images in decreasing order on the basis of the votes obtained
by each candidate image.
Table 5 summarizes the attributes characterizing color homogeneous objects such as
color representative, spatial distribution, MBR, and size.
The searching process makes use of SRG extracted from the images in the database.
For efficiency consideration, a kind of “inverted file” is implemented to represent dominant homogeneous regions from images (see Table 6) and the SRG of all the images in
the database. Indeed, to each spatial relationship, !, is associated a file of the form as
illustrated by Table 7. For instance, the first line contains in the left column the spatial
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FIG. 11. Segmentation results. (a) orignals, (b) segmentation results, using ρ and µ, and (c) results when also
using Th3 and Th4 .

arrangement of two object colors, C1 ! C2 , and the right column gives all image identifiers having the same color spatial arrangement together with the number of repetition.
Thus, I5 (4) indicates that image I5 contains four pairs of objects having the same spatial arrangement C1 ! C2 . This file is updated each time an image I is inserted into the
database.
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TABLE 5
Homogeneous Regions and Their Attributes
Region ID

CR

(xi , yi )

(xs , ys )

(xc , yc )

Area

Code

1 R1

C1
C5
...
Cx

11 Pi

11 Ps

11 Pc

11 S

11 C

12 Pi

12 Ps

12 Pc

12 S

12 C

nm Pi

nm Ps

nm Pc

nm S

nm C

1 R2

...
n Rm

Note. Color representative, CR ; MBR coordinates [xi , yi , xs , ys ]; region barycenter (xc , yc ); region size, area; and code chain, code. Peano keys represent the coordinates.

We can see that the crossing of the SRG composed of six nodes, representing the six
homogeneous regions, necessitates 15 operations.
Generally, the crossing of a SRG composed of n nodes necessitates S operations, as
described by the following formula:
S = (n − 1) + (n − 2) + · · · + 1 =

n
n−1
!
!
n(n − 1)
(n − i) =
i=
.
2
i=1
i=1

For each image composed of n homogeneous regions, we must memorize n(n −1)/2 spatial relationships. Each spatial relationship concerns two directions as regard the horizontal
and the vertical axis.
Figure 11 shows other results of color-based image segmentation resulting from the
region growing process. For each image, Fig. 11a shows an original image while Fig. 11b
gives the result from the region-growing-based segmentation. Images are respectively in the
format 320 × 240, 352 × 288, 352 × 288, 352 × 288, 352 × 288, 320 × 240, and each pixel
is represented by the RGB color coordinates with eight bits of precision (24 bits/pixel).
In addition to the threshold value used for a neighborhood of pixels (Th1 = ρ = 3 pixels)
and the one for color homogeneity (Th2 = µ = 6), we also consider two other threshold
values, Th3 and Th4 , for performance consideration:
• Th3 is the threshold value for a minimum number of pixels in order to consider a
homogeneous region as significant. It is formulated as a percentage of the image. Th3 = 0.3%.
• Th4 is the threshold value for the maximum number of the most dominant homogeneous regions that we consider. It is limited to 30.
Table 8 gives various experimental results with regard to these images.
During the searching process, for each spatial relationship ! extracted from the query
image, for instance, Ci ! C j (m) indicating there are m pairs of objects having colors Ci
and C j and satisfying the spatial arrangement !, we look directly into the line #Ci , C j $
TABLE 6
File Structure Associated with Images
Image identifiers
I1
I2
...
In

Corresponding regions
1 R1 , 1 R2 , 1 R3
2 R1 , 2 R2 , 2 R3 , 2 R3 ,
n R1 , n R2 , n R3 ,

. . . n Rm
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TABLE 7
File Structure Associated with Each
Spatial Relationship Γ
Pairs of object colors

