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ABSTRACT
In any CBIR system, visualization is important, either to
show the final result to the user or to form the basis for
interaction. Advanced systems use 2-dimensional similar-
ity based visualization which show not only the informa-
tion of one image itself but also the relations between im-
ages. A problem in interactive 2D visualization is the over-
lap between the images displayed. This obviously reduces
the search capability. Simply spreading the images on the
screen space will not preserve the relations between them.
In this paper, we propose a visualization scheme which re-
duces the overlap as well as preserves the general distribu-
tion of the images displayed. Results show that an effective
balance between display of structures and limited overlap
can be achieved.

1. INTRODUCTION AND RELATED WORK

Every image retrieval system has a visualization step either
to display results or to allow users to interact with the im-
ages. Visualization is essential to help the user to gain better
understanding of the data in order to give meaningful feed-
back. Similarity based visualization of an image database
does not simply display images on the screen at random po-
sitions, but aims at showing the relations between the im-
ages in the database.

In literature, the work on similarity based visualization
in CBIR can be classified into two main categories. The
first one is referred to as 1D visualization, the most common
way used in CBIR systems. In such methods, the images are
listed to the user based on some pre-defined criteria such as
degree of similarity to a given example. Examples of this
category are described in [6]. However this way of visual-
ization can only be used if one has an example to begin with.
Furthermore, it does not support the user in understanding
the distributions of the database as the relations between the
images are ignored.

The second class are the recently developed systems with
2D visualization [2], [4], [5]. In [5], it is argued that visual-
izing images in 2D is essential to bridge the “semantic gap”

[6] as the meaning of an image does not depend only on the
image itself but also on the context of other images. In this
category, the images are displayed in a screen to show the
relations between them. Since the 2D visualization shows
the relations between images in clusters, this helps the user
in concentrating on the right groups of images. Visualiza-
tion in higher dimensions is also considered [3]. In this pa-
per, we focus on the 2D visualization.

To show images on the screen, we have to find a suitable
method for mapping data from the high dimensional feature
space to the 2D screen. Most of the methods for dimension
reduction in literature are meant for point sets. When such
a method is applied to a set of images, the images displayed
will partially or fully cover one another. This is emphasized
due to the fact that images tend to form clusters in feature
space. The overlap reduces the search capability, and in-
troduces the possibility of missing images when they are
overlapped by another image. For example, when there are
outliers in the systems, images far from all other images,
the remainder will build up a crowded cluster which is dif-
ficult for the user to interact with. To increase the view,
the overlap between images should be considered. It should
be noted here that this is also very relevant for display on
PDA’s as screen space there is very limited.

Randomly spreading images over the visualization space
will break the general relations between them. In this paper,
we propose a new method satisfying the following criteria.
First of all, the set of displayed images should show a gen-
eral overview of the whole dataset. Secondly, when map-
ping data from high dimensions to 2D, the original structure
of the data in high dimensional space should be preserved.
Finally, the selected method should reduce as much as pos-
sible the overlap thus making optimal use of the screen space.
The paper is organized as follows. In section 2, we give a
detailed description of our approach. Section 3 presents our
experimental results to demonstrate the effectiveness of the
method.



2. OUR APPROACH

2.1. Dissimilarity matrix: a distances preservation method

The main purpose of visualizing a set of images in a 2D
space is to preserve as much as possible the intrinsic rela-
tions between images, as well as to give the user the best
visualization to interact with. Now given a set of N images,
assume each image I has a set of features F = {f1, f2, · · · , fF}.
The result of image comparisons is a matrixD = (dij)N×N ,
where dij is the dissimilarity between image i and image j.

In high dimensional feature space, the data generally has
a nonlinear structure. However, in literature, most methods
use a dissimilarity matrix based on Euclidean distance or
histogram intersection [6]. Hence, they ignore the intrinsic
structure of the data given in the high dimensional space.
In order to keep the data structure, we employ the IsoMap
algorithm [7]. In this method, the inner relations between
all objects in the data are taken into account. With given D,
a neighborhood graph G is first built using k nearest neigh-
bors. This graph determines for each object i its neighbors
and defines:

d∗ij(G) =

{

dij if j is neighbor of i,

∞ otherwise.
The next step redefines the similarity values. Between ob-
ject i and j, a shortest path in G is calculated using Dijkstra’s
algorithm which defines a new dissimilarity value:

d∗ij(G)
Dijkstra
−→ d′ij(G).

