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ABSTRACT 
In this paper, we present an index structure-based method to fast 
and robustly search short video clips in large video collections. 
First we temporally segment a given long video stream into over-
lapped matching windows, then map extracted features from the 
windows into points in a high dimensional feature space, and 
construct index structures for these feature points for querying 
process. Different from linear-scan similarity matching methods, 
querying process can be accelerated by spatial pruning brought by 
an index structure. A multi-resolution kd-tree (mrkd-tree) is em-
ployed to complete exact K-NN Query and range query with the 
aim of fast and precisely searching out all short video segments 
having the same contents as the query. In terms of feature repre-
sentation, rather than selecting representative key frames, we 
develop a set of spatial-temporal features in order to globally 
capture the pattern of a short video clip (e.g. a commercial clip, a 
lead in/out clip) and combine it with the color range feature to 
form video signatures. Our experiments have shown the efficiency 
and effectiveness of the proposed method that the very first in-
stance of a given 10-sec query clip can be identified from a 10.5-
hour video collection in tens of milliseconds. The proposed 
method has been also compared with the fast sequential search 
algorithm. 

Categories and Subject Descriptors 
H.3.3 [Information Storage and Retrieval]: Information Search 
and Retrieval–Search process. I.4.7 [Image Processing and 
Computer Vision]: Feature Measurement–Feature representation 

General Terms 
Algorithms, Design, Experimentation 

Keywords 
Video Similarity Search, Video Content Identification, Fast Query, 
Spatial-Temporal Feature 

1. INTRODUCTION 
Content based video search and retrieval has attracted high re-
search interests. According to different user requirements, we may 
have different kinds of video search intentions including the de-
tection of duplicate/near-duplicate entry of a given clip, the 
identification of recurrent instances of a given clip, and similar 
video content search in a sense of coarse or clear semantic mean-
ings. Application comprises video copyright management [6] [13], 
video content identification [1] [6] [9] [12] [15] and content-based 
video retrieval [2] [3] [4] [14].  

For content-based video retrieval and identification, most existing 
search methods are derived from the sequential correlation match-
ing widely used in the signal processing domain. Those sequential 
matching methods usually focus much more on feature extraction 
and a similarity matching function in order to search desired video 
content. The search efficiency is ignored to some extent. Although 
there exist some techniques to improve the linear scanning speed, 
such as temporal pruning [1] or coarser granularity searching [12], 
their searching time-complexity still remains at least linear to the 
size of database as it usually requires exhaustively seeking out the 
whole data. In this paper, we present a fast and robust short video 
clip searching scheme using an index structure. This is motivated 
by the flexible and efficient query capabilities brought by fruitful 
research in high-dimensional index structures [5]. We will employ 
an mrkd-tree index structure [10] and apply different query strate-
gies to short video clip search in this paper.  A comparison will be 
performed between an index-based work and the temporal prun-
ing-based active searching [1].  

From the database point of view, video search can be treated as a 
querying problem [5] [7] [8]. That is, the essential purpose of 
video search is to find out those contents that are the most similar 
to the query, namely the “neighbors” of a query point in the fea-
ture space. Different query strategies can be applied to fulfill 
different applications [5]. For example, K-NN Query can retrieve 
nearby points by their similarity ranking and then it is suitable for 
content based retrieval task. In contrast, Range Query is able to 
find all individual points within a certain distance from a query 
and then it can be used for duplicate/near-duplicate detection or 
content identification tasks. Such query strategies have ever been 
successfully applied for fast content-based image retrieval. Never-
theless, different from an image database, a video database 
contains large amounts of image sequences exhibiting a temporal 
order and a high redundancy. Indexing each image frame is thus 
ineffective and practically impossible. In our approach, we chop 

 
Permission to make digital or hard copies of all or part of this work for 
personal or classroom use is granted without fee provided that copies are 
not made or distributed for profit or commercial advantage and that 
copies bear this notice and the full citation on the first page. To copy 
otherwise, or republish, to post on servers or to redistribute to lists, 
requires prior specific permission and/or a fee. 
MIR’04, October 15–16, 2004, New York, New York, USA. 
Copyright 2004 ACM 1-58113-940-3/04/0010…$5.00. 
 