Image identifiers

C1 , C2
C2 , C15
...
Ci , C j

I1 (2), I5 (4), I89 (1)
I5 (4), I49 (1), I113 (3), I133 (7)
I x (u), I y (v), . . . , Iz (w)

in the file ! and obtain all the image identifiers of the database having the same spatial
arrangement Ci ! C j . Each image identifier, for instance Ix (u), increments then its votes
by u if u is less than m; otherwise m as the maximum number of the spatial arrangements
in the query image is m.
The complexity for the vote algorithm is θ (S × c), with S = n(n − 1)/2, where n is the
number of the extracted homogeneous region and c is the number of candidate images.
In the worst case, for a given line, we find all c candidate images (c = 100 to 150 images)
selected after filtering by comparison between histograms.
In principle, there is a vote for each needed additional precision. The time of vote grows
in the following order:
• Vote for the same or closet spatial arrangement
• Vote for the comparison between sizes of objects
• Vote for the comparison of distances between each couple of objects.
The choice of a good mechanism of a vote for all these additional conditions is a crucial
problem. The mode of vote must take account of the satisfaction of partial conditions, for example, when a portion of an object respects the same spatial distribution like a query object.
For this reason, in our experiences, we do not yet take account of the size or of the spatial
distribution of objects within an image.
TABLE 8
Number of Regions before and after Thresholding and Time Complexities
Image

RT

RE

R %E

T1

T1%

T2

a0
a1
a2
a3
a4
a5
a6

29918
56649
60215
69609
59445
49514
49502

4401
12942
18232
17695
14955
7858
3058

11
11
11
13
19
9
4

5
7
7
8
7
5
3

4
4
5
5
5
4
2

1
2
3
3
3
2
1

Note. RT , the total number of connected components, without any thresholding, which corresponds to Fig. 11a. R E , the number of homogeneous rigions extracted by the region growing
segmentation process, thus only taking account of thresholds ρ and µ. The images correspond
to Fig. 11b. R %E , the number of homogeneous regions really considered for the spatial relationship characterization, thus using all thresholding (Th1 , Th2 , Th3 , and Th4 ) which corresponds
to Fig. 11c. T1 , CPU time (in seconds) related to the region growing segmentation algorithm in
Fig. 2 when is applied to all R E regions extracted (Fig. 11b). T1% , CPU time (in seconds) related
to the region growing segmentation process in Fig. 2 when it is only applied to R %E homogeneous
regions extracted (Fig. 11c). T2 , CPU time with regard to the extraction of 2-D-R++-string and the
construction of the SRG (Fig. 11c). All measures of these CPU times (in seconds) are realized on
a PC Pentium-Pro 200 platform.
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5. EXPERIMENTAL RESULTS
Current implementation of our program runs on the PC Pentium-Pro 200 platform. The
system has been implemented using Visual C++ 4.0 Standard Template Library. The tests
have been performed on a set of 15500 test images. The results have been judged in these
experiments by human observers.
5.1. Searching Based on Colors of Dominant Objects
The first query is to retrieve images based on a color histogram. The search process has
been made by comparison of colors of the first thirty dominant objects. Figure 12 illustrates
some results of images retrieved (the first 28 closest images).
Query images and the first 28 most similar images extracted by the search engine from
the database are shown in Fig. 12, sorted according to decreasing similarity, first by line
then from left to right.
As we can see, the experimental result provides a sorted list of images whose colors of
dominant objects are the closest to the ones of the query image.
For queries based on colors of dominant objects, the query response time varies between
10 and 15 s.
5.2. Spatial Signature-Based Searching
This kind of query also makes use of the spatial relationship among the dominant objects, and images that resulted from the searching process are also sorted by their spatial
relationship similarity degree, which is measured by the weight of votes. The more votes
a candidate image obtains, the closer spatial arrangements it has between any couple of
objects as compared to the query image.
As we can see in Fig. 13a, the first images that follow the query image are those having
the closest disposition of their dominant objects as compared to the one in the query image,
that is sky on mountain on water. The best matches have a similar arrangement among the
dominant regions, which are also similar.
Figure 13b gives another example of image retrieval based on the spatial disposition of
dominant objects. The query image shows a brown horse on the green meadow. As we can
see in the figure, all images retrieved respect this spatial arrangement such that the most
dominant object, with a green color (or a close color) representing the meadow, contains
another one with a brown color or a close color, representing the animal.
For all queries using a spatial signature of dominant objects, the query response time
varies between 10 and 20 s.
5.3. Recall and Precision Assessment of the Searching Engine
For retrieval effectiveness assessment, we calculated two rates in terms of recall and
precision [21]. Recall that the rate of precision is defined as the ratio of relevant images
in the answer on the images retrieved, while the rate of recall is defined as the ratio of the
relevant images in the answer on all relevant images in the database.
Let α be the set of images retrieved as a response to the query, and let β the set of images
in the database that are considered to be relevant to the query. Then we have
Precision = (α ∩ β)/α
Recall = (α ∩ β)/β.
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FIG. 12.

