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Absfract-This work demonstrates content-based retrieval techniques 
for video databases using an adaptive video indexing (AV11 and a neural 
network model. The AV1 utilizes a "template.frequenq model" for em- 
bedding spatial4emporal contents which are a key in charaeteridng the 
time-vaqing nature ofvideo. This model can naturally be to char. 
acterize video at various levels from shot, group, and story lerels, in order 
l o  facilitate a multiple-level acccss %ideo database. The AVI retrieval sys- 

models the notion of video similarity through its continuation rele- 
vance feedbacks, where we assmiate the AVI SmCtUIe with the net. 
work enhance 
reuieval accuracy analogous to the relevance feedback technique [SI. 
By COntraSt to the classical relevance feedback used in other works [6], 
[IO], where user input is required for the adaptation of the algorithms, 

in a query refinement process 

tem achieves excellent retrieval accuracy, substantially higher than that 
of fhe ke)-frame b w d  video indexing (KFVI), a popular benchmark for 
video retrieval. Furthemore, AV, St,.,,UCtUre mm integrated to a spe. 
rialired neural network model to nerIom automatic relevance feedhack 

the 
fe*g independent learning to minimize the user workload. 

work implements a specialized neural network model, of. 

Section 2 describes the AV1 for video indexing. Section 3 presents 
retrieval. Ths  oflen advantages both in minimizing human-user involve- 
men4 and in considerably enhancing retrimal accuracy in the context Of 
adaptive systems. 

an automatic relevance feedback network (ARFN) model for video re- 
trieval. Sat ion 4 shows the results of applying the method t~ the video 
database of CNN news. Conclusions are draws in Section 5.  

I. INTRODUCTION 

CCURATE characterization of visual information is an imponant A requirement for consuucting an effective content-based video re- 
trieval (CBVR) system. It has become more important to develop anal- 
ysis techniques specifically applied to the time-varying nature of video, 
rather than using the application of stili-image techniques. We demon- 
strate a representation based on a template-frequency model that allow 
to fully use the temporal dimension. We also describe the integra- 
tion of this representation to a neural network structure to adaptively 
capture different degrees of visual importance in a video sequence, al- 
lowing increasing accuracy in reuieval. 

In most systems [l], [ 2 ] ,  the casting of this problem for video re- 
trieval is usually done by first breaking up the video sequences into 
temporally homogeneous segments called shots. Next condensing 
these segments into one or a few representative frames, and then finally 
determining the similarity between shots on the basis of their visual 
characteristics. While this approach constitutes an efficient and valid 
CBVR system, it has since proven to be inadequate in many ways. 
Among these is the extensive use of the dynamic visual contents. In 
most cases, it is difficult to extract segments of information from sin- 
gle frames, because they have sequential meaning. This results in they 
becoming meaningless when taken out of context. Funhermore, it is 
not always the case that events or actions can be attributed based on a 
single frame [3]. 

In this paper we propose an adaptive retrieval system that places 
a strong emphasis on embedding representation of the dynamic con- 
tents in the video. We first propose an adaptive video indexing (AVO 
technique that encodes all visual contents occurring in the video. By 
contrast to a key-frame based video indexing (KFVI) technique, AM 
takes into account the importance of all frames in the video sequence 
through a differential weighting algorithm. By doing so, the AV1 is 
highly adaptable to suppolt the video indexing beyond the shot level, 
finely embedded representations of the video. 

We then propose an adoption of a self-training neural network 
model [4] to implement a recursive mechanism which progressively 

11. THE AV1 PARADIGM 

A. Templare-frequency modeling 
Witbin the AVI paradigm a video is modeled using a set of repre- 

sentative frames or visual templates, concatenated into a single fea- 
ture vector through the assignment of numerical weights. We define 
a template-frequency factor to specify the frequent occurring of a par- 
ticular visual template in a video; this is aimed at capturing spatial- 
temporal information of the video content. 

