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Abstract 

This paper presents the iARM sysfem for contenf- 
based video retrieval in the interactive framework 
This system explores a new model-based video 
indexing technique fo improve effectiveness of 
relevance feedback to make interactive video retrieval 
a user-friendly environmenf. The system emphasizes 
the accuracy in modeling spafio-temporal information 
in a video clip, so that relevance feedhack analysis 
needs only a few cycles and a few fraining samples, 
which greatly reduce the search time for video 
transmissions over the network We investigate the 
resilience of the system, and apply the interactive 
content-based retrieval method to an automafically 
indexed database of 20 hours of video. 

1. Introduction 

7he emerging of MPEG-7 multimedia content description 
standard allows “interoperable” content-based retrieval with 
a rich set of standardized tools. By using MPEG-7 XML 
documents, multimedia search, browsing, filtering, and 
retrieval can he possible on any platform, and any device 
such as a Pc workstation, set-top box. and cell phone. 
However, it remains an open research issue since MPEG-7 
does not standardize methods for extracting descriptors, 
searching and evaluating the results. Recently, there exist 
two main streams of research in indexing and retrieval. The 
first is the concept-based retrieval that takes the usefulness of 
descriptors to detect key-words and semantic concepts, by 
intelligent machine leaning techniques [l]. The second is the 
development of interactive retrieval to bridge the semantic 
gap, which is the central study of this work. 

Many years of researches on interarrive retrieval have 
been focused on image database applications [2]-[4], while 
only limited progress has been made for video database 
applications [.51-[7]. In many contempomy interactive 
systems. the challenging issue is to reduce user workloads: 
the systems aim at obtaining good retrieval sets with 
minimum user feedbacks, as well as with minimum fed-back 
samples. These requirements are essential for the application 
to video data stored in a networked database. This is because 

video data is usually too large to transmit efficiently, thus it 
is difficult to apply interactive relevance feedback through 
the networks. Compared to image data, a special 
consideration is needed for interactive systems for video 
databases applications. 

In other words, in order to increase effectiveness of the 
interactive approach for video data, a specific content 
representation is required to accurately analyze its spatio- 
temporal information. This is in contrast to the popular 
technique that uses still images or a key-frame content to 
represent the video [SI. Here. the effectiveness of relevance 
feedback analysis will rely on accurate modeling of spatio- 
temporal information for better discriminant analysis in 
video content matching. 

In view of the above, this paper proposes a new video 
representation to realize accurate modeling specified to the 
time-varying nature of video data in interactive retrieval. 
Instead of relying on the content matching of a few pre- 
defined key frames, the proposed approach allows the 
differential of importance of various video frames through a 
model-based modeling technique. This also allows one to 
search a video database not only at the shot-level, hut also at 
the higher levels (e.g.. video clip), in order to employ 
narrative content retrieval of the video data. Based on 
relevance feedback analysis, this model varies the 
importance of spatio-temporal content to increase the 
performance in video ranking with a limited number of 
feedbacks and a small volume of training samples. This 
greatly reduces the user’s workload. 

In this paper, we describe and evaluate the approach for 
interactive content-based retrieval of video. We have 
implemented a web-based interactive video retrieval system, 
Interactive-based Analysis and Retrieval of Multimedia 
(iARM), which was successfully applied to the retrieval of a 
set of video clips from a video database consisting of 20 
hours of 14 Hollywood movies (results are shown in Section 
3). and can be accessed online. 

2. Interactive CBR system 

In a separate off-line process. the video content is usually 
analyzed by selecting key-frames and extracting features. In 
content-based techniques, features may he chosen from 
motion activities within a video segment, or from global 
color, local color, edge orientation, texture of the pre- 
selected key-frames. At the shot level, a single key-frame 
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may be sufficient to describe the video content. However, at 
the scene level (i.e., video clip), a number of key-frames is 
needed to yield successful retrieval accuracy [9] because of 
the high variation of video contcnts along the temporal 
dimension. To cope with this problem. we propose a video 
indexing technique to capture the variation of the temporal 
information, We map the content within the video clips into a 
pre-defined set of models. By integrating this indexing 
technique with relevance feedback. the user can obtain a 
higher-level description of the spatio-temporal content of the 
desired videos, and quickly improve the precision rate 
through interactions. 

2.1. Video content matching 

Given the original query in the form of a video clip, the 
query content is extncted to obtain a set of descriptors which 
are then matched against the target descriptors in the 
database. Traditionally, descriptors of the query’s key-frames 
are matched to the taget. However, a multi-frame matching 
method considered in [6] may help to improve accuracy of 
content matching along the temporal dimension. This method 
matches descriptors for multiple frames from the query and 
target video as shown in Figure 1. 