Query results based on dominant colors.
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FIG. 13.

(a) First set of experiments based on spatial arrangement. (b) Second set of experiments based on spatial arrangement.
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FIG. 14 Retrival effectiveness of 100 generated queries on a database of 15,500 images with three query
methods: Type I, Type II, and Type III.

Figure 14 shows three different curves comparing experimental results in terms of precision and recall rates of three search results using three different search criteria. In this
experiment, 100 arbitrary query images were used to evaluate the search engine quality.
The Type I curve corresponds to the precision/recall rate when only a color histogram is
used to retrieve the most similar images from the database as compared to query images; the
Type II curve is the precision/recall rate when dominant objects are used for the retrieval; and
finally the Type III curve measures also the retrieval effectiveness when spatial relationships
among color homogeneous objects are expressed in 2-D-R++ string, and the SRG with the
object represented by its MBR and its barycenter is used to describe spatial relationships
of objects and to answer the query.
As we can observe from the experimental results in Fig. 14, results of queries using
colors of dominant objects (Type II) performs much better than queries only using a color
histogram (Type I). We also see that the color/spatial query strategy (Type III) based on
spatial operators performs much better than a query based on colors of dominant objects.
Indeed, while the worst precision rate is obtained when the search engine uses only a
color histogram, the best precision rate, above 0.8 for all 100 query images is achieved
by a search using both colors of dominant objects and their spatial relationships. The
use of colors of the dominant objects already improves the color histogram-based search,
while taking spatial relationships into account gives further improvement on the rate of
precision.
Most importantly, while Type II or I queries may improve the recall rate to the detriment
of the precision rate, the Type III query always gives a recall rate above 0.6 while keeping
the precision rate above 0.8.
However, as the searching process is based on the arrangement of the dominant homogeneous regions rather than semantic contents of images, it also suffers from the same
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limitation as low level feature-based image retrieval. It is observed that in certain classes
of images the results depend heavily on the dominant colors of the dominant objects in
the images, which could be background, foreground, or large objects. Consequently, the
retrieval effectiveness may vary with the type of application domain.

