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Abstract Recent advances in technology have made
tremendous amounts of multimedia information available to
the general population. An efficient way of dealing with this
new development is to develop browsing tools that distill
multimedia data as information oriented summaries. Such an
approach will not only suit resource poor environments such
as wireless and mobile, but also enhance browsing on the
wired side for applications like digital libraries and repos-
itories. Automatic summarization and indexing techniques
will give users an opportunity to browse and select multime-
dia document of their choice for complete viewing later. In
this paper, we present a technique by which we can automat-
ically gather the frames of interest in a video for purposes of
summarization. Our proposed technique is based on using
Delaunay Triangulation for clustering the frames in videos.
We represent the frame contents as multi-dimensional point
data and use Delaunay Triangulation for clustering them.
We propose a novel video summarization technique by us-
ing Delaunay clusters that generates good quality summaries
with fewer frames and less redundancy when compared to
other schemes. In contrast to many of the other clustering
techniques, the Delaunay clustering algorithm is fully auto-
matic with no user specified parameters and is well suited
for batch processing. We demonstrate these and other desir-
able properties of the proposed algorithm by testing it on a
collection of videos from Open Video Project. We provide
a meaningful comparison between results of the proposed
summarization technique with Open Video storyboard and
K-means clustering. We evaluate the results in terms of met-
rics that measure the content representational value of the
proposed technique.
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1 Introduction

There has been a tremendous growth in multimedia informa-
tion available on the Web and elsewhere in the last 5 years.
For instance, streaming video applications have proliferated
in recent years spurred by the phenomenal increase, about
58% in the last year or two in home-based Internet users
[1]. We have also seen a rise in the number of low band-
width technologies such as wireless and mobile that are typ-
ically resource poor. Together these developments indicate
the need for technologies that sift through vast amounts of
multimedia information to facilitate full content selection
based on previews. A browsing facility that provides an in-
formation oriented summary for selection of actual content
is a necessity. This is perhaps more relevant in the context
of digital libraries and repositories than many other appli-
cations. In this paper, we propose an automatic clustering
method using Delaunay Triangulation for a video summa-
rization application which can then be incorporated into a
browsing tool for navigating a large scale video collection.

In [5], a panel of experts concluded that the core research
in video content analysis must focus on developing tech-
niques for automatic processing of videos to extract informa-
tion. For an application like video summarization, we gather
frames of interest based on one or more video features which
are then used to extract and summarize information content
in the videos. The result of generating such video summaries
can range from just a collection of keyframes representing
the essence of a video to generate a video clip summarizing
the essential content of the video with temporal order intact.

At one end of the spectrum, we have video summaries
that can be played using browsing tools. The simplest of
the techniques for this type of temporal video summary is
variable speed fast forwarding using time compression; that
is to play the full video at a higher speed but still be in-
telligible to the viewer about the video contents. A second
popular technique for generating temporal video summary
is the video skimming technique also called gisting popu-
larized by the CMU’s Informedia project [3] where video
summaries are generated by incorporating both audio and
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video information from the source video and played using
a browsing tool. At the other end of the spectrum are video
summaries that are viewed statically rather than played. This
type of summary generation is enabled by using keyframe-
based approach. The summaries vary from a static pictorial
overview of the video content to a collection that maintains
temporal order and therefore, conveys time sequenced con-
tent. A shot detection based keyframe selection will yield
a summary that maintains temporal order but at the cost of
increased redundancy. A clustering approach to video sum-
marization results in a set of keyframes which may not pre-
serve temporal order but eliminates redundancy. The signif-
icant challenge for keyframe-based video summarization is
to devise methods for selecting keyframes that represent the
essence of the video content and not just form a random col-
lection of frames.

In this paper, we present a keyframe-based video sum-
marization technique using clustering. The technique we
propose for clustering video frames is based on Delaunay
Triangulation (DT) which has been used in other domains
such as data mining and is widely acknowledged to be fully
automatic. We demonstrate that and other desirable proper-
ties of this clustering technique in our proposed video sum-
marization algorithm. For instance, the proposed algorithm
based on DT results in clusters of different sizes depending
on the content distribution within a video. We define a met-
ric called the significance factor for each keyframe based on
the size of the cluster it comes from. We also define a metric
called the compression factor for each video which indicates
the reduction in size with the summarized content compared
to the number of original frames. A third metric called the
overlap factor quantifies the content overlap between our
summary and the Open Video storyboard to provide a mean-
ingful comparison. The significance metric along with the
overlap factor helps us evaluate the representational value
of the summaries generated by the proposed method. Like
most other keyframe-based approaches, the proposed algo-
rithm does not preserve temporal order. On the other hand,
the importance of content can be quickly conveyed to the
user by displaying the keyframes in order of cluster signifi-
cance. The proposed algorithm generates summaries that are
devoid of redundancy.