61



the long video stream into a series of overlapped video segments 
of a fixed size (we call them as “3D volume elements”), and build 
an index structure for these volume elements instead of individual 
frames. Compared with traditional key-frames based representa-
tion, our approach can avoid the shot segmentation and key 
frames selection. This is useful for identifying video content con-
taining ambiguous shot boundaries (such as dynamic commercials 
and TV program lead-in & out clip [12]) in a long video stream. In 
order to robustly represent video segments, we introduce a set of 
spatial-temporal features as well as the color range features to 
construct a video signature. The obtained signatures tend to depict 
the video segment globally rather than focusing on its sequential 
details as key-frames based representation.  

In consideration of the successful story of mrkd-tree in terms of 
searching high dimensional space [10] [11], we employ it to con-
struct the index structure of the chopped segments. As mrkd-tree 
supports different query strategies such as point query, range 
query and k-NN query [5], it is suitable to various applications 
such as video copy detection, video content identification and 
retrieval. There have been some index based video similarity 
searching schemes, such as VQ index [7] and hash index [8]. 
However, their purpose is for approximation K-NN search where 
missed detection is probabilistically unavoidable. Our mrkd tree 
index emphasizes the exact K-NN query that is able to search out 
all the closest points of the given query, namely the K most simi-
lar video segments without any missed detection and false alarm.  

2. OVERVIEW 
Figure 1 illustrates our video similarity search scheme based on 
mrkd-tree structure. An index structure of the video database can 
be built off-line before querying process. Compared with tradi-
tional video similarity search method, our approach has the 
following features: 
 

 
Figure 1. System Diagram 

 

• In contrast to fast sequential search scheme applying temporal 
pruning [1], searching based on the index structure employs 
spatial pruning to accelerate the speed. The prior query results 
are always the most similar contents. A user can decide whether 
to do further searching according to the available results. Ex-
haustive seeking on the whole database is thus avoided.  

• Instead of using representative images to characterize video 
content, we employ spatio-temporal feature and cumulative 
color histogram as a compact and robust signature to describe 
video content. Complex training phase (e.g. Vector Quantiza-
tion employed in [1]) is unnecessary for extracting these 
signatures. Good performance has been proved in the experi-
ment. 

• As the index of video database is built for those temporally 
overlapped video segments with a predefined length, this 
scheme is also applicable to search for a sub-shot, a shot, and a 
series of shots. And by using different query strategies (point, 
K-NN, and range query), our method has provided a more gen-
eral framework to fulfill different user search requirements. 

3. Proposed Scheme 
3.1 Problem Formulation 
The problems of exact K-NN query and range query are formu-
lated as follows. Let DB represent the video database containing 
temporally chopped video segments WP, namely a series of match-
ing windows, where P is the temporal position of a segment 
(matching window). Let Q denote the query clip with the same 
length as WP. ),( ⋅⋅D and ),( ⋅⋅S are the function for dissimilarity 
and similarity measure between a query point and a matching 
window point in the feature space. Definition of ),( ⋅⋅D and ),( ⋅⋅S  
are given in Section 3.3. Now we have exact K-NN query:  
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Accordingly, range query is defined as: 

}),({),,( εε ≤∈= QwDDBwQDBRangeQuery pp            (2) 

3.2 Signature Extraction of Video Segments  
As one of the common visual features, color histogram is exten-
sively used in video retrieval and identification [6] [9]. [9] applies 
compressed domain color features to form compact signature for 
fast video search. In [6], each individual frame is represented by 
four 178-bin color histograms on the HSV color space. And spa-
tial information is incorporated by partitioning the image into four 
quadrants. Despite certain levels of success in [6] and [9], the 
drawback is also obvious, for example, color histogram is fragile 
to color distortion problems and it is inefficient to describe each 
individual key frame using a color histogram as in [6].  
In consideration of the above features, Ferman et al. [4] presents 
various histogram-based color descriptors to reliably capture the 
color properties of video segments. Although such descriptors are 
reported to be robust and invulnerable to outlier frames within the 
shot, only color range information is considered, while both spa-
tial information within each individual frame and temporal 
information are ignored. However our experiments show that 
spatial and color range information are both important for identifi-
cation task. 
Another type of feature which is robust to color distortion is ordi-
nal feature proposed in [16]. Hampapur et al. [13] compared 
performance of using ordinal feature, motion feature and color 
feature respectively for video sequence matching. It was con-
cluded that ordinal signature has the best performance. Based on 
this conclusion, we believe better performance could be achieved 
when combining ordinal feature and color range feature appropri-
ately, with the former providing spatial information and the latter 
providing range information. Experiments in Section 4 will reveal 
these facts. As a matter of fact, many works such as [2] and [15] 
also incorporate the combined feature in order to improve the 
performance of retrieval and identification tasks.  
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Generally, the selection of the color feature and spatial-temporal 
feature as signature for identification task is motivated by the 
following reasons [19]:  
(1) Compared with cost features such as edge, texture or refined 
color histogram, such as CCV (color coherent vector) [17] which 
also contain spatial information, they are inexpensive to acquire 
and could be estimated from MPEG compressed domain directly. 
(2) Different from compact signature proposed in [8], these signa-
tures still retain perceptual meaning. They are more robust to 
video formats variations. 
(3) Ordinal feature is immune to global changes in the quality of 
the video and contain spatial information [13] [16], therefore it is 
a good complimentary to color feature. 

