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ABSTRACT
This paper presents two new primitives for representing
the content of a video in order to be used in a Content-
Based Video Retrieval System. The techniques presented
here compute first a multiresolution representation using
the Haar transform. Two types of signatures are extracted
afterwards, one based on multiresolution global color his-
tograms and the other one based on multiresolution lo-
cal color histograms. The tests performed in the exper-
iments include the recall measure achieved with the pro-
posed primitives using a database composed by 62 videos
with 817 shots.
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1 Introduction

The technological evolution of communication sys-
tems and the degree of maturity achieved in so different
areas such as signal processing, databases or computer vi-
sion, has brought about the proliferation of information
systems whose objective is the efficient storage and man-
agement of large amounts of multimedia data [1, 2, 3].

In this type of systems it is very important to search
for information as a function of its content. The extended
use of digital video and the need of an efficient manage-
ment have given rise to Content-Based Video Retrieval
Systems1 [4, 5, 6, 7, 8]. The main purpose of this type
of systems is to extract some kind of information that sum-
marizes the video content as much as possible.

The process of extracting the video content can be
usually decomposed in two basic steps:

• A time segmentation stage that allows the identifi-
cation of meaningful units, like shots, episodes or
scenes.

1CBVR from now onwards.

• A content analysis stage aiming to characterize re-
gions, objects and movement over each one of the
computed video shots [9].

In this paper we propose new signatures to represent the
content of video data once we have previously made a
segmentation process (described in [10]). Once the video
has been temporaly segmented in elemental unities named
shots, we summarize the shot contents in a representative
frame named key frame. The signatures collect multireso-
lution color information of the key frames extracted from
the segmented shots.

2 CBVR system overview

Two main aspects must be considered in order to im-
plement a CBVR system:

• The way video content is represented.

• What kind of queries are allowed in the system.

We will discuss both aspects in the following sections.

2.1 Video signature generation

As mentioned above, there is a process where the
video content is summarized in a symbolic representation
named signature. Once the video is segmented in shots, the
content of each shot is processed to generate a set of con-
catenated symbolic representations, one per detected shot,
that composes the whole video signature. There is no gen-
eral agreement on the way key frames should be selected,
so several approaches can be followed [4, 9, 11, 7, 8]. Some
authors choose the first frame, the last one, or one of the
inner frames randomly selected. Another approach is to se-
lect the key frame taking into consideration low level fea-
tures extracted from the central frames.



In our case, we have chosen to make an automatic
extraction of the key frame computing the differences be-
tween consecutive frames and selecting as the key frame
the one that is the minimal of the whole sequence of dif-
ferences inside the shot. This strategy has the advantage
of being a complementary criterion of the shot detection
process, so both computations can be done in a single step
[10].

2.2 CBVR system operation

When the user introduces a query in a CBVR system,
the result from the search is a list ordered according to the
level of similarity of its signature with the signatures stored
in the video database. This list contains the best n matches
of the query. CBVR systems accept two different inputs
taking into consideration the nature of the data involved in
the query: static images and sequences of images that com-
pose a shot extracted from a video. The problem of video
matching, defined as the process that allows the compari-
son between pairs of video sequences, is far away from the
scope of this paper.

In the first case, the problem to be solved consists
on finding the video that best matches the searched frame,
comparing the signature from the query with respect to the
signatures of the key frames extracted from the database.
The output of the system can be a sorted list of the n most
similar key frames. When dealing with shots as input data,
a preprocessing step is required in order to extract the key
frame of the query. Then, it will be compared against the
video database signatures in a similar way to the frame
case. In both cases the user can select the detail of the out-
put: video or shot level. At video level, the system shows
only the video key frame, achieving only one key frame per
video, but at shot level, the system returns a key frame per
shot. In this case, it may appear several frames belonging
to the same video.

Should the users then consider the search result to be
unsatisfactory, they may select as a new input one of the
displayed key frames which is most similar to the original
query and then restart the retrieval process. Figure 1 depicts
a scheme of the whole process. In both cases, the classi-
fication method used in the matching process has been a
minimum distance classifier [12].

3 Description of the wavelet based signatures

The development of the wavelet transform theory
has spurred new interest in multiresolution methods and
has provided a more rigorous mathematical framework.
Wavelets give the possibility of computing compact rep-
resentations of functions or data. Additionally, they allow
variable degrees of detail or resolution to be achieved, and
they are attractive from the computational point of view
[13, 14, 15].

The features selected to represent the content of

the key frames are color multiresolution histograms [16].
These histograms are computed over the analysis coeffi-
cients of the wavelet transform for each color channel of
the multiresolution representation. The purpose of these
features is to define a primitive that represents the color in-
formation of the original frame at different resolution lev-
els.