The main contribution of this paper is twofold:

1. We develop an automatic video summarization tech-
nique based on Delaunay clustering that is well suited
for batch processing of videos without user intervention.
Each cluster shows very good clustering performance in
terms of similarity of the content. The clustering pro-
cess results in clusters of different sizes based on the
content represented in the original video. We are able
to convey the content with fewer frames from the larger
and more significant clusters. This performance is con-
sistently noted for the 50 videos in our test collection.

2. We develop an evaluation methodology that is objective
in nature and provides a way of generating a meaning-
ful comparison with the Open Video’s storyboard. We
evaluate the proposed algorithm using 50 videos from

the Open Video Project and compare our results with
the publicly available Open Video storyboard for each of
those videos. The comparison with K-means clustering
again demonstrates the automatic nature of the proposed
technique.

The rest of the paper is organized as follows. In Sect. 2,
we discuss related work. Delaunay clustering is presented
in Sect. 3. In Sect. 4, we present our video summarization
technique. We discuss summarization results in Sect. 5 and
compare them to the results from Open Video Project’s sto-
ryboard and K-means clustering. We conclude the paper in
Sect. 6.

2 Related work

Clustering analysis has been studied in other areas like data
mining, machine learning, and statistics. Different cluster-
ing methods have been proposed with different capabili-
ties and different computational requirements. Nevertheless,
most clustering methods share their need for user-specified
arguments and prior knowledge to produce their best results.
For example, the density threshold parameter in [26] needs
to be specified prior to the clustering process and the result
depends on this predefined value. In [11], the total number
of clusters N is required to be predefined, although they de-
rived a formula for N. In [10], the authors use the content
value computed from the most static cluster as the thresh-
old to cluster the rest of the frames. This type of param-
eter tuning is expensive and inefficient for huge data sets
because it demands pre-processing and/or several trial and
error steps. More recently, spectral clustering [15], a cluster-
ing algorithm developed in the machine learning community
has been applied to visual data clustering. As the authors in
[24] show, spectral clustering can work on non-metric space
and does not assume that the data in each cluster has convex
distribution; it is free of singularity problem caused by high
dimensionality of feature vectors. These properties make the
spectral clustering algorithm a favorable choice for visual
data clustering, since visual features are often high dimen-
sional and the distribution of each cluster is not necessar-
ily convex or a Gaussian function. However, to find the k
largest eigenvectors in the spectral clustering algorithm is an
approximate solution for bi-partitioning the graph with the
normalized cuts principle, whose exact solution is NP hard
as shown in [24]. The time complexity of the implemented
algorithm depends on the complexity of the eigenvalue de-
composition algorithm which requires O(n3), where n is the
number of items in the dataset.

In our system, the clustering process is based on De-
launay Triangulation [6–9]. It is acknowledged in spatial
data mining and geographical database domains where DT
has been used for clustering purposes that it is fully argu-
ment free and avoids the impact of noise. Similar to spectral
clustering, it is realized by partitioning the graph into dis-
joint sub-graphs and can handle various data distributions in-
cluding non-convex cluster shape. However, DT succinctly
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captures the spatial proximity relationships among data
points and is computationally more efficient as it only re-
quires O(n log n) time, where n is the size of the dataset.
We also integrate Principal Component Analysis (PCA) [18]
into the DT clustering algorithm to handle the high dimen-
sion problem. Due to its automatic nature, we are able to
construct an automatic video processing architecture around
it. In this paper, we demonstrate that aspect of DT by batch
processing all our test video files without user participation
at any point.

A video summarization is a compact representation of a
video sequence and is useful for various video applications
such as video browsing and retrieval systems. A video sum-
marization can be a preview sequence which is the concate-
nation of a limited number of selected video segments (video
highlights) or can be a collection of keyframes which is a set
of suitably chosen frames of a video. Although keyframe-
based video summarization may lose the spatio-temporal
properties and audio content in the original video sequence,
it is the simplest and the most common method. When tem-
poral order is maintained in selecting the keyframes, users
can locate specific video segments of interest by choosing
a particular keyframe using a browsing tool. Keyframes are
also effective in representing visual content of a video se-
quence for retrieval purposes: video indexes may be con-
structed based on visual features of keyframes, and queries
may be directed at keyframes using image retrieval tech-
niques [11, 25]. In the next paragraph, we present details
of research work in the area of keyframe-based video sum-
marization.