"be visual templates are a set of vectors generated and optimized by 
a competitive-leaming based VQ algorithm 171, 181. In this study, we 
use color histogram on HSV color space to extract the visual features 
from a video frame, which can be done when segmenting the video into 
elementary shots [91. Our framework for video indexing, however, is 
not restricted to a particular feature extraction scheme. Any available 
visual descriptors may he incorporated since our goal is the measuring 
of the template-frequency quantity. 

Given a set of visual template C = { f y l  r = 1,2,  ..., R}, we define 
a mapping zP + C to a Voronoi space through: 

5 j. (&(C,5), R:.) + p(') (1) 

~ . ( C , ~ ) = = g m i n ( l l i ~ ~ ~ l l ) ,  (2 )  

R:. = (3) 

where R:. is a region containing 7 Voronoi cells neighboring to a.; 
and r- is  the index of the best-match cell. By this definition, a given 
point is mapped onto 11 cells (instead of one) neighboring each other 
on the Voronoi space. 

In (I), we specify the region in which samples are visited when a 
given visual template set is scanned. This region is data dependent and 
is aimed at improving the embedding of the correlation information. 
This goal is achieved through multiple-label indexing. For each video 
frame, I, the mapping proceeds in a number of distinct labels, which 
are specified as 1:. , L:.,l ,. . .and l:.,(q-l). Once a cell is selected, the 
17-1 neighbors which have not yet been visited in the scan then can 
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Fig. 1.  Multiple-level access to video database 

also be included in p('). This allows interpretation of the correlation 
information between the selected cell and its neighbors. 

A visual content of the video frame x is therefore characterized by 
the membership of p(", and the resulting p(') of all frames from the 
mapping of the entire video segment u j  are concatenated into a sin- 
gle weight vector Zj represented by Cj  = ( w l , j ,  w 2 , j ,  ..., W R , ~ ) .  The 
weight parameter w ; , j  stands for a raw frequency of the template ;i 
in the video.segment v j  (i.e., the number of times the template ;; is 
mentioned in the content of the video v j ) .  

Let N be the total number of videos in the system and n; be the 
number of videos in which the index template g, appears. We funher 
apply the invert-file frequency weighting strategy [5] to emphasize the 
importance of the i-th index template through w , , j  as: 

W '  w;.=z x log Nlni 
13 maxi w i , j  

(4) 

Note that only a few from the large number of templates is used for 
indexing the video sequence. This means that the template vector Cj  

is very sparse and only non-zeros elements are kept. 

Since the template-frequency model embeds all the visual contents 
occurring in a video sequence, the AV1 technique can be adopted to 
characterize the video sequence at different levels from shot, group of 
shots, to scene and story levels. ranking to a higher degree of seman- 
tics. This allows for the system to facilitate user's access at various 
levels as depicted in Fig. 1: (a) shot-to-shot, @) shot-to-group, (c) 
group-to-group, (d) group-to-story, and (e) shot-to-story. 

This architecture is able to accommodate retrieval from the lower 
levels to the higher ones-an example is the retrieval of video group 
or story by using a query from shot and group levels. Io this context, 
we are looking for the information across the different defined-levels 
ofthe segmented videos. To realize this, it is expected that at the higher 
level, the video story should contain most of the visual content occur- 
ring at the lower one. For instance, to retrieve the full news story, a 
small shot that contained the anchor person can be utilized as a query. 

111. THE AUTOMATIC RELEVANCE FEEDBACK NETWORK 

Classical relevance feedback is the method of reformnlation and im- 
provement of the original search request, based on information from 
the user about the relevance of the retrieved data [5 ] .  Our goal here 
is to implement this method by minimizing user involvement, leading 
to an automatic reuieval process. To achieve this, we proposed the 

Fig. 2. A neural network architecture for automatic relevance feedback 

A. A General Model 
The network is composed of three layers: one for the query tem- 

plates, one for the video templates, and a thud one for the video them- 
selves. Each node has a connection weight to communicate by sending 
a signal to its neighbors via the connections. The query template nodes 
are the ones which initiate the inference process by sending signals to 
the video template nodes. Following that, the video template nodes 
generate signals to the video nodes. Upon receiving this stimulus, the 
video nodes, in tum, might generate new signals which are directed 
back to the video template nodes. This process may repeat itself sev- 
eral times through the second and the third layers. This allows for 
the network to find templates that are relevant on the basis of initial 
ranldng, and, use those templates to refine video ranking. 