6. RELATED WORK AND DISCUSSION
The principal characteristic of our segmentation method is that it takes into account both
color similarity and spatial proximity.
Region growing is a simple and sophisticated method for image segmentation which
was proposed in a context other than content-based image retrieval [22]. Usually the performance of region growing methods suffers from noise in the image and therefore the
segmentation result becomes inaccurate. This fact led us to apply the region growing
method to an image divided into quadrants and base our pixel aggregation on dominant
colors with 3-neighbor pixels. On the characteristics of a pixel and its neighborhood, several criteria based on spatial similarity can be used to decide whether a pixel belongs to
a homogeneous region. These criteria can be defined from local or global considerations.
In our approach we have used the neighborhood homogeneity criterion based on color
homogeneity which corresponds to a local comparison between adjacent pixels and its
neighbors.
Most color quantization processes use techniques based on thresholding color histograms
without taking into account contextual information relative to spatial repartition. The results
obtained usually do not corroborate to visual judgment. Note that this thresholding can also
be viewed as a classification problem for which discrimination rules are required such as
the separation of classes (i.e., variance between classes is maximal) and the homogeneity
of classes (i.e., local variance is minimal). This problem is one of the most important in
color data analysis in that there is no order relation between colors and the visual perception
which is very sensitive to color differences [23].
Components segmented by a simple connected components method [24a] are regions
obtained by aggregation of directly connected neighbor pixels. Therefore, each component
is only composed of pixels which are connected to each other. Our region growing technique
appears as a more general segmentation technique. Because of the threshold ρ leading to the
consideration of pixels within a certain distance, a homogeneous region can comprise both
connected and unconnected close pixels which are neighboring by their distance from/to
each other and which share the same criterion of color homogeneity. In fact, such a homogeneous region is composed of separate close connected components in the sense of a
simple connected component method.
The advantage of our method is that it enables us to take account of the neighborhood
between the connected components directly during the segmentation process and to avoid
other passages to link these components. Moreover, our method enables us to extract homogeneous regions from an arbitrary cloud of points which are not necessarily linked, as
this is often the case for textured images.
In our current implementation, the color homogeneity is based on the RGB space, which
has its well-known drawbacks. The RGB space is a color representation sensible to light
effects; for instance, two totally different colors may be considered more similar than two
different shades of an identical color [24b].
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However, our technique is general. The proposed algorithm operates in RGB color
space and it can be naturally extended to other color spaces, as L∗ a∗ b∗ or L∗ u∗ v∗ uniform color spaces [25]. Nevertheless this implies computing new threshold values for these
color spaces to perform homogeneous region segmentation and in choosing an appropriate
metrics.
The use of spatial signatures enables the search of images having the same spatial arrangement of the objects as compared to the query image. In this kind of search, one is
likely more interested by the layout of the contents captured by an image rather than the
pure content itself. In addition, it is expected that two images have almost the same contents
if they have a maximum of similar dominant objects in common, without taking account
of the spatial arrangement of the objects. In the case where some objects move within an
image, the new image will be searched out close to the original query image, only using
the global color histogram comparison. The new image would be considered a closer one if
it also contains almost the same dominant objects with respect to the original query image
and still much closer if the image with moving objects follows the same spatial arrangement
of the objects within the query image. One can still refine more the searching result by also
taking account of object sizes as well as their positions.
Thus, the use of a spatial signature makes it possible to refine queries with more precision or to specify new types of requests which, otherwise, would be impossible, for
example, finding out all the images in which one has a large red object on a small green
object. It can be used directly as a signature of similarity from which one can obtain the
close images. In our application, the spatial signatures are used to filter the answers according to a required degree of accuracy. The searching criteria allowing an increased
accuracy are first color histograms, followed by the number of dominant objects, then
simple spatial signature, and the spatial signature enriched with object size and
position.
Our search engine is designed to handle with heterogeneous image databases. Consequently, features extracted from images may be very different. In order to decrease the
computation complexity without losing the accuracy of the search result, we have used
several appropriate thresholds to limit the expansion and the growth of characteristic. For
starters we consider a region as a homogeneous object only if its size, i.e., the number
of pixels, exceeds a threshold. In our current implementation, a homogeneous region is
kept after the region growing process if its size represents at least 0.5% of pixels of the
entire image. For less than 0.5% of an image, the region is a detail, which is not visually insignificant. On the other hand, in order to have a reasonable size of the SRG
capturing the spatial relationships of objects within an image, we have limited the nodes
to the first 30 dominant objects. Thus, only the spatial relationships of these objects are
memorized for the search engine. The experiments that we have drawn show that this
threshold is rather a good compromise between the search accuracy and efficiency consideration.

7. CONCLUSION
In this paper we introduced several techniques which characterize color homogeneous
objects and their spatial relationships for an efficient content-based image searching. We
presented a region growing technique for efficient color homogeneous objects segmentation
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and extended the 2-D string to an accurate description of spatial information and relationships. Several optimizations, including dominant color histogram clustering, have also been
proposed to an efficient search engine implementation. The experimental results that we
have drawn so far show that our content-based image searching techniques gives a high
precision while keeping a very good recall rate.
Our method emphasizes several objectives in order to improve content-based image
retrieval, such as:
• automated extraction of localize coherent regions and visual features
• querying by both feature and spatial information
• development of techniques for fast indexing and retrieval.
Currently we have been working on the extension of our search engine to include other
visual features such as textures and simple forms. We have also applied our technique for
moving objects’ tracking in video.
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