Earlier approaches in keyframe-based video summariza-
tion mainly relied on shot boundary detection; after shots
are detected, the keyframe is selected as the first frame ap-
pearing after each detected shot boundary [19], or the first
and last frame in each shot [23]. However, since shots may
be of different types (cut, dissolve, wipe), the selected key
frame may not adequately represent the video content. Re-
cent approaches use graph theory [2], curve splitting [4], and
clustering [10, 11, 24, 26]. In [2], each frame is represented
as a point in a high dimensional feature space; each shot is
viewed as a proximity graph and each frame is a vertex in
the graph. In this way, keyframe selection is equivalent to
finding a cover of vertices that minimizes the total feature
distance between the vertices and their neighboring points.
This is an NP-Complete vertex cover problem. The authors
use a greedy approach to get an approximate solution. In [4],
a video sequence is represented as a curve in a high dimen-
sional feature space. The authors use a multi-dimensional
curve splitting algorithm to get a linearized curve charac-
terized by “perceptually significant” points, which are con-
nected by straight lines. A keyframe set is obtained by col-
lecting frames found at those perceptually significant points.
However, there is no comprehensive user study to prove that
there is a clear connection between “perceptually signifi-
cant” points and most memorable keyframes (highlights);
the keyframes may not capture all important instances of
a video. The authors in [26] propose an unsupervised clus-

tering algorithm to group the frames into clusters based on
color histogram feature. The frame which is closest to a clus-
ter centroid is selected as keyframe. The number of clusters
is controlled by a predefined density threshold value which
cannot guarantee optimal result. In [11], Hanjalic & Zhang
use a partitioned clustering algorithm with cluster-validity
analysis to select the optimal number of clusters for shots.
The keyframe set represents frames that are closest to each
cluster centroid. The resulting keyframe set is said to be op-
timal in terms of intra and inter cluster distance measures.
In [10], the authors propose to use Singular Value Decom-
position to deal with the high dimensionality of their fea-
ture vector reducing the dimension to 150 from 1125. They
compute the value of the visual content metric of the most
static frame cluster as the threshold value for the cluster-
ing process. In their scheme shots rather than keyframes are
included in the summarization. In [24], the authors use a hi-
erarchical clustering algorithm based on spectral clustering
that merges similar frames into clusters in a tree-structured
representation with individual frames at the leaves. The au-
thors use this type of clustering to derive a higher semantic
level stories and shots and their work is not directly related
to summarization.

2.1 Related work summary

We first introduced DT as a viable clustering technique
for video summarization in [17]. In this paper, we expand
on that initial effort with the batch processing of a larger
video collection with metrics to evaluate the representational
power of generating keyframes using DT clustering. We
also include comparison with K-means clustering and Open
Video Project’s storybook generation. While many of the
clustering based approaches discussed in the previous para-
graphs are based on threshold specification and therefore
not totally automatic, we demonstrate through experimenta-
tion and results that DT is fully automatic and well suited
for batch processing without user intervention. The clus-
tering overhead varies for different algorithms from O(n)
for K-means clustering to graph-based algorithms needing
O(n2)—DT as pointed out earlier requires O(n log n). The
temporal order is not maintained in any of the keyframe-
based summarization approaches discussed in [4, 10, 11, 25,
26] including our technique. While we use a data set of about
50 video segments from Open Video project, each 2 to 5 min
long, others have used 15 to 30 s commercials [4] or 2–5
movies [11, 26]. In [10], the test data set includes a total
of 2 h content from news reports, documentaries, political
debates, all used to summarize one single political event.
Objective evaluation of the generated summaries is mostly
absent in the cited references, while a few highlight quan-
tifiable aspects of their respective algorithms [10]. In gen-
eral, such objective analysis is a hard task made more chal-
lenging by the absence of benchmarked data sets and lack
of agreed-upon metrics. Despite this shortcoming, the intel-
lectual merit of the algorithms developed in previous work
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and our own, we argue is a step toward advancing the field.
While acknowledging this state of research, our goal for this
paper is to quantify as much as possible the representational
power of our summarization technique.

3 Clustering using delaunay triangulation

Defining and detecting groups of frames of interest is the
first key step in any type of content analysis application
and clustering techniques have previously been used for
that purpose. We propose a novel method based on DT to
cluster multi-dimensional point data corresponding to the
frame contents of the video. Clustering techniques used
in previous research rely on user input and the quality of
clustering depends on that input. For example, most of the
clustering techniques currently used require a predefined
number of clusters or threshold parameters. These param-
eters are mostly found by trial and error after many repe-
titions. This type of parameter tuning is expensive and in-
efficient for huge data sets. Several iterations are required
before good quality clustering is arrived at. In contrast, the
clustering method used in our technique generates clusters
without any user specified arguments and is well suited for
automatic batch processing of large data sets.