3.2.1 Color Signature 
We use the cumulative color histograms of all the sub-sampled I 
frames within a video segment as the color signature. For compu-
tational simplicity, the cumulative color distribution is estimated 
using the DC coefficients extracted from I frame in MPEG com-
pressed video stream. The normalized cumulative histogram is: 
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where 11 ,,, −++= Mkkki bbbiH L denotes the color histogram of 

corresponding I frame within the video sequence. M is the number 
of I frames and B is the color bin number. In this paper, B is se-
lected as 24, uniform quantization; for each channel c = Y, Cb and 
Cr, Hc

ccd is thus a 24-dimensional feature vector. And the total size 
of the color signature Hccd is 72-dimension.  

3.2.2 Spatial - Temporal Signature 
The common drawbacks of color histogram descriptor lie in the 
lack of spatial information and its sensitivity to color variations 
[4]. In this section, we propose a spatial-temporal signature as 
compensation to the color signature. This signature contains both 
temporal and spatial information and is robust to color shifting, 
while remaining as compact as the color signature. 

 
Figure 2. Spatial-Temporal Signature Description 

As illustrated in Figure 2, each I frame is represented by a reduced 
image, of size 2 × 2. For each Y, Cb or Cr channel, we calculate 
the average value of each of the 4 sub-images by DC coefficients 
extracted from compressed domain directly. Raw feature extrac-
tion is then followed by the ordinal measure process. Each 
possible combination of ordinal measure result will be treated as 
an individual pattern. Therefore each I frame will be distributed a 
pattern code. All the patterns along the temporal axis are then 

accumulated to form a histogram. After the above operations, 
video segment can be compactly represented by 3 normalized 24-
dimensional ordinal pattern distribution histograms, correspond-
ing to Y, Cb, and Cr channels respectively. 
For each channel c = Y, Cb, Cr, the video clip is represented as:  

∑ =≤≤⋅⋅⋅⋅⋅⋅=
i

iiNoPl
opd
c handhhhhhH 110),,,,,( 21

            (4) 

Here NoP = 4! = 24 is the dimension of the histogram, namely the 
number of possible patterns mentioned above. As a result, the total 
dimension of the spatial-temporal signature Hopd also becomes 72, 
the same size as the color signature.  

3.3 Distance Metric 
For both color signature and spatial-temporal signature, the dis-
tance of each Y, Cb and Cr channel is defined as Euclidean 
distance. The overall distance measure is defined as the linear 
combination of the average of spatial-temporal signature distance 
and the minimum of color signature distance among the Y, Cb, 
and Cr channels. And the overall similarity measure is defined as 
the reciprocal of distance value. Choosing such definition could 
further alleviate the affects of color shifting and other video varia-
tions. This is obtained by experimental comparison. In this paper, 
w is set to 0.5. We have the similarity definition between query 
and sliding matching widows as follows: 
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3.4 Query Based on mrkd-Tree structure 

 
Figure 3. Example of an mrkd-Tree. The dots are the individ-
ual data points. The sizes and positions of the disks show the 
node counts and centroids. The ellipses and rectangles show 

the covariance and bounding boxes [20] 
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An mrkd-tree is introduced in [10] as an extension of kd-tree 
structure (Figure 3). The decoration is, at each node of kd-tree, it 
adds extra statistics about the node’s data, such as their centroid, 
covariance and count. With such mrkd-tree structure, it is feasible 
to query the database with the same flexibility as a conventional 
linear search at greatly reduced computational cost. Since mrkd-
tree structure adds sufficient statistics about all the data points 
below each node in the tree, it also has extended applications to 
speed up other operations such as locally weighted regression and 
mixture model based clustering and density estimation algorithms 
[11]. Here we use it as an effective index structure to complete 
exact K-NN query and range query. 