= ( w I , ~ ,  ..., w ; , ~ ,  ..., W R , ~ )  denote the vec- 
tor representing the query. This is obtained by convening the video 
query into a set of templates. First, each query template node is as- 
signed a fixed activation level equal to 1. Then, its signals sending to 
the video template nodes are attended by normalized query template 
weights a;,q, as follows: 

To be precise, let 

ai'q = J& ( 5 )  

When the signal reaches the video template nodes, only the video 
template nodes connected to query template nodes will be activated. 
These nodes might send new signals out directed towards the video 
nodes, which are again attenuated by normalized video template 
weights w ; , j  derived fromthe weights w,,j, as follows: 

ai . = ( 6 )  W i . j  

" JEEz 
As a result, there are some signals reaching a video node, and the 

activation level of this video node (associated to the video v j )  is given 
by a sum of the signals (the standard cosine measure), 

This finishes the first round of signal propagation. The network 
output is the desired ranking of the videos for retrieval. The process 

adoption of a self-training neural network model [4] for computation 
of ranking. This is illustrated in Fig. 2. 

does not stop here however. The network continues with the spread- 
ing activation process after the first round of propagation. This time, a 
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minimum activation threshold is defined such that video nddes below 
this threshold send no si-nal out. Thus, the activation level at the ith 
video template node, a!”, is obtained from the input from the activat- 
ing video nodes as: 

... - 
f A,. 

where a:’ denotes the activation levels of the j th  video no+ and Pos 
is a set of video nodes whose activation levels are greater than a se- 
lected threshold. The activation process is allowed to continue flowing 
backwards and forwards between the template nodes and the video 
nodes, examining the induced ordering to the videos based on the cor- 
responding node activations at each stage. 

In other words, we allow the network to automatically expand the 
query templates analogous to the relevance feedback model. The sig- 
nal propagation process is directly related to the derivation of new 
weights of query templates4hereby a new template that appears in 
the most activated videosaespi te  not appearing in the original query, 
it may become active and may activate other videos. This modifies the 
initial vector ranking in the retrieval process. 

B. A nwdified riiodel 

A new activation level computed in (8) can be viewed as a modi- 
fied weight of the query template, where only videos with significant 
activations are considered as the good candidates for modifying the 
query template activations. The most practical means of achieving this 
goal involves some form of classical query reformulation methods 151, 
[IO], whereby both original query components and a negative feedback 
strategy can help to improve the effectiveness. Thus, as an alternative 
of (8) we derive the following fnrmula for the activation of the ith 
template: 

(9) 

where U:’ is the activation of the )-th video, Pos is the set ofj’s such 
that U:’ > T ,  and, N e g  is the set of j’s such that a:’ < -T, where 
T is a threshold value. 

IV. EXPERIMENTAL RESULTS 

In this section we study the performance of the AV1 technique and 
compare it with the KFVI algorithm [Z]. This has become a popu- 
lar benchmark for shot-based video retrieval. The AV1 is also demon- 
strated to retrieve video groups and video stories, according to the links 
described in Fig. I (section II). We then applied the ARFN to improve 
the retrieval accuracy. 

Table 1 provides a summary of the test video data, obtained from 
the Informedia Digital Video Library Project [ I l l .  This is the CNN 
broadcast news, which includes full-new stories, new’s headlines, and 
a commercial break section. This video results in 844 video shots, 
segmented by a color histogram’ based-shot boundary detection algo- 
rithm [Z]. The KFVI uses a histogram vector generated from a middle 

’A 48 bin histogram computed on HSV color space is used far both shot 
segmentation and indexing algorithms. 

Video sequences 1 #sequences 1 #cuts 1 #frames I Lengths 
(min:sec) 

Commercial 

Head line and 
story news 

TABLE I 
DESCRIPTION OF TllE SEQUENCES IN TllE DATA SET: CNN BKOAIICAS’I 

NEWS (AT 352 X 240 KESOLUllON AND 30 FRAMES/S) 

frame of the shot as a representative of the video shot. In the AV1 case, 
a total of 5,000 models are generated, and each video shot is indexed 
using neighborhood q = 5. A total of 25 queries have been generated 
and judgments on the relevance of each video shot to each query have 
been made. Were, only the retrieved video shots from the same story 
are judged to be relevant. 