The basic idea in the proposed method is to represent in-
dividual frames as data points in generating a DT. Using DT,
the inter-frame similarity relationship is mapped to the spa-
tial proximity relationship among data points. The Delaunay
Triangulation of a point set is the dual of the famous Voronoi
Diagram, which is a partition of the space into cells, one for
each data point, so that the cell for data point x consists of
that region of the space that is closer to x than to any other
data points. An edge in the Delaunay diagram connects
points a and b if and only if the Voronoi cells containing
a and b share a common boundary. Hence, edges of the
DT capture spatial proximity [9]. The DT for a point set is
unique and has the additional property that the circumcircle
(or circumhypersphere for the general n dimensional space)
of any triangle in the triangulation contains no other data
point. In the Delaunay diagram, the edges can be grouped
into two types: the intra-cluster edges and the inter-cluster
edges. The former connect points within a cluster and the
latter connect individual clusters. The inter-cluster edges
reflect graph discontinuity and act as separating edges. The
clustering process ends after the inter-cluster edges are iden-
tified and removed. The modeling and separating processes
are shown in Fig. 1. While all data points are connected
in the Delaunay diagram, we remove the separating edges
and the remaining connected components represent natural
clusters.

To detect the separating (inter-cluster) edges, we notice
that the end-points of these inter-cluster edges have greater
variability in the edge length since these points connect both
intra-cluster edges and inter-cluster edges. Intuitively, inter-
cluster edges are longer than intra-edges. For each point in
the DT, we calculate the length of each incident edge and

Fig. 1 Delaunay edges

determine the local mean length of all the incident edges for
that point. The standard deviation of all those incident edges
is also computed as the local standard deviation. The mean
length and local standard deviation of the incident edges
capture the local effect of a single point. The formal defini-
tions for the mean edge length and local standard deviation
for each data point follows from Definitions 1 and 2.

Definition 1 The mean length of edges incident to each
point pi is denoted by Local_Mean_Length(pi ) and is de-
fined as

Local_Mean_Length(pi ) = 1

d(pi )

d(pi )∑

j=1

|e j |

where d(pi ) denotes to the number of Delaunay edges inci-
dent to pi and |e j | denotes to the length of Delaunay edges
incident to pi .

Definition 2 The local standard deviation of the length of
the edges incident to pi is denoted by Local_Dev(pi ) and is
defined as

Local_Dev(pi )

=
√

1

d(pi )

∑d(pi )

j=1
(Local_Mean_Length(pi ) − |e j |)2

To incorporate both global and local effects, we take the
average of local standard deviation of the edges at all points
in the Delaunay diagram as a global length standard devia-
tion as defined in Definition 3.

Definition 3 The mean of the local standard deviation of all
edges is denoted by Global_Dev(P) and is defined as

Global_Dev(P) = 1

N

N∑

i=1

Local_Dev(pi )
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Fig. 2 Delaunay clustering algorithm

Fig. 3 Key frame-based video summarization

where N is the number of total points and Pis the set of the
points.

All edges that are longer than the local mean length
plus global standard deviation are classified as inter-edges
(Definition 5) and form the separating edge between clus-
ters. The formal definition for short and separating edges in
terms of mean edge length of a point and mean standard de-
viation are captured in Definitions 4 and 5 below.

Definition 4 A short edge (intra-cluster edge) is denoted by
Short_Edge(pi ) and is defined as

Short_Edge(pi ) = {e j ||e j | < Local_Mean_Length(pi )

− Global_Dev(P)}

Definition 5 A Separating edge (inter-cluster edge) is de-
noted by Separating_Edge(pi ) and is defined as

Separating_Edge(pi ) = {e j ||e j |
> Local_Mean_Length(pi ) + Global_Dev(P)}

The algorithmic steps involved in generating Delaunay
clusters are summarized in Fig. 2.

More on the definitions of Delaunay edges and re-
lated concepts can be found in [6, 7]. Efficient construc-
tion of DT is discussed in [6, 8, 9]. The computation of

Delaunay Triangulation can be done effectively in O(n log n)
time and the identification of inter and intra edges can
be done in O(n) time where n is the number of frames
processed.