Figure 1 shows an example of the advantage of the IsoMap
method. The left image shows an example of data in high di-
mensional space. For a normal distance computation, such
as Euclidean distance, the nonlinear manifold of the dataset
as shown in the right image is ignored. This means points
far from each other along the manifold can yield short dis-
tances. As we want to preserve the real distances between
data points in the high dimensional space, the IsoMap algo-
rithm in the right image will obtain distances following the
structure of the manifold.

Isomap algorithm:

redefine distance as shortest

path in neighborhood graph

High dimensional feature
space with redefined distance

Example of high
dimensional feature space

Figure 1: Example of redefining dissimilarity between ob-
jects using IsoMap algorithm

2.2. Finding 2D visualized positions

When mapping from a high dimensional data space to a
lower dimensional representation space, an exact match be-
tween the data driven distances and the screen distances in
general is impossible. Methods choose different data char-

acteristics to preserve. Examples are using distance preser-
vation [4], variance preservation [2], and neighbor preser-
vation [1].

As stated above, the overlap between images in visual-
ization space should be reduced to increase the search ca-
pability. It is not just that simple to spread images over the
representation space as the relations between them in high
dimensional space should be taken into account. This will
not preserve distance but for visualization structure we be-
lieve neighbor preservation is more important. For example,
if the dij = 2 × dik in the high dimensional space, the dis-
tance between i and j does not have to be twice as large as
long as it is larger than the distance between i and k in vi-
sualization space. This leads us to the choice of using SNE.

2.2.1. SNE: a neighbor identities preservation method

Given a dissimilarity matrix D = {dij}. For each object,
the SNE method [1] computes the probabilities that it would
take others to be its neighbors P = {pij}:

pij =
exp

(

−d2

ij

2σ2

i

)

∑

k 6=i exp
(

−d2

ik

2σ2

i

) . (1)

with pii = 0 and Gaussian neighborhood σi is set by hand.
In the screen space, each object is represented as a point.
First, the SNE initializes all points in random positions on a
2D screen {yi}

N
i=1

. The induced probability Q = {qij} is
then calculated for each pair of points:

qij =
exp (−||yi − yj ||

2)
∑

k 6=i exp(−||yi − yk||2
, qii = 0.

Finally, using the Kullback-Leibler distance between two
probability distributions P and Q, the SNE aims at mini-
mizing the following function:

C =
∑

i

∑

j pij log
pij

qij
.

2.2.2. Optimizing the visualization results

Because the original SNE concentrates on local relations be-
tween points, points with very small probabilities will be
kept far away from the rest. As the size of visualization
space is fixed, the rest will build up crowded clusters, this
would not be a good choice for the user to interact with.
We identify the steps which can be changed in order to im-
prove the overall results. More precisely, this improvement
aims at spending as much as possible of visualization space
to represent data, as well as reducing the overlap between
points.

The first modification is in the initialization step. As de-
scribed above, this method depends on the initialized points.
In [1], points are initialized randomly around the origin.



However, this way of visualization does not use the visual-
ization space optimally. Furthermore, this makes the result
of 2D visualization dependent on the initialization. There-
fore, we propose a way of setting up the initial positions for
all points.

From equation (1), we have a matrix of probabilities
P = {pij}, where ∀i,

∑

j pij = 1.0. We find a pair
of points k and l with minimum values of probability pkl.
This means point kth and lth are furthest from each other.
Those two points are placed in screen space along a mean
line where the distance between them is taken from D. We
have:

{

yi = (0, dkl

2
)

yj =
(

dkl,
dkl

2

)

.

The remainder are initialized along the line based on the
sorted distances in the graph G to k and l. Since the SNE
tries to match the two distributions P and Q, during the pro-
cess of adjusting positions, those two points always remain
with the longest distance. As we initialize them in two fur-
thest positions in visualization space, we guarantee that the
data will be able to cover V as much as possible.

The other modification to SNE aims at reducing the over-
lap. In the original SNE, if there exists a point k such that
the summation of all probabilities that other points would
take k as their neighbor

∑

j pjk is very small, the method
will keep point k far from the rest. The remainder will build
up crowded clusters.

Assume point k is far from the rest. To reduce the dis-
tances between k and i 6= k, the probabilities value pki

should be increased. As the
∑

j pjk = 1 = const, to in-
crease value pkt with ε, where ε is a small value added to
increase the probability. This will reduce pkl for l 6= t. On
the other hand, in order to keep the neighbor identities, the
general relations between points should be preserved. This
means if pkt < pkl then pkt + ε < pkl. This way of chang-
ing is very complicated. We decide to change the values of
pii for all i = 1, · · · , N . By changing the value pii we can
adjust point i around its current position.