Two complementary approaches have been tested:
global and local multiresolution histogram computation.
For the global approach, we extract the histograms from
the analysis coefficients at each step of the key frame Haar
transform over each one of the three color channels. In
order to fuse the information proceeding from each resolu-
tion level, we propagate the values computed at the lower
levels weighting this values by a factor that depends on the
considered resolution level:

h(k){R,G,B} =
1

k

∑

x,y

I
(i)
{R,G,B}(x, y) · 4j−i (1)

∀ (x, y) | I
(i)
{R,G,B}(x, y) = k, k = 0, . . . , 255,

being I
(i)
{R,G,B} the analysis coefficients of the transformed

image at resolution level i, j the resolution level of the orig-
inal image and (x, y) the coordinates of each coefficient.
The expression of the computed histograms is

ĥ(k) =
h(k)

n
(2)

where n =
∑

k h(k). Figure 2 shows an example compar-
ing color histograms of a key frame and the multiresolu-
tion color histograms of the same frame. A visual analysis
shows an offset of the multiresolution distribution around
the mean value and an enhancement of the peaks for each
color channel. The comparison of histograms from differ-
ent key frames is done computing the area of the histograms
intersection.

Local histograms are computed in order to increase
the level of description detail and the discrimination power
achieved by the global histograms. In this case, the origi-
nal key frames are divided into 9 non-overlapping regions.
This produces a 3 × 3 lattice of adjacent cells which mul-
tiresolution histograms are computed in. The comparison
between two key frames is done accumulating the similar-
ity measure achieved by each color histogram for the nine
region couples, i.e., 27 histograms.

Once the histograms have been computed for each of
the video key frames, we have available all the information
to generate the video signature. This signature is specified
using the standard description language XML2. An XML
file describing the signature of a video will include the fol-
lowing items:

• Video file name.

• General features like width and height of the frames,
number of frames, etc.

2eXtensible Markup Language
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Figure 1. CBVR system operation.

• A list of the files keeping the key frames signatures.

• Finally, a list of video shots with the ordinals of both
ends of the shot and the corresponding key frame.

A more detail description of the structure of this file can be
found in [17].

4 Experimental Results

4.1 Experiments Setup

The main goals of the tests are to measure and analyze
the recall value of the implemented signatures making both
video and shot retrieval.

The recall is being accepted as one of the standard
measures of performance. It can be defined as the ratio of
relevant items retrieved in a query [2, 18, 19]:

Recall =
No. of relevant items retrieved
Total relevant in the collection

(3)

The tests have been performed using a database com-
posed by 62 general AVI videos. On a first stage, the videos
have been manually segmented in 817 shots. Then, a frame
has been randomly extracted from each segmented shot,
developing a test set of 817 well-known classified query

frames. Finally, we have computed the response of the sys-
tem for each one of the 817 frames at video or shot level
output.

When dealing with the system evaluation it has to be
noticed that it is very difficult to compare results from dif-
ferent retrieval systems. On one hand, the absence of a
unified test set makes it impossible to check the system
herein presented against different approaches from the lit-
erature in the same conditions. On the other hand, there
are promising attempts in this way, like TRECVID [20].
TRECVID distributes among its participants a previously
classified test set, but it has not been available for check-
ing the primitives described above at the present moment.
Anyway, the TRECVID project is mainly focused on in-
teractive retrieval, preventing a direct comparison with the
fully automated approach presented in this paper.

4.2 Results analysis

Figure 3(a) shows the accumulated recall value
for the implemented signatures —global multiresolu-
tion histograms (labeled Global histo.), and local
multiresolution histograms (labeled Local multires.
histo.)— at video level, and Figure 3(b) presents the re-
sults achieved at shot level. The information represented
by each curve of the Figures is the percentage of test set
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Figure 2. Comparison between color and multiresolution color histograms.

videos or shots which are placed up to the given position
when a query is made. The abscissa axis shows the posi-
tion obtained by the arrangement which produces the re-
sult of the query. The ordinate axis shows the accumulated
frequencies histogram of the percentage of objects placed
in a position up to that one pointed by the abscissa value.
The values from Figure 3(a) are computed considering as
the output value the minimum matching from all the key
frames that compose the video signature.

Looking at Figure 3, it is possible to deduce that this
solution achieves a high degree of success for both primi-
tives, but local multiresolution surpasses global multires-
olution histograms, achieving the 90% of the queries at
video description level on first position, while at shot level,
this value is achieved considering that the correct shot is
included in a set composed by 4 elements.

5 Conclusions and future work

In this paper, new multiresolution primitives for video
content based retrieval have been presented. The primi-
tives have been tested on a video database which contains
62 general thematic videos and 817 manually segmented
shots. A remarkable feature of the implemented primitives
are their good recall results.

Further research will take into consideration the prob-
lem of comparing pairs of video sequences, usually re-
ferred to as video matching. Another important point will
be to provide the system with the capability to combine the
described primitives with different new ones. Finally, par-
allel implementations of the studied primitives will also be
considered.
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(a) Video level.
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(b) Shot level.

Figure 3. Recall measure. The abscissa axis represents the position obtained by the result of the query. The ordinate axis shows
the accumulated frequencies histogram of the percentage of objects placed in a position up to that one pointed by the abscissa
value.
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