4 Video summarization technique

Our proposed summarization technique depends on remov-
ing the visual-content redundancy among video frames. Like
many other approaches, the entire video material is first
grouped into clusters, each containing frames of similar vi-
sual content. By representing each cluster with its most rep-
resentative frame, a set of keyframes is obtained which then
summarizes the given sequence.

As shown in Fig. 3, the general keyframe based video
summarization system contains three major steps: pre-
sampling, clustering, and keyframe selection. The first
step is to obtain the video frames from the original video.
Earlier approaches based on shot detections return a fixed
or variable number of frames per shot. This shot based
approach may still contain redundancies because similar
content may exist in several shots. For example, in news
videos, the anchor person will appear many times in several
video shots and those same frames may appear repeatedly
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Fig. 4 Keyframe selection algorithm

in the summary. In contrast, we work on the video frames
directly and cluster the frames that have similar content
obviating the need for shot detection. All video frames
extracted from the original video are processed. However,
we can pre-sample the video frames to reduce the number
of frames that will be used in the clustering algorithm.
As we show later in our experiments, the quality of the
summaries is not affected by pre-sampling. The rationale for
pre-sampling is that any video with a digitization rate of 30
frames per second, when fully decompressed, will generate
too many frames with redundancies among consecutive
frames. It is possible to capture the video content with
pre-sampled video frames using a judicious sampling rate.
In steps 2 and 3, we perform Delaunay clustering and
select keyframes. We provide a summary of the keyframe
selection algorithm in Fig. 4 and describe it in the following
paragraph.

4.1 Algorithm description

The first step in the proposed summarization algorithm is
feature extraction. We use color histograms to represent the
visual content of video frames in our experiments for test-
ing the clustering algorithm. Each frame is represented by a
256-bin color histogram in the HSV color space where there
are 16 levels in H, 4 levels in S and 4 levels in V accord-
ing to the MPEG-7 generic color histogram descriptor [13].
Once each frame is represented by this 256-bin color his-
togram, we order it as a 256-D row vector and stack such

vectors for each frame into a matrix which represents the
video content of the original video. Since color histograms
tend to generate sparse matrices, we use Principal Compo-
nent Analysis (PCA) [18] to reduce the dimensions of the
matrix but still capture the video content. The benefit of us-
ing the PCA algorithm is the reduction in processing time.
After applying PCA, each frame with the m-dimensional
(m=256 in our case) raw feature space is projected on to
a d-dimensional refined feature space where d is the number
of the selected Principal Components (PCs). The value of
d is a design parameter and in our experiments, we choose
the first d largest PCs that contribute to more than 90%
of the total variation. Therefore, d is not a fixed value as
in [10]. Later in our experimental results, we show that a
small number of d of about 7 is sufficient to capture 90%
or more of the total variation for most of the videos in our
test collection. We apply the DT algorithm to data points
in reduced dimension and generate Delaunay diagram. In-
dividual clusters are identified using the process described
in Sect. 3. Once the clustering process is complete we find
the keyframe for each cluster using the centroid of that
cluster.

5 Summarization results

In this section, we present details of implementation, test
video set, and an evaluation of the results by comparing
them to both OpenVideo (OV) Storyboard and results from
K-Means clustering.
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5.1 Experimental Setup

5.1.1 Implementation

The code for constructing the DT is based on QHULL [12].
Our system is implemented using MATLAB. QHULL im-
plementation using MATLAB works well for datasets in low
dimensions but is problematic for handling large datasets in
more than 16-dimensions as documented in [16]; however,
as we discovered with our implementation, 7 is the maxi-
mum number of dimensions that can be used without run-
time problems. Due to such constraints, we test video seg-
ments of 2–5 min and limit the number of dimensions to 7
using PCA. The number of frames in the videos is further re-
duced by pre-sampling. The sampling rate we use in our ex-
periment is one out of every 10 frames which gives us a sam-
ple of 3 fps for a video with 30 fps. The video lengths and
the sampling rate are comparable to datasets used by other
researchers (See Related Work Section and [10]). Before we
build the DT, the pre-sampled video is reduced in dimension
using PCA. In the experimental setup, the largest number of
PCs that represents at least 90% total variance is selected.
However, this number cannot be larger than 7 for reasons
mentioned above. Later in our experiments, we show that
we can capture most of the content for a majority of the test
collection with PCs less than 7. Given that the complexity
of DT is O(n log n), testing full videos in higher dimensions
is possible with a better DT implementation. The theoretical
runtime efficiency of DT is borne out by our experiments
where we notice that the processing times are roughly be-
tween 9 and 10 times the video length. We run our algorithm
using MATLAB R12 on a Dell PC with 2.4 GHz CPU and
1 GB RAM running Windows XP. All videos in the test col-
lection were setup for batch processing in the experiments.