Fig. 3 shows precision’ results as a function of top matches, aver- 
aged over all 25 queries. We observed that AV1 performed substan- 
tially better than that of KFVI for every setting of the number of top 
matches (the average precision was higher by more than 18%). We 
also observed that AVI is very effective in capturing spatial-temporal 
information in the video, whereas KFVI emphasizes the content of the 
key-frames. 

A. Video Retreival on Gmup and Story levels 

Our purpose here is to demonstrate that the AVI technique can adapt 
for retrieval beyond the shot level. According to the time line in the 
original unsegmented video, we joint the shots into groups and sto- 
ries. Although there is an automatic technique for detecting the news 
story [12], we have done this manually to ensure the quality of those 
segmented videos used for this experiment. 

4(a) shows average precision versus recall figures for six 
queries, resulting from retrieving the video groups. It shows a compar- 
ison between two links: shot-to-group and group-to-group. Evidently, 
the AV1 exhibits a good accuracy for video group retrieval-as high as 
90% precision at the recall rate of 50Yo-and more than 65% precision 
at 100% recall (by using the shot-to-group link). 

A possible application for retrieval of the video story is to utilize a 
news headline to retrieve the full news story. This enables one user 
to go directly to the full story from the headline of interest. We have 

2Precision is defined by the number of relevant videos retrieved over the n m -  

Fig. 

ber of tup matches. 
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(b) 
Fig. 4. (a) Precision and recall rates of retrieval of the video groups, employing 
the two links: Shot-to-Group and Group-to-Group; (b) Precision and recall rates 
of retrieval of the video stories, employing the two links: Shot-to-Story and 
Group-to-Story. NOTE: In order to faciliate computing average performances 
over a set of queries, each with a difeerenr number of relevant videos, precision 
results were interpolated to 11 standard recall levels. 

examined five news stories introduced with at least two headlines. Fig. 
4(h) shows the AV1 performance in retrieving the new stories by em- 
ploying the shots and groups from the news headline. We observed that 
all relevant video segments related to the same story were retrieved by 
a more than 50% precision rate. 

B. Rerrieval wirh Auromaric Relevance Feedback 

NexL we apply the ARFN to improve retrieval accuracy by auto- 
matic relevance feedback, at the shot levels. The video shot database 
results in a network with 5,844 nodes and 14,800 connections. Letting 
T = 0.1, a = 0.95 and f i  = 0.05, we show the results of three tests: 
the results of letting the activation spread for one, three, and twenty 
iterations. Table 2 shows the improvement of the average precision in 
retrieving 25 queries (the same queries used in the previous section). 

Evidently, the ARFN is very effective in improving the retrieval per- 
formance and stabilizes very quickly (the improvement in APR is more 
than 11%). These follow from simply allowing activation to flow with 
no user input. We observed that the values for T, a and f i  significantly 
affected the results and confirmed the repon of other studies with re- 
gard to the value for a. We also observed that allowing many iterations 
meant that performance deteriorates gracefully. 

V. CONCLUSION 

Kdeo database applications require a suitable indexing technique 
to capture the time-varying nature of video data, and a high perfor- 
mance retrieval strategy. In this paper, we have proposed an adaptive 
video indexing technique and its integration with the specialized neu- 
ral network model, which impressively satisfies these requirements. 

TABLE n 
AVERAGE PRECISION RATE, APR (% ) OBTAINCU BY Rli'SRIEVING 25 

VIDEO SHOT QUERIES. ARFN RESIILTS ARE QUOTlil) REI.ATlVI!TO THE 
APR OBSERVED WITH THE COSINE MEASIIRE (CM) RLSU1.15. 

Two important features are imparted by our approaches: multiple-level 
database access and automatic relevance feedback. Our approaches 
combine these new features, which may help to usher in a new gener- 
ation of video database applications. 
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