With the multi-frame matching procedure, there may be 
two factors to be considered in practice. First, a search 
system needs to store feature vectors for each frame within 
the video clips. Second, the content matching using multi- 
frames leads to high computational complexity. By this way, 
a content matching score between a query clip, I ,  and an 

input video clip, I ,  may obtained by: 

where q, is the feature vector of the i-th frame of the query 

video clip, and x ,  is the feature vector of the j-th frame of 

the input video. This requires Fl x F2 times of the 

complexity of the calculation of D(q , ,  x, ) 
Although the multi-frame matching approach requires a 

high compulationd complexity, it may provide a better 
analysis of spatio-temporal information than a key-frame 
indexing method. Particularly, when a video segment is 
longer than a shot, at the scene level. We adopt this principle 
to propoae a new way of video indexing and content 
matching, which is described in the following section. 

2.2. Model-based video indexing 

Model-based video indexing is based on the fact that video 
data is a sequence of images. Videos which have similar 
contents usually contained similar images, where the degree 
of similarity may depend on the degree of ‘overlapping’ or 
how often the videos refer to a similar set of images. To be 
precise, let M = {m, ,..., m, ,._., mT 1 , m E in be a set of 
models which are optimized according to some rules [IO]. 
Also let an input video interval, I ,  contain n frames, 

query frames 
1 1  r - - l  0 

target shot #I target shot # 2 

Figure 1. Content-based retrieval matches multiple query 
frames against multiple fnmes in the Farget shots 161. 

f,, fi ,..., f,, so that. a set of video descriptors can he 

generated, D, = [ ( x i ,  f;));=,, where xi is the feature 
vector of the i-th video frame. To evaluate content of the 
input video interval. each xi is projected onto M to search 

for the best match models. Similar frames f,.i E ( I ,  ...,?I] 
will be associated with a particular model that is the best 
match of x i .  In this way, similar videos will be associated 
with the same models because they contain similar frames 
whose feature vectors belong to the same class of the models. 
The video similarity is then evaluated by a statistical value 
representing how often a model m has been refereed by the 
mapping process. 

2.2.1 Template generation. The generation of the set of 
models M proceeds to two stages. In the first pass we 
prepare a training sample set by suh-sampling video frames 
from the entire video database. In the second stage, we 
determine and optimize the models m,,  f = I  ,___. T by 
competitive learning [IO]. Here, a 48-bin color histogram on 
HSV color space is used as a feature descriptor to 
characterize the corresponding video frame. Let a vector 
x = [ X ~ . . . X ~ ~ ] ’  be a color histogram feature vector. We first 

obtain a feature matrix, H = [x, ,..., x ”,..., x v  I T ,  where V 
is the number of training samples. We then associate a subset 
of samples from the row vectors in H to initialize the 
templates m, ,  f = 1 ,___, T ,  where T<<V. Let x y ,  

v s [ l , V ]  he a vector randomly selected from the row 
vectors in H. Assuming that the current vector is assigned to 
template m,. .i.e., 

I Ix ,  -m,. II<IIx, -m,  11, t = l , _ _ _ ,  T ,  fff‘ (2) 

Using competitive learning, we update the value of m,. as: 

(3) 
The learning step size e(m)  is monotonically decreased 
according to the following linear schedule: 
e(m + I) = P(O)(l-  m / m l ) ,  where m, is the total number 

of iterations. 

2.2.2 Mapping. Given a set of \,ideo descriptors, 
D, = [ ( X ~ , L . ) ) ~ = ~ ,  x ,  we define a mapping of 

Vl* + M to a Voronoi Space through 

m,. ( m  + I )  = m,. ( m )  + P(m)(x, -m,. ( m ) )  
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(4) 

( 5 )  

Rn = uy=,m,, (6) 

where RI is a region containing ‘I Voronoi cells 

neighboring the wining node m,., and is a set of 

labels associated with the Voronoi cells in R: . That is: 

I’ = argmin(l1 x, -m, I/), 

p(X,l = /,?,,,l,?,* ,..., l,?,? (7) 

where 17 . , j = 1 ,..., q are the labels of the top 7 best 

match models. Once a cell is selected, the q - I neighbors 
which have not yet been visited in the scan are then also 

included in p‘”! This allows for interpretation of the 
correlation information between the selected cell and its 
neighbors, in order to reflect correlation information between 
video frames for better analysis. 

As a result of the mapping process, p i x , ) ,  i = 1, ..., n are 
generated for the input video I .  We then obtain a T-bin 
histogram of the labels in p‘”). i = I, ..., n to measure how 

often a pmicular model m, , I E {I,..,T] has been used in 
the mapping. The resulting histogram is a statistic measure 
which we use as a descriptor. Provided that q is a small 
integer (e.g.. q = 5). highly correlated frames in the input 
video will be mapped into a small number of models, so that 
the resulting histogram is very sparse. For example, a 
histogram corresponding to a single video segment may be 
described by: 

H =  [ ( I ,  0). (2.0) ,..., (20, u),(21, b)  ,.... (25. c )  

I ., 

..... (T-1.0). (T, 011 
= [ ( i ,h , ) ] ,  i = l ,  ..., T ,  

if only the 20Lh, the 21”. and the 251h models have been used 
by the input video for a, b. and c times, respectively. 