By using an mrkd-tree structure for querying, at each node during 
the search, the algorithm considers whether it 1) can ignore all the 
points below that node because they are irrelevant to the current 
query, 2) can estimate the effects of all the points below that node 
without visiting them individually, or 3) must search further down 

the tree. The result is that most queries need only visit a small 
number of nodes in the tree to find out the nearest neighbors. 

4. EXPERIMENTS 
In our experiments, we apply both the fast sequential search and 
the index structure-based searching to complete fast video clip 
querying. An mrkd-tree was employed as the index structure, 
which can support different types of query such as K-NN query 
and Range query. These queries can be associated with most exist-
ing applications such as content-based retrieval and duplicate/near 
duplicate detection, etc. On the other hand, we implement the fast 
sequential scan method of “active search” proposed in [1] to com-
pare it with an index structure-based query. Different from an 
index structure-based query, the active search requires seeking out 
the whole dataset to achieve the final results, no matter what 
query purpose it is. A performance comparison will be done in our 
experiments.  
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Figure 4.  ABC News program lead-out clip (Left, 10 seconds) and its color and spatial-temporal signature representation (Right) 
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Figure 5.  ABC News program lead-in clip (Left, 10 seconds) and its color and spatial-temporal signature representation (Right)
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4.1 Dataset Description and Feature Extrac-
tion  
The video database contains 22 streams of half-hour broadcast 
ABC news video obtained from TRECVID news dataset, encoded 
in MPEG1 at 1.5 Mb/sec and at frame rate of 29.97 fps. All of the 
video data are compressed with the GoP pattern IBBPBBPBBPBB, 
with I frame resolution of around 400ms. Among the 22 TV news 
videos, 12 of them are with image size of 352× 240 and the other 
10 with image size of 352× 264. After feature extraction, all the 
half-hour segments are combined into one video sequence with the 
total length of 10.5 hours. An mrkd tree index will be built for this 
10.5-hour sequence after it is chopped into segments of 10 sec-
onds with an interval of around 0.4 second, the temporal distance 
of two neighbored I frames. Different from [3] which chops a long 
sequence into non-overlapped segments of 0.5 second, our 
chopped segments have an overlapped section of 9.6 seconds 
between the neighbored ones.  
The query clip set contains a news lead-out clip in the ABC broad-
cast news video (Figure 4) and 78 commercials. The lead-out clip 
is at the length of 10 second and has 11 full instances in total and 
2 incomplete instances in the 10.5-hours video dataset. The length 
of 78 commercials ranges from 10 to 60 seconds, and have in total 
202 instances. Most of the instances have a slight color shifting 
compared with the original query. Our task is to fast and robustly 
identify and locate these instances inside the long video stream. 
We want to mention that the identification and retrieval of such 
repeated non-news sections inside a video stream helps to reveal 
the video structure. These sections include TV commercials, 
program lead-in/lead-out and other Video Structure Elements 
(VSE) which appear very often in many types of video to indicate 
starting or ending points of a particular video program, for 
instance, news programs or replay of sports video.    
We first chop a video stream into a series of overlapping segments 
of fixed size. Both color signature and spatial-temporal signature 
are then extracted for each segment. Figure 4 and Figure 5 illus-
trate extracted signatures. The two examples are a news lead-out 
clip and a news lead-in clip in the ABC broadcast news video. 
Both of them are 10-sec long. As shown in Figure 4 and Figure 5, 
different from the accumulative color histogram representing the 
color density distribution, the proposed ordinal pattern distribu-
tion histogram (spatial-temporal signature) provides a unique 
sparse distribution, and thus it is more distinguishable than color 
range feature (color signature). For example, the lead-out (Figure 
4) and the lead-in (Figure 5) clips have similar color signature 
because of similar dominant colors in the content; however, their 
spatial-temporal signatures are still quite distinguishable. In con-
clusion, as the ordinal pattern distribution is more unique and 
insensitive to a global color shifting or other color variations, this 
feature is a good supplementary to the color range feature towards 
a robust and composite feature set. 
All the simulations were performed on a standard P4 @ 2.53G Hz 
PC (512 M memory). The algorithm was implemented in C++.  