5.1.2 Test video set

For the experiments, the test video segments are MPEG
compressed and downloaded from the Open Video Project’s
shared digital video repository [22]. They are first decom-
pressed using official MPEG codec from MPEG Software
Simulation Group [21]. We test the summarization algorithm
on 50 randomly chosen video segments, each of length be-
tween 2 and 5 min, pertaining to news and documentaries
in color. Using global color histogram feature provides a
computationally effective way of detecting the overall dif-
ferences in keyframes. There is no single method that works
for all genres of videos. For sports video, summarization
method using motion feature may work better than other fea-
tures [5]. As we show later in our experiments, using just the
color feature still generates good quality summaries and is
in tune with our goal of developing an automatic technique
with less overhead.

5.1.3 Evaluation procedure

Developing an objective evaluation procedure for a video
summarization method is difficult as has been acknowledged

by other researchers in this field. Much of the problem
comes from the absence of standardized metrics, the cre-
ation of which is challenging due to the disparities between
feature-based low level analysis and higher level semantics
of the video content. Having made these observations, we at-
tempt to make use of those characteristics of our algorithm
that can be quantified and measured. Towards that end, we
define three metrics: 1) Significance Factor is used to de-
note the significance of the content represented by each clus-
ter using the number of frames in each cluster; 2) Overlap
Factor is used to make a meaningful comparison between
our summaries and OV storyboard; 3) Compression Factor
is used to quantify the reduction in frame count from the
original video source.

We define the significance of each cluster as

Significance_Factor(l) = Cl∑K
j=1C j

where Cl is the number of frames in cluster l, and K is the
number of total clusters.

The overlap factor for video i is defined as

Overlap_Factor(i) =
∑Ck

k∈Comman_KeyFrame_Cluster
∑K

j=1 C j

where k represents a subset of clusters in our summary. The
keyframes of these clusters are found in OV storyboard as in-
dicated by the content similarities. The overlap factor deter-
mines the cumulative significance of the overlapped content
between the two techniques using the cluster significance
factor defined above. The rationale behind this idea of over-
lap factor is to penalize if our summary is not fully repre-
sented in OV. The shortfall in the overlap also tells us the
significance of the missed content. Where OV contains non-
redundant keyframes that are not represented in our sum-
mary, we have no way of assessing the significance or the
cluster origin of those missed frames without a detailed ex-
amination of all DT clusters. In the interest of a simpli-
fied and automatic process, we ignore such post-processing
steps. If our summary contains more frames than OV, the
overlap factor will be less than 100% but we are able to as-
sess the significance of missed content in OV storyboard us-
ing the cluster significance factor.

The Compression factor for video i is defined as

Compression_Factor(i) = K

N

where K is the number of keyframes and N is the total num-
ber of processed frames in the original video. This metric
gives an indication of the size of the summary with respect
to the original content. For a temporal video summary, this
quantity is generally measured as speedup. However, for a
static keyframe-based summary like ours, the reduction in
the number of frames provides a good metric. In the next
section, we use these metrics to provide an objective eval-
uation of the comparison between OV storyboard and our
summary.
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5.2 Comparison with OpenVideo storyboard

The OpenVideo Project is a valuable resource for comparing
the performance of the proposed summarization technique
with a third party algorithm. The storyboard for each video
presented at the OV Project’s website [22] is generated
using the algorithm from [4] and some manual intervention
to refine results so generated; the scheme for generating
them is published in [14]. In this section, we provide
pairwise comparison of our results with OV storyboard for
each video segment. While this comparison is meaningful,
we cannot completely depend on the OV storyboard as
ground truth as it contains temporal order and for that reason
there may be redundant frames. In our result, we present
keyframes in the order of the significance factor; the first
keyframe is always from the largest cluster. Our display of
the keyframes does not preserve temporal order. However,
we can compare content coverage by visually examining in-
dividual frame content and determining the overlap between
the two summaries. This type of comparison is made for all
50 videos in our collection, each of 2–5 min length. Table
1 below provides a summary of the performance for all 50
videos. Based on the experimental results, we find that 32
of the 50 videos have fewer keyframes than OV storyboard;
two videos have identical summaries; 10 videos show more
number of keyframes than the OV storyboard; 6 of the 50
videos show mismatched keyframes with not much overlap.
With 3 of those 6 videos, there were decoding problems
unrelated to our algorithm performance. The other three
videos show very low variance after PCA, below 70% for
the number of PCs equal to 7, the maximum for the MAT-
LAB implementation. As a result of this, a large portion
of the content is lost and the representational value of the
summary is also lost. This problem can be easily fixed with
a better implementation of DT. In addition, only a small
percentage of videos in the collection are affected by this
problem.

