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We are interested in content-based image retrieval in
general image databases. The query is an image (LFRQLF

VHDUFK), and the retrieved images should be VLPLODU to the
query. Since high-level concepts (objects, feelings, etc.)
cannot be extracted automatically from the image without
specific knowledge, we use an LPDJH�VLPLODULW\ based on
low-level features (such as color, texture and shapes).

To allow fast querying, an image is “summarized” by a
set of features, the LPDJH� LQGH[. *OREDO� IHDWXUHV give
information about the image as a whole [1,2].�The use of
ORFDO�IHDWXUHV is an interesting alternative, since it leads to
an index based on local properties of the image. This
approach is also attractive for sub-image search.

The feature extraction is limited to a subset of the image
pixels, the LQWHUHVW�SRLQWV, where the image information is
supposed to be the most important [3,4,5,6]. This paper
focuses on the selection of points that are significant to
compute features for indexing.

Corner detectors are commonly used for indexing [3,5].
Corners are usually defined as points where gradient is

high in multiple orientations. This definition leads to
corner detectors based on local derivatives [7,8,9].
Another approach is based on local neighborhood
properties [10,11].

Corner detectors, which are designed for robotics or
shape recognition, have drawbacks when applied to
various natural images for image retrieval.

9LVXDO� IRFXV� SRLQWV� QHHG� QRW� EH� FRUQHUV� visual
meaningful feature is not necessarily located in a corner
point. For instance in Figure 1, the fox fur is too smoothed
to be detected as a corner.

(a) Fox image (b) 100 corners (Harris)

Figure 1. Image with smoothed edges

&RUQHUV� PD\� JDWKHU� LQ� VPDOO� UHJLRQV� in various
natural images, regions may well contain textures (trees,
shirt patterns, etc.), where a lot of corners are detected (FI�

Figure 2). To limit the indexing computation time, the
number of points is preset. Most of the corners are in the
same textured region.

(a) Dutch image (b) 100 corners (Harris)

Figure 2. Image with texture in the Dutch dress

With corner detectors, both examples lead to an
incomplete representation, where some parts of the image
are not described in the index.



For these reasons, corner points may not represent the
most interesting subset of pixels for image indexing.
Indexing points should be related to any visual
“interesting” part of the image, whether it is smoothed or
corner-like. To describe different parts of the image, the
set of interesting point should not be clustered in few
regions.

From now on, we will refer to these points as VDOLHQW

SRLQWV, which are not necessarily corners. We will avoid
the term LQWHUHVW�SRLQWV,�which is ambiguous, since it was
previously used in the literature as FRUQHU. Wavelet
representations, which express image variations at
different resolutions, are attractive to extract salient
points.

Previous point detectors make use of multiresolution
representation. Chen HW� DO� consider two different
resolutions to extract corners [12]. In image retrieval
context, contrast-based points are extracted in [4].
However, a lot of points are also extracted in textured
regions because these regions are contrasted. Points are
extracted with a specific wavelet in [6]. But since only a
given scale is used, different resolutions features cannot
be detected.

�� )URP�ZDYHOHW�WUDQVIRUP�WR�VDOLHQW�SRLQWV

The wavelet transform is a multiresolution
representation that expresses image variations at different
scales. For wavelet theory, see [13]. For wavelet
description and algorithms, see [14].

A wavelet is an RVFLOODWLQJ�and�DWWHQXDWHG function (its
integral is equal to zero). We study the image I� at the
scales (or resolutions) ½, ¼, … 2

�
��M∈ = and M�≤ -1. The

wavelet GHWDLO� LPDJH I: �
2

 is the convolution of the

image with the wavelet function dilated at different scales.

(a) Cameraman image (b) Haar transform

Figure 3. Haar transform

Here we consider RUWKRJRQDO�ZDYHOHWV, which lead to a
complete and non-redundant representation of the image.
A wavelet can also have a FRPSDFW� VXSSRUW: its value is
zero outside a bounded interval. The simplest orthogonal
compactly supported wavelet is the Haar wavelet, which is
the discontinuous crenel function. Daubechies discovered

wavelets, with any regularity� S > 1, that are also
orthogonal and compactly supported [15].

6DOLHQW�SRLQW�H[WUDFWLRQ
The wavelet representation gives information about the

variations in the signal at different scales. In our retrieval
context, we would like to extract salient points from any
part of the image where “something” happens in the signal
at any resolution. A high wavelet coefficient (in absolute
value) at a coarse resolution corresponds to a region with
high global variations. The idea is to find a relevant point
to represent this global variation by looking at wavelet
coefficients at finer resolutions.

Since we use wavelets with a compact support, we know
from which signal points each wavelet coefficient at the
scale 2

�
 was computed, and we can study the wavelet

coefficients for the same points at the finer scale 2
�����

.
Indeed there is a set of coefficients at the scale 2

�����

computed with the same points as a coefficient )(
2

QI: �
at the scale 2

�
. This occurs because of the compact

support of the wavelet (see [16] for details). We call this
set of coefficients the FKLOGUHQ� ( ))(

2
QI:& �  of the

coefficient )(
2

QI: � . The children set in one dimension2

is:

( ) { }1222),()( 122
−+≤≤= + SQNQNI:QI:& �� ,

0 ≤ Q < �
�
1 (1 is the length of the signal).