4.2 Query based on mrkd-tree Index  
4.2.1 Exact K-NN Query Results 
We only consider the news lead-out clip (10 seconds) for K-NN 
query. The distance metric is given in equation (7). The CPU cost 
of the pre-processing for querying is listed in Table 1. Note that 

for this 10.5 hour MPEG1 video dataset, only less than 0.5 hour is 
spent for feature extraction and building index. 
In Table 2, CPU cost of K-NN query is given with different K. By 
using the NPT package [10], merely tens of milliseconds is needed 
to search out the very first best matching with the built index. 
While for the sequential searching, only when the whole database 
has been exhaustively searched out can it present the best matched 
result. To some extent, our proposed scheme provides a more 
flexible method for accessing the database and the user can deter-
mine whether further search is necessary according to available 
results. Take an example of video copy detection in large video set; 
current linear search method usually needs to exhaustively search 
out the whole database in order to claim no copy is detected. Nev-
ertheless, with an index structure discussed above, we can apply 
K-NN search to fast locate the contents that are the most possible 
examples of the query according to the defined similarity. If the 
best matched result is not “similar” enough to be a copy, further 
searching is unnecessary. Computation is therefore greatly saved.  
 
Table 1. CPU time cost for compressed domain feature extrac-

tion and mrkd tree index built (10.5 hours MPEG-1 video) 
Process CPU Time Cost (sec) Size 

Feature Extraction 1178.034 89,507 K Byte 

mrkd Tree Built 470.610 18,301 Nodes of tree 

 

Table 2. Exact K-NN query results using mrkd-tree 
K-NN search / 
(feature space 

of 93,700 
points) 

K=

1 

K=
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K= 

50 

K= 
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200 
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K= 

5000

Time Consum-
ing (sec) 0.078 0.204 0.969 1.563 2.641 5.078 20.365 

Number of  
Contained  
Instances 

1 2 7 11+1* 11+2* 11+2* 11+2* 

* indicate the uncompleted instances 
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Figure 6. Searching results of exact K-NN query (K =100). 

Dataset consists of 10.5 hours MPEG-1 video sequence and the 
query length is 10-sec. The searching cost is 1.536 sec. 

Figure 6 depicts the results of K-NN query. Since the original long 
video sequence is chopped into overlapped segments with the 
length of 10-seconds, each point in Figure 6 corresponds to a 
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matching window with the width of 10 seconds. Noted not each of 
the 100 retrieval points represents an individual instance. It is easy 
to understand that when one instance is found, its neighbors may 
also exhibit high similarity values due to the large overlap (9.6 
sec/10 sec). Therefore only an area with clustered points can be 
claimed to be an instance from Figure 6. In other words, the num-
ber of detected instance should be counted by the peaks (12 peaks 
shown in Figure 6) instead of the number of retrieved points K.   

4.2.2 Range Query Results 
The 78 commercials are considered for Range Query to search out 
all the 202 instances in the 10.5-hour dataset. In order to be com-
patible with the built mrkd-tree, the first 10-sec section of each 
commercial is cut out as the query clip with the same length as the 
matching window. By utilizing mrkd-tree, the range searching 
cost of n points is O(nlogn) when ε is small. The performance of 
range searching is presented in Figure 7, by changing 
rangeε adaptively.  

In the experiment, we found that false alarms and missed detec-
tions are mainly caused by the I frame shifted matching problem, 
when the sub-sampled I frames of a given clip and that of the 
matching window are not well aligned at the temporal axis. 