Table 1 Experimental results summary

Total video Category 1 same Category 2 fewer Category 3 more Category 4 mismatched
segments keyframes keyframes keyframes keyframes

50 2 32 10 6

Table 2 Experimental results

Video segment title #Frame #Cluster Compression (%) Overlap (%) Significance (%)

Drift ice as a geologic agent, Segment 7 1940 4 0.21 100 (32, 28, 27, 13)
Drift ice as a geologic agent, Segment 10 1400 5 0.36 100 (36, 25, 22, 14, 3)
A new horizon, Segment 5 2900 7 0.23 96 (37, 25, 17, 9, 8, 3, 1)
A new horizon, Segment 8 1810 7 0.38 80 (21, 20, 16, 13, 13, 10, 7)
The Voyage of the Lee, Segment 15 2270 5 0.22 97 (49, 22, 18, 8, 3)
The future of energy gases, Segment 3 2930 8 0.27 97 (30, 21, 17, 10, 8, 7, 4, 3)
America’s New Frontier, Segment 3 2160 5 0.23 100 (27, 23, 18, 17, 15)
America’s New Frontier, Segment 4 3700 7 0.19 100 (18, 18, 17, 15, 15, 10, 7)
America’s New Frontier, Segment 10 4820 6 0.12 100 (21, 20, 19, 15, 14, 11)
Drift ice as a geologic agent, Segment 5 2180 8 0.37 79 (18, 17, 16, 14, 13, 12, 5, 5)

Fig. 5 OV storyboard vs. DT summary for DRIFT ICE, Segment 7

Results for all 50 videos in our collection are made avail-
able at http://www.csee.umbc.edu/∼pmundur/m2net.html.

In the following paragraphs, we present results for 10
videos from the test collection that fall into one of the cate-
gories in Table 1. They are chosen with no particular dispo-
sition, but represent the range of performance for the other
videos in the test collection. The results for the 10 videos are
summarized in Table 2 and discussed in detail using Figs. 5–
14 (referred to as DT Summary in all the figures).

Figures 5 and 6 show results for two videos where the
DT summary is identical to OV storyboard (Category 1 from
Table 1). Both contain the same number of keyframes and
result in 100% overlap factor. The first three clusters in DT
summary have a combined significance factor of about 85%
indicating that the content represented by those keyframes
and their respective clusters accounts for 85% of the frames
from the original video. The summarized content is less than
0.5% of the original number of frames.

Figures 7 through 13 represent the videos which have
fewer keyframes than OV storyboard (category 2 from Table
1) but represent an overlapped content of about 80%–100%.
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Fig. 6 OV storyboard vs. DT summary for DRIFT ICE, Segment 10

Fig. 7 OV storyboard vs. DT summary for A NEW HORIZON, Segment 5

The number of extra frames in OV is the result of redun-
dancy or the presence of keyframes not in DT summary. For
instance, in Fig. 7, there are five keyframes in common be-
tween OV and DT accounting for 96% overlap factor. Simi-
larly, in Fig. 8, we only have four keyframes in common re-
sulting in an overlap of 80%. The next two videos in Figs. 9
and 10 while still having fewer keyframes than OV story-
board, show an overlap factor of 97%. About 3% of the con-
tent as represented in the last keyframe in the DT summary is
not found in OV storyboard. The video summaries shown in
Figs. 11–13 show 100% overlap with all of the keyframes in

DT summary being represented in the OV storyboard while
still containing fewer keyframes in the DT summary. All of
the keyframes in DT summary are displayed in the order of
significance of the cluster they come from. By displaying
the key frames in the order of their significance factor, users
will get a quick view of the original content since the size
of the cluster corresponds to the length/content of the video.
There are 32 out of 50 videos that generate fewer keyframes
than the OV storyboard in our collection. More than half of
them exhibit an overlap factor of 80% or more with about
a very small number (4 out of 50) of them showing an
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Fig. 8 OV storyboard vs. DT summary for A NEW HORIZON, Segment 8

Fig. 9 OV storyboard vs. DT Summary for Voyage of the Lee, Segment 15

overlap of 50–60%. The reason for the low overlap is that
the keyframes from the larger clusters in DT summary are
not represented in the OV storyboard.