Each wavelet coefficient )(
2

QI: �  is computed with

S
�−2  signal points. It represents their variation at the

scale 2
�
. Its children coefficients give the variations of

some particular subsets of these points (with the number
of subsets depending on the wavelet). The most salient
subset is the one with the higher wavelet coefficient at the
scale 2

�����
, that is the maximum in absolute value of

( ))(
2

QI:& � . In our salient point extraction algorithm, we

consider this maximum, and look at its highest child.
Applying recursively this process, we select a coefficient

)(12
QI: −  at the finer resolution ½ (FI� Figure 4). Hence,

this coefficient only represents 2S signal points. To select
a salient point from this tracking, we choose among these
2S points the one with the highest gradient. We set its
VDOLHQF\� YDOXH as the sum of the absolute value of the
wavelet coefficients in the track:

( ) 1,20,)( max

1
2
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2 For clarity we use one-dimensional signals. Extension to two

dimensions and signals with length not restricted to a power of
2, in addition to algorithm complexity, are discussed in [16].



The tracked point and its saliency value are computed
for every wavelet coefficient. A point related to a global
variation has a high saliency value, since the coarse
wavelet coefficients contribute to it. A finer variation also
leads to an extracted point, but with a lower saliency
value. We then just need to threshold the saliency value,
in relation to the desired number of salient. We first obtain
the points related to global variations; local variations also
appear if enough salient points are requested.

(a) 100 Haar salient points (b) Tracked coefficients

(c) Spatial support of tracked coefficients

Figure 4. Salient points extraction

How to choose the wavelet for salient point extraction?
Haar is the simplest wavelet function, so the fastest for
execution. Some localization drawbacks can appear with
Haar due to its non-overlapping wavelets at a given scale.
This drawback can be avoided with the simplest
overlapping wavelet, Daubechies 4. However, this kind of
drawback is not likely in natural images.

�� ([DPSOHV

The salient points detected with the Haar transform are
presented for the images used in Figure 1 and Figure 2 (FI�

Figure 5). For each image the detected points are
superimposed on the original image to evaluate salient
points location.

Salient points are detected for smoothed edges (FI�

Figure 5.a) and are not gathered in textured regions (FI�

Figure 5.b). Hence they should lead to a more complete
image representation than corner detectors. Similar
behavior can be observed with Daubechies 4 wavelets.

Repeatability of the detection under typical alterations is
a common evaluation criterion for corner detectors.
Repeatability of our detector is comparable to other
detectors. However this criterion may not be relevant in

our context, because features stability is more important
than geometric stability for image retrieval.

(a) 100 Haar salient points for the Fox image

(b) 100 Haar salient points for the Dutch image

Figure 5. Haar salient points examples

�� (YDOXDWLRQ�IRU�LPDJH�UHWULHYDO

The best way to evaluate points detectors for image
retrieval is to compare retrieval results obtained with each
detector. The retrieval system is constituted by the
LQGH[LQJ (points extraction and computation of local
features to build image indexes) and the TXHU\LQJ (based
on a similarity measure between indexes).

Different retrieval systems and image databases are
used in [16] to compare points detectors. Here we present
results with an image retrieval system based on texture
features [17]. Gabor features are computed for regions
around the extracted points for different scales and
orientations. Maximum amplitudes are used to build a set
of histograms, which is the image index.

We use a database of 1505 various natural images. Each
image belongs to an instinctive category (animals,
flowers, landscapes, buildings, cities…). Very
heterogeneous categories and images too different from
the rest of the category are removed from the testset.
Finally, we have a testset of 577 images in 9 classes.

We present the recall-precision graph, computed from
different numbers of return images Q. The system retrieves
U images that belong to the same class & as the query
(U ≤ Q). There are 1 �   images in the class & of the query.
Then QU3 /=  is the precision and �1U5 /=  the recall

for this query. We use each testset image as a query, and
use the average recall and precision for the graph (FI�

Figure 6).
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Figure 6. Retrieval results

We observe wavelet-based salient points perform better
than other detectors for these features and this database.
Random points are also used in the experiment: we
randomly select points, and compute the Gabor features
around these points. Their good result can be explained by
their spreading in the image. For that reason they lead to a
more complete representation of the image than some
detectors. Obviously, the random points are very unlikely
to be located in corners or edges point, but they are spread
enough to represent these variations in the index. Good
result of random points for indexing was observed with
other databases and other local features [16]. These
experiments show that the points spreading can be as
important as the points location for image indexing
(depending on the features). However, wavelet-based
salient points, which are simultaneously spread and
located, perform better than random points.

�� 'LVFXVVLRQ

We presented a salient point detector based on wavelets.
The wavelet-based salient points are interesting for image
retrieval, because they are located in many visual features
(whether they are corner-like or not), without gathering in
textured regions. We presented a retrieval experiment with
Gabor features.

We used the Haar transform for point extraction, which
is simple but may lead to bad localization. Daubechies
wavelets avoid this drawback, but are not symmetric.
Since orthogonality is not required in our approach, we
could extend it to other wavelets that are compactly
supported and symmetric.

Since points performance for indexing depends on the
image database, detector choice for a specific database
should be investigated, as well as random points relevance
for local features extraction.

Wavelets are also attractive to extract image features for
indexing. These local features would be more related to
our salient points.
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