Now, assume pii = λ, since the total of probabilities is
1.0, increasing the value of λ will reduce the remaining pij

with scale (1 − λ) where λ ∈ [0, 1], j 6= i. This will push
other points around i further from it. This means that all the
points are more separate from each other. Clearly as keep-
ing neighbor relations and reducing overlap are conflicting
criteria, λ defines a parameter for balancing the two.

2.3. Giving an overview of the database

In an interactive image search process, to let the user define
search queries, the system first shows some images to the
user. The user then selects the ones that are close to what
he/she is looking for. This step can be done randomly or
based on some predefined criteria to choose a set of images

to be displayed. Randomly selecting images from a large
image set is not a proper way as the displayed set of images
will not be able to cover all the possibilities of the dataset.
Therefore, we use the k-means cluster algorithm in order to
classify the dataset into m clusters. This process takes the
features of all images. Each image will be represented as a
vector of feature values. The k-means algorithm is then ap-
plied using the dissimilarity matrix. After this, the current
dataset is divided into m groups of images. In the visualiza-
tion process, a set of m images is displayed to the user each
time. This assures that the user can have some ideas of how
the dataset is distributed.

Our complete method is described as shown in figure 2.
In the next section, we show some experimental results of
our approach.
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Figure 2: Combination scheme of the proposed 2D visual-
ization with user interaction.

3. EXPERIMENTAL RESULTS

In our experiment, we use a dataset of 5000 keyframes which
is extracted randomly from a very large video database. The
Lab color histogram is used as feature (32 bins for each
color channel) for each keyframe. Similarity values are
based on histogram intersection. In the similarity calcula-
tion step, the IsoMap is used to redefine the dissimilarity.
The matrix D is used as input for the SNE algorithm. The
initialization of SNE is as mentioned above.

In the experiment, we test with λ in [0, 1]. If λ = 0
the method is the original SNE, which means the neighbor
preservation is maximum. If λ = 1, all pij = 0, j 6= i,
hence there will be no neighbor preservation, all points are
pushed far away from others. This means the viewing area
of data in screen space reaches its maximum. In figure 3,
we show the relation between viewing area and neighbor
preservation for varying values of λ. The neighbor preser-
vation cost is taken from [1]. The overlap is the sum of all
the area one image is covered by the others.

Figure 4 shows some results, which compare the result
using the proposed method with λ = 0 (left images), λ =
0.1 (middle images), and λ = 1.0 (right images) in case of
50 and 500 images. From the results, it is observed that with
changing λ the overlap can be reduced. However, when
increasing λ the structure of the data is lost. With λ = 0.1
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Figure 3: The changing of overlap and neighbor preserva-
tion cost value by adjusting value of λ in case of showing
50, 100, 500 images.

we observe that the general relations between images are
preserved, while the overlap between them is significantly
reduced.

Since the visualization space is fixed, increasing the num-
ber of displayed images will reach to the limitation of screen
space. Let us assume that an image is called viewable if its
visible area occupies k% of the image. Every displayed im-
ages has the same size of w and h, and the visualization
space has size W and H. The maximum number of images
that the proposed method can afford to reduce the overlap
will be H×W

h×w
k. In fact, if there are too many images dis-

played it will be confusing for the user. Hence the number
of displayed images should be chosen such that it is suffi-
cient to represent the dataset as well as suit for interaction.

4. CONCLUSION

In this paper, we have discussed an improvement in visual-
izing data in CBIR systems. 2-dimensional visualization
is good in showing relations between images. However,
the problem of overlap limits the capability of searching.
The original SNE method preserves the neighbor identities
which can show the data in 2D without losing their neigh-
borhood. By adjusting some factors of the methods, we can
represent data in lower dimensions which still has the ad-
vantage of SNE and solves the problem of overlap. IsoMap
is used as a tool to redefine the dissimilarity matrix, since it
takes into account the intrinsic structure of data in high di-
mensional space. The combination of those two gives better
visualization result in the sense that it is able to keep general
relations between images, while the overlap between them
is reduced remarkably.

Figure 4: Results of visualizing 50, and 500 images in 2D
space. From top down are results with original λ = 0, λ =
0.1, and λ = 1.0.
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