Finally in Category 3 from Table 1, DT summary con-
tains more key frames than the OV storyboard for some
videos—10 of the 50 videos fall in this category and ex-
hibit a high overlap indicating common keyframes between
the two summaries. An example of such a result is shown
in Fig. 14. The overlap factor is 79% for the video shown.
We notice that a critical keyframe from the DT summary
accounting for about 16% cluster significance is missing in
OV. For this category of videos, since some of the keyframes
from DT are always missing in OV, the overlap factor will be

less than 100%. Many of the extra keyframes in the DT sum-
mary however, provide more content coverage as indicated
by the cluster significance factor and as shown in the result
in Fig. 14. This performance is consistent with the other nine
videos in the test collection (See the URL mentioned earlier
in this section for complete results).

In summary, our proposed summarization technique has
the following advantages:

1. The proposed algorithm does not require user specified
thresholds or other tunable parameters and is well suited
for batch processing as we have demonstrated with our
experiments;
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Fig. 10 OV storyboard vs. DT summary for FUTURE of ENERGY GASES, Segment 3

Fig. 11 OV storyboard vs. DT summary for NEW FRONTIER, Segment 3

2. Each cluster shows very good clustering performance in
terms of similarity of content; the clustering process re-
sults in clusters of different sizes based on the content
represented in the original video. We are able to convey
the content with fewer frames from the larger and more
significant clusters.

3. We have shown a meaningful comparison of our results
with OV storyboard for the majority of the videos in
the test collection where we demonstrated that the
summaries generated by the proposed algorithm are
as good as OV storyboard. Where we generate fewer
keyframes than OV, we have shown that the content
coverage from DT summary in most videos is as good

as OV storyboard. For videos where we generate more
keyframes than OV, we have shown a way of assessing
significance of missed content in OV.

5.3 Comparison with K -means clustering

In this section, we provide a comparison between DT
summary and summaries generated using K-means clus-
tering. We choose K-means because of its low compu-
tational overhead and reasonably good performance. We
still have to decide on an optimal number of clusters to
obtain the required content coverage if we use K-means
clustering.
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Fig. 12 OV storyboard vs. DT summary for NEW FRONTIER, Segment 4

Fig. 13 OV storyboard vs. DT summary for NEW FRONTIER, Segment 10
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Fig. 14 OV storyboard vs. DT summary for DRIFT ICE, Segment 5

Fig. 15 DT summary for NEW FRONTIER, Segment 4

Fig. 16 K -means summary for NEW FRONTIER, Segment 4

The results presented are for the test video seg-
ment ‘America’s New Frontier,’ Segment 4 (file name
UGS02_004.mpeg). The K -means clustering algorithm is
from [20]. We set the value of K, the number of clusters to
be 3, 5, 11, and 20, respectively.

In the proposed DT scheme, the clusters of different
sizes based on the duration of the video content result in
better quality summaries. As we increase the number of

clusters in K -means clustering, we notice that there are a
lot more redundant frames in the summary. This type of
redundancy is eliminated in our clustering scheme because
there is no set number of clusters that the content needs to
be distributed to as in K -means clustering. Figure 15 rep-
resents the keyframes using our algorithm. Keyframes from
K -means Clustering for different values of K are shown in
Fig. 16. Notice the absence of any redundancy and also the
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content coverage in the DT summary to be about the same as
in the summary for K= 11 from K -means clustering shown
in Fig. 16. Comparing the two results, we note that the DT
advantage over K -means is its suitability to automatic batch
processing with no user specified parameters such as the
number of clusters and similar content coverage with fewer
frames.

6 Conclusion and future work

In this paper, we proposed an automatic video summa-
rization technique based on Delaunay Triangulation. The
summarization technique is free of user-specified modeling
parameters and generates video summaries by capturing the
visual content of the original videos in fewer frames than
other summarization techniques. We presented meaningful
comparisons of the results from the proposed DT algorithm
to OV storyboard by defining metrics such as significance
factor, overlap factor, and the compression factor all of
which evaluate the representational power of the proposed
DT summarization technique. We also demonstrated the
DT advantage for batch processing over K-means clustering
where the optimal number of clusters needs to be predefined.

In our future work, the Delaunay clustering will be ap-
plied to cluster video frames on several different features
such as text, audio, and motion features. As can be seen from
the results, the clustering performance is especially good in
separating frames with text content or close-up of the speak-
ers into separate clusters. Keyframes with text or face and
their associated clusters can then be processed in a text de-
tection or face recognition module for information extrac-
tion purposes. It remains part of future work that many other
content analysis-based applications can be designed using
the proposed Delaunay clustering as the core layer in an in-
tegrated automatic video processing architecture.
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