As a result, we detine a general notation of the non-zero 
histogram as: 

(8) 
where Bin is a set of histogram bins which have non-zero 
histogram value, and hi. is the non-zero histogram value at 

the i’ -th bin. 
The sparseness of the histograms requires less storage 

space and lower computational cost for content matching, as 
compared to the multi-frame matching method (Eq. I). Here, 
the non-zero histogram values along with their associated 
indices (cf. Eq.8) are used for video representation. Thus, the 
content matching is obtained by: 

~ ( l ~ , ~ ~ ) = D ( ~ ~ , I ? ~ ~ ) = I ? ~ . I ? ~ / ( l l I ? ~  I l x I I f i ,  II) (9) 

where d, and d, are the non-zero sequences of the query 

video segment. I,, and the input video segment, I,, 
respectively. 

I?=[ ( i ’ ,hr ) l  i ’ E B i n ,  Binc{1,2 ,_.., T )  

Figure 2: A client-server software implementation of iARM 
system. 

2.3. Interactive networked retrieval system 

The proposed indexing structure can be integrated into the 
relevance feedback framework for effective retrieval. This 
structure emphasizes on the more important models and de- 
emphasizes on the less important models by addition and 
subtraction operations. In the same spirit as the relevance 
feedback technique described in [ I l l .  a new query is 
obtained by adding the relevant models and suppressing the 
irrelevant models from the set of models presented in the 
original query. The descriptor value at the i’-th histogram 
bin of a new query may be obtained as: 

hNm = hr,ou + P x h ; , p , - a x h r N I g ,  

where hi.Par and hi.Nlg are the mean of the i‘-th component 

of the positive and negative samples, respectively. In this 
way. a new set of models occurring in the positive samples, 
despite not having appeared in the original query, may be 
found to be useful, and allow to retrieve other relevant 
videos. This modifies the initial vector ranking in the 
retrieval process. 

It is important for many multimedia search engines to 
make the database accessible and available for public use. 
One of the most powerful tools to realize this for multimedia 
interface over the network is Java, the platform independent 
language. To that end, iARM system has been developed to 
manage a centralized database using the lava 2 Enterprise 
Editions (J2EE). as shown in Fig. 2. In this system, the video 
database is located on the sewer side, and the system 
provides user interactions through Java Server Page (JSP) 
interface. The requests and feedbacks at the client sides are 
implemented through JSP, which are then processed within 
the Java Bean at the server side. 

3. Experimental results 

The video indexing and retrieval methods presented in this 
paper have been implemented in the iARM system, which is 
available at “www.ee.ryerson.ca\-pmuneesa”. This system 
contains a video database of 20 hours, which includes 14 
Hollywood movies segmented into a total of 2,401 video 
clips, each of which is about 30 seconds long. Figure 3 
shows the graphic user interface of iARM system. 

In Table I ,  we present the retrieval results which were 
obtained by retrieving 40 queries chosen from all of the 
fourteen movies. In this result set, video indexing was 
obtained by a set of 2.M)O models, i.e., T=2000. From the 

- - 
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table. i t  is observed that the iARM system gave a very high 
precision of 73.6% at the initial stage (i.e., more than 11 
relevant video clips were retrieved out of the top 16 hest 
matches). We also observed that a significant improvement 
to 90% precision was achieved after a single feedback cycle. 
This implies that the proposed video indexing method is 
highly effective in capturing spatio-temporal information 
from video. This also indicates that the method is efficient 
and highly adaptable. as only single user feedback is required 
for significant improvement. 

We also evaluated the strength of this system against the 
variativn of a number of models. Specifically, we used the 
competitive learning algorithm to generate three sets of 
models at T=500, IOOO, and 1500. Table 2 shows the 
retrieval results obtained by retrieving 40 queries (the same 
queries used in the previous experiment). where videos were 
indexed by each model set. It is observed that reducing the 
number of models to half produced a small variation in the 
retrieval performance, i.e., 1.09% to 2.34% reductions. The 
result shows that a set of models with T 2 1000 is sufficient 
to model the video content in this database. 

#Models 

T=2000 
T=1500 
T= I000 
T=500 

Average Precision (I) I Execute time I 

Average Precision (I) 
Initial Result After I feedback 

73.59 90.47 
72.81 89.69 
72.50 88.13 
68.75 81.25 

I (second) 
Initial results I After I feedback I 

73.59 I 90.47 I 0.67 

Table I. Average precision (%), obtained by retrieving 40 
queries. measured from the top sixteen retrievals. using 
iARM. Execute time for a single query, measured from a 
Pentium IV PC Sever at 2 GHz. 

Table 2. Average precision (%I, obtained by retrieving 40 
queries. when using four sets of models for video indexing. 

4. Conclusion 

In this paper. we have presented the Interactive-based 
Analysis and Retrieval of Multimedia (IARM) system, and 
demonstrated its application in interactive content-based 
video retrieval. This system extracts the descriptions from 
video clips, and highly emphasizes on accurate mudeling of 
spatio-temporal information to increase its classification 
power in the relevance feedback process. The strength of the 
system lies in its high performance at the initial stage, and it 
rapidly improves precision after a few user interactions 
within a short query execution time. This fact has been 
confirmed by the experimental results conducted on a video 
test-bed, which is available online and accessible by the 
public. 

Figure 3. Graphic user interface retrieval in iARM system. 
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