0.5 0.6 0.7 0.8 0.9 1
0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Recall 

Precision 
 

Figure 7. Searching results of Range query                          
(Precision = detects /( detects + false alarms))                                           

(Recall = detects / (detects + miss detects)) 
 

4.3 Query based on Fast Sequential Search  
In order to evaluate the performance of an index-structure based 
searching and justify our proposed new feature, we also imple-
ment the active search algorithm proposed in [1] for query 
acceleration. Different from the feature set proposed in [1], the 
complex training phase such as vector quantization is not required 
for our signature extraction. Nevertheless, our proposed signature 
is still compatible with the active search algorithm. The active 
search process is briefly introduced as follows: 

Let the similarity metric array be { }11; −+≤≤ nmiSi  corre-
sponding to m+n-1 sliding windows, where n and m are the total I 
frame number of given clip and target stream respectively. Based 
on [1] and [18], the search process can be accelerated by skipping 
unnecessary wi steps.  

⎪⎩
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where Si is the similarity value defined in equation (8); and its  
reciprocal is actually the distance value defined in equation (7). N 
is the number of I frames of the corresponding matching window. 
Andθ is the predefined skip threshold. 

After search, potential start position of the match will be deter-
mined by local maximum above the threshold, which fulfills the 
following conditions: 

},max{11 σkmTSandSSS kkkk +>≥≤ +−
                  (10) 

where T is the pre-defined preliminary threshold,  m is the mean 
andσ is the deviation of the similarity curve; k is an empirically 
determined constant. Only when similarity value exceeds the 
maximum value of T and σkm+ , it can be treated as the detected 
instance. In our experiment, w in eq. (7) is set to 0.5, and θ  in eq. 
(9) is set to 0.05. T in eq. (10) is 6. 

 
Figure 8.  System chart of applying active search algorithm [1] with the proposed video signature 
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Figure 8 gives the system chart of applying our proposed signature 
to active search algorithm. Figure 9 presents the performance 
comparison when applying different features. It is clear that an 
appropriate combination of the color signature and the spatial-
temporal signature can improve the performance against using 
them separately. Although we cannot achieve the accuracy of 
100% with the proposed signatures, a comparable performance is 
still achieved with that in [12]. But their signature’s size is 15 
times larger than our proposed one.  
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Figure 9. Performance Comparison using different features: 
proposed feature vs. 3× 720-d ordinal feature in [12] (Upper);   

proposed feature vs. 3× 24-d cumulative color feature and 
3× 24-d ordinal feature respectively (Bottom); the detection 
curves are generated by varying the parameter k in eq. (10)                                                                                                                                    

(Precision = detects /( detects + false alarms))                           
(Recall = detects / (detects + miss detects)) 

The main advantage of active search is the fast speed. In our ex-
periments, in order to search through the whole 10.5 hour video, 
the active searching on average costs 0.011 second when using the 
signatures extracted off-line [19]. 

5. CONCLUSION AND FUTURE WORK 
In this paper, we deal with the video searching in large video 
collection as a sub-pattern matching problem and employ an index 
structure to accelerate querying process. A multi resolution kd-
tree (mrkd tree) is used to construct an index for the temporally 
overlapped matching windows. Compared with the fast sequential 
scan searching, the mrkd-tree data structure provides an efficient 
mechanism for examining only those points closest to the query, 
thereby greatly reducing the computation towards the best 
matches. From our results, we found both an index based search 
(using NN query) and the active search are very fast to search out 
the very first instance of the query (i.e. searching out the 10.5 hour 
video in tens of milliseconds with the features extracted off-line). 
However, when more instances are needed, the active search is 
expected to be more efficient than the index based search in terms 
of CPU cost. Unlike the key-frames based shot matching, our 
method is based on elementary video segment of fixed-size, which 
could be a sub-shot, a shot or several shots. Since the research in 
high-dimensional index structure has been very active and fruitful 
over the past few years, many existing index structures (such as 
mrkd-tree, etc.) can support different types of queries. These vari-
ous query strategies (such as K-NN query, range query) can 
reasonably produce different applications such as retrieval, dupli-
cate/near-duplicate detection while avoiding going though the 
whole dataset. Therefore this can fulfill different user require-
ments in a more general framework. In this paper, we only give 
simple applications of using exact K-NN query and range query to 
identify video content in the sequence. How to select appropriate 
K or ε for querying and how to use different query strategies to 
fulfill other applications such as video clip copy detection and 
content based retrieval will be our future work. Moreover, it might 
be expected to make the index structure accessible to queries with 
various lengths. More experiments will be done including the 
detection of dynamic commercial, flying logo detection etc. from 
more extensive video collections.  
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